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ABSTRACT 

In today's connected world, the team formation of people to execute a project has been seen as a 

challenge in government agencies' public and private organizations.  

A small group of thoughtful and committed people performing in different roles could change the 

world for large enterprises.  At the same time, it is hard to select an effective team whose members 

can work collaboratively.  Pulse of the Profession, published by Project Management Institutes 

(2017), reported that failed projects always lacked (a) clearly defined objectives to measure progress 

and (b) poor communication between team members.  Minimizing communication costs and 

maximizing trust levels are essential to improve the efficiency of team performance.  This study's 

objectives required including how to formulate the problem and design the theoretical framework.  

The approach involved a five-step team formation model with related definitions, including initial 

team forming, depending on group size, agreement, role assignment, and team performance.   

In this project, we first analyzed students’ academic records during the pre-processing stage to 

extract information about their English skills, leadership skills, communication skills, technology 

savvy skills, logical skills, and hardware skills. Nearly 851 records were collected, from students of 

three project-based subjects (each from an undergraduate programme), on their academic 

performance in the subjects relating to programming/technological study, hardware development, 

and generic IT study throughout three academic years. Then, these subjects were mapped to the 

relevant skills as the features, which are stored to form a data set and are used for training a machine 

learning model.   

In order to acquire a machine learning model as accurately as possible, based on the data set, we 

divided it into a training set and a test set to build and evaluate the model.  Two-thirds of the data 

set were used as the training set, and the rest formed the test set.  The test set was used to validate 

the model building, and data in the training set are excluded from the test set.  The regression 
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algorithm and Naïve Bayes were selected because they are commonly used machine learning 

algorithms and can produce promising performance.  The assessment of member collaboration 

effectiveness was used the proposed communication cost algorithm and trusted direction 

algorithm.  The proposed five-step team formation model is referenced from the group role 

assignment algorithm (GRA). 

 

Last but not least, the Predicting Teamwork Performance (PTPA) system was developed to help 

automatically identify each member's functional roles. Role assignment positively impacted team 

projects, while the role identification mechanism can assign team members responsibilities for 

some role(s) to enable learning. Self-assessment was used to identify team members' strengths and 

weaknesses so that team leaders could easily recognize suitable types of roles for each member. 

Three primary team performance indicators—" Good", "Pass", and "Marginal"—were reflected in 

the teamwork collaboration outcomes. The Predicting Teamwork Performance system reveals 

information about those outcomes through 1) individual performance indicator; 2) teamwork 

performance indicator; 3) personal skill sets results; 4) recommended skill sets improvements. The 

relationship between those indicators and functional roles was examined as analytical information 

for further project team formation. 
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Chapter 1 Introduction 

This research's main objectives are to investigate team formation and essential project management 

skills issues.  The discussion in this chapter commences with the project failure statistics; secondly, 

the study's background focuses mainly on building a team project by powerful corporations and 

explaining that multi-stage project is a common phenomenon in the business world. 

 
1.1 Motivation and Objectives 

 
A business journal article by Benoit [11] mentioned an investigation by Pricewaterhouse Coopers 

about a review of company projects.  They found 10,640 projects among 200 companies in 30 

countries, in which "only 2.5% of the companies completed 100% of their IT projects".  

Additionally, by looking at the Harvard Business Review, they illustrated that IT projects' budgets 

tended to be 27% higher than the initial estimate.  These statistics alone suggest that the cost of 

the project and the reason(s) for project failure need attention.  This study examines a controlling 

problem in a team project represented by control variables and state variables.  Definition 6 in the 

next chapter defines the team project's control variables and performance indexes.  The goal is to 

manage team performance subject to control and state variables constraints.  For instance, we 

know that people need to learn by supporting each other for finding new solutions to problems as 

a productive outcome.  In essence, project leaders are not individuals accomplishing the projects; 

instead, they should work as facilitators for their teammates to integrate theory and practice from 

task to task.   

 

The experimental result is for the teamwork performance relevant to the inter-dependence of 

control variables.  The input variables have described a team member's attributes and how different 

team performance variables affect the team project, such as minimizing the communication cost.  

The underperformance issue and finding the trust direction ratio were described in chapter 4.  

Referring to definition 6, minimizing the underperformance ratio is essential so that a control 
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problem is subject to the probability of communication.  In consequence, this study explores the 

following objectives. 

1. Prediction of team members’ performance with task assignments in the project stage. 

2. Finding the skill sets which are fit to the different nature of team project 

 
1.2 Team Projects Background 

 
Nowadays, team projects are essential for achieving project goals.  Bower, Pharmer, and Salas [15] 

stated that team performance is defined as “the level of output deriving from the coordination and 

communication process that teams develop over time”.  The Betterteam 2017 survey realized that 

team building is most effective for corporations.  In fact, team building can benefit individual 

learning and group learning. 

 

 

 

 

 

Figure 1.1: Betterteam 2017 Survey of  HR/Business Professionals 

 

The definition of team projects included quantity, quality, individual learning, and group learning.  

Many projects can break down into more miniature stages where most of the stages can be done 

sequentially or grouped and done in parallel.  

 

According to the definition, individual assessments agreed on groups' guidelines, and learning 

targets are essential.  For instance, a transportation tunnel project is a sequential process and 

involves different agencies and contractors.  Wang and Zhang [105] stated that the decision makers 



 
3 

 

set sights on team formation that optimally determines their roles for a team project and team 

formation can be divided into a 5-step process.  

 

The first stage of a project starts with an initial team formation stage.  The second stage of a project 

develops a team with a project review.  The first phase occurs before the project starts, and the 

performance review is conducted in the final stage of the project with dependent group attributes, 

as stated in table 4.3.  In a project, team attributes change after a performance review.  

 

Stewart [45] implicit that each team member contributes with skills and those skills help increase 

skill level are preferable. The traditional assessment method is challenging to assess the individual 

impacts and contributions.  As a matter of fact, each team member encounters many unforeseen 

problems, such as  

1. misunderstanding the ideas between team members  

2. Unsatisfactory communication 

3. Individuals gain knowledge and skills by investigating complex questions or 

exploring real-world problems and challenges [48]. 

 

How to maximize the team contribution is a challenge.  A teamwork formation model and a role 

assignment notion were developed to investigate task assignments in team projects and discover 

its underperformance on the topic of the role-based model in productive group composition.     

 

From the point of view of project management, maximizing the total performance is needed.  To 

maximize the individuals’ performance is in the early stage in project management.  The model is 

to multiply the effects of each level of positions and skills of team members.   
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In the team project, we need to consider internal and external factors.  Individual performance, 

communication cost, technical, social, negotiated skills, trust level, resource availability, and past 

team performance.  Those are the internal factors.  We also need to consider external factors such 

as task rotations, project timelines, tasks depending on a role assignment, project management 

skills, and resource availability. 

 
1.3 Thesis Contributions 

 
This study discovers the members' underperformance regarding the role-based model, minimizes 

communication cost, and maximizes team projects' trust level.  As illustrated in figure 1.2, the five-

step theoretical framework is a preliminary study for resolving the problem of misunderstanding 

the idea between team members.  The communication cost algorithm and normal trusted direction 

algorithm are the ways to relieve unsatisfactory communication.  For technological savvy skill 

model and soft skill, model study the individuals' knowledge and skill improvements in the 

teamwork performance.  We believe an individual with hard and soft skills capability can maintain 

workflow executives in selecting proper employees to accomplish the tasks.    

 

Our contributions mainly focus on finding the individual skills that contribute to the project and 

how to combine various skill areas to maximise the project productivity.  We build up the 

technological savvy skill model and soft skill model to evaluate the skills in a different team project 

and resolve the team performance and group role assignment (GRA) problems.  The target 

evaluations include 1) knowledge test, attitudes and behaviours assessment using rubrics; and 2) 

impact the evaluations on the effects of team member achievements such as the strange and 

weakness skills and behaviour among project participants. 
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Figure 1.2: A thesis framework and research overview 
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1.4 Thesis Outline 

 
Chapter 1 and chapter 2 are the introduction and literature review of the relevant topics, which 

provide the background knowledge for the research works.  The research overview shows the 

complete picture of the research project in chapter 1, and the overall thesis structure is explained 

in figure 1.2. 

 

Chapter 2 includes discussing the mathematical models and theoretical models for teamwork 

formation.  Chapter 3 introduces the background of predicting teamwork performance, research 

framework, data analysis, and procedures.  This chapter also covers data handling, environment 

settings, and the system development frameworks. 

 

The descriptions of the proposed teamwork formation model and the research design framework 

are in chapter 4. This chapter also portrays a group role assignment algorithm and a mathematical 

model relating to the group assignment algorithm to evaluate the reliability of group formation. 

The communication cost algorithm and standard trusted direction algorithm developed for 

applying in the predicting “Teamwork Performance” application is the main contributions in this 

chapter. We present the PTPA system and five-step model findings, which let us understand how 

to form an effective project team. Moreover, the results show the team members are influential in 

improving their ability to learn independently and from their peers. 
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In chapter 5 and 6, we investigate the basic skill sets for different team projects and discover the 

requirements of team competencies in project management.  The definition of the technological 

savvy skills and the measurements of the technical skill variables related to teamwork performance 

are described in chapter 5.  The evaluation results implicated that teammates with good 

programming, creativity, communication, and logical skills are associated with technological savvy 

skills.  In chapter 6, we discover that soft skills are related to communication and leadership 

qualities.  Those skills are determined the project's success or not.  A soft skills model evaluates 

the soft skills components in project management. 

 

Chapter 7 concludes that a five-step team formation model is a reference model for team formation, 

the reliable relationship between teamwork and teamwork formation.  According to the preliminary 

analysis, the model is adequate, and the correlation between the Predicting Teamwork Performance 

Application (PTPA) system, skills and role assignments can resolve team conflicts.  Besides that, 

throughout the PTPA system, all the team members understand their weaknesses and strengths in 

the project domain.  This study highlights vital aspects of successful project management.  The last 

chapter discusses further research in project management as well. 
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Chapter 2 Background and Literature Review 

 

This chapter provides the literature review and background knowledge related to team formation, 

collaboration interaction, team performance conditions, and group role assignment (GRA) 

problems.  This chapter aims to review and understand the previous research in this area.  The 

organization of this chapter is as follows in the first place, and section 2.1 is an overview of team 

formation in the real world.  Section 2.2 is an interaction of collaboration with existing examples.  

Section 2.3 is the general conditions for teamwork and team performance with its current 

mathematical models and Group Role Assignment (GRA) Problem.  Lastly, section 2.4 briefly 

introduces the mathematical tool used in this thesis. 

 

2.1 Team Formation in Information Society 

 

With the new demand of the knowledge economy, working as a team is a typical collaborative style, 

including cognitive sciences, sociology and computer engineering.  It is a new trend to increase the 

success of teams.  For instance, a person collaborates with people in a virtual environment.  The 

virtual team always happens in social dialogue.  They aim to apply technological methods in real-

life applications.  GitHub is one example.  The maximization of productive collaborations is still 

virtually unexplored. 

   

Collaboration is an everyday activity in commercial enterprises for an individual to contribute 

knowledge and skills when qualifying for a new position. Good collaboration can foster project 

productivity. Collaborative learning can be part of team formation when a person has a task in 

mind and is enthusiastic about learning from others and contributing to forming a team to 

accomplish a goal(s) effectively.   
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2.2 The Interaction of Collaboration 

 
The collaboration between team members is the main component in predicting teamwork 

performance.  According to Abramowicz et al. [1], collaboration can be more efficient than 

individual work by promoting creativity.  Dillenbourg and Schneider [32] defined “collaboration as 

two or more subjects building synchronously and interactively a joint solution to some problem, 

emphasising the extent and quality of idea exchanges that occur within groups of individuals in a 

collaborative environment”.  Their analyses mentioned the significance of grouping people 

together into cooperative work teams.  Group support systems can encourage peers to construct 

or share knowledge and illustrate the importance of team development, such as in a group support 

system (GSS), a group of people who collaborate to work on complex decision-making.  The 

cooperative tasks mean participants agree on responsibilities and distribute those tasks across the 

group members who work independently until the assigned tasks have been completed.  The simple 

interaction of collaborative experiences is shown in figure 2.1. 

                           

 

 

 

 

 

Figure 2.3: Interactions of  collaborative experience 

  

People 

Work together within a 
period 

Collaborative 
environments 

Going 
through 

Collaborative  
processes  

(group 
assignments) 

In order to accomplish 

Project 
outcomes 



 
10 

 

From Wikipedia, collaboration is described as methodologies and environments in which team 

members engage in everyday tasks, and each individual depends on and is responsible to each other.  

Zheng [67] expressed an example of a human-robot such that "analysis and practical solution to 

designing and implementing a human-robot team for simple conversational interactions".  They 

proposed a model for daily operations, customer satisfaction, and customer robot interaction.  

These models' directions introduced techniques for managing interaction and operating task 

assignments.   

Likewise, some people in a team might tend to dominate others and hijack the agenda.  Thus, the 

shared approach represents teammates’ interdependence and refers to teammates’ autonomy in a 

cooperative process.  As Jain et al. stated [60], the question of “how to maximize productive 

collaborations by manipulating role assignments and configuring teams is still largely unexplored”.  

Therefore, this is a crucial consideration issue for team formulation.  A social collaboration cost is 

one of the essential costs between any pair of users.  According to Lappas et al. [102], bottleneck 

edge cost is a cost function defining the minimum bottleneck cost of a pair of users.  These cost 

models describe the properties of a team.  A high collaboration cost will lead the team to reduce 

productivity to each member’s need to know, his or her role assignment, and the specification of 

team and negotiation instruments.  In doing so, each team member needs to know their roles to 

make collaboration more productive.   

 

For this reason, a team could work together for information sharing and understanding before 

going through collaborative activities such as task assignments in order to accomplish the common 

goal. 
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2.3 The General Conditions for Teamwork and Teamwork Performance 

 
In recent years, teamwork has been an essential component in the field with researchers and 

professional associations.  Rezende [93] said that leadership skills, communications skills, and 

teamwork skills correlated with project success.  Rezende [93] reviewed 81 project management 

competencies and identified competency gaps by improving investments in training people on the 

right competencies and effectively managing talents in the organization according to the person's 

role or personality and organizational process.     

Kepa Mendibil Telleria, Derek Little and Jill MacBryde [65] stated that the key factors affect the 

teams' performance, including performance measurement in "both team processes and team 

outputs from the individual level and team level are essential areas".  They also mentioned that a 

logical thinking process is increased performance in most business areas.  They declared that leaders 

need to collaborate, communicate, motivate, and influence others' skills to let the team towards the 

project goals.  Thus, performance measurement and gap analysis are essential issues for teamwork 

management.  Bowers et al. and Cannon et al. [17] divided team competencies into "knowledge, 

skills, and attitudes".  The study was extended in Bowers et al. [17] and Cannon-Bowers et al. [17], 

focusing on team competencies to develop the five-step model, skills model, and trust direction 

algorithm. 

