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Abstract—Forming an optimal collaborative team is achieved
using members characteristics to improve team efficiency. A
team’s performance may have a negative effect when a team is
formed randomly. Moreover, it is quite impossible to achieve an
optimal team manually as the formation can expand into
countless possibilities. Hence, this paper presents a decisionmaking framework for collaborative team formation by
incorporating Fuzzy Logic and Genetic Algorithm (Fuzzy-GA).
The framework has been initiated by combining effective team
formation factors such as skills, trust, leadership, and individual
performance. Unified Theory of Acceptance and Use of
Technology (UTAUT) is utilised to survey the readiness and
technology acceptance of the organisations’ employees in
adopting the proposed decision-making approach to form a
collaborative team. The UTAUT survey had proven that
behavioural intention (BI) had a positive impact on the
performance expectancy (PE), effort expectancy (EE), social
influence (SI) and facilitating conditions (FC). However,
behavioural intention (BI) had a negative impact on the
voluntariness of use (VU); thus the transformation of
collaborative team formation must be further explored to
increase the team’s voluntarism towards this automated
collaborative team formation.
Keywords—Collaborative team formation; genetic algorithm;
fuzzy logic; unified theory of acceptance and use of technology
(UTAUT)

I.

INTRODUCTION

It is important to have an effective team in an organisation,
particularly where there is an issue with the operating costs.
Hence, an organisation needs to enforce the team development
model for developing an effective team [1,2]. A team must
work together to accomplish organisational activities, share
common goals and interact socially [3].
A collaborative team comprises people with a variety of
skills to execute a task collaboratively, where they are able to
share the resources, information, and cost to deliver optimal
outcomes [4]. Positive outcomes can be reached when the team
members incorporate their knowledge, work well together, and
welcome feedback. It has been shown that team performance
exceeded the efficiency of two self-employed people [2,5].
This indicated the importance of communication and
collaboration between team members. Bahrami et al. [6] also
stated that accuracy in a collaborative team is higher because
the team’s precision is higher than that of the individuals.

An organisation consists of employees with diverse
expertise, knowledge, and experience. An efficient team can
enhance the team’s innovativeness. Thus, for a collaborative
task to be implemented efficiently, selecting team members of
a collaborative team is a crucial process. [7] stated that the
problem in the collaborative team formation using the
decision-making approach in selecting the team members is
that they are not always strategic and do not give the best
output as cost and time play a big role. Hence, numerous
research was executed to ascertain the effective decision
support approach to form a collaborative team in an
organisation. However, not much of the research focused on
studying the acceptance towards the collaborative team
formation technology.
This research is supported by the Short-Term Grant,
Universiti Sains Malaysia (304/PKOMP/6315392).
Thus, this paper aims to study the acceptance of the
proposed fuzzy and genetic algorithm-based (Fuzzy-FA)
decision-making approach of collaborative team formation. To
achieve this aim, the objectives of this paper are 1) to outline
the combinations of factors for the decision-making system to
form a collaborative team, 2) to propose a framework of a
decision-making system by using Fuzzy Logic (FL) and
Genetic Algorithm (GA) and 3) to evaluate the acceptance by
using the Unified Theory of Acceptance and Use of
Technology (UTAUT) survey.
In the next section of this paper, the related works relevant
to collaborative work are presented. Subsequently, Section III
highlights the framework of the collaborative team formation
by finalising the team formation factors and combining the FL
approach and GA (Fuzzy-GA). Section IV explains further the
details of the proposed Fuzzy-GA. Section V focuses on the
user acceptance survey development of the proposed FuzzyGA. Section VI presents the results from the UTAUT survey,
which was used to evaluate the users’ acceptance of the
proposed framework. Section VII provides a conclusion to the
paper.
II. RELATED WORK
Leadership and trust were identified as factors for a team to
have a high performance, where leadership was identified to
have a direct influence on team performance, whereas trust
could facilitate the leadership impacts [8]. Trust was reported
to be an important factor to be considered in team formation
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[9,10]. These findings showed that trust is an essential factor in
establishing a collaborative team and sustaining the whole
team. Zhang and Zhang [11] reported that team trust was a
good predictor; thus, establishing trustworthy relationships in
teams would lead to improved performance.
Skill was another crucial factor in team formation [12,13]
where this factor indicated the workability of the people in the
team [13]. Without the proper selection of team members with
the right skills, the project to be executed might face failure
and, at the same time, waste the organisational resources [12].
Fathian et al. [12] recommended three key factors: skills,
collaboration network, and reliability for their proposed team
formation optimisation model. These three factors were proven
to support and enhance collaborative work in the context of
team formation.
Knowledge was recognised as one of the key factors that
could positively influence team effectiveness [14]. The
knowledge factor would always greatly influence individual
performance by measuring working experiences and capability
[15]. Furthermore, [14] claimed that factors like leadership,
management support, team diversity, reward, and goal clarity
would directly affect team efficacy. A reasonable human
resource allocation framework was presented with the
assignment of human resources for multiple teams formation
[16]. However, the optimisation approach utilised was not
mentioned, and the limitation was that it did not include
important human-related factors such as individual
performance.
The genetic algorithm (GA) approach has been widely used
in some works related to team or group formation. The
Bayesian Network-based Team Formation (BN-TF) was
utilised to develop a team in the setting of a business process
by applying the problem as a Most Probable Explanation
(MPE) [17]. GA was applied with some modifications where
the Forward-Backward Greedy GA was developed as the
outcome. Two factors were used: handover relation and
individual expertise, but the tool to define the degree of these
factors were not available.
To assist managers in multiple projects team formation, GA
was utilised as a decision-making tool by using the group
cohesion factor [18]. The GA showed near-optimal results,
which was achieved in a short processing time. Nonetheless,
when multiple combinations of employee skills were used, this
approach was reported as unsuitable for forming teams
dynamically. The decision support system was developed by
utilising the fuzzy descriptors to assist the requirement
specifications based on the team members’ skills [19]. Then,
the fuzzy criteria were optimised using GA, and the outcome
proved that the decision support system was computationally
efficient. Although it was reported to be practical, however,
they did not put priority on choosing employees that have high
rating values. Moreover, [19] only focused on one factor in
team formation: the skills factor.
Silva and Krohling [20] proposed an algorithm based on
sociometry to form a team with the human resource as the main
factor, by using the fuzzy numbers approach to maximise
cohesion. The algorithm allowed the expression of personal

