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a Johannes Gutenberg University Mainz, Psychology in the Educational Sciences, Binger Str. 14-16, 55122 Mainz, Germany 
b ESB Business School, Hochschule Reutlingen, Alteburgstr. 150, 72762 Reutlingen, Germany 
c Fulda University of Applied Sciences, Leipziger Str. 123, 36037 Fulda, Germany 
d RWTH Aachen University, Computer Science 9 (Learning Technologies), Ahornstraße 55, 52074 Aachen, Germany   

A R T I C L E  I N F O   

Keywords: 
Educational technology 
Higher education 
Group formation algorithm, Media in education 

A B S T R A C T   

Advances in technology have sparked a surge of interest in systematic group formation in educational contexts. 
The experimental study investigates group formation by extraversion distributions on group work outcomes, 
expected to influence group hierarchy. As an initial step in the experimental randomization process, an algo
rithmic group formation tool ensured an equal partitioning and aligned students into two experimental condi
tions with either consistent, homogeneous, or varied, heterogeneous, levels of extraversion. Over the course of 
one semester, a total of 114 students enrolled in several paralleled seminars, were surveyed on both subjective 
data (satisfaction with group work) and objective data (group performance) to evaluate the effect of the 
experimental intervention. The formation of extraversion at the group level contributed to the respective out
comes, emphasizing the value of collective social capital for both individuals and groups. Specifically, a ho
mogeneous distribution of extraversion had a positive impact on group performance, as evident in improved 
grades on course group assignments and increased active participation in group meetings. Findings emphasize 
considering personality traits at group-level to enhance the success of groups.   

1. Introduction 

Working in groups is a widely recognized technique for promoting 
learning progress through social interaction [1,2]. It is commonly used 
in various educational and professional settings (National Education 
Association, 2014). However, despite the benefits of group work [3], 
studies have also highlighted potential downsides [4,5]. The underlying 
group dynamic processes and factors that lead to either success or failure 
in group work are not fully understood [6]. Therefore, research has 
focused on developing effective strategies for forming, shaping, and 
actively managing groups to ensure positive outcomes [7,8]. 

Optimizing group formation is essential for promoting effective 
group work in higher education, which is critical for improving stu
dents’ learning experiences and outcomes, but still inconclusive in 
research results [9]. In previous research, experiments were conducted 
on group formation, primarily within the context of online group work 
[10,11]. In these studies, additional criteria were chosen for experi
mental group formation, and their effects on group work outcomes were 

investigated. However, it’s important to note that these experiments 
were conducted in online settings, whereas the current study is centered 
on face-to-face interactions. Notably, the present study features suc
cessful longitudinal data collection with minimal dropout, setting it 
apart from other group work research, including some of our own work 
[12]. The unique experimental study design represents a distinctive 
feature, yielding valuable insights into the dynamics of group formation. 

Building on this foundation, our research aims to delve specifically 
into the implications of extraversion distribution within groups. As 
noted by Mohammed and Angell [13], extraverted individuals, with 
their assertiveness and confidence, tend to dominate discussions this and 
inadvertently establish hierarchical structures. This phenomenon has 
been further elucidated by studies conducted by Taggar et al. [14] and 
Wilmot et al. [15], indicating that a heterogeneous extraversion distri
bution fosters leadership by those with higher extraversion, ultimately 
leading to the formation of a group hierarchy. Consequently, the present 
study endeavors to expand upon these observations by conducting a 
field experiment on of how heterogeneity of extraversion influences the 
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dynamics and functioning of groups in face-to-face interactions. 

1.1. From random to strategic: the didactic of group formation 

To form groups effectively, teachers require adequate support to 
manage logistics and ensure timely execution. A systematic approach to 
group formation requires prior knowledge of the characteristics of the 
individuals to be assigned to groups, as well as the techniques to perform 
group formation, including technical support required [16]. However, 
this is not trivial, as the application of group formation techniques in 
collaborative learning contexts is a complex process and combinatorial 
challenge [17] that is influenced by various factors. 

With the advent of technology-supported learning environments, 
algorithmic tools have gained popularity for their potential to facilitate 
objective and criteria-driven group formation [10,11]. The use of 
algorithmic group formation tools allows for experimental research to 
investigate relevant group formation criteria and their constellation, 
driven by the goal of providing the best possible group learning expe
rience for each learner [16,18,19]. Additionally, algorithms can effi
ciently handle large datasets and intricate combinations of criteria, 
overcoming the limitations of manual allocation methods [20]. 

Current algorithmic approaches, such as semantic matchmakers and 
non-linear optimization techniques, mostly lack comparability in 
methods and equitable distribution of criteria, thus hindering fairness 
and acceptance among learners [16,21,22,23]. Likewise, studies relying 
on non-experimental designs and other methodological flaws [130,131], 
leaving the interpretative value of results to be questioned. A compari
son of existing algorithmic solutions reveals no computational valida
tion of algorithmic performance (24) or input criteria misalignment with 
requirements derived from educational psychology [132]. In instance, 
with studies applying unvalidated criteria such as psychometric con
structs or learning styles, as well as poor consideration to individual 
differences [25,26,133], thereby limiting empirical validation of how 
individual differences effect group formation outcomes. To adequately 
address the complexity of group formation and fill the gaps in research, 
it is crucial to take an interdisciplinary and nuanced approach to develop 
robust and insightful methods for algorithmic group formation. 

In sum, it’s important to acknowledge that the effectiveness of al
gorithms depends on the quality and relevance of the criteria utilized for 
grouping, even though they may not account for nuanced contextual 
factors teachers consider [27], it still offers a fair and economical 
approach to group formation required in higher education. 

Notwithstanding the above limitations, it is important to acknowl
edge certain findings that warrant attention, including research showing 
that algorithmic grouping according to personality traits outperforms 
student-selected groups, highlighting the importance of individual dif
ferences in group formation [28]. Again, supported by a meta-analysis 
conducted by [134]. 

Beyond this, genetic algorithms proved capable of creating more 
effective groups able to collaborate and improve performance compared 
to traditional approaches [28]. The positive contribution of systematic, 
algorithmic group formation [9,21,29,30], calls for research to explore 
the criteria for group formation in order to develop evidence-based best 
practices to group formation [31]. Against this background, individual 
differences in personality traits represent a valid criterion worth 
considering. 

1.2. Interplay of individual differences and group-level resources in group 
formation 

Building on the concept of individual and group-level factors, it’s 
essential to consider various individual differences during the group 
formation process. These differences encompass demographics, per
sonality traits, attitudes, and cognitive preconditions of group members 
[10,11,28,32,33]. The choice between homogeneous or heterogeneous 
distribution of these characteristics within learning groups can depend 

on the specific criteria used [34,35]. Furthermore, it is essential to test 
and distinguish the independent effects of group formation and indi
vidual traits. Model fit analysis reveals whether group- or 
individual-level factors play a more significant role in explaining group 
differences in outcomes within a specific context, assessing the relative 
impact of both group and individual-level factors [36]. 

Importantly, the configuration of trait expressions of specific char
acteristics among group members is a crucial factor in determining 
outcomes. It often holds more influence than the isolated trait expres
sions of individual members. This configuration implicitly triggers 
group dynamics, such as the formation of hierarchies, which, in turn, 
impact outcomes over time [37]. This interplay raises the question of 
whether group formation exerts an independent influence on outcomes, 
distinct from individual characteristics. 

In the broader context, existing literature highlights the significance 
of distinguishing between group- and individual-level factors to gain a 
comprehensive understanding of group behavior [38]. Previous studies 
consistently demonstrate the discernible effects of group formation at 
the group level, influencing decision-making, problem-solving, and 
creativity [39–41]. Leadership dynamics and communication patterns, 
inherently linked to the constellation of individuals’ personality traits, 
significantly impact group performance [42,43]. In essence, under
standing the factors responsible for the variability in group work out
comes is paramount in the field of group formation research. It becomes 
increasingly evident that the outcomes of groups are significantly sha
ped by the dynamic interplay between individual and group-level fac
tors over time [37], leading us to question whether it is reasonable to 
exclusively attribute group outcomes to an individual’s isolated trait 
configuration. This emphasizes the necessity of adopting a holistic 
perspective that acknowledges the joint influence of the contextual 
environment in which groups operate [8]. 