As we know, the conditions of team performance are fundamental to organizational development, 

and that always happens in sports teams, school classes, military units or flight crews.  By contrast, 

the key to a successful team is careful task assignments intended on enhanced, purposeful 

communication and interaction.  For example, allowing team members to continue sharing, 

learning, and growing beyond the historical.  Another critical issue we need to consider is the size 

of the group.    
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Dafoulas and Macaulay [41] indicated that role assignment and reassignment arise during 

collaboration in different stages of projects according to a group's needs. The case study from 

Odell [6] discussed that "the roles played by individuals might change over time where such role 

changes are required, analyzing and classifying the various kinds of role changes that may occur". 

 

However, a study by Stone and Veloso [90] examined how role transfer can lead to formation 

change in a group of individuals working together. They applied their method to a robot soccer 

team and obtained a significant result.   Moreover, Ashforth and Mahwah [12] mentioned that role 

ambiguity is individuals do not know precisely, and he/she do not know how they are expected to 

behave due to loosely and abstractly set expectations. Also, Budak [44] developed a mathematical 

model of team formation of sports clubs that maximized the team's total performance. 

 

𝑀𝑎𝑥. 𝑧 = 	(((𝑆𝑆!"	𝑆𝑀"# 	𝑀𝑆#𝑥!#

$

"%&

'

#%&

(

!%&

	 

 

P = {i|i = 1, 2, ….m} is the number of players from whom selection will be made for the team  

M = {j|j = 1, 2, ….n} is the set of positions is given 

S = {y|y = 1, 2, ….k} is the skills of the players differ with respect to the sport type 

SSiy = ith  player’s forecasted performance level for yth skill for the upcoming match 

SMyj = yth skill’s effect on jth position’s match play is affected by the ratio and sum of each skill for 

one position, which is equal to one.  The forecast of each player with respect to each skill is valued 

between zero and one hundred 

MSjxij = weight of jth position and xij is the decision variable  

(i.e., 1 = if ith  player is assigned to jth position and 0 = other case) 

The Budak et al. formula is the model of team formation for sports clubs that maximized the team's 

total performance by using the players' position and players' skills in the next match.  His model 
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multiplied the effects of positions and skills in each importance level.  This formula also forecasted 

the player's performance with skills in the coming match and skills effect on given position's match 

and affected by the ratio and sum of each skill for one position, which is equal to one and the 

forecast of each player to each skill is valued between 0 to 100.  They had the weight and decision 

variable to find out the performance.  This model is helpful for us as a reference to find cost-

efficient team performance.   

 

As a final point, the vital conditions of team performance are that all team members should have 

a clear position in a team, and their task assignments should not be ambiguous and conflict with 

the project goal. The success of task assignments would benefit team members and enable 

members to work together successfully. 

2.3.1 Group Role Assignment (GRA) Problem 
 
 
In this subsection, the mathematical model about the group role assignment problem (GRA) from 

H. Zhu et al. [51] and M. Zhou [55] is applied in this study.  They identified how role negotiation, 

assignment and performance led to efficient collaboration among members.  For instance, the 

problem can illustrate a group with three members (refer to Table 3.4) while O1….O3.   From H. 

Zhu et al. [51] [55], the 3-roles formation yields the best group performance.  Thus, the assumption 

about teamwork performance is conveyed by the sum of individual performance values ∑ 𝑇!"#  that 

selects essential roles. 

 

From Kahtani and Sandhu [75], “the Role-based Access Control (RBAC) model is used to assign 

members to appropriate roles”; thus, the model's objective is to control the access to different 

resources.   For example, if Ri and Rj are conflicting roles, the RBAC can use state constraints as 

Ci ® Ri XOR Rj.  This model helps us to the classification of the constraints.  H. W. Kuhn [50] 

solved the assignment problem in a polynomial.  For example, a non-negative m x n matrix, where 
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the ith row and jth column element represents the qualification value of a role assigned the jth job to 

the ith member. Assignment of jobs to team members needs to be based on having maximum 

qualification values. The algorithm of bipartite graphs is G = (S, T; E) with n member vertices (S) 

and n job vertices (T). Each threshold has a non-negative value v(i,j) to find the suitable matching 

with maximum qualification value [49], such as a predicted probability.  For example, on 

classification problems with class labels 0 and 1, the predicted probabilities and a threshold of 0.5.  

(i.e., Prediction value < 0.5, assign to class 0 or Prediction value >= 0.5, assign to class 1). 

 

Let the function y: (S ∪ T) → 	ℝ is a potential if y(i) + y(j) <= v (i,j) for each i ∈ S, j ∈ T. Then, 

the possible value of y is ∑ 𝑦(𝑣))∈+∪- . Kuhn’s method can find a suitable corresponding and a 

latent ability with an equal value that proves the optimality of both. 
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2.4 The Mathematical Models of Teamwork Performance 

 
Our study only has a small dataset to work with, and machine learning algorithms are efficient to 

improve with subsequent model training.  A fundamental machine learning benefit is identifying 

patterns and trends in our study.  Hence, we have selected some supervised learning algorithms to 

deal with the classification and regression problems. 

2.4.1 Regression Algorithms for Predicting Teamwork Performance 
 
 
Regression algorithms are the popular machine learning algorithm for independent variables and 

use the labelled dataset to make the predictions.  It is always used for finding the relationship 

between variables and forecasting.  For instance, a dependent variable value with possible values, 

y, which is subject to a given independent variable, x; thus, we find a correlation between x (input) 

and y (output).  Once we find the best values, we can predict the value of y (like indicator variable) 

for the input value, x.  In this thesis, the Technological Savvy Skill (TSS) model is mainly to predict 

y value such that we need to minimize the error difference between y and actual value.  Thus, we 

can obtain equation 2.1. 

 

Min&
'
∑ (𝑝𝑟𝑒𝑑𝑖𝑐𝑡! − 𝑦!).'
!%&       (2.1) 

 

Therefore, the C function below is the minimizing the Root Mean Squared Error (RMSE) value 

between the predicted value and actual value as, 

 

C=&
'
∑ (𝑝𝑟𝑒𝑑𝑖𝑐𝑡! − 𝑦!).'
!%&      (2.2) 

 

The linear discriminant analysis (LDA) estimates the probability of a new set of inputs associated 

with the highest probability output class.  We use LDA from Bayes’ Theorem as a reference to 
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estimate the probabilities in Soft Skill Model (SSM).  For example, in equation 2.3, if the output 

class is (k) and the input is (x), 

 

Pr(Y=k|X=x) = (Ppriork(fk(x))/ ∑ 𝑃!/
!%& (𝑓!(𝑥))  (2.3) 

 

PPriork is prior probability and which is the base probability of each class for training the data.  f(x) 

is the estimated probability that x be in a particular class. 

 

Bayesian Knowledge Tracing (BKT) from Corbett & Anderson [26] was used to estimate students' 

probability as a particular set of skills.  BKT assumes the student’s knowledge is represented as a 

set of binary variables.  Supposing that the initial probability of a student i gain control of the skill, 

k is set to the pinit parameter in 2.4, 

prob(L1)
$
!
=prob(L0)k     (2.4) 

 

BKT models as a reference for representing the learner’s skill as prior knowledge of academic 

results.   

 

Learning Factors Analysis (LFA) is the existing model used to trace predictions for individual 

students with individual skills is Learning Factors Analysis (LFA).  This model is more applicable 

to educational data mining while gaining student knowledge components like academic results.  For 

instance, we need to split knowledge components through multiple factors to determine the 

knowledge components for tasks assignment (e.g. Q matrix).  The standard LFA is, 

 

m(i, j ∈ ARs, n) = 𝛼! + ∑ (𝛽#	 +1	∈	234 	𝑛!,#)   (2.5) 

𝜌(𝑚)=	 &
&67$%

    (2.5.1) 
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In the 2.5 equation, m is the logarithm of the odds 8
&98

 where 𝜌 is a probability.  The value 

represents the accumulated learning for student i and the ability captured by 𝛼 and where AR is 

academic results captured by 𝛽 for each subject.  Equation 2.5.1 is the logistic function used to 

convert m values to predict the observed probability. 

 

2.4.2 Naïve Bayes for Predicting Teamwork Performance 
 
 
Naïve Bayes (NB) [106] [107] assumes the input variables are independent of each other so that 

the classification results of Naïve Bayes [106] [107] are accurate with the class having a maximum 

posterior probability.  In this study, we find the skill sets and receive a good/pass grade.  Hence, 

we predict the teamwork performance (the project's final grade) if technical skills/soft skills are 

very good in domains with essential features.  

 

With reference to Bayes rule classifier [107], if the observed value of X is x, the posterior probability 

observed x was from the class 1 like equation 2.6, 

 

P (Y=1 | X=x) = :&(<)>&
:&(<)>&6:'(<)>'

   (2.6) 

 

Therefore, the class label maybe 1 or 2, depending on the highest posterior probability. 
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Chapter 3  Computer-supported Collaborative Learning 

 
Following the literature review and conceptual framework developed in the previous chapter,  this 

chapter presents the study's methodology, explaining the techniques and strategies adopted to 

achieve the study's objectives.  Computer-supported Collaborative Learning is the activity of this 

study.  The peer's interaction with the support of information and communication technologies in 

which environment provide a primary means of communication of the members to achieve 

cooperative work objectives.  

 

Subsequently, among the model assumptions, we propose the five-step team formation model.  

This model is the first step in solving the challenges in the general context of project management.  

Finally, the problem definitions support the theoretical framework life cycle and the predicting 

teamwork performance system developed for providing a recommendation model to an 

underperforming member(s) to establish a sense of purpose. 

 

  



 
19 

 

3.1 Predicting Teamwork Performance  

 
Most enterprises regularly encounter problems for effective team formation in different project 

stages since it is challenging to handle team conflict, optimal performance, and role assignment.  

We know that people need to learn by supporting each other to find new solutions to problems as 

a productive outcome.  The term “The Right People Doing the Right Things Right” from Verne 

Harnish [103] is the main idea for this project.  A predicting teamwork performance application 

(PTPA) that aims to (1) help team members to evaluate their capability and (2) provide suggestions 

for improving team members’ performance.  

Furthermore, through this well-designed framework, we aim for maximizing learning achievements 

and greatly benefit lifelong learning.  Based on the theory of Slavin [98]; Johnson, Johnson, and 

Holubec [30], we have realized that team projects are an effective learning tool in higher education, 

so the students’ projects as a case study in this research project.  They need to know his or her role 

assignment and the tasks of the team.  Also, a PTPA allows members to change their learning 

patterns and develop skill diversity to achieve the intended learning outcomes for their programmes. 

3.2 Research Framework 

 
Many researchers try to avoid conflicts in role assignment, task decomposition, dynamic role 

assignment, and role-based collaboration to have a highly competent team performance.  However, 

it is challenging to predict team performance in a team project.  Subsequently, we have collected 

data from the previous project scores, academic results and system logs to help to optimize 

performance criteria.  Moreover, supervised machine learning is a new trend for analysis and solves 

various natures of real-world computation problems.  Because the supervised machine learning 

technique is a more straightforward method and highly accurate and trustworthy, the outputs have 

a probabilistic interpretation, such as predicting the output value lies between 0 to 1.       
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To achieve the accuracy of the predictive model, we pre-processed students’ academic records.  We 

extracted the features like English skills, leadership skills, communication skills, technological savvy 

skills, logical skills, and hardware skills.  With these features, clustering and then labelling the data 

are necessary to obtain the strongest associated indicators.  The data with the most vital associated 

indicators were used in different classification algorithms and then the most accurate model for 

predicting student performance in the project-based assignment. 

 

After that, we use this dataset to deal with the outcome prediction of teamwork performance and 

determine the machine learning model.  The figure shown in figure 3.1 was developed to measure 

and predict the teamwork's performance. 

 

 

 

 

 

 

 

 

 

Figure 3.1: The machine learning framework of  predicting teamwork performance application 

  

Pre-processing 
students’ 

academic records 
Feature 

extraction 

Data 
clustering 

Student 
performance 
quantification 

User 

Data 
labeling 

User 
Outcome 
prediction 

Student general 
performance  

Team 
performance 

Recommended skills 

Outcome matching 
and team structure 

analysis 

Students’ records 



 
21 

 

3.2.1 Data Analysis and Procedures 

 
This study first analyzed students’ academic records during the pre-processing stage to extract 

information about their English skills, leadership skills, communication skills, technology savvy 

skills, logical skills, and hardware skills.  Nearly 851 records were collected from students of three 

project-based subjects (each from an undergraduate programme) on their academic performance 

in the subjects relating to programming/technological study, hardware development, and generic 

IT study throughout three academic years.  Then, these subjects were mapped to the relevant skills 

as the features, which are stored to form a data set and are used for training a machine learning 

model.  In order to learn a machine learning model as accurately as possible, based on the data set, 

we divided it into a training set and a test set to build and evaluate the model.  Two-thirds of the 

data set were used as the training set, and the rest formed the test set.  The test set was used to 

validate the model building, and data in the training set are excluded from the test set.  The 

following parts describe the data handling and the interpretation of the dataset attributes.   

 
3.2.1.1 Data Handling 
 
In this section, The data handling and data collection sources from 2016/2017, 2017/2018, 

2018/2019 and 2019/2020 academic years.  

 

The courses required technical skills and programming skills to complete the group assignment.  

Table 3.1 shows the datasets, including the case study projects, programming projects and 

integrated projects, and each course's individual and group tasks.  In addition, the assessment 

methods used rubrics, live demonstrations, peer assessments, written works and presentations. 
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Table 3.2: Data Summary 

 
According to the categories' skill set, labelling data for each task was done, and some complex data 

were found.  The data from the assessment form were input to separate excel files.  Each record 

contains all members of a team and the exact score of the whole team.  The six categories (including 

English, communication, creativity, leadership, programming, logical) were used as the inputs for 

each member, and each is represented by "0" or "1" by calculating the workload areas satisfying at 

least half in the corresponding category.  "0" represents that the member does not have the skill, 

"1" represents the member's skill.  The output is the underperformance, which is represented by 

"0" or "1".  "0" represents that the member does not underperform, "1" represents that the member 

underperforms.  The data come from two kinds of nature of PBL assignments like the scope and 

Academic Year/Subject code and name 2016/2017 2017/2018 2018/2019 2019/2020 

EIE3120 - Network Technologies and Security -- -- 38 39 

EIE3360 - Integrated Project 40 33 34 33 

EIE3105 - Integrated Project -- 86 88 86 

EIE3106 - Integrated Project -- 60 57 71 

EIE2264 - Computer Programming -- 78 71 78 
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the time of project completion are different which are usual assignments in the University.  We will 

extend the models to other courses in the department.    