preferences provided to the sociometric test. The study
reported a promising result where project managers were found
to have the potential in using the algorithm as a decisionmaking tool; however, they overlooked the skills factor.
Another limitation was that the part-time employees from the
employee database were not considered to be assigned to a
group formation. Based on some previous research [8,9,10],
the decision-making approach is an important criterion in
forming a collaborative team, and many decision-making
approaches were discovered.
One of the well-known theories for user acceptance is
known as the Technology Acceptance Model (TAM) [21] and
further extended by the researchers [22]. Davis et al. [22]
suggested two important variables toward the usage of
computers: perceived usefulness and perceived use. These two
variables are seen as the main variables to affect the results of
the user acceptance indirectly or directly [23]. The Unified
Theory of Acceptance and Use of Technology (UTAUT)
model is another well-known theory used in the study for
acceptance and adoption of technology [24]. In comparison to
TAM, UTAUT is considered to have a clearer objective to
assess the acceptance of technology from the users’ point of
view [25]. Venkatesh et al. [26] reported that UTAUT
performed better than other models in terms of 70% variance in
behavioural intention.
UTAUT illustrates a set of factors that influence the user
behaviour of acceptance and the behavioural intention towards
an information system: Performance Expectancy (PE), Effort
Expectancy (EE), Social Influence (SI) and Facilitating
Conditions (FC) [14]. Besides that, the UTAUT model
recognises four moderators, which influences the relationships
between these constructs: Age, Gender, Voluntariness of Use,
and Experience. UTAUT was utilised to analyse the proposal
for introducing an e-mobile payment service targeted at
Brazilian mobile phone users [27], whereas another study
employed UTAUT to validate the acceptance of online games
[28]. UTAUT was used to evaluate an electronic health record
system by looking into factors impacting users’ intention to use
the system [29]. Howard et al. [30] extended the UTAUT
model to further understand the perceptions towards working
with building information modelling (BIM). Howard et al. [30]
utilised the moderators of experience and voluntariness and,
from the results, implied that there was a need to relook at the
policies to improve the acceptance towards the BIM.
III. PROPOSED COLLABORATIVE TEAM FORMATION
A. Factors in the Collaborative Team Formation
The identification process and critical evaluations are
important for improving the team development process. For the
team formation problem, there are a lot of different factors that
can be taken into account, where the factors may or may not
directly influence the efficacy of the team formed [8]. Table I
shows the factors that were identified in some related works.
Trust, skills and leadership are important factors in forming a
collaborative team to improve team efficiency in organisations.
Hence, these three main factors are adopted and incorporated
together in this work.
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TABLE I.