1.3. Understanding the big five personality traits 

The "Big Five" personality traits, also referred to as the Five-Factor 
Model, represent a well-established and widely utilized psychological 
framework [44,45]. This model provides a standardized and valid 
framework for comprehending and predicting personality [46,47]. It 
encompasses five fundamental personality dimensions: Openness, 
Conscientiousness, Extraversion, Agreeableness, and Neuroticism [48, 
49]. The Big Five model is employed to depict an individual’s person
ality based on these traits, each characterizing general personality fea
tures at varying levels of abstraction. Various tests and questionnaires, 
such as the NEO Personality Inventory-Revised (NEO-PI-R), the Sixteen 
Personality Factor Fifth Edition (16PF-5), and the Big Five Question
naire (BFQ), have been developed to assess an individual’s standing on 
each of the Big Five dimensions [46,47]. 

The Big Five traits, regarded as a construct-oriented approach, have 
been extensively studied, both within the context of individuals and 
groups, with the potential to influence thoughts, emotions, behaviors, and 
social interactions [13,48–53]. Numerous studies consistently highlight 
their significant impact on individual behavior and group outcomes [54]. 
Furthermore, the examination of specific trait constellations in group 
formation can have a positive influence on group hierarchy, power dy
namics, and overall group functionality [30,55,56]. Nonetheless, com
prehending the relationship between the personalities of individual group 
members and group outcomes remains an ongoing challenge [9,57]. 
While the Big Five model provides a standardized and effective framework 
for describing personality, achieving consensus on how to employ these 
traits as criteria for group formation and how their distribution among 
group members impacts overall group performance and social behavior 
continues to be a subject of ongoing discussion [50,58,59]. 

1.3.1. Group formation considering the expression of extraversion 
Extraversion is characterized by sociability, assertiveness, and a 

tendency to seek out and enjoy social interactions. This trait indicates 
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how individuals may exhibit friendliness, approachability, talkative
ness, and activity [60–62]. Individuals with high scores in extraversion 
tend to be sociable, enjoy interactions with others, possess an easy-going 
nature, and, moreover, often demonstrate leadership behaviors, main
tain a positive attitude toward group interactions, and prefer engaging 
in social activities. Conversely, individuals with low scores in extra
version may exhibit more reserved behaviors and may lean towards 
solitary work [48]. Due to its interpersonal expression and direct asso
ciation with social behavior, extraversion plays a pivotal role in un
derstanding an individual’s interactions within groups [60–62] and is 
related to the quality of group interaction [15]. Further, its association 
with leadership behavior and improved group communication, making 
it an interesting trait to consider when forming groups [34,62]. 

Literature on group formation suggests that the level of extraversion 
among group members can have a significant impact on group func
tioning [15,135], particularly social interactions and group role for
mation, such as the formation of hierarchical or non-hierarchical group 
structures [14,15]. In a group, people with high extraversion initiate 
discussions [62,13] and provide support to other group members [136], 
and because of that, they often take over the leadership role, while less 
extraverted individuals are more likely to follow their lead [63,14]. 
Thus, one can infer that a heterogeneous distribution in extraversion 
implicitly establishes a group hierarchy [64]. 

However, the influence of extraverted leadership is contingent on the 
context. While extraverted leadership can enhance group performance 
in situations where employees are passive, it may have a reverse effect 
when employees are proactive [65], with extraverts contributing more 
original solutions and comments than introverts [66]. This phenomenon 
aligns with the dominance complementarity theory, suggesting that 
interactions thrive when dominance and assertiveness are balanced by 
compliance and submissiveness [67]. In line with this, extraversion’s 
ability to enhance social experiences might explain extraverts’ greater 
subjective well–being [68] and higher leisure satisfaction and happiness 
[69]. This underscores the need for a nuanced understanding of how 
varying degrees of extraversion influence group dynamics and func
tioning in face-to-face group interactions. The literature provides mixed 
findings regarding the benefits of heterogeneous versus homogeneous 
distributions of extraversion for group functioning. Some studies have 
found that heterogeneity in extraversion is beneficial for task delegation 
and that heterogeneity in dominance, related to extraversion, enhances 
the management of relationship conflicts [70,71]. Conversely, others 
suggest that a homogeneous distribution of extraversion may lead to 
higher team innovation [72]. 

Despite this mixed evidence, there is a general assumption that a 
heterogeneous distribution of extraversion is superior to a homogeneous 
distribution for group functioning [50,73,74] as it can promote coop
erative communication, clarify roles and responsibilities, and facilitate 
coordination and decision-making [73,75]. However, research shows 
inconclusive results on several group formation outcomes, and research 
concerning specific, relevant outcomes influenced by distributions of 
extraversion has not been thoroughly studied, leaving questions about 
the effectiveness of group formation strategies [16]. Our research aims 
to fill this gap by experimentally investigating group formation by the 
distribution of extraversion, hoping to generate more knowledge about 
its use for systematic group formation. 

1.4. Research goals and justification for group formation by extraversion 

The use of personality as a criterion for group formation has received 
relatively little attention in research, underscoring the necessity for 
further investigation [9]. The existing research on group formation re
veals notable gaps, often characterized by a reliance on correlational 
designs that cannot establish causal relationships or the use of invalid 
criteria for group formation [76,77]. Additionally, there is limited 
research on the impact of various group formation criteria on group 
outcomes [78–81]. These limitations present significant challenges in 

ascertaining the most effective methods for selecting and weighing 
group formation criteria. Moreover, efforts to address the group for
mation problem in diverse contexts have yielded incomplete solutions, 
leaving significant voids in the existing body of literature [16]. 
Furthermore, comprehensive evaluations of current group formation 
strategies are conspicuously absent, and the assessments of implemented 
algorithms exhibit notable variations. In certain cases, the algorithmic 
tools employed for group formation lack clear justification [21]. 
Consequently, our understanding of this subject remains fragmented 
and inconclusive. 

Previous research has predominantly focused on performance as the 
primary indicator of group success or failure [82,83]. However, for a 
more comprehensive understanding of successful group work, especially 
in higher education settings, it is crucial to consider additional outcome 
measures. Given the evidence suggesting that emotions can exert a 
notable impact on performance, the inclusion of measures assessing 
group emotions appears to be a valuable addition for a more profound 
understanding of group success [84]. Consequently, it becomes essential 
to explore other relevant outcome measures that can serve as indicators 
of successful group work, with a specific emphasis on factors such as 
group members’ satisfaction or willingness to continue group work [52]. 
This broader approach leads to a more holistic and thorough under
standing of group success. 

Numerous studies have emphasized the crucial role of individual 
differences in determining group outcomes. Barrick et al. [60] high
lighted the impact of member personality, including extraversion, on 
team processes and effectiveness. French & Kottke [85] explored the 
influence of teamwork interest and group extraversion on satisfaction. 
Lau & Jin [86] emphasized the significance of group personality 
composition on students’ group work performance. Moreover, person
ality is an essential factor in group functioning and member satisfaction 
[137]. Regardless of how a person’s personality trait level or distribu
tion interacts with those of other group members, it inevitably affects 
the group’s work process and outcome through the contextual setting in 
which the group operates [57,87]. Driven by group social capital theory 
[88,89], we predict that the associations between the distribution of 
extraversion and group functioning can be conceptualized as group-level 
resources related to outcomes. The outcome of group formation by the 
distribution of extraversion should be explained by the structure of the 
groups and not by the composition of the individuals within these 
groups [90]. This aligns with previous research suggesting that diverse 
group members can positively affect group outcomes, as it emphasizes 
the importance of considering various group-level resources in the 
context of group formation [138]. The intricate relationship between 
individual characteristics and group-level dynamics further underscores 
the need to explore the effects of extraversion distribution on group 
work outcomes, with a focus on the group as a whole. Therefore, we 
expect more variance to be explained at the group-level than at the 
individual-level for all outcome measures and formulate the first hy
pothesis as follows: 

H1: In the models that include experimental manipulation of extra
version, the group-level will explain more variance in outcomes, namely 
satisfaction with group work (H1a), member involvement (H1b), and 
performance (H1c), compared to the individual level (e.g., lower model 
fit indicators). 

