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Abstract—Project-based learning (PBL) is an important 
component of the practical based assessment of software 
engineering courses. The success of PBL relies on team 
composition where all necessary skills to execute the project is 
needed. Conventionally, facilitators assign the students to the 
group randomly which results in biased groups where all the 
necessary skills to complete the project lacks in some of the 
groups. Most computational tools solve the group assignment 
problem (GAP) by assigning students to relevant groups based on 
some general criterion. However, there is a need for a system 
which allows taking skill preference as a parameter in a limited 
or unevenly distributed skill set. The system needs to have more 
or less same strength with the presence of all the skills required to 
complete the project. In this paper, a method is proposed that 
uses the canonical genetic algorithm to generate evenly balanced 
groups by minimizing the intergroup difference. We have 
employed penalty function to rank the skills and incur a penalty 
for the non-presence of required skills for proof of concept. Due 
to unavailability of benchmark datasets, we have used the real 
data of software engineering courses of our university where 
good results have been observed. 

Keywords—project-based learning, penalty function, genetic 
algorithm, group assignment problem, skill set 

I. INTRODUCTION  
In the modern era of rapid development of Information and 

Communication Technology (ICT), higher education should 
cultivate students' ability to change, bring about critical 
thinking, and allow professional development. There is a sheer 
lack of professionalism among students and traditional 
indoctrination or modified indoctrination don't foster much [1]. 
Team composition in education, especially in software 
engineering education and project-based learning (PBL) act as 
a staple where it reflects the educational efficacy through 
industry and research projects [2]. Team projects play a very 
vital role in some of the university-based courses, as group 
tasks, build teamwork as well allows tasks to be completed in a 
timely manner [3] and provide success of functional projects. 
There are many advantages of having student collaboration 
through group projects for solving tasks [4], and one of those 

was a fulfillment of tasks or in other terms completion of the 
task. To improve student performance, students need to be 
placed in groups where learning is beneficial with the other 
students. It allows the sharing of ideas, grasping of knowledge, 
and skills by being part of a group project with a strict deadline 
[3]. 

When compared to large-class settings, learners in groups 
more often talk between each other to come to a conclusion for 
a problem or issue [5]. Learning Management Systems (LMSs) 
provide support for manual group formation only [6], while 
several Computer Supported Collaborate Learning (CSCL) 
system allow automatic group formation [7][8]. Since students 
using CSCL systems often work at their own pace as a member 
of large learner community, automatic grouping is especially 
interesting. Some researchers have even automated when 
learners should transition from an individual learning mode to a 
group mode [9]. Team composition depends on the pedagogical 
approach which suits best for the course and the learner. 
Firstly, what kinds of students should be in the in a group to 
maximize effectiveness, secondly, once a set of criteria has 
been decided on, how to decide its optimality. Mahenthiran and 
Rouse [10] have given a notion that the student assignment in 
any group should be shared between instructor and students 
where students are to be made aware that they can’t fully 
choose the groups to assure that groups have an appropriate 
mix of higher and lower skilled students. Yohanan and Revital 
[11] found that achievement was highest when both instructor 
and students were in control of forming groups and lowest 
when neither was in control. Students seem to prefer 
assignment to groups based on some skill set over random 
allocation [12][13]. 

The group allocation problem in this paper is called group 
assignment problem (GAP) which is an integral part of PBL. 
GAP follows under scheduling class of problems which is NP 
hard to solve. The problem is not easy to solve since diversity 
within a group is needed which is only possible if the balanced 
number of skilled students are available. In software 
engineering course, it becomes a must that all groups to have a 
programmer and sometimes it may not be possible due to 
limited availability of critical skill. The diverse group allows 
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students to learn from each other [14][15] where reciprocal 
teaching can be used [16][17]. Grouping students by ability, 
especially for reading, results in relatively homogeneous 
groups that can progress at a similar pace [18] and reflect 
creative behavior [19]. According to another research, groups, 
where a student knows one student in his/her group, were 
performing better compared to randomly assigned groups [10]. 
Researchers have also found that good students perform better 
in homogeneous groups, whereas weaker students tend to do 
better in heterogeneous groups [20][21]. There is a need for 
learning group to be formed based on learner profile and the 
context [6]. The problem involves optimization where the best 
possible group needs to be optimized based on certain 
constraints. The constraints are problem depended such that in 
an engineering software course, one of the constraints could be 
that each group formulated needs a specific skilled student such 
as a programmer or else the group is not useful. 

While grouping students into teams or groups, there may be 
plenty of options based on maximally diverse groups, evenly 
skilled groups, and preference based. Preference can be where 
friends are part of the same group, distributing subsets students 
of students, assigning students to specific groups based on 
skills and other preferences [22]. In this paper, we are 
proposing a preference-based system where the group not only 
needs to be evenly skilled but students are assigned to a group 
based on specific skills. For instance, in any given software 
engineering project, there is a need for a programmer, 
therefore, the programmer skill is given a higher preference 
when compared to other skills. The preference of a particular 
skill is user-defined where different levels of preference are 
given different ratings based on its importance. The GA uses 
penalty function to update the fitness of the chromosomes. 
Lack or missing of a skill in a group incurs penalty based on 
the weighting of each skill set. The proposed method not only 
focuses on evenly skilled groups or preference or group 
diversity but combines all the options to deliver a most 
preferable solution to GAP problem. 