FACTORS IDENTIFIED FOR TEAM FORMATION

Factors

Type of Team and Reference

Leadership and Trust

Exhibitor team [8]

Trust

Virtual team [9]

Trust

Global virtual team [10]

Skill, reliability, and collaboration
network

Cross-funtional team [11]

Skill, leadership, reward, management
support, team diversity and goal clarity

Technical project team [14]

Human resource allocation

General team formation [16]

The factors, collaboration network and reliability by [11],
together with management support, reward, team diversity and
goal clarity by [14] were not included in this proposed work as
those factors are related to the group as a whole, whereas the
focus on this work at this stage is to leverage on the strength of
each individual’s factor as a contribution to the group
formation. Human resources were assigned to form multiple
teams but did not focus on individual performance, which was
the limitation of the work by [16]. Thus, individual
performance is included in this proposed work as it was
considered an important factor related to individuals that
contributed to a group’s efficiency [16].
As a result, together with the three important factors: skills,
trust, and leadership, individual performance is included as the
fourth factor for the proposed team formation framework. This
research presented in this paper consolidates all these four
important factors while designing an effective decision-making
approach to form a collaborative team.

solving real-world problems. For example, mixed-integer
programming is one of the problems that can be solved using
GA [35]. The fitness level is calculated based on the required
criteria of the problems’ desired requirements. The phases in
GA include 1) the initialisation of the population,
2) evaluation of the fitness value, 3) selection, where better
results are reported to be achieved with a good selection
strategy [36], 4) crossover - a process of recombining parents
to have a chance of producing better individuals [37],
5) mutation - an operator that helps to bring some genetic
diversity to the chromosome produced [34], 6) repetition of
the new population until the best fitness value has been met or
the termination criteria achieved.
C. Fuzzy-GA Approach for the Collaborative Team
Formation
The proposed collaborative team formation has the FL and
GA components, which was also used in the model presented
by [19]. However, this proposed work is different and extended
in terms of 1) determination of the pool of employees,
2) suitable employees are chosen with high rating values,
3) incorporating more factors related to team efficiency, in the
team formation.
In this study, the four factors (skills, trust, leadership, and
individual performance) were accessed from the employee
database, and the fuzzy value properties were derived for each
factor. Fig. 1 shows the framework of the proposed decisionmaking approach, using the FL and GA (Fuzzy-GA). In the
project requirements, the inputs may seem to be imprecise;
thus, using FL can attain a more robust solution.

B. The Decision-making Approach
A systematic and accurate decision-making approach to
form an effective collaborative team is important to improve
team effectiveness. The combination of FL and GA enhances
collaborative work in team formation and is based on previous
research [19]. FL was shown by [19] as a powerful tool in
classifying the imprecise input from skill factor with the
manipulation of the FL number (where the process of
fuzzification generates the fuzzy set values - between 0.0 and
1.0 in a fuzzy set, denoting different levels or degrees).
Meanwhile, GA has been used as an optimisation method for
determining the best fitness result in fuzzy criteria.
1) Fuzzy Logic (FL): Extended from a classical set theory,
FL handles problems with ambiguous and imprecise data
[31]. There are 3 FL concepts 1) Fuzzy set, which allows the
FL to set some boundaries, 2) Fuzzy set describes variables
with values generated by linguistic variables, and
3) Constraints on the value linguistic variable values by fuzzy
set assignment based on distributions of possibility [32].
Before the implementation takes place in the real world, the
fuzzy approach supports ambiguity and can be assessed
repetitively [33].
2) Genetic Algorithm (GA): GA is one popular approach
to solving optimisation problems [34]. Motivated by the
natural selection process, GA is seen to be very efficient in

Fig. 1. The Framework of the Fuzzy-GA Decision-making Approach.
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First, FL would generate the fuzzy criteria for the factors
extracted. Then, the GA would formulate the fuzzy criteria into
a fitness value calculation and optimise the solution to form the
team. Upon the team formation and completion, the team
members would be allowed to rate their other team members
based on the skills, trust, leadership and individual
performance factors.
D. Fuzzy Evaluation Weight
The selection of team members depended on certain project
requirements. Project requirements usually contain ambiguous
terms like high, low, medium, easy, or maximum. In this case,
FL could help to interpret the ambiguous terms. The method to
assign the weight of the fuzzy evaluation is shown in Fig. 2,
where the FL approach focused on checking and defining
membership set and fuzzy set. This definition is based on trust,
skill, leadership, and individual performance factors.
A fuzzy number is derived from a fuzzy membership
function A: R → [0, 1], where A has at least a real number in
the set of numbers, R; and the elements in R are mapped to the
value between 0 and 1 [38]. Thus, to assign the fuzzy number,
it needs to be represented by membership sets. The author in
[39] utilised the same distribution of fuzzy sets (low, medium
and high) for the membership functions, whereas [40] used
three fuzzy sets (small, medium, large) in their work. Biswas
and Ghosh [41] explained that the fuzzification process can be
done by allocating the triangular form of membership functions
and that this triangular form is the simplest approach. [41]
applied the three linguistic fuzzy sets- which were low,
medium and high, as the input parameters and they were
equally spaced to make use of the entire input spaces.