This expectation is rooted in the dynamic interplay between indi
vidual differences and group-level resources during the group formation 
process. When individuals are brought together, their collective dy
namics, interactions, and shared resources play a crucial role in shaping 
the outcomes. To explore this interplay, we have conducted an experi
ment where we deliberately manipulated the distribution of extraver
sion. This unique approach allows us to observe how the collective 
dynamics at the group level contribute to the amount of variance 
explained for the outcomes. Analyzing model fit aids in comprehending 
how group and individual factors influence outcomes in a specific 
setting. The distribution of traits among group members often has a 
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greater impact than individual traits alone, leading to group dynamics 
that impact outcomes over time. 

Research suggests that while heterogeneous group characteristics 
complement each other [91–93], a homogeneous distribution leads to 
increased comfort and motivation to work together [94,95]. Here, fac
tors such as social homophily [96,97] and the similarity-attraction 
paradigm [98] influence group similarity preferences, even when simi
larities may not significantly affect group outcomes [139]. 

Our study aims to investigate the impact of group formation on 
various outcome variables by manipulating the distribution of extra
version within groups, categorizing them as either homogeneous or 
heterogeneous. To offer a more comprehensive understanding, we 
experimentally test the hypothesis that a heterogeneous distribution of 
extraversion within a group is more advantageous than a homogeneous 
one, building upon inconsistent results reported in past research [10,11, 
72]. Within heterogeneous groups, individuals with higher extraversion 
levels, characterized by assertiveness and confidence, inadvertently 
establishing hierarchical structures and fostering leadership emergence. 
Still as other research suggests the superiority of groups with hetero
geneously distributed extraversion [70,85,99]. By experimentally 
testing this hypothesis, we aim to contribute to the existing body of 
knowledge, utilizing a comprehensive range of outcome measures, 
encompassing both subjective and objective indicators in outcome 
measures satisfaction, participation, and performance. Consequently, 
we formulate the second hypothesis as follows: 

H2: Groups with a heterogeneous distribution of extraversion will 
report greater satisfaction with their group work (H2a), show a higher 
degree of group member participation (H2b), and achieve better results 
(H2c) than groups with a homogeneous distribution of extraversion. 

2. Method 

2.1. Sampling 

We recruited participants from two undergraduate classes at two 
public universities in Germany: Microeconomics at University Reutlin
gen and Educational Studies at University Mainz. Participation in the 
courses and groupwork was mandatory. We obtained written consent 
from all participants and matched international business students (N =
65) from University Reutlingen and teacher education students (N = 58) 
from University Mainz into groups of three (N(groups) = 38). We 
excluded a total of 29 students from our initial sample, who had pre
viously attended the seminar and might biases the outcomes due to prior 
course knowledge. Among these, 16 students belonged to University 
Reutlingen, while 8 students were from University Mainz. Additionally, 
students responding carelessly in the questionnaire for experimental 
group formation were additional excluded (N = 5). Those students were 
excluded in random groups and, consequently, not included in the final 
sample for analysis. Table 1 displays sample and respective group 
conditions. 

In Condition 1, we established 20 groups with a heterogeneous dis
tribution of extraversion, and in Condition 2, we established 18 groups 
with a homogeneous distribution of extraversion. We ensured equal 
motivation and prior knowledge levels across all groups by employing a 
rigorous randomization and group formation procedure. This meticu
lous approach ensured that motivation and prior knowledge levels 
remained constant across all groups. After the algorithm had assigned 
individuals to groups, the students worked on problem sets in face-to- 
face-groups throughout the term, completing assignments and evalua
tions on the quality of their groupwork. Three assignments received 
grades, and every student completed three evaluations. 

The study at University Reutlingen was conducted in an introductory 
Microeconomics-class during the first term of the freshman year. Stu
dents were assigned to two groups (A and B) to allow for an engaging 
and supportive learning environment. Each class had approximately 35 
students, who were taught for a total of 180 minutes weekly. To pass the 

course, students had to sit a final exam (scoring a minimum of 51 out of 
100) and the opportunity to collect up to 20 bonus points throughout the 
term. The teacher also awarded up to five bonus points for class 
participation and up to 15 for three group work submissions, making 
group work mandatory for passing the course. 

At University Mainz, participants were educational students in the 
bachelor’s program for the teaching profession. Like University Reut
lingen, the course was mandatory for graduation and required partici
pation (allowance for a maximum of two missed dates), preparation of 
meetings at home (literature, slides, podcasts), active participation in 
discussions, and group work, including turning in three group assign
ments. The teachers evaluated the group assignments three times, ac
cording to previously defined evaluating criteria, with each assignment 
stimulating group work. 

2.1.1. Exclusion criteria and data elimination procedures 
To ensure data quality, we implemented exclusion criteria. We 

excluded students retaking the course due to their prior knowledge and 
eliminated participants’ data when detecting careless responses or 
incomplete or missing data, using case deletion. We also excluded data 
from participants who had not filled in the questionnaire before exper
imental grouping, resulting in the algorithm placing them in random 
groups with other participants with missing data. In instances where 
participants forgot their code name or misspelled it in the post-test, we 
were unable to match data over time, leading to the exclusion of these 
participants from the analyses. To further ensure data quality, we 
scanned questionnaire data for traces of careless responses and elimi
nated any data that was deemed unreliable. Finally, the number of 
students excluded using each exclusion criterion was N = 29, for Uni
versity Reutlingen N = 16 and University Mainz N = 8, additionally N =
5 students were grouped randomly and therefore not included in the 
final sample. 

2.1.2. Justification of sample size 
Following suggestions by Lakens [100], researchers needed to 

consider the resources available to conduct a study. The limiting factor 
in our study was the availability of students. We recruited as many 
students as possible, but resources limited our sample size. We also 
performed an a priori statistical power analysis for sample size estima
tion, based on data from a previous study (N(groups) = 60) (Glimmpse 
software1). The effect size in this study was for outcome variable 

Table 1 
Sample Characteristics and Group Conditions by University after Dropout.   

Total N Group k 

Overall 114 38 
Homogeneous in Extraversion 60 20 
Heterogeneous in Extraversion 54 18 

By University   
University Reutlingen 54 18 

Homogeneous in Extraversion 30 10 
Heterogeneous in Extraversion 24 8 

University Mainz 65 20 
Homogeneous in Extraversion 30 10 
Heterogeneous in Extraversion 30 10 

Exclusion Criteria University 
Reutlingen 

University 
Mainz 

Prior Knowledge (Previous Attended 
Seminar) 

16 8 

Careless Response in Questionnaires 1 4 

Note. Number of participants and groups by university and conditions, after the 
initial survey. Exclusion Criteria Prior Knowledge (Attended Seminar) N = 29, 
University Reutlingen N = 16 before group formation, University Y N = 8. 
Exclusion Criteria Careless Response in Questionnaires N = 5. 

1 Glimmpse 3.0.0 (samplesizeshop.org) accessed on June 26, 2022. 
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performanced = 0.03, participationd = 0.07, and satisfactiond = 0.04, 
considered extremely small using Cohen’s (1988) criteria [12]. With α =
0.05 and power d = 0.90, the projected required sample size approxi
mately reflects outcome measures: performance N(groups) = 24, partic
ipation N(groups) = 36, and satisfaction N(groups) = 44 to perform a 
between-group comparison. Thus, our proposed sample size of N 
(groups) = 38 was adequate. It should also allow for expected attrition 
and our additional objectives of controlling for possible mediating or 
moderating factors and interpreting results. 

2.2. Study design and experimental conditions 

The study employed a longitudinal experimental design, with one 
factor (extraversion) at two levels (heterogeneous and homogeneous) 
with three evaluation time points. The university where we conducted 
the study utilized Moodle’s online learning management system (LMS). 
The Moodle2 platform played a central role as it enabled the imple
mentation of the grouping plugin MoodlePeers developed for this pur
pose, which made adjustments to ensure equal or unequal distribution of 
mean values for selected criteria across groups. 

Students initially completed the T1 questionnaire directly in the 
Moodle platform. Afterwards, the plugin randomly divided the entire 
sample into two comparable halves and ensured a balanced distribution 
of the chosen criteria by testing whether both halves had equal mean 
values in the group formation criterion extraversion and in the control 
variables prior knowledge and motivation. Afterwards, the algorithm 
performed the group formation in both halves separately from each 
other. 