 

3.2.1.2 Normalization 

The normalization of the project attributes was calculated to obtain consistent input for data 

training. This is because the project scores differ every year, such as calculating the sub-scores to 

determine underperformance and pre-processing the dataset; for example, the normalized project 

report = project report score/total project report score. The peer assessment score is divided by 

the total score that normalizes the peer assessment.   

 

3.2.1.3 Role Descriptions 

"Belbin's Team Roles" [41] [48] show THREE roles achieve the maximization of productive 

collaborations in universal, technical, hardware and programming projects.  For instance, when a 

project team maximizes the total performance, it uses the corresponding stage to maximize the 

assigned individuals' performance in its next stage.  All individual members are doing their tasks 

correctly, adding an excellent performance.  Belbin claimed that teams that accomplished their 

goals regularly mostly have a healthy mix of the various team roles.  Therefore, a "Task Role" for 

members is to take on helpful information-seeking and enjoy being procedural technicians like 

recorder and consolidator, or report writer or presenter.  The "Social role" is the person who takes 

a leadership role within the team, and that person can lead the group's day-to-day activities.  Every 

member of the team respects and listens to the gatekeeper, observer, commentator, and 

harmonizer.  The "Action role" is the last role suggested for members who finish the tasks in time.  

For example, members get the right to work by extracting the best possible solution from different 

sources, preparing the detail-oriented tasks, solving conflict among team members, ensuring 

thorough completion, and putting ideas into action(s).  The skill mapping sets were designed below 

to deal with the role categories above. 
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Figure 3.2: Different skill sets associated with roles 

 

Students are qualified by their academic results to assign the workload areas within the context of 

the skill sets to assign roles.  They categorized data into the relation of each category and skill, 

which belongs to which category.  For example, skills of “English”, “Creativity”, “Programming”, 

“Leadership”, “Communication”, “Logical” could be assigned to 14 different tasks listed in table 

3.2.  According to figure 3.15, each project has different tasks in the PTPA system, and each task 

assigns different skill sets.  Then, each role allocates to the students is according to their skill sets 

in self-assessment.  Thus, technology-savvy and soft skills have a relationship with roles for each 

student.  The purpose is to help students understand their responsible tasks in the group 

assignments. 

 
 

 

 

 

 

 

Table 3.3: The project tasks and skill sets mapping sample 
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With the context of the skillsets to assign the role, the calculation formula checks whether the sum 

of areas in a category is greater than or equal to half of that category's total areas.  The result is 1 

when true; otherwise, it is 0.  For example, if a team member selected areas 1, 2, 3, each area's 

weighting and role calculation are shown in table 3.2.  Referring to table 3.2, for computing role 

assignment, the weightings of "Excellent", "Very Good", "Good", "Satisfactory" and "Poor" were 

100, 80, 60, 40 and 20 respectively.  For instance, for the English skill mapped to areas ID 2 and 7, 

the score for English skill is 20/2 (since the total among English areas is 2) = 10.  The highest 

score is "Programming skill" for that member because a member-only has programming skill and 

logical skill provided, and the total score is 76.67.  Therefore, he/she is assigned an "Action Role" 

(the action role included skill IDs 4, 5 and 6 (see figure 3.3). 

    

  

 

 

 
 

Figure 3.3: The skills and role calculation sample 
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3.2.2 Environment Settings 
 

To develop the machine learning model, the “Anaconda” integrated development platform, which 

was used to visualize the data set and analyze the features, was used to train the machine learning 

model.  The Python language, Jupyter notebook application, and sci-kit learn library were installed 

for data analysis and visualization.  Due to small datasets, we choose simple models and remove 

outliers from data.  We select relevant features, combine several models and rely on confidence 

intervals instead of point estimates.  We will extend the dataset by selecting more subjects in the 

department.   

 

The attributes' values were changed and normalized into ranges [0,1] with a scale [1-5] to utilize 

the provisional dataset before feeding them into the classification models.  Moreover, the skill 

features were represented in a 5-point Likert scale (i.e., 1=Poor, 2=Satisfactory, 3=Good, 4=Very 

Good, 5=Excellent).  The skill features were also converted by using one-hot encoding, so each 

category is encoded as follows: 10000=Poor, 01000=Satisfactory, 00100=Good, 00010=Very 

Good, and 00001=Excellent.  The dimension of each class label is 5.   

 

Sharma et al. [97] declared that Linear Discriminant Analysis (LDA) is efficient in dealing with 

small datasets.  Additionally, the Multilayer Perceptron (MLP) algorithm, the Support Vector 

Machine (SVM) algorithm, Naïve Bayes (NB) and K Nearest Neighbour (KNN) algorithms were 

considered to train machine learning model.  Eventually, the regression algorithm and Naïve Bayes 

were selected because they are commonly used machine learning algorithms and can produce 

promising performance. 
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The teamwork-performance prediction system (PTPA) was developed to deploy the model and 

display the teamwork performance with performance indicators like Good, Pass and Marginal.  

Also, the PTPA was behind the web application firewall, a specific application firewall that prevents 

exploiting web vulnerabilities.  The system runs on a virtual machine and is open for clients from 

the internet and campus network (refer to figure 3.4). 

 

 

 

 

 

 

 

 

Figure 3.4: The teamwork-performance prediction system's architecture 

Using the students’ projects as a case study, we have simulated the framework to extract text data 

from the academic results, former project scores, system logs, inter-team assessments, rubrics 

assessments, and peer assessments.  The datasets are arranged in a format of 14 input factors 

parameters in table 4.3.   The rubric sets for project demonstrations are as a point of reference to 

measure project output.   

3.2.2.1 High-performance Computing Platform Structure 
 
 
The Anaconda Python with OpenMPI was set up on the High-performance Computing Platform 

(HPC) and the multi-factor authentication service provided by ITS for accessing the HPC platform.  

The project was set up on GitLab to implement version control like production and development 

modes.  The web interface distributes the project tasks for the team project and collects the data 
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for model creation.  The PHP Laravel framework is used as the front-end portal to manage the 

team members’ responses, which is part of the input of the teamwork-performance prediction 

system.   

 

The web application runs on a Virtual Machine hosted by University Information Technology 

Services Centre.  The server was created using docker and Nginx.  Dockerize is a web application 

to make sure the web application can run anywhere.  Then, docker and docker-compose were 

installed on the Virtual Machine hosted by University Information Technology Services Centre, 

and the web application was deployed using git.  Figure 3.5 shows the configuration file of docker 

and the web application—the data structure of project tasks and roles used for tasks and skills 

mapping.  The skills and role mapping and the mapping results are stored for a final assessment.  

(refer to figure 3.6).   

 
 
 

 

 

 

 

 

 

Figure 3.5: The web server and database configuration file 
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Figure 3.6: The data structures for tasks and skills mapping and skills and role mapping 

 

3.2.2.2 The Teamwork Performance Prediction System Design 
 
 
The visual composition was separated into user view and administrator view.  The objective was 

to enhance efficiency and perform essential functions between students and teachers.  In the user 

view, each team member needs to complete two surveys.  The first survey is self-assessment (see 

figure 3.7), which encourages the team members to examine their skills.  This process assists in the 

project role assignment. 

 

 
 

 

 

 

 

 

 

 

Figure 3.7: The self-assessment layout  

The peer assessment survey needs to be completed after the project ends.    An optional feature of 

PTPA allows team members to form groups themselves and choose their group members after 
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clicking the confirm button (see figure 3.8).    The peer assessment survey provides a structured 

learning process for teammates to offer feedback on their work by calculating the total workload 

distribution provided to expose the free-rider in the team project (see figure 3.9).    Moreover, the 

predicted performance indicator in group and individuals would be displayed in table format.    

Their teammates also assess the skill categories’ evaluation results (see figure 3.10).  The 

recommendation skillsets illustration for different natures of the team project is displayed.  In figure 

11, recommended improvements are provided for use if the rating of a specific skill is below 

“Good”.    This arrangement aims to help underperforming teammates follow the recommended 

improvements to improve their skills. 

 
 
 
 
 
 
 
 
 

 
 

Figure 3.8: The students to form their group 

 
 
 

 
 
 

 

 

Figure 3.9: The PTPA’s final assessment  
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Figure 3.10: The PTPA system’s prediction and assessment results sample 

 

We have developed the administrator view.  This view is helped the project administrator to 

organize the administrative tasks such as creating and editing the subjects, creating and editing the 

self-assessment information, overview the teammate’s role, skillsets/project tasks assignment, and 

assessment reminders (see figure 3.11).   

In figure 3.12, the teammate can view the self-assessment when the status of the self-assessment is 

enabled.  Also, the administrator allows adding and creating the group and team members to 

subjects manually or by transaction file (see figure 3.13).  Team members who do not belong to 

the subject cannot answer the surveys.  An administrator could send the email reminder to the 

students who have not yet completed the assessment or survey (see figure 3.14).   

The reminder logs save to the log file, so the administrator can check the log file and find the email 

reminder is sent successfully or not.  The group role of each student is calculated on the 

performance of specific skills.  Besides, an administrator can manage the tasks and skills mapping 

and skill and role mapping according to the project requirements and the searching function (see 

figure 3.15).  Then, the system can calculate the score of each role and assign the role which is the 

highest score to the team member.  
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Figure 3.11: The administrative panel 

 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.12: The self-assessment portal 

 
 
 
 
 
 
 
 

 
Figure 3.13: Import the team members to subjects by transaction file 
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Figure 3.14: The email reminder sample 

 
 
 
 
 
 
 
 

Figure 3.15: The project tasks, skill sets, and role mapping 

 
3.2.2.3 Authentication Environment Setup 

 
We have developed a Security Assertion Markup Language (SAML) 1 metadata (see figure 3.16) 

document to describe the deployment of the PTPA system to have an authentication scheme that 

allows the students to log in a student ID and password.  The single sign-on allows the students to 

access the PTPA system without re-entering authentication factors.  The University Information 

Technology office registered the prediction system signing and encryption certificates.  After that, 

we integrated the production SAML Single Sign-On to the frontend portal, allowing the 

administrator to add students to each subject in the system dashboard.  After successful login, the 

students can redirect from the University Information Technology office login page to the PTPA 

frontend portal (see figure 3.17). 

 

 
1“SAML is an open standard for exchanging authentication and authorization data between parties”, Wikipedia, 
2021. 
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Figure 3.16: A Security Assertion Markup Language (SAML) metadata document 

 
 
 
 
 
 
 

Figure 3.17: The login page layout to PTPA frontend portal  
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Chapter 4 Universal Team Formation Model 

 

This section is a generic project management model using descriptive statistics.  The model 

provides the features observation and extensive statistical analysis.  Section 4.2 provides the five-

step model and assumptions.  Section 4.3 presents a communication cost algorithm and normal 

trusted direction algorithm for analyzing teamwork performance.  The preliminary results are 

reported in section 4.4 and the chapter summary in the last section.   

4.1 Problem Definitions 

 

Definition 0 (Identification of project): P::=<Sstage, Ot>, where Sstage is the project precedence 

relationship and is sequential, which means that project decomposes into smaller sequential phases. 

Ot is the overall time the project took to finish. In general, the potential sequent phases, n, then, 

∑ (𝑛 − 1!)'9&
!%?  is a possible option to complete the project.  This definition is for identifying a 

project with stages, and the project decomposes into more minor sequential phases. 

 

Definition 1 (Identification of Object): O::=<Oid, Os>, where, Oid identifies the object, Os is a 

data structure, those values are attributes, the properties of objects stated in table 4.1.  

 

Definition 2 (Group Size and Capability): Non-negative integers |Gs| express a group size, Gs 

and |Ga| explicates the group ability of the role set Ga, i, i1, i2…that denotes the group 

characteristics like j, j1, j2,…..to jn. 
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Definition 3 (Formation with group characteristics): A qualification matrix Q (refer to training 

interest in table 4.1) is an m x n matrix, where Q[i,j]∈[0,1] expresses the value of role i ∈ N (0 ≤ i 

≤ m). For the group of characteristics defined as j ∈ N (0≤ j ≤ n), Q[i,j] = 0 indicates the lowest 

value and 1 indicates the highest. Note: N is non-negative integers. 

 

Definition 4 (Role Assignment):  A role assignment matrix RA, which is defined as an (m x n) 

matrix, where RA[i,j] ∈ [0,1] (0 ≤ i ≤ m, 0≤ j ≤ n), denotes whether role i is assigned to the 

characteristics of group j or not. RA [i,j]=1 means assigned and 0 means not assigned (refer to 

Table 4.2). 

 

Definition 5 (Task Assignment):  Given a task T = {t1, t2, t3, …..,tn} and each of role R ∈ Tn . 

Each role is assigned the tasks in each stage of the project (refer to assumption 4). The maximum 

number of tasks assigned to R and all Ts are assigned to roles like Tn > R. The same sets of roles 

persist in the stages of the project, and task assigning is step-3 in the team formation model. 

 

Definition 6 (Task Performance): Minimizing underperformance is necessary in the project stages. 

The problem can be stated as X, which minimizes ∑ 𝑓𝑖(𝑥𝑖, 𝑦𝑖)@
!%&  subject to the constraints. 

 

ti(xi,yi)+yi = yi+1,   i=1, 2, …….n 

gi (xj) <=0,    j=1, 2, ……. n  

hi (yj) <=0,    k=1, 2, ……n    

 

where xi is the ith control variable, yi is the ith control variable such as the group size and task 

interdependence. Also, both xi and yi are control variables, and fi is the contribution of the ith stage 

to the total objective functions; ti gj and hi are functions of xj, yk and xi and yi, respectively, and n is 

the number of stages. 
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Definition 7 (Re-assignment):  A team member continues to improve from training or feedback. 

Os is a data structure (defined in definition 1); Tnw is the new task assignment after ongoing 

improvement from training. So, it will have Ga, Os ∈ Tnw. The new assignment, as ∑ Tnw(
!"# , means 

that every role has some new tasks within the group.  

 

Definition 8 (Determined Initial Stage Performance): ): A group defined as the sum of the assigned 

roles’ value as 𝐹(𝑜) = ∑ ∑ (𝑊𝑚 ∗ 𝑋𝑚)'
!%&

(
#%& ∗ (𝑊𝑛 ∗ 𝑋𝑛), where W is weight and X is input as 

in table 4.1.  The weight Wm is a coefficient that determines the strength values between two nodes. 