TABLE II.
Factors

Skills

Trust

Leadership

Individual
Performance

FUZZY SETS AND MEMBERSHIP SETS

Rating
(category/value
range)
Expert
Intermediate
Beginner
8 – 10
4–7
0–3
8 – 10
4–7
0–3
8 – 10
4–7
0–3

Membership
Sets
High
Medium
Low
High
Medium
Low
High
Medium
Low
High
Medium
Low

Fuzzy
Sets
Weight
1.0
0.5
0.1
1.0
0.5
0.1
1.0
0.5
0.1
1.0
0.5
0.1

The detailed steps are shown in the pseudocode, as shown
in Fig. 3. The project requirements were filtered, and the
suitable employee with their rating from the database was
determined for each of the four-team factors, f 1 to f 4 (skills,
trust, leadership, and individual performance). The steps in FL
can be seen from lines 6 to 12. The process continues with the
GA approach, which is explained further in the next section.

In this study, the membership set was categorised as high,
medium and low for each factor, as previous researchers [39,
40, 41] had recommended this range to simplify the solution.
Table II presents the fuzzy sets for each membership set, for
each type of factor, respectively. Each factor had its rating,
whether based on category or a range of values, to be
categorised into the different membership sets, as shown in
Table II. Based on the membership set, the fuzzy set weight
was assigned, where value 1.0 was assigned for “high”, value
0.5 was assigned for “medium”, and value 0.1 was assigned for
“low”.

Fig. 2. The Assignment of Fuzzy Evaluation Weight.

Fig. 3. The Fuzzy-GA Pseudocode for the Team Formation.
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E. Optimisation of Fuzzy Criteria using GA
After the FL has generated weights for the four factors
based on a fuzzy set using the employee’s rating database, the
GA would then generate the population of parents as
chromosomes. The steps in GA are shown in the pseudocode in
Fig. 3 from lines 13 to 34.
For the initial population, y number of parent
chromosomes, C were randomly generated. For this study, y =
100, which means there were 100 parent chromosomes, C in
each generation (iteration). The solution representation of each
y chromosome, C consists of genes of individuals, G, where the
number of the individuals were based on the number of
employees available in the database.
For example, if there are 10 employees, then the size of
each chromosome is 10 genes (individuals). Based on the
requirements set during the constraint requirement, the number
of people formed into a group, c, was pre-determined. Thus,
during the initial population, the number of genes to be
assigned to a group was based on the set constraint. In the
solution representation, the genes in the chromosome assigned
with value “1” indicate that they were assigned to the group,
whereas values “0” indicate that they do not belong. Thus, n
number of genes, G, was assigned with value “1”, indicating
that there was n number of people to be formed into a team.
For example, in the constraint requirement, if the number of
people in a group was set to 5, then 5 genes in the chromosome
would be randomly assigned with value “1” while others were
assigned with value “0”. Fig. 4 shows the example of the
chromosome representation for the requirements of 5 people to
be formed in a group, with 10 people available for the group
formation (individuals labelled as A to J). In this example, in
the current solution, individual (gene) C, E, G, I and J were
assigned with value “1” denoting that they were selected to be
in the current group formation.

Fig. 4. Example of Chromosome Structure for the Solution Representation.

The fitness value of the current chromosome solution
(parent) would be calculated based on the genes assigned to
value “1” in the current solution. The fitness calculation for the
i-th individual gene assigned to value “1”, G i , is shown in
Equation (1). The fuzzy weight values generated based on
fuzzy set for each factor, f 1 to f 4 (skill, trust, leadership and
individual performance) for the i-th individual, are added as the
total weight for the G i . Assume that there was n number of
people set to be in the group formation in the constraint
requirement. Therefore, there would be n number of people to
be assigned with the value “1”. The overall fitness value for the
current solution, x, (Fitness x ) would be calculated, where the
gene values from individual i to individual n were summed
together, as shown in Equation (2).
𝐺𝑖 = ∑ 𝑓14

𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑥 = ∑𝑛𝑖 𝐺

(1)
(2)