The rest of the paper is organized as follows. Section 2 
highlights the formulation of the skilled-based group. Section 3 
displays the proposed genetic algorithm-based group allocation 
approach and section 4 discusses the experimental setup and 
results. Section 5 is on discussion and analysis of the results 
while section 6 concludes the paper with future overviews. 

II. FORMALIZATION OF SKILL-BASED GROUP ALLOCATION 
Skill-based group allocation needs to balance total skill 

between different groups. The important aspects in the 
formalization are unbiased groups i.e. all groups should have 
more or less same strength and all skills should be present in a 
group. One other important aspect is that all skills need skill 
rating to allow preference-based selection. The method used in 
this paper is penalty based weights. Each skill is given weight 
based on its importance. The most preferred skill is given a 
higher value than the rest. 

The assignment problem needs to be minimized such that 
we minimize f(x) where f(x) is a penalty-based objective 
function. The optimization problem can be expressed as shown 
in (1). 

  (1) 

where x is the input vector, α is the parameter space and f is 
the fitness function.  

There are two ways to provide fitness function for a 
constraint problem, one is a problem dependent weight-based 
penalty function and the other is a generic penalty function. We 
have used problem dependent weight where similar weights 
were used in University benchmark exam timetabling problem 
[23]. The timetabling problem uses weight-based penalty 
function to allow selection of important courses while the same 
is preferred for GAP where most important skill gets a higher 
rating than the rest. For the preference of different skills, we 
use levels to indicate the importance of different skills. One 
level can have many skills associated with it (refer to Table I).   

The level denoted to different skills is shown in Table I 
where level is user defined. L={1,2,3,...}. The Levels indicate 
the preference of skills as such the lower number of the level 
indicates higher preference of a particular skill and vice versa. 
The total number of levels is |L|. The Preference (Pi) is shown 
in (2). 

  (2) 

where i={ 0,1,...,|L|} .  

The weighted skill or weighted preference for any level of 
preference is shown in (3). This indicates the reward or penalty 
of any individual skill set. 

  (3) 

where |L| is the total number of levels, Pi is the skill 
preference and Wi indicate the weighted preference. This is the 
weight used to calculate the total skills of individual students as 
well as the groups. 

The weighted skill count of any student is given in (4). 

  (4) 

where Kj is the binary input [0,1] of student indicating 
presence and non-presence of a skill set, Wj is the weighted 
preference, |K| is the total number of skills and Si is total 
corresponding skills of a student. The weights are used to show 
preference of a particular skill set. The greater the weight, the 
more chance of it being part of the group. 

The total skill for a particular group is calculated as shown 
below in (5) for the Jth group: 
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Step 1: Initialize population - Random partition of n 
students into number of allocated groups |G|  

Step 2: Evaluate population - Check for preference. Each 
skill needs to be present in each group. Total skill of any 
group should be same. (Gj) 

For each Cycle until termination do 

  Select best individuals for reproduction  

 Create new offspring using genetic operators  

Evaluate the individual fitness (Mi) of the new offspring 
(λ-λi)  

 Replace least-fit population with new offspring's 

End 

  (5) 

where j={1,2,...,|G|}, |G| is the number of groups, m is the 
number of members in a group and Si is the total weighted skill 
set of an ith student. The total group size |m| can be expressed 
as ||mi - mj|| 1.  

In any optimization for such kind, there is a need for 
missing skill penalty function. If a skill is missing, the fitness 
of the group reduces or worsens. Therefore, after every total 
skill count for a group, the missing skill penalty (Mj) is 
calculated which is later added to the fitness function as shown 
in (6). 

           (6) 

subject to  

λ = {1,...+i : 0 |K|} 

||λi ||  ||λ || 

where Wx is the weighted preference for a particular skill, 
|K| is the total number of skills and λ is indicating the presence 
of all the skill set while λi is the subset. For instance, λ 
={1,1,1,1,1}  where all skills are present while λi is a subset of 
skill set present in a particular group, for example, a particular 
group has few skills missing would have λi ={1,0,1,0,1}. 
Therefore, λ--λi will provide the skill set missing from 
individual groups λ--λi ={0,1,0,1,0}.  

 

Generally, weighted penalty function is the fitness function 
for discrete data set as shown in (7). 

             (7) 

where Mi is the weighted coefficients representing the missing 
skill penalty, x is the input vector and Sx represents the 
weighted sum of skills of a student, Gi represents the weighted 
sum of skills for a group i, |m| represents the number of 
members in a group and |G| represents the number of groups. 

III. PROPOSED METHOD: GA APPROACH TO GAP 
The group formulation or assignment problem is based on 

questionnaire response where the responses are either Yes or 
No. Each skill that is needed for successful completion of the 
group project is asked for; an individual student response is 
captured. Before actual questionnaire is used, pre-testing is 
done with a small group to see accuracy as well, questions are 
repeated to see accuracy. The skill set asked for is based on the 
type of project and depends on the facilitator. 