The result from the multiplication is summed and passes through a transfer function that maps the 

inputs into the range of 0 to 1. In such, maximization of W(m*n) is needed, and the problem of 

team performance is maxW (mn1, mn2, mn3…, mnn) subject to ∑ 𝑊𝑛𝑚 ≤ 1('
$%&  So,  

Xi ≥ 0 ∀i ∈ {1, 2, 3, …, n}. 

 

Definition 9 (Group Performance Review): Individual performance σ0 is defined as the sum of the 

task performances σ0= ∑ ∑@'A#%&
@
!%& . So, group performance is Z = σ0* ∑ 𝑊𝑛𝑚('

$%& . Teamwork 

performance may be adjusted by the team formation.  For instance, 

Assume the total 
number of project 
stages is 6 

The group 
performance 
Z = σ0* ∑ 𝑊𝑛𝑚('

$%&  

The possible combination of team members 
corresponding to the group performance 
indicator (assume three members with 
independent tasks assigned in each stage) 

1 91.3/100 A B C  
2 92.2/100 B C A 
3 93.0/100 C B A 
4 93.5/100 C A B 
5 92.5/100 B A C 
6 91.4/100 A C B 

 

For the above example, the total number of project stages is 6 and group performance is Z = σ0* 

∑ 𝑊𝑛𝑚('
$%& .  The possible combination of team members corresponding to the group performance 
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indicator is ABC, BCA, CBA, CAB, BAC and ACB.  We found that stage 4 with CAB combination 

has a better group performance of 93.5. 

 

The task performances are highly dependent on Role Assignment, Task Assignment, Task 

Performance, Re-assignment and Initial Stage Performance in the various conditions. Team 

performance is conveyed by the sum of individual performance values that is defined in definition 

10.   

 

Definition 10 (Determined Next Stage Performance): The next stage performance σ1 is defined as 

the sum of the task performance σ1= ∑ ∑@'A#%&
@
!%& . So, the next stage team performance is  

Zσ = Z + σ1* ∑ 𝑊𝑛𝑚('
$%& .   

 

 
4.2 Theoretical Framework: The Five-step Team Formation 

 
Yorke [115] and IEEE Careers [57], Skills in Demand, declared communication and knowledge 

skills, negotiation skills, and “personal attributes that make an individual more likely to secure 

employment and be successful in their chosen occupations to benefit themselves in the 

community”.  Besides, Shen [82] illustrated that “a multi-criteria assessment model could evaluate 

the suitability of individual workers for a specified task in terms of their capabilities, social 

relationships, and existing tasks”.  

 

An individual with hard and soft skills can maintain workflow executives in selecting proper 

employees to accomplish the tasks.  Williams et al.'s [111] theory state that an individual's goals are 

related to a team project's timely completion, and quality is likely unfair.  Individual assessments 

should correspond to each member's minutes spent and materials produced.  The proposed five-
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step team formation model references GRA, and the following shows the theoretical framework. 

 

Step 1 – Initialisation 

Each project has at least two members, so we define the group size and capability first.  The group 

size and capability with non-negative integers |Gs| and |Ga| as its input and having to do with a 

qualification matrix Q to express the role i ∈ N (0 ≤ i ≤ m) and |Gs| and |Ga| = group size and 

capability with non-negative integers. 

 

Step 2 – Role Assignment 

After the initialization of the project, we assign a role for each member.  Each member must have 

a role, and the role is assigned to a group.  A role assignment matrix RA, which is defined as an m 

x n matrix, where RA[i,j] ∈ [0,1] (0 ≤ i ≤ m, 0≤ j ≤ n), denotes whether role i  is assigned to group 

j or not. RA [i,j]=1 means assigned and 0 means not assigned.  In table 4.2, we assume three 

members in this project and four roles will be assigned (i.e., project leader, report writer, 

information seeker, and program designer). We have calculated their probability (see table 4.1) 

according to their capability to know their chance of role.  Therefore, their role in the project is 

that A is a project leader and program designer, B is an information seeker, and C is a report writer. 

The same sets of roles persist in the stages of the project. 
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Step 3 – Task Assignment 

After assigning a role for each member, the tasks need to be assigned for each role.  For example, 

a team allocates tasks as Et at the beginning of the project.  Thus, each role contains more than 

one task.  For instance,  

 

 

 

 

 

If six members are in the project's first stage, each member is assigned one task.  According to the 

first performance stage (i.e., 111111), the member assignments changed to 011011 in the second 

stage project.  A team member continues to improve from training or feedback so that a new task 

will assign as Tnw and the new assignment is ∑ Tnw@
!%& , which means every role has some new 

tasks within the group.  Due to a task T = {t1, t2, t3, …., tn} and each role R ∈ Tn , each role is 

assigned a task in each stage of the project (refer to assumption 4). The maximum number of tasks 

assigned to R and all Ts are assigned to roles like Tn > R.  The same sets of roles persist in the 

project stages, and task assigning is step-3 in the team formation model. 

 

Step 4 – Task Performance 

In step-3, we identified that members would change the task assignments, such as step-3 example, 

members 1 and 4 without role assignment.  Hence, in step-4, we locate the underperformance and 

minimize underperformance like ∑ 𝑓𝑖(𝑥𝑖, 𝑦𝑖)@
!%& .  fi is the contribution of the ith stage to the total 

objective functions; xi = ith control variable, yi = ith control variable like group size or task 

independence, subject to the constraints (see definition 6).  We assume X is “Underperformance”, 

and definition 6 defines all the constraints.  In the direction of the communication cost algorithm, 

it can find the minimum communication cost and discover the communication node probability.  
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In order to find the trusted ratio, we have a trusted direction algorithm to estimate the task 

performance. 

 

Step 5 – Re-Assignment 

In step-5, the re-assignment is needed. That means that every role must have some new tasks within 

the team. For that reason, the team should be more productive than they would generally be in a 

familiar environment, so the process returns to ∑ Tnw@
!%& .  And this assignment is made based on 

higher communication cost and performance review after the initial stages (Refer to definition 8 

and 9).  Based on two situations to deal with the re-assignment, the first is determined initial stage 

performance.  The sum of the assigned roles’ value, 𝐹(𝑜) = ∑ ∑ (𝑊𝑚 ∗ 𝑋𝑚)'
!%&

(
#%& ∗ (𝑊𝑛 ∗ 𝑋𝑛).  

X is input, Wm is weight times the strength values between members.  The maximum weight is 

(mn1, mn2, mn3…, mnn) subject to ∑ 𝑊𝑛𝑚 ≤ 1('
$%& .  So, Xi ≥ 0 ∀i ∈ {1, 2, 3, …, n}.  The second 

is the group performance review, and we assume the individual performance is the sum of initial 

tasks times the newly assigned tasks σ0= ∑ ∑@'A#%&
@
!%& .  Thus, group performance, Z = σ0* 

∑ 𝑊𝑛𝑚('
$%& .  In definition 9 example, the total number of project stages is 6.  We discovered that 

stage 4 with CAB combination is a better group performance. 

 

That means that every role must have some new tasks within the team. For that reason, the team 

should be more productive than they would generally be in a familiar environment, so the process 

returns to definition 7 (∑ Tnw@
!%& ).  In reference to two situations to deal with the re-assignment, 

the first is determined initial stage performance.   
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Step 6 – End of Stage 

Definition 8 to 10 stated that task performances are highly dependent on the definition of 4 to 8 

various conditions. The five-step team formation model repeats steps 2 to 5 until no further 

improvement can be found, and then it returns the final group performance. 

 

Member Position - 
Leader 

Position - Team 
Member 
(Consolidation/Report 
Writer) 

Position - 
Team Member 
(Information 
Seeker/Program 
Design) 

Position - Team 
Member 
(Program 
Design/Development) 

A 0.33 0.67 0.51 0.86 
B 0.02 0.14 0.71 0.73 
C 0.22 0.79 0.04 0.53 

 
Table 4.1: The Training Interests (Qualification Values = Q) 

 
Member Position - 

Leader 
Position - Team 
Member 
(Consolidation/Report 
Writer) 

Position - 
Team Member 
(Information 
Seeker/Program 
Design) 

Position - Team 
Member 
(Program 
Design/Development) 

A 1 0 0 1 
B 0 0 1 0 
C 0 1 0 0 

 
Table 4.2: The Initial Training Plan (Role assignment = RA) 
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The following table shows the descriptions of the input attributes among the general project tasks 

and expected output to indicate the teamwork performance.  

 

 

Table 4.3: The descriptions of  input attributes, weighting, skillsets, roles, and indicators 

 

For attesting the above theoretical framework, the individual performance data are collected from 

the academic results, past project scores and rubric set on the Blackboard.  In fact, the input 

parameters are the project requirements, and they may be different in the various nature of the 

project.  Indeed, the input parameters may need to be changed according to the project 

requirements.  The weighting is the measurements of an individual in the skill sets.  In our project, 

we have three role assignments which included “Action”, “Task”, and “Social” roles.  After 

collecting all the data, data classification is required to develop the training set.  It then repeats the 

classification using cross-validation if there is high over-fitting.  In the context of definition 8, a 

Input Parameters Weighting Skill Sets Role 
Assignment 

Prediction 
Performance 
Indicator 

Good at oral & written communication 
skills and proofreading skills 

Poor 
Satisfactory 
Good 
Very Good 
Excellent 

English 
Interpersonal/ 
Communication 
Leadership 
Creativity 
Technologically 
Savvy 
Logical 
 

Action 
Task 
Social 

Good 
Pass 
Marginal 
 

Imagination and creative reasoning  
Able to work with others 
Continuously update personal skills and 
knowledge 
Able to accept responsibility  
Effective and on time contributions 
Able to understand and solve complex 
problems 
Think flexibly and have a personal sense 
of challenge (i.e., having new perspectives 
on problems) 
Organizing knowledge about analytical 
problems & solving using essential 
techniques 
Good at thinking logically and analytically 
in the problem-solving environment 
Able to work independently 
Good at controlling concurrent problems 
and solutions 
Proposed methodology to achieve the 
project specifications 
Accepting criticism gracefully 
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group defined the sum of the assigned roles’ qualifications as 𝐹(𝑜) = ∑ ∑ (𝑊𝑚 ∗ 𝑋𝑚)'
!%&

(
#%& ∗

(𝑊𝑛 ∗ 𝑋𝑛), where W is weight and X is as entered in table 4.1.   

 
4.2.1 Five-step Modelling and Assumptions 

 
The following are the assumptions of the proposed model: 

1. Each member is represented as a node 

2. Each member is assigned tasks before starting the project. 

2.1. Each member is assigned at least one task. 

2.2. Each project requires a set of skills.  

3. NO estimation for the project may not be completed due to external factors.  

(i.e., government policy) 

4. There is limited time for each project. 

5. A team allocates tasks as Et at the beginning of the project. 

5.1. The contribution of the team member to team C(Et) is assumed to be adjusted at the 

middle stage of a project, which is represented by binary Et-vector, x = (x1, x2, x3, …, xn), 

in which x1 = 1 means that each member has a minimum of one task. The example is like 

1 = task assigned, 0 = no task assigned, 

 

  



 
45 

 

6. The levels of task interdependence in the stages of the project are 

Mutual (highly interdependent): 1ó2ó3 (task interdependence within the team) 

Sequential (medium interdependence): 1->2->3 (linked task within the team) 

Collection (lower interdependence): Resource to               (collective tasks within the team) 

 

6.1. The minimum contributions of a team member are shown by min (xn) = (0 <= min (xn) 

<= 1) in each stage of the project. 

6.2. The maximum contributions of a team member are shown by max (xn) = (0 <= max (xn) 

<= 1) in each stage of the project. 

6.3. A local maximum x* like the interval of maximum contributions is (xn) = (0 <= max (xn) 

<= 1)) of the whole team members whose performance is greater than or equal to all its 

neighbors. 

 

7. Assume assigned tasks are static in the 1st stage. 

8. Assume α is positive communication between a pair of members (refer to figure 4.1). 

8.1. if 𝛼 is close to 0, the original team formation structure will be mostly preserved. 

8.2. if 𝛼 is close to 1, a new target member will be constructed. 

9. All nodes must know their role assignment within the team. 

10. No negative communication paths. 

11.  A “Free-rider” may be considered within the team. It depends on the probability of the 

communication cost as in section 4.3 and the trust level. 

 

  

1 

2 
3 
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With the above assumptions, the proposed five-step team formation model becomes, 

 

1. Forming. People discuss the project. The group tries to reach an agreement(s) and then 

consolidate the agreements. For example, a group has three members, which can be expressed 

as O1….O3. Each group has an identification as Oid, and Os that is a data structure; those 

values are attributes O::=<Oid, Os>, the properties of the groups are stated in table 4.1. 

Members start to rely on collaboration such that each member is doing only one task  

| T | >= 1. 

 

2. Storming.  A member needs to have a sensitive response to the burdens of the project after 

consolidating the agreement.  On the topic of James et al.’s [61] within-group agreement, rWG(J) 

was toward the group variance in scale scores like 𝑠<#.  which means that rWG = 1-(𝑠<#. /𝜎B.).  If 

an individual does not know exactly how he/she is expected to perform due to unclear and 

abstractly set expectations, there is intragroup conflict.  The corresponding situation in table 

4.1, B, and C has the role conflict like both are dealing with programming design  

(assuming T ≉ Tnw).  A conflict is defined as m x n matrix A (A [i1, i2] ∈ {0,1}, 0 ≤ i1, i2 < m), 

where A [i1, i2] = 1 expresses that C i1 conflicts with B i2. To solve this intragroup conflict, the 

number of members must meet the requirement of | T | >=∑ 𝑇[𝑗]'9&
#%? . 

 

3. Assigning.   Members need to exchange relevant information during the project period. Then, 

Et ≤ 1 and the members’ requirements are defined as ∑ 𝑇[𝑗]'9&
#%? . A member needs to improve 

the technical or academic skills as “S” in responses from teachers as “F”. So, the new 

requirements of the members can be defined as ∑ 𝑇	(𝑆 + 𝐹'9&
#%? ). It follows that the team 

members start to develop group cohesion. 
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4. Performing.  Each member needs to collaborate more effectively if they work in a typical 

environment. For example, in table 4.1, 3-person team, the contributions of members A, B, 

and C as (Caa, Cab, Cac) or (Cba, Cbb, Cbc) or (Cac, Cbc, Ccc), the sum of all members is 1.0. If 

member “A” claims that he/she has a high contribution (i.e. Caa = 0.8), the total contributions 

of other members is correspondingly lower (i.e. Cab+ Cac = 0.2). Hence, the productivity is 

lower in the whole team.  