Then, GA would proceed with the crossover and mutation
process to produce new offspring from the pool of parents. A
high crossover rate is usually used as it was reported to have
good results on the optimisation process. Following the
suggestions by [42] and [43], a crossover rate of 0.95 was
applied. For the mutation rate, the suggested value of 0.5 by
[44] was adopted as this was reported to have a better solution
quality. Thus, crossover and mutation were implemented, and
then fitness was calculated again for the newly formed
offsprings and parents. The new generation was produced with
a selection of 100 chromosomes with the best fitness values,
replacing the 100 parent chromosomes in the previous
generation. This process was repeated until the highest fitness
score was converged or reached the stopping criterion. Finally,
a group was formed with the best fitness value and produced as
an output of the collaborative team formation.
IV. USER ACCEPTANCE SURVEY ON THE PROPOSED
COLLABORATIVE TEAM FORMATION
This section presents the development of the case study, the
Unified Theory of Acceptance and Use of Technology
(UTAUT) framework, and the data collection details. The case
study was created to produce an artefact to be evaluated by the
respondents. To evaluate the user acceptance, a survey was
carried out, and the UTAUT model was used. Thus, the details
of the framework and the hypothesis created are presented in
this section.
A. Development of the Case Study
To study the user acceptance of this framework, a case
study was constructed based on the team formation with the
requirements of five employees to complete a project. The case
study for this proposed framework was on the collaborative
team formation in IT Department that required experts with a
specification in UNIX server programming. The rules were
defined for extraction using the standard format for project
requirements. While this example was drawn from the IT
department of an organisation, a similar practice can extend to
all kinds of organisations with different project member
requirements. This case study was built to be used as an
artefact in the survey of user acceptance using the UTAUT
questionnaire.
In this case study, the project required people who have
skills in UNIX programming. The employee’s database had
already been assigned with values in the four factors of the
Fuzzy-GA collaborative team formation. The four factors were
derived for the FL process. From the rating values of the
employees for each factor, FL generated the final weight using
the membership set and fuzzy set. The case study followed the
Fuzzy-GA collaborative team formation steps as presented in
Section III. The example of this case study was developed as a
prototype and produced as an artefact to be evaluated using the
UTAUT survey for user acceptance.
B. Development of Unified Theory of Acceptance Framework
UTAUT is an acceptance model that justifies the
information system’s usage and intention by the user [24]. The
proposed framework in this research was validated based on
UTUAT model using a questionnaire survey method. Fig. 5
shows the framework of the user acceptance model proposed in
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this study. Six variables were involved, with the primary
variable being the dependent variable, the Behavioural
Intention (BI). BI variable denotes a person’s intention to use
technology, and in this case - the intention to use the FuzzyGA collaborative team formation system. The UTAUT
framework proposed in this study predicted that BI could be
influenced by four independent variables: Performance
Expectancy (PE), Effort Expectancy (EE), Social Influence
(SI) and Facilitating Conditions (FC).

individual BI to use the Fuzzy-GS collaborative team
formation system.
The development of hypotheses H1, H2, and H3 was
supported by [46], where the constructs of PE, EE and SI were
used to investigate the acceptance (BI) of the respondents to
their virtual team framework in a learning environment. In
[47], it was reported that the attitude towards the intention to
use could be influenced by SI and FC, where FC was seen to
be instrumental in empowering the individuals to have positive
acceptance of the technology. Hence, this supports the
hypothesis H4 tested in this study. In [45], the work had
predicted the negative impact of VU on BI. However, in this
study, the VU was investigated to find the positive impact on
BI. The focus was to verify whether the respondents were
inclined to voluntarily accept the technology.
C. Data Collection
Based on the UTAUT model framework in Fig. 5, a Likertscale questionnaire was used to collect data on the acceptance
of IT department employees towards the proposed Fuzzy-GA
approach for collaborative team formation in an organisation.

Fig. 5. User Acceptance Model Framework based on UTAUT.

In this study, one variable acted as the moderator from the
UTAUT model, which was the Voluntariness of Use (VU). VU
explores the extent to which an individual or an organisation
believes that the acceptance or the use of new technologies
happens voluntarily [45].
Hence, in this study, the VU evaluated the employee’s
readiness towards the collaboration team formation based on
the Fuzzy-GA approach, whereby the more voluntarily a
person wanted to use the proposed system, the higher the
person’s intention was to use the system. When automated
team formation is to be implemented in an organisation, it may
be a part of the requirements that the employees need to use the
system. However, if they are not required to use the system, the
question lies if they may still intend to use the proposed
system. Therefore, the VU moderator was included in this
study to find out the employees’ level of voluntarism to use
this proposed system. Based on the model proposed, the
following hypotheses were established for this study:
• Hypothesis 1 (H1): PE has a positive effect on
individual BI to use the Fuzzy-GS collaborative team
formation system.
• Hypothesis 2 (H2): EE has a positive effect on
individual BI to use the Fuzzy-GS collaborative team
formation system.