In one half, the experimental group, the algorithm was programmed 
to create groups that were heterogeneous in extraversion, while trying to 
achieve a similar extent of heterogeneity in all groups in this experi
mental condition. In the other half, the control group, the algorithm 
created groups being homogeneous in extraversion, again aiming to 
achieve the same extent of homogeneity in all groups in this experi
mental condition. To control for the impact of prior knowledge and 
motivation, in both halves the algorithm tried to create groups that were 
heterogeneous in the control variables simultaneously with the respec
tive manipulation of the distribution of extraversion. Thereby, all 
resulting groups in both halves had similar standard deviations in prior 
knowledge and motivation which necessarily also leads to similar mean 
values in both control variables. With respect to the experimental con
dition, all groups in the experimental group had similarly high standard 
deviations in extraversion, while all groups in the control condition had 
similarly low standard deviations in extraversion. 

Following the group formation process, students engaged in cour
sework tailored to their respective seminars throughout the semester, 
culminating in three graded group work submissions, each com
plemented by evaluation questionnaires (T2-T4). At the end of the se
mester, students completed the T4 final evaluation questionnaire. 

Fig. 1 offers an illustrative representation of the steps involved in the 
group formation process as well as data collection for the study. The 
methodology utilized an experimental, longitudinal design, with distinct 
measurement time points represented as T1 -T4. 

2.3. Measurement instruments 

2.3.1. Control variables 
Algorithmic support. To form groups, we developed a Moodle plugin 

called MoodlePeers, for optimizing group formation. This plugin pro
vides a user interface for instructors to set up group formation within a 
course, as well as the administration of questionnaires and an overview 
of the status of group formation (e.g., not yet started, open for answers, 
and groups formed). In addition, the plugin includes an implementation 
of the optimization algorithm. The algorithm was used to determine how 
to group the participants and apply a different set of matching criteria to 
each part. By minimizing (or maximizing) the distance between all three 

group members simultaneously, it maintains the same fitness level (i.e., 
prior knowledge and motivation) in the matched overall groups [140, 
141]. The algorithm was specifically designed to optimize the formation 
of learning groups within Moodle. It emphasizes achieving balanced 
group composition in terms of relevant criteria chosen. The algorithm 
endeavors to ensure an equally good fit between all possible pairs within 
a group, considering both homogeneous and heterogeneous optimiza
tion criteria. 

In our study, the criteria for homogeneous distribution were student 
motivation and self-assessed initial prior knowledge level. The algo
rithm employed the distribution of extraversion, either homogeneously 
or heterogeneously within groups, as another set of optimization 
criteria. It is important to clarify that "homogeneous criteria" refer to 
characteristics that the algorithm aims to make ideally equal within a 
group, while "heterogeneous criteria" refer to characteristics that the 
algorithm aims to make ideally different within a group. For further 
details on the algorithm and relevant factors in learning group forma
tion, please refer to the provided references [22,23]. 

Personality. We measured extraversion using the German short 
version of the Big Five Inventory (BFI-K) [101]. The personality ques
tionnaire had robust reliabilities in this setting (extraversion: eight 
items, α = 0.89, conscientiousness: nine items, α = 0.83, openness: five 
items, α = 0.70, neuroticism: four items, α = 0.79, agreeableness: four 
items, α = 0.64). We measured prior knowledge as an average subjective 
rating (“How do you judge your knowledge about the course content,” 
etc.) ranging from 0 to 100 points. 

Motivation. We used four subscales to measure motivation: expec
tations (four items, e.g.,” I know that I can learn the contents of the 
preliminary course,” α = 0.86), use (five items, e.g.,” I understand how 
important the preliminary course is for my future,” α = 0.78), cost (six 
items, e.g.,” The time required for the preliminary course seems great to 
me,” α = 0.83), and interest (seven items, e.g.,” I’m looking forward to 
the preliminary course,” α = 0.80). Reliabilities of the motivation scales 
were high. 

Team Orientation. We measured attitudes toward teamwork (team 
orientation), using three questions (e.g., “If I have a choice, I’d rather 
work in a team than alone,” α = 0.86). Reliabilities of the scale were 
high. Participants rated all questions online, using a scale from 1 (“does 
not apply”) to 6 (“does completely apply”). 

2.3.2. Outcome measures 
We collected data on dependent variables by administering online 

evaluation surveys at regular intervals, three times throughout the se
mester, following the submission of each group assignment. The surveys 
were conducted at the same intervals in both universities. The depen
dent variables can be broadly categorized into satisfaction, participation 
of members, and performance-related variables. 

Satisfaction. Within the short evaluation questionnaire, participants 
self-rated their satisfaction concerning group work based on 4 items (e. 
g.,” I am satisfied how we work together as a group”). Participants rated 
questions on a six-point Likert scale ranging from “1 = does not apply” to 
“6 = applies”. Satisfaction comprises the average of the items, whereby 
higher values indicate higher satisfaction. Reliability analysis showed a 
good internal consistency (α = 0.93). 

Participation. Participation in group work was assessed through 
self-report of the attendee number using an online evaluation ques
tionnaire. The questionnaire was distributed to participants immedi
ately after each group work session, which was mandatory for all group 
members and took place on the same day. Participants were asked to 
report the number of group members actively participating in solving 
the week’s homework, including themselves ("How many people in your 
group have actively participated in solving this week’s homework?"). 
Since each group comprised three members, the possible response op
tions ranged from 1 (= only me) to 3 (= everyone). If no member 
answered, participation was rated to be 0. This method allowed for the 
individual assessment of participation and collaboration quality, 
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capturing the perspectives of all group members. 
Performance. Serving as an indicator for the outcome performance, 

three homework assignments were graded by the tutors. To transfer the 
values of the performance scores to be merged for the different uni
versities in a consistent manner, percentages were calculated based on 
the maximum score. The scale ranged from 0 to 100, with higher scores 
indicating better performance. 

2.4. Transparency and openness 

Before commencing the study, we informed participants about the 
general experiment, including the group formation process and obtained 
written consent prior to participation, to maintain transparency and 
ethical standards. However, we intentionally withheld specific details 
such as the criterion (extraversion) for group formation and the study’s 
hypotheses to prevent potential bias in participant behavior and eval
uation. To address the sensitive nature of the questions asked in the 
survey, participants were assured of the confidentiality of their re
sponses, and were informed that their raw data would not be shared 
with any third parties. Data were analyzed using R, version 4.0.0 [102] 
and the package nlme (v3.1–152; [103]). We describe our sampling 
plan, all data exclusions (if any), all manipulations, and all measures in 
the study. 

2.5. Statistical models 

The manipulated categorical independent variable was personality 
trait extraversion (either homogeneous or heterogeneous within each 
group). We measured the dependent variable based on the study ques
tionnaires, the submitted homework, and the grades obtained for the 
project. We conducted a multilevel analysis (MLM) due to the research 
design structure and accounting for the nested data. Thereby, we could 
test hypothesis 1, if group-level or individual-level predictors explained 
most of the variances. By applying random intercept and random slope 
models separately and in combination, the model fit indicators AIC and 
BIC will answer the question of level. Model fit indicators are used to 
assess the influence of group formation on outcomes over time, as 
highlighted by Hitt et al. [36]. A model with a lower AIC and BIC pro
vides a reasonable fit [104]. If the group-level could explain the vari
ance, we could test if extraversion manipulation supported hypothesis 2 
for the outcome measures, satisfaction (H2a), participation (H2b), and 
performance (H2c). The random slope model captures how extraversion 
influences outcome variables differently across groups. 

3. Results 

3.1. Data preparation and analysis 

We ran analyses using SPSS 23.2 and R. Before the analysis, an 
epsilon test was performed to assess whether the data of the two uni
versities were equivalent and could be combined. The epsilon test is a 
widely used procedure in multilevel modeling that evaluates the 
comparability of data from different levels, such as the data from the two 
universities in this study. This test examines the similarity of the 
variance-covariance matrices of the different levels, and if the result is 
not significant, it implies that the data can be pooled and analyzed 
together. Since the analyses revealed that the data sets from the two 
universities were comparable and based on that, the necessary condi
tions were met to proceed with the data analysis of the merged data, 
which was then carried out. All variables were grand mean-centered to 
allow a more straightforward interpretation of results. We used the 
standard p = 0.05 criterion to determine if a predictor on any given level 
explained variance. The post hoc test suggests that the results are 
significantly different from those expected if the null hypothesis is 
retained. 