 

The incentive design from Chiu et al. [23] extends the free-rider concept to find the minimum 

contribution of each team member.  For example, as a 2-person team, member A’s contribution 

is GA, the minimum contribution of GA = min [(DA / ES) G, 𝛼G (Note 1), 100], where 

DA=SA/(SA + SB) = member A’s contribution. Hence, share Sn may not sum to 1.0; ES = equal 

share = 0.5 for two members in the team; 𝛼 = preset scalar >= 1; and G = overall project 

score. Thus, (DA/ES) is an estimated extent of member A’s contribution to G relative to equal 

share ES. With the intention of DA and GA, three common situations in team projects are  

DA > ES, GA > G, DA= 0 and GA= 0 and DA= ES and GA= G. Thus, minimizing intragroup 

conflict as the minimum (∑ 𝑇[𝑗]'9&
#%? ) is possible as each member needs to have the surfacing 

solutions in the project activity. 

 

5. Adjourning.  All members retain responsibilities and rights in project activity. The calculation 

of the initial stage performance to find the weight of the team performance is based on 

definition 8, which can be calculated as 𝐹(𝑜) = ∑ ∑ (𝑊𝑚 ∗ 𝑋𝑚)'
!%&

(
#%& ∗ (𝑊𝑛 ∗ 𝑋𝑛), where 

W is weight and X is input (refer to Table 4.1).  After establishing the initial stage performance, 

the group performance is defined in definition 9 as Z = σ0* ∑ 𝑊𝑛𝑚('
$%& . All members accept 

collaborating on tasks to finish the project with good results. 
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With the five-step team formation model, a sum of the group attributes ∑14 (refer to Table 4.3) 

can be described as a 10-tuple ∑ ∷= < Gs, Ga, P, G, A, Pa, At, C, Co, R >, where Gs is the group 

size, Ga is the group ability, P is the personality of an individual, G is the gender, A is the age, Pa 

is the Participation, At is the team member’s attitude, C is the collaboration level, Co is the 

communication between team members and R is the responsiveness of each teammate. 

 

4.3 Communication Cost and Trust Ratio 

 
The role of communication is mainly through verbal or written messages.  However, most people 

with poor writing skills may have difficulties joining the discussion.  It means it is not easy to clarify 

points and may have led to misunderstandings or miscommunication.  Henceforth, people 

determine what information is needed in the project and how often team members need that 

information and obtain the best way to get the information.  Sometimes, people may publish or 

post unproductive messages, so people regularly need feedback on how communication is going 

and how communication can be improved.  

 

4.3.1 Communication Cost Definition 

 
It is assigned as one node communicates with one node only at the given period.  We assume the 

other neighbour has already been selected.  A team for project P such that P = {⟨O1, TO1 ⟩,  

⟨O2, TO2 ⟩, . . . , ⟨Oi, TOi ⟩}, the communication cost of P is CC(P) = d(TOi,TOj ) i=1  

j=i+1 where d(TOi , TOj ) is the direct distance between two nodes.  The cost for the indirect distance 

is LD(P) = 𝑒!%. (TOi , TOj).  Finding the best possible task assignments while minimizing the 

communication cost is a vital issue.  Thus, the pseudo-code of the minimize the communication 

algorithm presented below, 
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4.3.1.1 Minimize Communication Cost Algorithm 

Input: project P = {⟨O1, TO1 ⟩, ⟨O2, TO2 ⟩, . . . , ⟨Oi, TOi ⟩}, 

Output: minimize communication cost  

1. Direct Distance cost ← +∞ 

2. for i ←1 to P do  

3. for each node ∈ CC(Oi), denoted as seed do  

4. sum shortest Distance ← 0 

5. team ← {⟨Oi, seed⟩} 

6. for j ← 1 to P and j ≠	i do  

7. selected closest neighbour ← node closest to seed in CC(Oj) sum Distance ← sum Distance 

+ d(seed, selected neighour) team ← team ∪ {⟨Oj , selected neighbour ⟩}  

8. if sumDist < leastSumDist then leastSumDist ← sumDist CbestCost ← C(team) 

9. else if sumDist = leastSumDist 

10. if C(team) < CbestCost then CbestCost ← team  

11. return minimize communication cost, leastSumDist  

 

The algorithm’s purpose is to minimize the underperformance’s member, ∑ 𝑓𝑖(𝑥𝑖, 𝑦𝑖)@
!%& .  Refer 

to figure 4.1, and we have six members.  We expect member A is the first gateway node, and we 

find the closed neighbour by the sum of the distance and random select the neighbour like AF and 

AB.  After that, if the minimum distance is found, we suppose this is the best communication node, 

and we will select this node as a minimum communication cost.  For instance, we discovered that 

the closed distance is B.  We select member B as the closed neighbour and put B as the first 

communication node.  Also, we assume B is a minimized communication cost than F.  The 

algorithm forms a team by minimizing communication costs and essential skills.  Then, the team's 

seed and each of the other uncovered skills add that member with a skill nearest to the seed.  
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D(member, C(Oj)) is the nearest distance between the member and neighbour C(Oj), which is the 

nearest distance between the member and its nearest neighbour in C(Oj). N(member, C(Oj)) 

implies this as the closest neighbour.  

 

Another situation is a new member who has the same values of distances (i.e., the estimated 

communication cost (CC)) as the best team thus far).  We compare the two teams on their 

probability of communication, and which one is P < 1.  Then, we kept as the best team.  The 

proposed formula of the probability of the communication node is mainly for the improvement of 

performance in step-4.  

 

                                                                                                 (4.1) 

 

c = connected node, k = connected each node with its k neighbors (k is constant), N = total 

numbers of neighbors.  For instance, P > 1, meaning it is possible to have a “Free-rider” in the 

group.  Thus, we can assume that	𝛼 > 1 and P < 1.  Two nodes have a good form of communication 

pathway.  Table 4.4 shows the possibility of communication success or failure.  If success happens, 

the probability of communication is smaller than 1, and the closes distance is more significant than 

1. 

 𝜶 P(k) Trusted 

communication 

connected 

S=success 

F=Fail 

>1 >1 F 
>1 <1 S 
>1 >1 F 
>1 <1 S 
<1 <1 S 
<1 <1 S 
<1 >1 F 
<1 >1 F 

  

F=fail, S=success 

Table 4.4: The trust status between node and node  
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4.3.2 The Trust Ratio 

The purpose of trust status is for checking collaboration.  For instance, if the node is connected 

with minimal communication P(k) <1, it has a healthy communication path in usual environments.  

On the other hand, if a node is P(k) >1, we consider that node is affected by two factors. 

1. “Free-rider (Fr)” appears.  

2. “Lack of group norm (Ln)” happens.   

Therefore, if those factors are positive, we assume the node is untrusted.    Otherwise, it is marked 

as trusted.    The following formula is the trusted rate with those two factors. 

𝑇 = 𝑘 +
,-∗/0

	         (4.2) 

T = Trusted ratio, k = connected each node with its k neighbors (k is constant), p = probability of 

connection node.  The range of T = {0,1}.  For example, the given tasks have been assigned, but 

the members have not finished yet within the period.  T is > 0.5, and it is considered the trusted 

node.  If T is < 0.5, it considers as the distrusted node.  Initially, we consider that all nodes in the 

proposed model must have minimal trust.  After a while, every node continues to find the 

communication path for tasks passing.  

The trust may vary depending on “Free-rider” and “Lack of group norm” factors.  For example, if 

p > 0, Fr  and Ln  are high, it means T < 0.5.  It can be defined as a distrusted status.   
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The following shows the usually trusted direction algorithm. 

4.3.2.1 Typical Trusted Direction Algorithm 

Input: project P = {⟨O1, TO1 ⟩, ⟨O2, TO2 ⟩, . . . , ⟨Oi, TOi ⟩} 

Output: Trust status 

1. Each node like a communication gateway. 

2. “Gateway node” asks its current favoured teammate to build a trusted cluster to find a “trust 

neighbour” (TN) and then create a new communication channel 

2.1. If (status = = “trust”) 

A “Gateway node” sends a new communication channel with tasks (request tasks) directly 

to a new “trust neighbour”. 

2.2 else (status = = “distrust”)  

A “Gateway node” stops to send a new communication channel and mark that node as 

“distrust neighbour”.   

3. Create a new set of trusted clusters 

3.1. if (status = = “trust”)  

Two new nodes form a trusted cluster and the new communication channel becomes a 

“Gateway node” and then searches for another “Target node”. 

4. If (status = = “distrust”) 

4.1. Two distrusted nodes search another path (with relevance to Katz algorithm [64] [70]) by 

the value > 1.  The new communication path establishes and calculates the probability of 

the connection node, and if value < 1, go to step 2.1. 

5. Repeat step 2 for each node (referring to the example shown in figure 4.1), the communication 

route starting from node A till node F is reached. 
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The “status log” saves for checking the creation of new trusted clusters.  If no tasks are received, 

it may have the “Free-rider” in trusted clusters, and the node may be rejected to work together 

since no trusted ratio was generated, and the status could be marked as “distrust”.   

 

 

 

 

 

 

 

 

 

Figure 4.1: The example of  the trusted communication model 

 
We used regression with trust algorithm to apply the training data and outputted it as the JSON 

format.  The following is the pre-processing of data that determine the trust status.  For example,  

we have calculated the workload distribution and the trust ratio from students’ input in the 

prediction system to find they have trusted each other or not.  If no tasks are received, it may have 

the “Free-rider” in trusted clusters, and the node may be rejected to work together because no 

trusted ratio was generated, and the status could be marked as “distrust”.   

 

We take three cases as a reference (see figure 4.2); case 1 and case 3 show that the trust ratio is 1/3 

and 2/3, respectively, as workload distribution is not the same.  For case 2, we located that the 

workload distribution is the same.  The purpose of trust status is for checking collaboration.  It is 

possible to calculate the trust status between any pair of members.   
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Case 1: Trust ratio is 1/3 

 
Case 2: Trust ratio is 1 

 
Case 3: Trust ratio is 2/3 

 
Figure 4.2: The example cases for working on trust ratio 

 
We inputted the trust ratio to model training and the prediction result is printed in JSON format.  

The example cases from the subject of EIE3360, we take group 5 as an example. The member 1, 

2 and 3 weighted skills are 61. The normalized group score is 77.   However,  their trust ratio is 0.6. 

We assume that they are not trusted each other very well. (see figure 4.3). 

 

 
Figure 4.3: The prediction result sample with trust ratio 
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4.4 Preliminary Experimental Results 

 
The experimental results below are relative to the five-step model for forming a team.  We observed 

the teamwork project's views and found pieces of evidence that help formulate the technological 

savvy skill and soft skill models - The online peer assessment and rubrics assessment measure 

communication and trust between students and teacher and students to students.  The statistics 

from Blackboard evaluate the effects between the team formation model and the intended learning 

outcomes. 

 

Table 4.5: Survey results on the team project and rubrics assessments 

 
 
 

Learning Experience of the project Mean Std. Dev. 

1. Clear understandings of what you 
are expected to learn from this 
project. 

3.9 0.9 

2. The teaching and learning 
activities (i.e., project) have helped 
to achieve the ILOS. 

3.7 0.8 

3. The assessment requires 
demonstrating the knowledge, 
skills, and understanding of the 
project. 

4.0 0.9 

4. Understanding the marking 
criteria. 3.6 0.8 

Two open-ended questions: 
1. Do you think "Rubric" can 

help your learning process? 54.286% agreed 

2. If yes, how to help in your 
learning process? 

 

1. Understand what quality is essential to produce a good 3D game. 
2. Allow me to follow the instructions closely. 
3. Understand the project and guide us to work well in different 

aspects, for example, work delivery, program logic design, and coding. 
4. It makes me realize my weaknesses in my game project and improve 

myself by referencing others. 
5. Help us to focus on the objectives of the game. 
6. It is good to have it for reference. 
7. Know more about what a successful game is. 
8. It provides clear instructions for us to follow what we need to achieve. 
9. It provides directions on how the project is being marked. 
10. Learn how to manage the resources. 
11. Like a guideline providing requirements for the game, it is much clearer. 
12. It shows how to utilize a simple game mechanism with a straightforward 

objective. 
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Table 4.6: The peer assessment result on observing the reliability of  peer-assessment 

 

Table 4.7: Descriptive statistics between rubrics and peer assessments 

Table 4.5 shows that students had a good learning experience in the project, and 54% of them 

agreed that their learning processes had changed.  For instance, students learned information in 

sequence, applied knowledge correctly and broke the tasks into different sub-tasks.  Table 4.6 

shows that over 50% of students engaged in learning activities, including communication skills, 

savvy technological skills, logical skills and academic tasks.  In which worked as instructional 

methodologies to classify the tasks, distribute tasks, work as a group, work in order, organize tasks 

in detail and outline the plan.  Meanwhile, students gained knowledge and skills by investigating 

complex questions or exploring real-world problems and challenges.  They enjoyed accomplishing 

the tasks accurately, explaining the facts in detail, and precisely measuring the tasks’ results.  

 Results (%) 
Q1 57.576%, students highly organized regarding project objectives and also met most of the project 

specifications. 
Q2 54.545%, the program produces correct results, no runtime errors, prompts provide helpful and clear 

messages. 
Q3 48.485%, the program was delivered on time or earlier than the due date. 
Q4 51.515%, the team clearly defined useful tasks; the member makes meaningful contributions and all 

members get involved in decision-making. 
Q5 57.576%, the code is easy to read and exceptionally well organized. 
Q6 42.424%, most of the code could reuse in other functions. Create artworks and clear program logic. 
Q7 45.455%, the 3D game produced is of outstanding quality. User interaction is excellent, there is plenty of 

user feedback in the game, and it is easy to play. 

 
 
 
Grading Points 

Project Preliminary 
Demo  
 
 
(10 points) 

Preliminary Demo 
(Online Peer 
Assessment) 
 
(5 points) 

Final Project 
Demo 
 
 
(25 points) 

Final Demo 
(Online Peer 
Assessment) 
 
(5 points) 

Minimum Value 5.35 0 0 0 

Maximum Value 8.04 5.00 21.93 5 

Average 6.96 3.00 17.90 4.42 

Median 7.03 5.00 18.83 5 

Standard Deviation 0.62 2.45 4.38 1.51 



 
57 

 

According to the grading points in table 4.7, we discovered that rubrics assessments and peer 

assessments are received above average (i.e. 6.96/10 and 3/5) and the highest median (i.e. 18.83 

and 5) as well.  Thus, students are dynamic learners.  They combine the tasks within their learning 

contexts, such as taking apart ideas, processes, and things and using the latest tools/technologies 

to solve problems.  These contexts may be a reference point for ensuring that knowledge has been 

gained.  Perhaps, students must assemble the tasks, build across their learning patterns and 

demonstrate their experiences in content or expectations.  They can figure out and fix the problems 

by operating concretely and representing graphically. 