The questionnaire and the artefact for the collaborative
team formation framework were distributed to the respondents,
who are employees of an organisation in Penang, Malaysia.
The data was used to analyse the technology acceptance by the
organisation’s employees. The constructions of the questions
are shown in Table III.
TABLE III.
Construct

PE1

PE2
Performance
Expectancy
PE3

PE4

EE1

EE2
Effort
expectancy
EE3

• Hypothesis 3 (H3): SI will exert a positive influence on
individual BI to use the Fuzzy-GS collaborative team
formation system.
• Hypothesis 4 (H4): FC has a positive correlation with
individual BI to use the Fuzzy-GS collaborative team
formation system.

Item

EE4

SI1
Social
influence
SI2

THE CONSTRUCTION OF QUESTIONS
Cited
from

Questionnaire item
I would find the Fuzzy-GA collaborative
team formation system as useful in my
job.
Using Fuzzy-GA collaborative team
formation system will enable me to
accomplish my job more quickly.
Using Fuzzy-GA collaborative team
formation system will increase my
productivity.
Using Fuzzy-GA collaborative team
formation system will improve my
performance in my job
It will be easy for me to become skilful at
using the Fuzzy-GA collaborative team
formation system.
Learning how to use Fuzzy-GA
collaborative team formation system will
be easy for me.
I understand clearly on how to use the
Fuzzy-GA collaborative team formation
system.
I do not have any difficulties in explaining
why using Fuzzy-GA collaborative team
formation system may be beneficial.
People who influence my behavior think
that I should use Fuzzy-GA collaborative
team formation system.
People who are important to me think that
I should use Fuzzy-GA collaborative team
formation system.

[30]

[41]

[30]

[41]

[41]

• Hypothesis 5 (H5): VU is positively related to the
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SI3

FC1

Facilitating
conditions

FC2

FC3

BI1
Behavioural
intention

BI2
BI3

Voluntariness
of use

VU1

VU2

The organisation has supported to use
Fuzzy-GA collaborative team formation
system.
I have the necessary resources to use
Fuzzy-GA collaborative team formation
system.
I have the necessary knowledge to use
Fuzzy-GA collaborative team formation
system.
A specific person or specific group is
available for assistance if there are
difficulties concerning the use of FuzzyGA collaborative team formation system.
I intend to use Fuzzy-GA collaborative
team formation system in the future.
I predict that I will use Fuzzy-GA
collaborative team formation system in
the future.
I plan to use Fuzzy-GA collaborative team
formation system in the future.
Although it might be helpful, using
Fuzzy-GA collaborative team formation
system is certainly not compulsory for my
job.
My use of Fuzzy-GA collaborative team
formation system data is voluntary.

TABLE IV.

[30]
Code
[41]

[30]

[41]

Minimum

DESCRIPTIVE STATISTICS
Maximum

Mean

Std. Deviation

Performance Expectancy (PE)
PE1

2

5

4.13

.730

PE2

2

5

3.77

.858

PE3

2

5

3.80

.961

PE4

2

5

3.93

.785

Effort Expectancy (EE)

[41]

EE1

3

5

4.00

.788

EE2

2

5

4.10

.923

EE3

2

5

3.87

1.137

EE4

2

5

3.67

.994

.819

Social Influence (SI)
[41]

V. RESULT AND DISCUSSION
During data collection, the artefacts were presented to the
respondents, and the questionnaires were answered. In this
section, the results from this data collection are presented. The
survey was conducted to study the user’s acceptance of the
proposed Fuzzy-GA collaborative team formation system.
With the help of the UTAUT framework, the results projected
the respondents’ intention to use the proposed system as a
decision support system for collaborative team formation.
A. Data and Descriptive Analysis
As mentioned in Section VI-C, the five-point Likert scale
was used, representing Strongly Disagree to Strongly Agree.
70 questionnaires were administered, and a total number of 50
were returned, with a response rate of 71%. The statistical tool,
SPSS 24, was applied to capture and analyse the data from the
questionnaire. Table IV shows the descriptive statistics for the
UTAUT constructs from the response to each question. The
mean values for PE, EE, SI, FC and VU were between 3 and 4,
implying that most responses from the respondents were
somewhat Neutral and Agree.
B. Pearson’s Correlation
Pearson’s Correlation was employed to define the strength
of the relationship between two variables. Table V presents the
range and categories of Pearson’s Correlation coefficient
strength described by [37], which was used as a benchmark of
the relationship strength.
To investigate the acceptance of the proposed collaborative
team formation approach, the impact of the UTAUT constructs
of the independent variables, PE, EE, SI and FC towards the
dependent variable, BI and the employee’s readiness for the
VU towards BI were evaluated. Table VI shows the result
based on Pearson’s Correlation analysis.

SI1

2

5

3.47

SI2

2

5

3.57

.858

SI3

2

5

3.90

.803

.805

Facilitating Conditions (FC)
FC1

2

5

3.80

FC2

2

5

3.93

.785

FC3

2

5

3.50

1.009

Behavioural Intention (BI)
BI1

2

5

3.83

.950

BI2

2

5

3.83

.986

BI3

2

5

3.87

.973

Voluntariness of Use (VU)
VU1

1

5

3.67

1.155

VU2

2

5

3.67

.758

TABLE V.