3.2. Distribution of individual differences across groups 

3.2.1. Results of t-test to compare experimental groups divided by 
extraversion level 

Before conducting the main analyses, we ensured the comparability 
of the experimental conditions. To achieve this, we performed a t-test to 
compare the experimental groups divided by their level of extraversion 
in the grand mean values of the initial survey, which included gender, 
age, team orientation, and personality traits. We found that there were 
no significant differences between the groups in terms of gender, t(110) 
= 0.30, p = 0.77, or age t(110) = − 0.28, p = 0.78. However, we did find 
a significant difference in team orientation between the scores for the 
heterogeneous (M = − 0.29, SD = 1.49) and homogeneous (M = 0.32, SD 
= 1.08) conditions, with t(111) = − 2.48, p = 0.02. In addition, the t-test 
validated the intended purpose of the implemented algorithm, because 
the standard deviation of extraversion within groups in the scores for 
heterogeneous (M = 0.92, SD = 0.58) and homogeneous (M = 0.47, SD 
= 0.40) conditions differ significantly (t(109) = 4.74, p < 0.01). 

Fig. 1. Group Formation and Coursework 
Note. Overview of Study Process by T1 = experimental group formation, T2-T4 group work progress thereafter. 
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3.2.2. Descriptive statistics in outcomes between experimental group 
conditions 

In the present study, we examined the effects of group formation, 
considering the variance of extraversion, heterogeneously structured, or 
homogeneously structured in groups, on different outcomes. To provide 
an initial overview of the data, we first present descriptive analyses of 
the main outcome measures of satisfaction, participation, and performance 
for the two experimental groups, divided by extraversion in the het
erogeneously (1) and homogeneously (2) structured group conditions. 
The results are presented in Table 2. 

3.3. Randomizing at the individual-level for improved precision to test for 
the effects of group formation 

To prepare for the testing of hypotheses 1 and 2, we constructed a 
three-level MLM with time (level 1) nested in individuals (level 2) and 
individuals nested within groups (level 3). We use the term ‘nested’ as 
each student only learns in one group, and each group is doing evalu
ations and group tasks over time (three events to be nested). MLMs offer 
information about which of the levels should be used for randomized 
experimental conditions. In terms of statistical precision and power, it is 
usually best to randomize at the lowest level possible, in our case level 2 
[105]. Therefore, we chose the individual-level (level 2) of a three-level 
MLM. 

MLM analysis also identifies the unexplained variance at each model 
level. For example, in the case of the influence of other personality traits 
at the individual level, we can assume that some elements not consid
ered in any given questionnaire represent unexplained variances at any 
level. Specifically, by not including information about the groups, we 
may miss important variables at the group level that might explain 
performance at the individual level. Therefore, we also developed an 
incorrect model to understand the outcome variable of interest beyond 
the known problem with underestimating standard errors. In the context 
of MLMs, including variables at each level is relatively simple, as are 
interactions among variables at different levels. To sum up, the greater 
the model complexity, the greater the possibility of understanding the 
phenomenon of interest [106]. The empty or null level model, initially 
set up without any explanatory variables, describes the partition (ICC) of 
variance between the student and group levels. Since it can be assumed 
that all 3 group members should have the same score in participation and 
in performance, there was no variance on the individual level expected. 
The resulting ICCs for both individual-level and group-level are listed in 
Table 3. All outcome measures were found to provide more explanation 
at the group level. 

The ICCs do not add up to 100 % because it is a measure of the 
proportion of total variance that is explained by the group-level or 
individual-level factors. It represents the percentage of the total vari
ability in the outcome that is due to the grouping variable (e.g., group 
membership) or individual-level factors (e.g., personality traits, moti
vation, other individual traits). However, there may still be other 
sources of variability that are not accounted for by these factors (i.e., 
residual variance) and contribute to the remaining percentage of 

variance. 

3.3.1. Impact of distribution of extraversion on outcomes 
We initially established different models to test them against each 

other before choosing the best model fit. Following the initial step of 
building an intercept-only model or null model, we included the varia
tions among participants in the model. Next, we created the models to 
compare variances across groups alone and individuals within these 
groups. We tested each model against the null model. Afterward, we 
added our experimental condition, criterion extraversion—responsible 
for the structure of extraversion within groups—to the model to deter
mine if it could explain the amount of variance. In doing so, we explicitly 
included the influence of experimental group-level manipulation (dis
tribution of extraversion within the group, heterogeneous or homoge
neous). To assess potential multicollinearity within the dataset, we 
expanded our analysis by employing additional models. These models, 
introduced further predictors at the individual level including an array 
of personality traits, namely extraversion, conscientiousness, neuroti
cism, agreeableness, openness, and team orientation, as independent 
variables (Model 3) as well as the inclusion of those predictors, namely 
personality traits and team orientation, in their squared form (Model 4). 
We describe the procedure in detail for different dependent variables in 
the following. 

Satisfaction. We specified a model with the dependent variable 
satisfaction. In the model, extraversion did not explain significant vari
ance for the group level, thereby rejecting hypothesis 1a. Furthermore, 
the model did not show a significant effect of the experimental grouping, 
thus rejecting hypothesis 2a. In Model 3, none of the additional variables 
showed statistical significance in this context. Model 4 specifically 
focused on the quadratic effects of personality traits and team orienta
tion on participants’ satisfaction levels, revealing a significant negative 
curvilinear effect for extraversion^2. This indicates that satisfaction is 
highest at moderate levels of extraversion. In other words, students with 
moderate levels of extraversion reported the highest levels of satisfac
tion, with satisfaction decreasing for students with both lower and 
higher levels of extraversion. Additionally, there was a positive curvi
linear effect for the quadratic term of team orientation on satisfaction. 
This implies that satisfaction was highest at moderate levels of team 
orientation. Table 4 displays the model results for the dependent vari
able satisfaction, including the experimental condition variable of the 
study. 

Participation. For the dependent variable participation, we 

Table 2 
Descriptive measures of main dependent variables as divided by the algorithm.  

Dependent Variable Experimental Group 1 2 3   

N M (SD) N M (SD) N M (SD) 

Performance (Assignment) Heterogeneous 58 42.96 (23.36) 46 56.20 (17.76) 22 70 (18.09) 
Homogeneous 54 44.97 (28.85) 45 67.39 (17.62) 30 69 (10.21) 

Satisfaction Heterogeneous 58 3.59 (1.69) 53 3.33 (1.58) 51 3.34 (1.60) 
Homogeneous 54 3.40 (1.78) 45 3.76 (1.67) 50 3.66 (1.84) 

Participation Heterogeneous 60 2.14 (0.54) 60 2.21 (0.46) 60 1.43 (0.99) 
Homogeneous 54 2.37 (0.49) 54 2.34 (0.55) 54 1.44 (1.22) 

Note. N, M, and (SD) represent the number of observations, the mean, and the standard deviation, respectively. 1, 2, 3 = Time (Measurement time points). 

Table 3 
Results of intercept-only model per individual and group-level.   

Individual-Level Group-Level 

Satisfaction 11 % 53 % 
Participation 0 % 63 % 
Performance 0 % 64 % 

Note. The intraclass correlation coefficient (ICC) explained variance at the in
dividual- and group-level. 
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established an intercept-only model and compared it to the random 
intercept model of individuals to determine the best fit. Next, we 
compared a model of random intercepts of groups to the intercept-only 
model and found it to be the best fit. The best-fitting model for partici
pation was the model for the intercept of individuals per group and, 
therefore, hypothesis 1b can be accepted, which confirms that the 
participation is explained at the group-level. Considering hypothesis 2b, 
we added the study’s experimental variable in the Random Intercept 
Model and Random Slope Model to see the variance explained. The 
distribution of extraversion has a significant effect on the participation of 
group members. But contrary to hypothesis 2, homogeneous groups had 
higher member participation than heterogeneous in extraversion formed 
groups. Therefore, we must reject hypothesis 2b. Model 3 revealed a 
significant, positive effect for consciousness. This finding suggests that 
higher levels of consciousness were positively associated with increased 
participation in group activities. In contrast, among the additional var
iables considered, none exhibited statistical significance. In Model 4, 
there were no observable curvilinear effects to report. This implies that 
participation was not significantly influenced by the quadratic effects of 
the included variables. It suggests that the linear effects alone are suf
ficient to explain the relationship between these traits and participation. 