 

Table 4.8: The correlations on communication component and trust relationship between 

students and teacher and students to students 

 

 

 

 

 

 

Grading Items Course 
Content 

Online 
Groups 

Project 
Assignment 

Announcement Discussion 
Forum 

Tutorials 0.089 0.065 0.080 0.046 0.046 
Labs 0.071 0.072 0.079 0.050 0.050 
Project Proposal 0.123 0.068 -0.042 -0.338 0.048 
Final Report and Logbook -0.026 0.213 0.112 0.088 0.150 
Project Preliminary Demo  
(with Rubric assessment) -0.281 0.308 0.310 -0.051 0.217 

Presentation Slides 0.122 0.089 0.110 0.063 0.063 
Final Project Demo 
(with Rubric assessment) 0.044 0.178 0.135 -0.036 0.126 

Preliminary Demo –  
Peer Assessment -0.211 0.185 -0.057 0.131 0.131 

Final Demo –  
Peer Assessment 0.118 0.086 0.106 -0.045 0.061 
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Figure 4.4: The average score of  each assessment components 

 
In figure 4.4, we discovered that the score of each assessment is above the average.  We tend to 

know that students apply their abilities as performances, knowledge, and skills acquired in learning.  

For instance, in rubric statistics report shows that all the assessment variables had above-average 

scores.   

 

Thereby, students transferred information to new things from others, and they may have acted 

carefree while brainstorming in group discussions and learned knowledge and skills for new 

situations.  They always learn to embrace change, and learning is essential to growing as an 

individual.  The correlations between communication component and trust relationship between 

students and teacher and students to students in table 10 illustrated that in-group interaction in 

“online groups” and project assignment on Blackboard was acceptably reliable with values ranging 

from 0.31 to 0.17.   

 

The communication tools, the groups, and the project assessments had positive relationships.  

Besides, 29 forums and 108 posts occurred in online social forums on Blackboard, so; students had 

effectively used Blackboard to engage in the development in the project-based work.  Because 
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individuals learned from peer in-group or attempted to learn something together to impact learning 

positively, these contexts may be a reference point for ensuring knowledge has been gained.   

 

Below is the online user acceptance survey administered to participating students at the end of the 

semester. The survey asked students to check the box that best described their observations, the 

notation being Strongly disagreed = 1, Disagree = 2 (tend to disagree more than not), Disagree = 

3, Agree = 4, Agree = 5 (tend to be more agreeable), Strongly agree = 6 and Not applicable = 0. 

The 19 questions comprised four aspects: learning patterns, teamwork cooperation, learning 

motivation, and skill diversity to achieve the learning outcomes for their programmes. Over 50% 

of students recognized that the PTPA system helped them complete the project learning outcomes 

and agreed that the PTPA system improved their learning patterns and understanding of their 

strengths and weaknesses (see figure 4.5). 

 
 

 
 
 
 
 
 

Figure 4.5: The survey results on the project learning outcomes 
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The teamwork cooperation element is one of the significant components. Many students actively 

use the PTPA system to accommodate their team members and understand the project workload 

distributions. For example, around 60% of students agreed that the PTPA system helped them 

cooperate with team members effectively and distributed the workload appropriately (see figure 

4.6). 

 

Figure 4.6: The survey results on teamwork cooperation 

 

More than 50% of students admitted that the PTPA system helped them understand the project 

requirements and motivated them to learn further. Also, many students started to visualize their 

future development plans (see figure 4.7).  

 

 

Figure 4.7: The survey results on learning motivation 
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4.5 Chapter Summary 

 
This chapter developed a five-step team formation model to analyze teamwork performance.  We 

focus on the team project's communication component and trust relationship regarding the 

reliability of the five-step team formation model.  Referring to the preliminary analysis, we examine 

the relationship between the Learning Management System (Blackboard), rubrics, peer assessment, 

and intended learning outcomes (ILOS), which can resolve the team conflict and derive the 

relationship between teamwork and reliability teamwork formation.   

 

The preliminary experiment results also show that the model is adequate.  We obtained the 

argumentation from the actual class settings, which can be used to design a different skill sets model 

to fit the different nature of the team project.  We should consider which skill sets are proper to 

deal with generic project management in the next stage of program management.  
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Chapter 5  Technological Savvy Skill Model 

 
As previous research indicates, Technological Savvy skills are essential skills in business projects, 

and they augment soft skills that help minimize underperformance of members in project 

management teams. In this chapter, to find the critical indicators for the team members, those are 

“underperformance”. The regression algorithm was selected, a commonly used machine learning 

algorithm that can produce promising performance. 

 

In the case study of technological savvy skill performance prediction, project attributes' 

normalization was calculated to obtain a consistent input for data training.  We normalized the 

scores of project report, presentation, project demo, peer assessment and project proposal like 

Normalized project report (NPR) = actual report score/proportions of the report, Normalized 

presentation (Npresent) = actual presentation score/proportions of presentation, Normalized 

project demo (NPD) = actual demo score/proportions of project demo, Normalized peer 

assessment (NPA) = actual peer assessment score/proportions of peer assessment, Normalized 

project proposal (NPP) = actual proposal score/proportions of the project proposal, and 

Normalized attendance (NA) = actual attendance score/proportions of attendance.  Thus, N(Xt)                      

NPR, Npresent, NPD, NPA, NPP, NA.  The output training data determined underperforming 

members by comparing their actual project scores.   The input and output training data for each 

task, which combined member 1 and member 2 scores, are shown in figure 5.1. 
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Figure 5.1: The training data sample 

 
5.1 Background 

 
Cleland [24] and Lutas et al. [74] claimed that project managers should perform technical tasks, 

possess project management knowledge and possess education in the project field.  They also need 

soft and technical skills and knowledge to perform specific tasks in the team project, such as 

knowledge to perform specific tasks (i.e., the ability to perform mechanical, information technology, 

mathematical, or scientific tasks).   Therefore, E1-Sabaa [35], Koskinen et al. [66] and Söderlund 

[100] mentioned that the required technical skills, including knowledge of the technology involved 

in a successful project and technical competencies, are an essential factor of the organization’s tacit 

knowledge assets essential skills in business projects.  

 

To reach this objective, a technological savvy skill model (TSS) was developed to deal with this 

goal.  Initially, we implemented the dataset from two courses and attribute evaluation was applied 

to identify the correlation attributes: "Good and Very Good Programming/Technological Savvy 

Skill” and “Good and Very Good Logical Skill”.  Meanwhile, those attributes significantly impact 

the technological savvy skill model (TSS).  The observation was that the conditional probability 
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between two skills affected the project grade.  The contributions can be summarized, 1) analyzing 

the datasets revealed that technological savvy skills are essential for a successful project.  

2) a TSS model is a reference model for the different nature of team projects. 

 

5.2 The Underlying Assumptions 

 
Two assumptions were made: the first was the nature of skillsets associated with teamwork 

performance, while the second was the direct relationship of significant skills (i.e., programming 

skills, logical skills) between the outcome variable like the indicator “Good” performance, “Pass” 

performance and “Marginal” performance.  Referring to McIntosh’s [80] theory, the assumption is 

that the potential values of outcome variable Y have an equivalent probability as a function of 

values of independent variables is shown as equation 5.1, 

 

P(𝑌!CD =
&

E%<
) = P(𝑌!CD =1)    (5.1) 

 

P(𝑌!CD =1) is the conditional success probability for the ith subject given a certain value of X.  With 

relevance to Plane et al. [90], these probabilities follow a binomial distribution.  Based on 

Hanusheck et al. [46] and Aldrich and Nelson [6], “a logistic distribution is S-shaped and the values 

ranging from 0 to 1” as 𝑊&𝑋& changes are shown in equation 5.2.    

 

P(Y) = FGH	(I)6I&E&)
&6FGH(I)6I&E&)

     (5.2) 

 
From the nature of the likelihood function and its properties (with reference to the discussion in 

Christensen [22], Collett [25], Hanusheck and Jackson [46] and Fienberg [37]), the fundamental 

relationship between an independent variable and a dependent variable should follow a probability 

function that is S-shaped in nature.  As Hanusheck and Jackson [46] stated, the approximated 
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values would make the likelihood of having observed Y with the highest probabilities.  Minimizing 

the sum of the squared errors between the observed and predicted values is required.  The python 

library was used to handle the regression model.  The simulation theory was based on St. John’s 

[101], which acquired the effect of academic ability, and he provided an excellent illustration of 

how logistic regression categorical variables apply in categorical dependent variables. 

 

5.3 The Feasibility Study 

 
Due to the data size, we used Regression Algorithm and Support Vector Machine Algorithm for 

the feasibility study.  We noticed that SVM is an accurate algorithm among the other classification 

algorithms, which can be applied to linear and non-linear problems.  They were the best general-

purpose algorithm for machine learning.  For input testing data, Member 1’s score is combined 

with Member 2’s score.  The code for importing the regression and support vector machine 

algorithms comes from the sci-kit learn library.  The underperformance result is only two groups 

among 14 in the regression algorithm and four groups among 14 in the SVM algorithm (see figure 

5.2).  Moreover, the output is determined by comparing students’ actual project scores. 

 
 

 

 

 

Figure 5.2: The testing data sample 
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5.4 Technological Savvy Skill Model 

 
The Technological Savvy Skill Model (TSS) for teamwork performance prediction framework is 

shown as 5.3.  

TSS = I*
∑ I++

 ( 𝑇CK)    (5.3) 

 

Where i = {1…6} is the number of skills sets including English skills, Creativity skills, 

Programming skills, Leadership skills, Communication skills and Logical skills in a project.  A 

qualification matrix Q (m x n) expresses the project role i ∈ N (0 ≤ i ≤ m).  The weight of each 

skill is 𝑊&𝑋& +𝑊.𝑋.	 +𝑊L𝑋L…….𝑊O𝑋O	.  Each X ∈ {1….5} of scale, X ∈ ℝO and W ∈ ℝO.  Thus, 

the technical savvy skill, 𝑇CK, represents the same role of the team member in the stages of a project.   

 

In order to find the technological savvy skill on student interactions, 𝑋C is a one-hot encoding of 

students’ skill, and maps the categorical value to numerical vectors and  𝑇CK  = {𝑞CK,𝑎CK} that 

represents the combination of which skills are needed in the project 𝑇CK  = {𝑞CK,	𝑎CK,}  and  

𝑋C ∈ {0, 1}.  For instance, if each of these attributes has 5 levels (1-5), a one-hot vector with 5 

elements represents it.  Level-1 represented by (1,0,0,0,0), Level-2 by (0,1,0,0,0), and so on. Then, 

for 6 attributes with 5 levels for each attribute, the input numbers are 6x5=30 inputs. The 6 

attributes (30-dimensional binary vectors) are input and their corresponding target scores are the 

desired output. 

 

The same principle applies to the case in which each attribute is binary (has/not-has).  The output 

𝑦CK is a vector of length equal to the number of skills, where it is assumed that each student has 

more than one technical skill, 𝑎CK6& that can be found from the entry in 𝑦CK  corresponding to 

𝑞CK6&.   
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5.4.1 Model Analysis 
 
The students' case used a comprehensive evaluation of the technological savvy skill prediction 

framework.   Three years of student cases from the department are used, including project marks 

and academic results applied to the TSS model.  We achieved a mean correlation between 

prediction indicator and technological savvy skill of 78.3%. 

 

 
 

Figure 5.3: The correlation between prediction score and technological savvy skills 

 

 

Figure 5.4: The correlation between prediction score and technological savvy skills 

(with randomly selected samples) 
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Figure 5.5: The coefficient of  multiple skills with the prediction score 

 

In figure 5.4, the Pearson correlation measured how well the skill variables are related to teamwork 

performance.  The implication for those teammates is that good programming, creativity, 

communication, and logical skills are strongly associated with technological savvy skills.  In other 

words, if the prediction score is greater than 50%, teammates with creativity, programming, 

communication and logical skills are relatively high (see figure 5.5).   

 

Teammates with a higher value of creativity skills indicate high predictable project scores of 0.5, 

which illustrates that technological savvy skills need very good creative skills.  Thus, teammates 

with good creativity skills are the best predictor of the technological savvy skill model (TSS). 

However, teammates with excellent English skills negatively correlate with the TSS.   
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With reference to the inspections of Efron and Gong [36], bootstrap plots were used to estimate 

the uncertainty of the dataset of students’ marks.  The process was repeated for the subsamples.   

The range between 0 and 500 was applied to compute values of the sampling distribution  

(see figure 5.6). 

 

 

 

 

 

Figure 5.6: The bootstrap plot with 500 uniform random numbers 

 

In figure 5.6, the uncertainty estimation was discovered in the median from a dataset with 13 

elements.  A subsample of 13 elements was generated, and the median was calculated.  50 data 

points were considered during each sampling, and the bootstrap procedure was performed 500 

times.  The corresponding histograms were generated for the mean, median, and mid-range.  The 

histogram of the mean approximates a normal distribution even though the underlying data 

distribution is skewed, and the related statistics also have the most insignificant variance.   

 
The data were divided into training and prediction phases for classification accuracy. We realized 

the confidence interval and error about the model’s performance with corrected or incorrect 

predictions.  In accordance with the classification accuracy, the interval range can be calculated as 

in equation 5.4. 

Interval = s^PQQRSPQ"(&9PQQRSPQ")
'

    (5.4) 
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In fact, the interval range is the estimated value of the confidence interval, error n is the sample 

size, and s is the standard deviations from the Gaussian distribution.  The generally used number 

of standard deviations and corresponding significance level from the Gaussian distribution is 

shown in table 5.1, 

 

 

 

Table 5.1: The confidence level and standard deviations from mean 

 
A model with 20% of error, (error = 0.2) and the prediction phase data with 88 examples (n = 88). 

Then, the estimation of 95% confidence interval (s = 1.96) is used for finding the confidence 

interval such that, 

Interval = &.TOU?..(&9?..)
VV

 

 

The calculated value of the confidence interval is 0.084, which shows the classification error of the 

model is 20% +/- 8.4%.  95% interval is estimated as the confidence interval.  The k-fold cross-

validation procedures estimated the configuration performance on a dataset and a technique to 

evaluate predictive models.  Also, this is the best approach for limited input data to avoid 

overfitting or selection bias. (see figure 5.7).  The choice of k is usually 5 or 10; as k gets larger, the 

difference in size between the training set and the resampling subsets gets smaller. As this 

difference decreases, the bias of the technique becomes smaller. 