THE RANGE AND CATEGORIES OF PEARSON’S CORRELATION
COEFFICIENT STRENGTH [37]

Range Value

Category of the Relationship Strength

0.50 -1.0

Strong

0.30-0.49

Moderate

0.10-0.29

Weak

TABLE VI.

M_PE
M_EE

PEARSON’S CORRELATION RESULTS FOR ALL VARIABLES

M_PE

M_EE

M_SI

M_FC

M_BI

M_VU

1

.739**

.780**

.752**

.785**

.023

**

**

**

.114

**

**

.739

**

1

.852
**

.879

**

.790

M_SI

.780

.852

1

.835

.858

.204

M_FC

.752**

.879**

.835**

1

.784**

.172

**

**

**

**

M_BI

.785

.790

.858

.784

1

.214

M_VU

.023

.114

.204

.172

.214

1

**. Correlation is significant at the 0.01 level (2-tailed).
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C. Hypothesis Evaluation
In this section, the five proposed hypotheses are evaluated.
The correlation values to validate these hypotheses can be
referred to in Table VI.
Table V is used as the reference to determine the strength
of the relationship between two variables in each hypothesis.
• Hypothesis 1: The Pearson’s correlation value for mean
PE (M_PE) to mean BI (M_BI) was 0.785. Thus, PE
had a strong positive effect on individual BI. Hence,
hypothesis H1 was supported.
• Hypothesis 2: The Pearson’s correlation value for mean
EE (M_EE) to mean BI (M_BI) was 0.790. Thus, EE
had a strong positive effect on individual BI. Hence,
hypothesis H2 was supported.
• Hypothesis 3: The Pearson’s correlation value for mean
SI (M_SI) to mean BI (M_BI) was 0.858. Thus, SI has
a strong positive influence on individual BI. Hence,
hypothesis H3 was supported.
• Hypothesis 4: The Pearson’s correlation value for mean
FC (M_FC) to mean BI (M_BI) was 0.784. Thus, FC
had a strong positive correlation with individual BI.
Hence, hypothesis H4 was supported.
• Hypothesis 5: The Pearson’s correlation value for mean
VU (M_VU) to mean BI (M_BI) was 0.214. Thus, VU
had a weak positive correlation BI. Hence, hypothesis
H5 was not supported.
D. Discussion
As mentioned previously, the Pearson’s Correlation results
for all the variables tested are shown in Table VI. The
relationship of the first independent variable, Performance
Expectancy (PE) to the Behavioural Intention (BI) can be
interpreted from the mean PE to mean BI correlation value,
where the value was 0.785. For the next independent variable,
Effort Expectancy (EE), the correlation value of mean EE
(M_EE) to mean BI (M_BI) was 0.790.
Next, the relationship of the independent variable Social
Influence (SI) with BI can be referred to where the mean SI
(M_SI) to mean BI (M_BI) had the correlation value of 0.858.
For the last independent variable, Facilitating Conditions (FC),
the correlation value of mean FC (M_FC) to mean BI (M_BI)
was 0.784.
Referring to the benchmark value shown in Table V and the
Pearson’s correlation values of the independent variables PE,
EE, SI and FC to the dependent variable BI, the values were
within the range of 0.5 – 1.0. This shows that there were strong
relationships and positive effects between those independent
variables with the BI. Therefore, the survey showed that the
employees (respondents) were positive towards accepting the
proposed Fuzzy-GA-based decision-making approach for
collaborative team formation, where their intention to use the
system was high.
Currently, limited research applied UTAUT to investigate
the acceptance towards collaborative team systems. Thus, this
study was motivated to investigate the level of acceptance