Detailed results can be found in Table 5. 
Performance. For the dependent variable performance, we estab

lished an intercept-only model and compared it to the random intercept 
model of individuals to determine the best fit. The random intercepts of 
groups proved the best fit, thus, hypothesis 1c can be accepted, which 
confirms that the performance is explained by the group-level. We added 
the study’s experimental variable to the models to determine whether it 
could explain the variance, and it significantly did. Hereby, groups with 
the homogeneous distribution in extraversion outperformed the het
erogeneous distributed ones, thus not confirming Hypothesis 2c, despite 
the significant effect of extraversion distribution on member perfor
mance. In Model 3, the results showed that none of the variables had a 
significant effect on performance. However, in Model 4, a significant 
negative curvilinear effect for neuroticism on performance was 
observed. This implies that performance reaches its peak at moderate 
levels of neuroticism and decreases for students with both lower and 
higher levels of this trait. Furthermore, agreeableness was found to have 
a negative effect on performance in a linear manner, but the quadratic 
effect of agreeableness (squared agreeableness) was not significant, 
suggesting a more straightforward linear relationship between agree
ableness and performance. The results are shown in Table 6. 

We could not create a model with an advantageous fit for the other 
dependent variables, including criterion extraversion. Additionally, it is 
important to highlight that we calculated the same models for a ho
mogeneous fit of extraversion in groups, showing the same positively 

Table 4 
Individual-level and group-level predictors of dependent variable satisfaction.   

Dependent variable: Satisfaction  

(1) (2) (3) (4) 

Constant 3.643*** 3.644*** 3.744*** 3.827***  
(0.323) (0.209) (0.276) (0.348) 

Experimental Condition − 0.197 − 0.190 − 0.307 − 0.425  
(0.442) (0.290) (0.304) (0.301)      

Extraversion   − 0.053 − 0.199    
(0.216) (0.222)      

Consciousness   0.026 − 0.046    
(0.228) (0.234)      

Neuroticism   − 0.021 − 0.047    
(0.191) (0.204)      

Agreeableness   0.056 0.348    
(0.179) (0.280)      

Openness   − 0.001 0.073    
(0.169) (0.183) 

Team orientation   − 0.116 0.017    
(0.128) (0.143)      

Extraversion2    − 0.232*     
(0.124)      

Conscientiousness2    − 0.331     
(0.246)      

Agreeability2    − 0.012     
(0.136)      

Neuroticism2    0.155     
(0.118)      

Openess2    0.118     
(0.144)      

Teamorientation2    0.143**     
(0.072) 

Observations 322 322 319 319 
Log Likelihood − 497.049 − 530.803 − 524.224 − 518.997 
Akaike Inf. Crit. 1006.097 1077.605 1076.448 1077.994 
Bayesian Inf. Crit. 1028.744 1107.802 1129.160 1153.298 

Note. Treatment Effect: Extraversion homogeneous = 0, heterogeneous = 1. 
Unstandardized coefficients are reported. Robust standard errors are in paren
theses. Missing data handled with case deletion. *p**p***p < 0.01. 

Table 5 
Individual-level and group-level predictors of dependent variable participation.   

Dependent variable: Participation  

(1) (2) (3) (4) 

Constant 2.317*** 2.675*** 2.695*** 2.776***  
(0.094) (0.044) (0.057) (0.074) 

Experimental Condition − 0.111 − 0.160** − 0.147** − 0.155**  
(0.129) (0.062) (0.063) (0.064)      

Extraversion   0.008 − 0.002    
(0.044) (0.047)      

Consciousness   0.082* 0.066    
(0.047) (0.050)      

Neuroticism   − 0.056 − 0.057    
(0.040) (0.044)      

Agreeableness   0.009 0.011    
(0.037) (0.060)      

Openness   0.042 0.037    
(0.035) (0.039) 

Team orientation   0.008 − 0.005    
(0.026) (0.031) 

Extraversion2    − 0.015     
(0.026)      

Conscientiousness2    − 0.065     
(0.052) 

Agreeability2    0.001     
(0.029) 

Neuroticism2    0.0005     
(0.025) 

Openess2    − 0.016     
(0.031) 

Teamorientation2    − 0.010     
(0.015) 

Observations 321 321 318 318 
Log Likelihood − 330.613 − 304.417 − 298.424 − 296.559 
Akaike Inf. Crit. 673.225 624.835 624.848 633.119 
Bayesian Inf. Crit. 695.854 655.006 677.517 708.360 

Note. Treatment Effect: Extraversion homogeneous = 0, heterogeneous = 1. 
Unstandardized coefficients are reported. Robust standard errors are in paren
theses. Missing data handled with case deletion. *p**p***p < 0.01. 
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significant values as seen in the tables above. 
Additionally, the results are summarized graphically below, with 

each figure displaying one of the three dependent variables (satisfaction, 
participation, and performance) and highlighting the group formation 
(heterogeneous = red colored, or homogeneous = blue colored in ex
traversion) over three measurement time points. This enables us to 
identify which group condition is more beneficial for each outcome. The 
results are displayed in Fig. 2–4. 

Fig. 2 shows boxplots of the satisfaction outcome over three time 
points divided by the experimental group conditions. The boxplots 
display minor changes. No uniform results can be reported. However, 
the mean values for the homogeneous groups are more fluctuating than 
for the heterogeneous groups. 

Fig. 3 boxplots show that the mean values for both groups are 
similar, with overall high variance. Specifically, the mean values for the 
heterogeneous groups are higher in time 1, while the homogeneous 
group has higher mean values in time 2. 

Fig. 4 boxplots show higher values for the homogeneous condition as 

well as more variance, suggesting that the homogeneous group formation 
may be more effective in promoting performance outcomes over time. 

4. Discussion 

The purpose of our research was to evaluate the impact of group 
formation while experimentally manipulating the distribution of extra
version as a group formation criterion. In interpreting the results, it is 
evident that group-level effects significantly influenced certain outcome 
variables, supporting the study’s theoretical framework. Contrary to the 
common belief favoring heterogeneity, results revealed a homogeneous 
distribution of extraversion to significantly contribute to enhance group 
performance and participation. Although literature associates extra
verted leadership with improved group performance in passive settings 
[65], findings diverge from this, suggesting that a similar distribution of 
extraversion in groups could be favorable. Given that group homoge
neity in extraversion yielded better outcomes, not only challenges 
traditional notions of the superiority of group hierarchy [107], but also 
calls into question the dominance complementarity theory, whereby 
both authority and dominance are balanced by compliance and sub
missiveness [67]. In the context of extraversion, a homogeneous distri
bution may be more advantageous, despite the extolled benefits of 
diversity in perspectives and skills [108]. This may elucidate why a 
homogeneous distribution of extraversion in groups led to superior 
performance and participation in our study. Align with findings is the 
concept of homophily, denoting the tendency for individuals to associate 
with others similar to themselves, which has been linked to improved 
group cohesion and performance [95]. Furthermore, research indicates 
that groups with a shared understanding of goals and a strong sense of 
collective identity tend to perform better [142], which could be rather 
apparent in homogeneously extroverted groups. 

Interestingly, team orientation, exhibited a significant elevation in 
homogeneously extraverted groups, indicating an interplay between 
distributions. This phenomenon further elucidated by French & Kottke 
[85], who observed that extraversion dispersion (high group variance 
akin heterogeneous distribution) influenced the relationship between 
teamwork interest (akin to team orientation) and satisfaction, acting as a 
suppressor effect. Consequently, the satisfaction level of individuals 
more inclined towards group work depended on a homogeneous dis
tribution of extraversion. In our study, the heightened team orientation 
observed in homogeneously extraverted groups may, to some extent, be 
attributed to shared effects of these characteristics. However, there were 
no significant effects of groups on outcome satisfaction, again contrary 
to literature on extraverts’ greater subjective well–being [68], higher 
leisure satisfaction and happiness [69]. This underscores how varying 
degrees of extraversion within groups, rather than absolute values or 
levels, may influence various outcomes. 