Confidence Level Standard deviations from mean 

90% 1.64 
95% 1.96 
98% 2.33 
99% 2.58 
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Figure 5.7: 10-fold cross-validation result 

  

In figure 5.7, 20 repeated procedures are a more accurate evaluation of the mean model 

performance—the logistic regression model from the python library was used as a solver for 

evaluating a score by cross-validation.  Estimating and computing the score are parallelized over 

the cross-validation splits.   

 

A square bar and whisker plot summarize the distribution of the scores for each number of repeats.  

The line inside and the line on the tail of the square bar indicate the median of the distribution.  

The triangle inside/outside the square bar represents the arithmetic mean.  The asymmetric 

distribution was obtained, which means the model is a nearly central tendency.  Furthermore, a 

repeating process appears as positive accuracy of about 71% (see the left-hand side output in figure 

5.7).   

 

We claim that this is a stable model performance, and the standard error appears to decrease with 

an increasing number of repeats and stabilizes as a value of 0.011 in the 14 or 16 repeats.  As a 

result, the repeated 10-fold cross-validation can diminish the error in the model’s performance. 

 

Asymmetric 
distribution 
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5.5 Experiment Results on Technological Savvy Skill Model 

 
The TSS model demonstrated exemplary performance in the previous sections.  Descriptive 

statistics are provided in this section.  Students enrolled in the Network Technologies and Security 

course requires to complete the team project that needs to establish a secure SME network 

environment.  More specifically, all students in this subject need to commit some tasks in the PTPA 

system before starting the project.  A few weeks later, all students need to evaluate their teammates’ 

performance, such as rating their teammates.  

 

After that, the PTPA system gave the skill evaluation results toward the TSS model and computed 

each team member's workload distribution.  In addition, the PTPA system shows the individual 

and group prediction grade for each student.  The online user acceptance survey was administered 

to participating students to complete at the end of the semester.  The online user acceptance survey 

was administered to participating students at the end of the semester.  The survey asked students 

to check the box that best described their observations, the notation being Strongly disagree=1, 

Disagree=2 (tend to disagree more than not), Disagree=3, Agree=4, Agree=5 (tend to be more 

agreeable), Strongly agree=6 and Not applicable=0.   

 

The questions comprised aspects of recommended skill improvements and establishing self-

capability.  Over 60% of students agreed that they understood their self-capability, strengths, and 

weaknesses.  Around 50% of students thought the recommendations for skill improvements from 

the prediction system were practical (see the survey results in figure 5.8). 
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Figure 5.8: The survey results on the self-capability and skill recommendations 

 
The online survey also looks for open-ended questions to indicate students’ feedback and the 

impacts on the working procedures.  Table 5.2 shows the summary of those answers.    

Table 5.2: The summary of  the open-ended questions 

 

 

 

Figure 5.9: The sample results of  skills and roles distribution in the integrated project (EIE3360)  

with a “Good” indicator 

 

How do you feel about discussing their grade with your team members? 

1. There is not much argument on the grade since we have admitted what the system told us. 

2. Enjoyable. I love the whole process of solving the problem. It fulfils our curiosity. 

3. I think it may help us to understand each other for a little bit. 

4. It is great. We all know the strengths and weaknesses of each other and support each other. 

The distribution of skills and roles of subject EIE3360 with the “Good” indicator
Skills 
(range 80-100)

English Creativity Technologically
savvy

Leadership Interpersonal
skill

Logical
skill

Percentage (%) 53.33 46.67 53.33 53.33 66.67 66.67

Role Action Social Task
Count 6 2 7
Percentage (%) 40.00 13.33 46.67
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The skills and roles of one integrated project with a “Good” indicator (see figure 5.9).  We 

discovered that interpersonal and logical skills benefit this integrated project, and the role of those 

students is task role.  The suggested works include “Information seeker and program 

developments”.  In general, the statements from students are quite favourable opinions.  They 

thought the study procedures could be advantageous in understanding team project requirements 

and recognizing their team members’ capability.  Besides, the statements show the high-level 

effectiveness of the prediction system in terms of increasing course performance. 
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5.6 Chapter Summary 

 
In summary, the case study demonstrated that well-rounded Technological Savvy Skills are a critical 

component in project teamwork.  The technological savvy skill is a specific ability that can be 

measured and defined.  Measurement in our case study showed how well the technical skill variables 

related to teamwork performance.  The implication is that teammates with good programming, 

creativity, communication and logical skills have associated technological savvy skills.  The TSS 

model highlighted the task allocations and relevant technical skills acquired through formal 

education or training programs.  We believe that the TSS model is a vital asset to consider when 

developing project management roles through our performance results.  
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Chapter 6  Soft Skill Model 

 
In project management, Koskinen et al. [66] and El-Sabaa [35] agreed that soft skills are the main 

components of project management.  Soft skills are needed in all jobs in all businesses, particularly 

in leadership positions.  It means communication skills can build trust between people and resolve 

conflicts.  Indeed, soft skills are personal attributes that interact with others in teamwork.  These 

skills are easier to form relationships with people, create trust, and lead teams. 

 

This chapter focuses on increasing the soft skills to minimize the underperformance of members 

in project management.  In the case study of predicting teamwork performance application, we 

extract soft skill features such as leadership skills, communication skills, and logical skills to find 

the probability of each class.  The three courses are the dataset source with the pruning parameter, 

such as removing the programming skill and English skill features for classifying the attributes to 

reach optimal performance.  In such a case, we directly find the attributes to impact the soft skill 

and then leverage the target training sample to learn the soft skill model.   

 

We take advantage of the Naïve Bayes [106] process to develop the soft skill model (SSM) and 

theoretically prove its properties to evaluate the usage for project management.  The case study on 

the teamwork performance prediction system shows the effectiveness of the SSM model.  For this 

reason, we believe increasing the soft skills can minimize the underperformance of members of 

the project team. 
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6.1 Background 

 
Recent publications from Aranyossy et al. [7] and Luțaș et al. [75] indicated that project success 

needs to consider time, cost, quality, and effectiveness.  Hence, project success factors include 

knowledgeable people with leadership skills.  

 

As stated by Aranyossy et al., [7], “IT project managers with outstanding communication and 

change management skills are expected to be proficient”, and Luțaș et al. [75] also summarised the 

competencies of project manager should include education in the project field and soft skills.   To 

reach this objective, we conducted the attribute evaluations to find the correlation attributes, which 

were identified as “Good and Very Good Leadership Skill”, “Good and Very Good 

Communication Skill”, and “Good and Very Good Logical Skill”.  Those attributes have the most 

significant impact on the soft skill model.   

 

The observation is that the conditional probability between two soft skills is affected the project 

grade.  The contributions can be summarized, 1) By analyzing the three courses' datasets, we 

observed that a successful project manager's soft skill is crucial.  2) An SSM provides a reference 

model for project management. 
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6.2 Problem Formulation 

 
In the case study, the model accuracy was experienced when the conditional probability between 

two node values was P (Leadership skill =0|Logical skill =0) = 1.  The solving method of the 

posterior probability is P (Logical skill | Leadership skill) = P (Leadership skill | Logical skill) * P 

(Logical skill)/P (Leadership skill), here we have P (Leadership skill | Logical skill), P (Leadership 

skill), P (Logical skill) and P(Logical skill | Leadership skill).  We capture the Bayes’ theorem [107], 

with the conditional probabilities illustrated in 6.1.   

 

P (Logical skill | Leadership skill) =W(XYZ!QP[	K$![[	)∗W(X7P]7SKD!^	K$![[	|	XYZ!QP[	K$![[	)
W(X7P]7SKD!^	K$![[)

  (6.1) 

 

The classification problems notation states in 6.2. 

P(𝑆$|𝑥) = 	
W(++)∗W(<|++)

W(<)
     (6.2) 

Where, 

• P(𝑆|𝑥) is the posterior probability of a soft skill (target variable) that is the given predictor 

x. 

• 𝑃(𝑆) is the soft skill prior probability. 

• 𝑃(𝑥|𝑆$) is the likelihood, which is the predictor x probability given by a soft skill. 

• 𝑃(𝑥) is the predictor x prior probability. 

• 𝑘 is the notation to distinguish between different soft skills of at least two soft skills in the 

classification scenario such as good leadership skill/very good leadership skill, good logical 

skill/very good logical skill. 

𝑃(𝑆$)  is the soft skill prior probability times the 𝑃(𝑥|𝑆$)	 likelihood for the predictor x 

probability given by a soft skill divided by 𝑃(𝑥) predictor x prior probability. 
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For example, if a student has very good leadership skills in a team project, that student can have 

soft skills.  A graphical representation is shown in figure 6.1.  Leadership skill and logical skill are 

the relationships of variables in conditional probability. 

 

 

 

 

 

Figure 6.4: The relationship of  variables in the conditional probability 

 

6.3 Soft Skill Model Definitions 

 
The models are an extension of a Bayesian network [12] defined as an acyclic graph.  The 

consideration of the nodes in the acyclic graph is represented as the random variable 𝑋_(!,…….)	𝑋_' 

and for each 𝑋(!)	is a conditional probability distribution.  Figure 6.2 shows the correlation between 

a prediction indicator and soft skills. 

 
 
 
 
 
 
 
 
 
 

 

Figure 6.5: The correlation between a prediction indicator and soft skills 

 

 

Leadership skill Logical skill 

SSM 

Leadership skill Logical skill 

SSM 

Indicator 
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6.4 The Soft Skill Model 

 
We assume class independence and limited features because of soft skills, including leadership, 

communication, and logical skills.  Thus, no pair of features depends on a student with good 

leadership skills associated with a good grade.  The features are then supposed to be independent.  

The conditional independence assumption states that features are independent of each other given 

the class. 

 

The second is that each feature (soft skill) affixed the same weight, such that good leadership skill 

and logical skill alone cannot predict the grade accurately. 

 

• 𝐶! is the total number of class labels. 

• N is the total number of the attributes. 

• {	𝑇&,…..,𝑇'	} is the total number of values that correspond to the attributes {	𝐴&,…..,𝐴'	}. 

• 	𝑇(P< is the maximum of {	𝑇&,…..,𝑇'	} 

 

𝑇!  is the total number of training instances that correspond to the attributes {	𝐴&,…..,𝐴'	} and 

counting the number of existences of each class label and attributes can be processed as E(𝑇!).  

The probability of each class label can be found in the training dataset like E(𝐶! ).  For the 

conditional probability of each attribute, the probability of every attribute is conditioned to find 

each class label like “Good” teamwork performance and “Marginal” teamwork performance.  So, 

 

SSM = ∑ 𝐶!(/
!%& 𝑇!)      (6.3) 

= 𝐶!(𝑇&)+ 𝐶!(𝑇.)+…….	𝐶!(𝑇') 

 ≤	𝐶! (	𝑇(P< +	 	𝑇(P< +⋯ . . 	𝑇(P<) 

                                                        ≤	N(𝐶!)(	𝑇(P<) 
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The conditional probability calculation is N(𝐶!)(	𝑇(P<) where N is the total number of attributes.  

The conditional probabilities and prior probabilities are collected and then recollected during the 

classification process. When we classified the test data, the model has to find each instance’s 

probabilities in each class label. Hence, the SSM model is determined by finding the conditional 

probabilities for a feature value, which means K classes and n variables are K * n.  The features 

presence and independence of each class are as 𝑃e𝑥&,𝑥.		f𝐶)=	𝑃(𝑥&|𝐶)	𝑃(𝑥.|𝐶).  Due to small 

data sets, we have selected Naïve Bayes with default parameters for classification and regression 

problems. It can solve linear problems and work well for practical problems (see figure 6.3). 

 

 

 

 

 

 

Figure 6.6: A sample distribution between the project marks and predicted grades.  
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Thus, a Naive Bayes classifier is used to predict a class value, so we applied this classifier to calculate 

the probabilities for each attribute and conditional probability on the class value. The Bayes rule to 

obtain conditional probabilities for the class variable. In table 6.1, the probability of the predicted 

grade results for “G”, “P”, and “M” indicated the team performance. For example, in figure 6.3, 

the actual project grade is 1 (ranges from C to F), while the predicted grade is 1 because the result 

is close to the marginal class value. The grade distribution is 0 to < 95.  0 to 57 is a marginal grade, 

62 to 73 is a passing grade, and 80 to 95 is a good grade. 

 

 

 

 

 

 

 

 

Figure 6.7: The sample of  actual grade and predicted grade matching  
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6.5 Training Algorithms Evaluations 

 
Abu Zohair [2] claimed that predicting students' performance desire is the most critical issue in 

education entities and can improve the university's reputation.  The SSM model explores the 

possibility of soft skills and finds the key indicators of teamwork performance in the team project.  

Because of feeding the small dataset, the SSM model used Naïve Bayes [31] [106] to train the data 

and acceptable accuracy 74% compared with the other machine learning algorithms like SVM and 

KNN (see figure 6.3).  Also, the Bernoulli Naïve Bayes [31] [106] was selected because our data 

had multiple features, and each was assumed to be a binary variable.   

 

 

 

 

 

 

 

Figure 6.8: The Naïve Bayes algorithm accuracy rate 
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6.5.1 Data Descriptions 

 
The datasets from the subjects to be involved in this project included a small-scale assessment. The 

results of these assessments provide data for understanding the impact of the SSM model.  The 

dataset is mainly from 2016 to 2020, including the integrated project and PBL assignments.   

 

Computer Programming course (EIE2264) is a level-2 subject that gives higher diploma students 

essential programming skills.  This subject provides an environment for students to develop logical 

skills through a small-scale software development group project and software development project 

with TWO students as one group. 

 

Network Technologies and Security course (EIE3120) is a level-3 subject that gives the top-up program 

students a valuable opportunity to exploit their personal development through a case study project 

with THREE students as one group.  This subject provides an environment for students to develop 

communication skills and an innate desire to learn. 

 

Integrated Project course (EIE3360) is a level-3 subject which is a software development project lasting 

for 13 weeks with TWO students as one group.  This subject allows students to understand their 

learning habits and develop their leadership and project management skills/knowledge through an 

integrated group project.  This subject leads to leadership improvement through their peers' 

assessment in two stages of assessment.  
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The total number of records was 473.  We converted the numerical dataset into the binary-valued 

qualitative attributes for Bayesian classifiers [39] so that the dataset contained 316 rows and 30 

attributes on which to conduct training.  The converted dataset for training is shown in figure 6.4. 

 

 

 

 

 

 

 

Figure 6.9: The converted dataset with binary-values 

 
Then, the input training data was scaled to a zero mean for better convergence of the training 

algorithm (see figure 6.5).  The output test data is the 100 times normalized group score rounded 

to integer split from the whole data set.  It is for verification of the accuracy of the training 

algorithm. 