towards a collaborative team system using the UTAUT
construct, as previous researchers [25,26] reported the
advantage of UTAUT compared to other models such as TAM.
Because of the limitations, comparisons were made with other
studies that used UTAUT for acceptance towards technology in
general.
The work by [46] explored acceptance towards virtual
teams but focused more on the learning environment using the
UTAUT. The author in [46] investigated variables PE, EE, SI
and FC towards the BI. In their findings, PE, SI and FC had a
positive impact on BI, which coincides with the result achieved
for the same variables in this study.
However, in [46], EE did not have a positive impact on BI.
On the contrary, this study found EE to have a favourable
result to BI, where it had the second-highest correlation to BI.
This may be due to the respondents finding that the artefact of
the system seemed to be understandable and simple to be used
if implemented. Thus, not much effort is required to adapt to
the new system.
In [47], the researcher carried out an extensive review on
the acceptance level of teachers and students on computer- and
technology-based education systems. From the systems
reviewed for the year 2017 to 2020 in [47], there were 16
works reviewed that used all four variables (PE, EE, SI and
FC) in their studies. In that 16 works, each of the variables that
had a direct or positive impact on BI were reported as such 1)
PE - 15 direct impacts, 2) EE - 12 direct impacts, 3) SI - 11
direct impacts, 4) FC - 10 direct impacts, where one study had
shown a very significant impact of FC compared to other
variables. In this paper, the most significant variable was found
to be SI.
In this study, from the strong relationship of PE to BI, it
can be deliberated that the respondents had a positive
expectancy that using the proposed system, if implemented in
the organisation, can somehow help their tasks be completed
more efficiently and increase their productivity.
The relationship of EE to BI was also strong; thus, the
respondents would have no problem making an effort to use
the system. The correlation value of the relationship of FC to
BI was slightly lower compared to the other independent
variables but was still in the range of a strong relationship.
Hence, this implies that the respondent believed that there
would be enough facilitating resources and help when using the
proposed system.
The independent variable SI had the strongest positive
correlation with BI as it had the highest correlation value. This
shows that employees can be influenced by their social peers
and networks towards accepting the proposed collaborative
team formation. This demonstrates the importance of social
influence among the employees when adopting new
technology within their working environment.
Although the independent variables all showed positive
effects towards intention to use the proposed system that was
not the case with the moderator variable, Voluntariness of use
(VU). For the moderator VU, the value of Pearson’s
Correlation for mean VU (M_VU) to mean BI (M_BI) was
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only 0.214. This is in the range of 0.00 – 0.29, as shown in
Table V, which indicates a weak relationship.
The value shows that the VU was negatively related to BI.
This coincides with the result achieved by [45] that had
predicted there would be a negative impact of VU towards BI.
Even in the study by [48] that reported VU had a positive
impact on BI and other independent variables, the VU was
negatively correlated to the user behaviour.
From the findings in this study for moderator VU, the
negative correlation may have occurred because the employees
were not ready to voluntarily transform the manual
collaborative team formation into an automated collaborative
team formation. They might have the intention to use it if it
was made compulsory by the organisation and also had a
positive attitude in their intention to use the system, but they
were not inclined towards using it voluntarily.

requirement can be added, for example, experience in
successful team formation for future team formation
consideration. Besides that, the future work for the Fuzzy-GA
collaborative team formation will focus on the improvement
and further evaluation of the Fuzzy-GA efficiency especially
on the optimisation of the group formation. The Fuzzy-GA will
be considered for further enhancement by tuning the GA
component of the framework. For example, the Fuzzy-GA
approach can be hybridised with other metaheuristic algorithms
such as simulated annealing or ant colony optimisation.
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VI. CONCLUSION
This research studied the user’s acceptance of the proposed
framework for organisational collaborative team formation by
incorporating the Fuzzy-GA approach and integrating four
factors that influence team formation: leadership, trust, skills
and individual performance. FL was utilised to assign a
detailed weight for the four team formation factors as fuzzy
attributes. Then, GA was applied to optimise the fuzzy
attributes. The acceptance of users to the Fuzzy-GA
collaborative team formation was evaluated by using the
UTAUT survey, and the results were presented.

[3]

The results from the analysis showed that the organisation’s
employees accept the proposed Fuzzy-GA based approach on
collaboration team formation based on the positive Behavioural
Intention (BI) on the Performance Expectancy (PE), Effort
Expectancy (EE), Social Influence (SI) and Facilitating
Conditions (FC). This shows that the employees tend to accept
the use of the system if it were to be imposed on them. Thus,
this proposed framework is believed to be capable of forming a
high visionary workforce while improving team performance at
all levels. Looking at the positive outcome from the variables
PE, EE, SI and FC, in the results of the user acceptance study,
this proposed study is seen to have the potential to be
implemented in organisations.

[7]

However, the employees were not ready to voluntarily
transform towards an effective collaborative team formation,
shown from the low coefficient strength of Pearson’s
Correlation analysis on Voluntariness of use (VU). From this
finding, although they might intend to use it if it was made
compulsory or found it helpful in project completion, they
might not be ready to adapt to the system voluntarily. This may
be because this type of system was still new to them, and they
were not familiar with it. Hence, this paper can serve as a
reference for potential top management in organisations that
intend to adopt a similar automated collaborative team
formation to strategise a better approach to increase their
employees’ voluntary involvement in such a system.
In future work, the rating component of the Fuzzy-GA
collaborative team formation can be further expanded. The
team members rating from the successfully formed team and
implemented project can be reused. Thus, a new project
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