4.1. The premise of analyzing the level of outcomes with extraversion 

This discussion section highlights the respective levels adjustment of 
group formation outcomes, with emphasis on the relationship between 
the experimental groups, manipulated through group-level extraversion 
distributions. 

The variance in outcome variables postulated to be primarily influ
enced by group-level effects rather than individual-level effects could be 
confirmed for the dependent variables of performance and participation. 
For satisfaction the variability could be better explained at the individual 
level, as the value of the variable rather than varying between groups, 
varied according to individual preconditions. We attribute this finding 
mainly to a ceiling effect, as all participants reported being very satisfied 
with their groups, leading to high overall satisfaction scores. The use of 
algorithmic group formation in the study was rather unusual, as in higher 
education students typically self-select or are allocated to groups. As a 
result, the study’s approach drew attention to the composition of the 
groups, which may have increased satisfaction among the students. 

Table 6 
Individual-level and group-level predictors of performance.   

Dependent variable: Assignment  

(1) (2) (3) (4) 

Constant 57.051*** 62.821*** 63.036*** 61.727***  
(3.432) (1.800) (2.443) (3.053)      

Experimental 
Condition 

− 5.096 − 7.872*** − 8.825*** − 7.255***  

(4.794) (2.630) (2.688) (2.657)      

Extraversion   − 2.088 − 0.754    
(1.860) (1.954)      

Consciousness   1.913 2.457    
(2.019) (2.047)      

Neuroticism   1.521 1.107    
(1.753) (1.876)      

Agreeableness   − 0.494 − 6.126**    
(1.639) (2.601)      

Openness   0.467 0.085    
(1.517) (1.625) 

Team orientation   − 1.198 − 1.637    
(1.154) (1.215)      

Extraversion2    1.641     
(1.078)      

Conscientiousness2    1.384     
(2.053)      

Agreeability2    − 0.755     
(1.246)      

Neuroticism2    − 2.992***     
(1.090)      

Openess2    0.528     
(1.286)      

Teamorientation2    − 0.562     
(0.662)       

Observations 235 235 233 233 
Log Likelihood − 1037.717 − 1069.331 − 1058.326 − 1053.269 
Akaike Inf. Crit. 2087.434 2154.661 2144.652 2146.539 
Bayesian Inf. Crit. 2108.191 2182.338 2192.967 2215.560 

Note. Treatment Effect: Extraversion homogeneous = 0, heterogeneous = 1. 
Unstandardized coefficients are reported. Robust standard errors are in paren
theses. Missing data handled with case deletion. *p**p***p < 0.01. 
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Although participants were unaware of the criteria used to form groups 
and the underlying hypotheses, we believe that they expected the algo
rithm to choose the perfect group members for them, resulting in greater 
satisfaction, even in the control group. Therefore, we assume that algo
rithmic group formation and participation in the research project led to 
higher levels of satisfaction among participants, consistent with the 
research participation effect [109]. 

To contextualize our findings, the literature on social capital, pro
vides a broader theoretical and transformative perspective for under
standing the mechanisms underlying group dynamics [88,89]. By 
focusing on the role of an important sociostructurally trait like extra
version for group formation, the research could to some extend 

contribute to existing discussions on micro-level determinants. In sum
mary, research findings contribute to the dialogue on the intricate 
interplay of individual traits within the context of group work social 
dynamics. 

4.2. Impact of extraversion distribution on group work outcomes 

In the following section, we focus on the effect of extraversion dis
tribution on outcome variables. Here, the second hypothesis posited that 
groups with a heterogeneous distribution of extraversion will report 
greater satisfaction with group formation and group work, show higher 
group member participation, and achieve better performance results 

Fig. 2. Boxplots of Satisfaction over Time by Experimental Group Conditions 
Note. box = interquartile range (IQR), whiskers = min/ max range, middle line = median. 

Fig. 3. Boxplots of Participation over Time by Experimental Group Conditions 
Note. box = interquartile range (IQR), whiskers = min/ max range, middle line = median. 
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than groups with a homogeneous distribution of extraversion. In 
contrast to expectations, a homogeneous distribution of the trait extra
version was significantly superior for the outcome variables of perfor
mance and participation. Moreover, it is essential to acknowledge the 
inability to confirm our second hypothesis, which posited the benefits of 
trait heterogeneity in groups based on existing literature suggesting its 
advantages mostly for outcome of group work success [74,81,110]. This 
finding of higher participation resonates with social capital theory [89], 
emphasizing the value of social cohesion and homophily [111] making 
members more likely to evolve in group work process. Research in older 
adults found that social capital provides a viable explanation for the 
association between extraversion and volunteering, such as participa
tion in organizations, and contact with friends [112]. This further aligns 
with the recognized dimensions of social capital, such as shared trust, 
rules, norms, and network resources that could be expected evolving 
similarity, e.g. homogeneity, as results of the underlying group work 
dynamics [113]. 

However, it is important to note that our results challenge previous 
literature that suggested the benefits of a heterogeneous distribution of 
extraversion to be beneficial to performance results [70,85,99]. In our 
sample, team orientation was significantly higher in homogeneously 
groups. As previously argued, we maintain that team orientation did not 
affect the nature of either outcome since both relate more to other char
acteristics, based on theoretical assumptions [85]. 

4.2.1. Exploring the dynamics of group formation outcomes across time and 
levels 

The following theoretical conceptualization of groups as complex 
adaptive systems [114], offers a robust framework for interpreting the 
outcomes of group formation based on extraversion distribution. This 
approach contributes to a nuanced understanding of how individual 
differences dynamically interact and evolve within groups, shaping 
outcomes over time. 

Extraversion known as a correlate of leadership [62], by dynamics 
and communication patterns being linked to the constellation of in
dividuals’ personality traits While previously assumed to respective 
outcome of group performance [42,43], questions about its enduring 
impact need to be raised based on our contrary research results. As such, 
extraverted individuals, perceived as leaders, appeared to decline in 

status within groups over time [115]. The evidence further suggests that 
the positive social influence of extraversion might diminish over time, 
with peers initially valuing extraverted behaviors like warmth and 
assertiveness but subsequently placing importance on other qualities as 
the socialization process unfolds [62,116]. This evolving dynamic 
highlights that the expected positive impact of hierarchical group for
mations may not be evident in long-term group work. 

To discern the independent influence of group formation on out
comes over time, distinct from individual characteristics, it is essential 
to evaluate the impact of group formation outcomes rooted in the dis
tribution of extraversion, considering the structural interplay among 
individual differences within the group. Social capital provides a viable 
explanation for the association between extraversion and outcomes of 
social behavior [112]. Existing literature emphasizes the importance of 
distinguishing between group- and individual-level factors to gain a 
comprehensive understanding of the intricacies of group behavior [38]. 
Moreover, previous studies have consistently shown that group forma
tion can distinctly affect group-level processes, like decision-making, 
problem-solving, and creativity [39–41]. 

Moreover, the discussion of group-level variance within the context 
of social capital aligns with Lin [117], emphasizing the significance of 
identification and belonging within social groups as central to social 
manifestation across various dimensions, from individual to societal 
levels. This perspective aligns with the idea that group dynamics, 
including the emergence of hierarchies, are implicitly influenced by the 
configuration of trait expressions and thus affect outcomes over time, 
which is consistent with our results and other studies [37]. The antici
pated effects of group formation resonate with the concept that ’the 
whole is more than the sum of its parts’ [90]. Instead of focusing solely 
on isolated traits of individual group members, our research reinforces 
the importance of these trait configurations at the group level, influ
enced by the collective trait expressions of group members. 

4.3. Implications 

The findings of our study lead to several theoretical, methodological, 
and practical implications. In order to determine the factors that 
contribute to successful group work, it is important to consider the level 
of groups’ similarity or dissimilarity in personality traits. In an 

Fig. 4. Boxplots of Performance over Time by Experimental Group Conditions 
Note. box = interquartile range (IQR), whiskers = min/ max range, middle line = median. 
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algorithmic approach, experimental groups were created by adjusting 
the level of extraversion while keeping predictors such as prior knowl
edge and motivation evenly distributed. Thus, a focused analysis of how 
the levels of extraversion affect outcomes could be conducted. Accord
ing to our findings, extraversion appeared to be relevant in the groups 
process [70], consequently its role should be further investigated within 
the framework of experimental group design. 