 

 
 
 

 

 

Figure 6.10: The scaled data for training 

 

After that, we expanded a Naïve Bayer’s algorithm for the PTPA system and classified the skill sets 

according to the SSM model into the above three courses. 
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6.5.2 The SSM Model Impacts 

 
This subsection describes the soft skill model applied to real class settings. The data are classified 

in terms of performance as Good, Pass and Marginal for evaluating teamwork performance and 

finding the proper skills that influence project performance. The next step is to perform attribute 

evaluation using the attribute evaluator with correlation evaluation to make the features suitable to 

the model. The searching method used is “Ranker” in Weka to identify which attributes 

significantly impact team performance.    

 

Henceforth, the Soft Skill Model (SSM) is specified by the conditional probabilities P(G, P, M), 

where G is a good class, P is the pass class, and M is the marginal class.  Any three events of G, P 

and M, are independent, then, P(G, P, M) = P(G) P(P) P(M) and the SSM model can be defined 

as SSM (n, P (G, P, M)).  Let G and P be the passing grades, and they are independent, thus, 

 

P(y|𝑥&,…..,𝑥') = W`𝑥&a𝑦bW`𝑥.a𝑦b…..W`𝑥'a𝑦bW(")
W(<&)W(<')….W(<,)

 

P(y|𝑥&,…..,𝑥') = W(")
∏,*-& W`𝑥!a𝑦b

W(<&)W(<')….W(<,)
 

P(y|𝑥&,…..,𝑥') ∝ 𝑃(𝑦)∏'
!%& 𝑃(𝑥!|𝑦) 

 

Therefore, the maximum probability is 𝑦 = 𝑚𝑎𝑥"	𝑃(𝑦)∏'
!%& 𝑃(𝑥!|𝑦) and the probability of 

(y|x1…xn) is proportional to ∝ 𝑃(𝑦)∏'
!%& 𝑃(𝑥!|𝑦). 
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In the SSM model impacts, we realized that the probability results for “G”, “P” and “M” were 

calculated for each 𝑥i in X and 𝑦j in y in table 6.1.  In the testing data, we grasped that the probability 

of “Pass” has higher accuracy than the probability of “Good” and “Marginal”, and the probability 

is greater than 0.5 (the statistical results are shown in figure 6.6).  Therefore, this can help to classify 

the accuracy as true positives and true negatives.   

   

 

 

 

 

 

 

 

 

 

 

Table 6.1: The probability results for “G”, “P” and “M” &  

the probability distributions of  the predicted grade 

 

 

 

 

 

Figure 6.11: The probability distributions of  the predicted grade 
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As for evaluating the model's reliability, the kappa coefficient [78] [98] was applied to measure the 

reliability of how the classifier matched the data ground truth. In the classification problem, the 

probability of the predictions corresponding with the actual values of class 1 (Pass) and the 

possibility of the predictions supporting the true values of class 2 (Marginal) mean the training set's 

classification accuracy is explicit. The two classifiers are independent and computed by the actual 

class's proportion and the predicted class's ratio. We manipulated the confusion matrix between 

the predicted grade, actual grade, and class 1 and 2. We found that 74% of records of false positives 

and true positives to class "Marginal" and 26% of the records of true negatives and false negatives 

to class "Pass" (see figure 6.7). In comparison, class 2 is 90% true negatives, and only 7.6% is a 

false negative, which means the difference is significant.  Thus, 𝑃7  is 𝑃7& +	𝑃7.  = 

(𝑃7&,CPSZ7C)(𝑃7&,^S7]!QC) +	(𝑃7.,CPSZ7C)(𝑃7.,^S7]!QC).   

 

 

 

 

 

 

Figure 6.12: The confusion matrix between the predicted grade, actual grade, and class 1 & class 

2 

 

The accuracy of all corrected predictions is higher than the misclassification.  Additionally, Cohen's 

kappa [78] [98] theory was used to maximize the overall accuracy as  𝐾(P<=W%./9W0
&9W0

 , where 𝑃(P< 

is the model's maximum overall accuracy. 
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To find the significant attributes that can affect the soft skill model.  The performance metrics 

were extended to compare the different characteristics in the dataset.  In figure 6.8, the attributes 

of "G-Log" and "VG-Log" (Good and Very Good Logical Skill) shows a higher accuracy score of 

88%.  The precision for class 2 is true positives and suitable for our model as the "recall" is True 

Positive/True Positive and False Negative.  The precision is 80%, and an excellent "F1" score is 

over 85%, meaning low false positives and low false negatives.   

 

Moreover, the remarkable result of the two classes almost correctly identified the positive cases 

from all the actual positive cases.  The result tells us that those team members with good and very 

logical skills can maximize the team project's soft skills. 

 

 

 

 

 

 

Figure 6.13: The performance metrics of  the “G-Log and VG-Log” attributes 

 

In figure 6.9, The attributes of "G-Comm" and "VG-Comm" (Good and Very Good 

Communication Skill) also have a higher accuracy score of 81%, and the precision is greater than 

70%.  The recall ratio is over 70% positive observations in the actual class.  That means fewer false 

positives and a higher (80%) weighted average of precision and recall.  The result tells us that team 

members with excellent communication skills can maximize the project team's soft skills. 
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Figure 6.14: The performance metrics of  the “G-Comm and VG-Comm” attributes 

 
In figure 6.10, The performance metrics of the "G-Lead and VG-Lead" attributes show that Good 

and Very Good Leadership Skill attributes have an accuracy score greater than 75%, and the 

precision is greater than 70%.  That means lower false positives, and the precision and recall 

weighted average is over 70%.  The result tells us those team members with good leadership skills 

can maximize the project team's soft skills. 

 

 

 

 

 

Figure 6.15: The performance metrics of  the “G-Lead and VG-Lead” attributes 

 

According to the above analysis, three observations emerge: 

1. Communication skill is one of the soft skills that affect project performance. 

2. Leadership skill is the capacity to motivate others, an essential personality trait to 

influence project performance. 

3. Logical skill is the project-related technical skill that is considered crucial among the soft 

skills. 
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6.6 Chapter Summary 

 
All in all, the study identified soft skills that are adaptive to team processes.  Soft skills are more 

about communication and leadership qualities, such that communication, logical and leadership 

skills are soft skills that determine a project’s success. Although technological savvy skills are 

essential in team projects, soft skills help teammates work well no matter how much or little 

technical knowledge they have.  Therefore, balancing technological savvy skills and soft skills are 

primary determinants in how well teams perform. 
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Chapter 7 Conclusion 

 

In conclusion, we briefly summarize our works.  The research first analyses and investigates the 

teamwork interactions with task assignments in the students' teamwork assignments.  We examined 

students' academic records to extract information about their English, leadership, communication, 

technological, and logical skills.  

 

After that, we found the related subjects to map to the relevant skills as the features, which are 

stored to form a data set and used to train a machine learning model.  In chapter 4, the five-step 

team formation model is the first step in solving the challenges in the general context of project 

management.  Meanwhile, we have completed the main model designs, such as minimizing 

communication cost, maximizing trust direction, and gathering data for team performance analysis 

with task assignments. 

 

In chapter 5 and chapter 6, we designed two models for dealing with generic project management. 

The first is Technological Savvy Skill, a degree in operating machinery or programming computers. 

The second is soft skills, like the quality of team leaders for assigning tasks to team members and 

helping them achieve those tasks within the time allocated. That means the individual needs to 

communicate with different people effectively and resolve conflicts, such as assigning the tasks 

smartly. 

 

In the case study, Technological Savvy Skills are the critical component in the team project and 

specify the ability directly with the teamwork performance.  We achieved that the teammates with 

good programming skills, creativity skills, communication skills, and logical skills are associated 

with technological savvy skills.  Throughout the research results, We believe that the TSS model is 

an essential attribute of project management through the performance results.  The study also 
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identified that the Soft Skill Model (SSM) is adaptive to team processes.  According to the 

experiment results, we observed that communication skills are soft skills to impact project 

performance.  Moreover, leadership skill is the capacity to motivate others, an essential personality 

trait to influence project performance.  Logical skill is the project-related technical skill considered 

crucial among the soft skills.   

 

Likewise, the teamwork-performance prediction system (PTPA) was developed to identify the 

functional roles of each student.  The role assignment positively affects a team project, while the 

role identification mechanism can assign teammates responsible with some roles to enable learning.  

The system also displays the performance of team members of a project team in terms of an 

indicator – “Good”, “Pass” and “Marginal”.  Three primary team performance indicators were 

reflected the teamwork collaboration outcomes, such as 1) individual performance indicator; 2) 

teamwork performance indicator; 3) personal skill sets results; 4) recommended skill sets. 

 

That's why, the relationship between those indicators and functional roles was examined as 

analytical information for broadening project team formation or adjustment of team composition 

in the team project.  Besides this, a team leader can monitor the project progress, examine the 

existing team member roles, and maintain those roles with optimistic effects on the team project.  

The preliminary study also examines the affiliation between team performance and the team 

formation model by using peer assessments in the initial stages of the project.  The critical purpose 

of self-assessment is used to identify team members' strengths and weaknesses so that team leaders 

can efficiently assign tasks.  
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In addition to predicting the teamwork performance in the team project, we had through regression 

analysis and Bayer’s theorem to find the probability and correlation of underperformance members 

in poor learning outcomes.  If the team demand to accomplish successful team performance, they 

need to consider retraining or finding the learning pattern for underperformance members to 

minimize the negative effect on teamwork project.  Consequently, the research extension needs to 

be aware of the learning performance in the group collaboration status in time.  
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Chapter 8 Discussions of Future Stage 
 
In the proposed works in chapter 4, 5 and 6, we realized that the task performance should be 

minimized "underperformance" in the stages project. Nevertheless, we also consider 

underperformance as a new parameter after the initial performance review stage. Each 

underperforming member is supposed to conduct the training before joining the next stage of team 

development.  For example, teammates learn information by sequence and apply knowledge by 

correctness so that the teamwork performance represents the project output. 

 

By reason of Naive Bayes and independence assumptions, the SSM is based on this assumption to 

specify sampling distribution, assign initial prior distribution, and collect test data to establish a 

likelihood function and then, derived from the posterior distribution to make the statistical 

inference.  On the one hand, if the dataset is considered sufficient in the future, we would be able 

to find the influences in Naive Bayesian networks.  However, in between then, the Bayesian 

reliability analysis (BRA) technique can be considered in reliability assessment.   Regarding Huang, 

Z., and Jin, Y. [56] and Wang et al. [105], they declared that the reliability results were obtained 

precisely from the prior assignment and data consistency.   

 

Based on Huang, Z. [56], we take the prior, test, and experiment data to aggregate them in a 

weighted average and compare datasets with the mean score to determine whether the data is 

consistent. For example, F is the number of failures, S is the number of successes in the dataset 

and datasets of (F1, S1), (F2, S2), …(Fk, Sk).  So, Consistency Mean = d*
d*6+*

, i=1, 2, …k, of the 

datasets are equal to or close to the failure fraction of the prior.  It means the data are consistent.  

Whereas, if the d*
d*6+*

 is different from 
d1

d16+1
  (i ¹ j), we assume the data are inconsistent.  Therefore, 

the consistent data measurement is the value between 0 and 1 in the primary level and only included 

initial prior and the first dataset without the adjustment of the dataset.  After obtaining the 
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consistent data, we can evaluate the independent variables and adjust the independent variables to 

influence the Bayesian network calculation. 

The project manager can understand consumers' needs and diverse groups of people in the real 

world, and communication is the project manager's quality.  In our works, a five-step team 

formation model is a reference model for project managers to find effective team formation and 

relieve insufficient communication.  After the project team growth, the truth is that project 

managers review the crucial skills needed for project management and how to achieve success.  An 

enormous project breaks into different projects with a specific goal, deadline, and team in most 

organizations.  A project manager is in charge of managing team members and prioritizing tasks 

according to the team members' skills.  

A technological savvy skill model and soft skill model can reference individuals' knowledge and 

skill improvements in teamwork performance.  We believe unified the three models can increase 

an individual with hard and soft skills capability and help maintain workflow executives in selecting 

proper employees to accomplish the tasks.  

 

Kepa Mendibil Telleria Derek Little Jill MacBryde [65] stated that training procedures also impact 

a team's performance. They said every internal process affects team performance, so further 

research needs to understand the learning pattern better.  Figure 8.1 shows the conceptual 

framework for the learning pattern model. 
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Figure 8.2: The proposed conceptual framework for the learning pattern model 

 

According to the learning pattern model in figure 8.1, we may take learning programming language 

as an example; the first learning step is learning by sequence, such as defining a variable and putting 

it into the function. The second step is learning by correctness, like debugging.  Then, you know 

to create a simple application by problem-solving or doing hands-on experience. After that, you 

integrate the knowledge and techniques to deal with the challenges. 

 

At last, you will create your application and review it from time to time so that every internal 

process affects team performance. 
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The learning pattern descriptors and the preliminary study are listed below. 

 

1. Classification - people attend structured learning and learn step-by-step composition and 

break the tasks into different sub-tasks like Tn = {t1, t2, t3, …., tn}.  They engage in learning 

activities to include the areas of social skills and academic tasks.  Individual's work as 

instructional methodologies in order to classify the tasks, distribution of tasks, organize 

tasks in detail and outline the plan. 

Learning activities = Classify the tasks + Distribution tasks + Organize/Outline tasks in 

details. 

 

2. Precision - people learn as they correct mistakes and through the practical experience of 

the open-ended problem and get feedback from team members/others.  For example, 

individuals gain knowledge and skills by working the investigation of complex questions or 

explore real-world problems and challenges.  Hence, individuals gain knowledge and skills 

= Investigation of complex questions + explore real-world problems + feedback from 

team members/others. 

 

3. Working alone - individuals are dynamic learners.  They combine the tasks within their 

learning contexts, such as taking apart ideas, processes, and things and using the latest 

tools/technologies to solve problems.  These contexts may be referencing a point for 

ensuring knowledge has been gained.  For example, individuals are required to assemble 

the tasks, build across their learning patterns, and demonstrate their experiences in content 

or expectations. 
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4. Confluence - individuals intended to apply their abilities as performances, knowledge, and 

skills acquired in learning (Wikipedia, 2021).   For instance, individuals transfer information 

new things from others like brainstorming in group discussions and learning knowledge 

and skills for new situations (i.e., they can imagine incredible ideas).  Hence, individuals 

transfer information = brainstorming in group discussions + Individual knowledge and 

skills. 

 

5. A network of co-operations - individuals learn from peers in larger groups or attempt to 

learn something together to impact learning positively.  For example, an individual can have 

a time when teammates contribute equally and learn the others' strengths in a small group.  

This is completed in this research project. 
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