Methodologically, our study highlights the fact that effectively 
enhancing group formation remains a challenge that can only be tackled 
through interdisciplinary research [72,21]. Conducting randomized 
field experiments with manipulation of group distributions is only 
possible by combining the diagnostic expertise from fields like psy
chology together with the algorithmic expertise of computer scientists. 
Also, we want to emphasize the methodological decision to analyze 
curvilinear patterns [118] in our data. Even though in our case, we did 
not find such non-linear effects, the idea of "too-much-of-a-good-thing" 
is a statistical method that can be applied to many contexts. 

From a practical perspective, algorithmic group formation might be a 
promising option for many educational settings as soon as feasible 
grouping criteria will be empirically established through more research. 
Especially in distance education, when learners have very little infor
mation about their potential group members, it is difficult for them to 
form groups on their own. Also, limited social interactions between 
group members make group work in distance education particularly 
difficult. The algorithmic selection of group members holds the promise 
of providing the necessary skills for this kind of group work in every 
single group—not only in one group in which the strongest students 
gathered based on their homophily. Further, implementing algorithmic 
group formation saves educators time and effort by eliminating the need 
for manual group formation, allowing them to focus on other critical 
aspects of teaching. 

The results of a homogeneous distribution of extraversion being 
beneficial for student group performance align with the new concept of 
agile group work. Agile teams favor a flat, non-hierarchical structure 
where people are given the autonomy to work independently and 
organize themselves [119]. In the context of extraversion, a homoge
neous distribution means that all members of the group have similar 
levels in this trait. This can lead to a more balanced and harmonious 
group dynamic with less conflict or imbalance. 

However, ethical considerations such as informed consent, proper 
authorization for psychometric tests, and privacy must be considered 
when implementing such strategies. In line with previous findings 
[120], the results stress active collaborative learning while integrating 
new technologies to improve students’ learning performance. 
Embedded in an authentic setting, the randomized field experiment 
contributes to the academic discourse relevant to higher education. By 
involving students from different majors and universities for an 
extended period, employing both subjective and objective outcomes, we 
enhance the relevance and generalizability of our findings, offering a 
comprehensive understanding of group dynamics while enriching the 
overall research findings. 

4.4. Limitations of the study 

Despite its strengths, our study faces several limitations that warrant 
consideration in interpreting the findings. The relatively small sample 
size, especially concerning the group-level focus, is a common challenge 
in empirical group research. The formation of small groups, while 
increasing the number of groups, introduces heightened variance at the 
group level, potentially elevating the risk of type I errors. 

The reliance on self-report measures for assessing collaborative 
participation, while common in comparable studies [121,122], presents 
a limitation. The absence of behavioral data or teacher ratings may limit 
the objectivity of our outcome measures. While our measurement in
struments underwent rigorous testing for reliability and validity, the use 
of self-reports introduces a subjective element that should be 

acknowledged. Furthermore, while transparency in communicating the 
experiment’s overview adhered to ethical research practices, it may 
have influenced participant behavior and introduced potential biases. 
We provided participants with a general overview of the experiment 
without specific information on the hypotheses posed to ensure trans
parency. This approach aimed to maintain natural interactions within 
the groups and avoid inducing artificial behavior or perceptions. While 
this transparency may have influenced participants’ awareness of the 
experiment, it aligns with ethical research practices. Still, this may have 
influenced participant behavior and could thereby introduce limitations 
to the outcomes of the study. While algorithmic methods offer objec
tivity and scalability, they are not inherently superior to teacher-based 
methods and may present their own set of challenges, including pri
vacy concerns and the potential for bias. 

Although our study aimed to experimentally manipulate groups 
based on the distribution of extraversion variance, it is important to 
acknowledge potential limitations to internal validity. The algorithmic 
process used may have introduced challenges in ensuring that extra
version was the sole determinant of group membership, as factors 
beyond extraversion could have inadvertently influenced the grouping 
process. As personality traits are partly correlated [123], our algorithm’s 
experimental manipulation of the distribution of extraversion in groups 
may have simultaneously led to a more homogeneous or more hetero
geneous distribution of other traits. This makes it difficult to isolate the 
impact of extraversion from other variables that contribute to group 
outcomes. Assuming that a homogeneous distribution of extraversion 
leads to more cohesive collaboration may oversimplify the interplay of 
individual differences. To further address this concern, it’s crucial to 
consider the explanation and transparency of the algorithm’s processing 
logic. As detailed in the methodology, the algorithm employed both 
homogeneous and heterogeneous criteria simultaneously, aiming to 
equalize or differentiate specific characteristics within the groups. 
which could complicate the understanding of extraversion’s impact on 
group outcomes. 

By acknowledging these limitations, future research can address 
methodological gaps and refine our understanding of group processes. 
As educational practices evolve, the integration of algorithmic group 
formation requires careful consideration of its implications for privacy, 
fairness, and effectiveness in fostering collaborative learning environ
ments. Through continued interdisciplinary research, we can advance 
our understanding of group dynamics and enhance the quality of 
collaborative learning experiences in diverse educational contexts. 

4.5. Future directions 

Future research on group formation based on personality traits 
should address the identified limitations and strive for improvements. 
This involves increasing the sample size, controlling for additional 
variables (e.g., self-regulation, emotional intelligence) that may impact 
group outcomes, and exploring the impact of personality traits as group 
formation criteria in a variety of settings. Apart from extraversion, there 
are several other possible conditioning factors to consider, such as the 
optimal group size, the type of task to be performed, or the group’s goal. 
While this study focused on experimentally manipulating extraversion, 
it represents only one facet of the broader picture. Further research 
should focus on exploring the interaction effects of extraversion with 
other personality traits. Understanding these interactions could lead to 
more nuanced algorithmic groupings This line of inquiry has the po
tential to provide insights into factors that either inhibit or moderate 
group dynamics [85,124]. 

To advance our understanding further, it is recommended to include 
control groups, for example, with randomized group formation, and 
employ other objective outcome measures or group process data, such as 
video analysis and logfile data. Utilizing well-established outcome 
measures, like the observational rubric for assessing collaborative 
disciplinary engagement in groups [125], can improve the validity of 
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results and reduce the influence of extraneous factors. 
While contributing to the current understanding of group dynamics, 

this research also points towards a future path for optimizing collabo
rative learning experiences, particularly in higher education settings. 
The development of specialized training programs and tools, including 
apps, can aid individuals in mastering group work and conflict resolu
tion based on their unique characteristics, thereby enhancing the overall 
group learning experience. Better knowledge of group formation driven 
by research could enable learners to make better decisions in situations 
where they are in charge of group formation by themselves [126]. 

Looking ahead, we recognize the evolving landscape of human-AI 
collaboration, where AI-based systems become integral group mem
bers in various scenarios [127–129]. This transformation necessitates a 
reevaluation of established theories on group phenomena and processes, 
considering how human-AI collaboration impacts the way groups work 
together [64,127]). While there are similarities between human-human 
and human-machine interactions, many aspects of human-AI collabo
ration still require further investigation. Besides well-explored topics 
like trust in AI, reciprocity in human-AI collaboration, and anthropo
morphism, we propose a focus on group formation and, specifically, the 
potential roles of AI-based systems within a group. 

4.6. Conclusion 

In conclusion, the proposed solution to student group formation 
using support algorithms and extraversion level as criteria is a useful 
contribution to collaborative learning and automates the group forma
tion process efficiently and effectively. Although our experiment on the 
distribution of extraversion within groups did not provide a full un
derstanding of its impact, we found that groups with a more similar 
distribution of extraversion perform better. 

The study utilized a unique approach to determining the efficacy of 
grouping students by incorporating individual traits, such as extraver
sion, into the group formation process with the help of an algorithm. 
However, it is essential to consider ethical considerations when imple
menting algorithmic approaches, such as informed consent, proper 
authorization for psychometric testing, and privacy acts. Overall, our 
findings highlight the importance of considering personality traits in 
group formation and call for more attention to this aspect in future 
research. 
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