Upon the successful collection of all responses, each 
response underwent one compulsory transformation, where 
each skill gets binary transformation to allow it to work with 
genetic algorithm (GA). Each question is binary in nature 
(yes/no), therefore we can translate each question into either a 0 

(for no) or a 1 (for yes). Each student can then be represented 
by a bit string, which will represent the data set. For this work, 
we have used only binary input as a proof of concept. The skills 
of individuals are transformed and using GA it is evaluated 
based on the need for a particular student in a specific group 
depending on strength of total skill. If all skills are present in 
one student, that student has maximum strength and the skill 
rating will be the highest. 

The proposed algorithm incorporates preference based 
optimization where the preferred skill set is made compulsory 
in the algorithm in terms of constraint with skill rating as 
discussed earlier. 

The proposed method shown in the algorithm in Fig. 1 uses 
the Genetic Algorithm to find the best solution. In Step 1 of the 
algorithm, the population is initialized with a random partition 
of students based on the number of group and its group 
members. The initializing process first looks at the population 
size and then places each student in groups randomly and then 
checks the fitness. In Step 2, the actual evaluating of the 
population takes place where firstly the random population is 
checked with the target function and adjusted genetically with 
EA. Here a few things need to be considered such as skill 
weighting, total group skill rating and all skills needs to be part 
of phenome. 

The evolution also takes place using genetic operators. For 
a fixed number of generations, each population gets evolved 
where a cycle is completed when all the populations have been 
successfully evolved. Here the population gets evolved based 
on the preferences. The fitness of the new individuals is 
evaluated. Here two new parents get randomly selected from 
the main population for comparison and later can get changed 
by the new individuals based on their fitness.  

The evaluation for any member of the population is done by 
joining the best members with the rest of the populations. 
These populations get evolved for an allocated number of 
generations. As maximum fitness evaluations are reached, the 
best result is captured with group allocation and total skill of 
each group. 

Fig. 1. Algorithm using a preference-based approach for GAP. 
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IV. EXPERIMENTS AND RESULTS 
This section shows the experimental setup and results based 

on the proposed method. The experimental setup highlights the 
parameters used in the algorithm and the data set. Results 
section showcases the mean and best and worst results from the 
experiment. The experimental data set has been made available 
online [24] for other users to use. 

A. Experimental Setup 
We analyzed the data from four software engineering 

courses at The University of the South Pacific since we were 
unable to find any available benchmark dataset from the 
literature. The approach uses data gathered from a dynamic 
questionnaire which is pre-tested for accuracy. The 
questionnaire inquires several personal-dependent relevant 
criteria such as the skill level of students. All the courses deal 
with software development projects, which teaches students to 
work in groups to develop interpersonal skills such as 
teamwork, public speaking, creative thinking, problem-solving 
and etc. The projects require students with different skills such 
as programming skills, database administration, analysis, and 
design as well as presentation skills to contribute to develop 
and present software-intensive system development projects. 
This is project dependent, a different type of project would 
require a different set of skills. 

The dataset used in our experiment can be accessed from 
[24]. The dataset show individual students skill based on binary 
input where 1 indicates the student has the skill while 0 denotes 
the student doesn't have the skill. The four skill set indicated 
for the dataset 1 and 3 are coder, analysis and design, database 
and presenter. While for dataset 2 and 4, the first skill tested is 
android programming and the rest four is the same as dataset 1 
and 3. The sub-sections give deals about preference and 
missing skill penalty. 

The dataset has columns assigned to each skill, where 
student response gets filled upon successful completion. The 
first dataset has 57 responses, second has 25, third has 31 while 
fourth has 20 student responses. Each response is either 1 or 0 
depending on student response for “Yes” and “No” 
respectively. 

The experiment was run 50 times, and the best and worst 
result (fitness value) was tabulated with the mean of the run. 
The groups created were based on 3 possibilities where m is 
{minimum of 3 and maximum of 4 members OR minimum of 
4 and maximum of 5 OR minimum of 5 and maximum of 6 
members}, which are the ideal size of the group in any PBL. 
The population size used is 100, the maximum generation was 
kept at 300 while the experiment was run 50 times with 0.2 
mutation rate and 0.8 crossover rate. 

1) Preference: The preference for the facilitator was to have 
at least a programmer in all the groups since it was a software 
engineering course and the group should be evenly skilled. 
Therefore, each skill was given preference over the other. In 
table I, it shows the preference of each skill set. The low value 
indicates that it was most preferred and vice versa for high 
value. Programmer and android programmer is given the same 
rating due to its importance. Analysis and Design and Database 

administrator are given same rating 2 since both are equally 
important while presenter skills are given rating 4 as it is the 
last skill needed to successful showcasing of any software 
engineering course. The skills fall under different levels as 
shown in Table I. 

2) Missing skill penalty: To get an unbiased group, the 
fitness function firstly checks the total skills for each group, 
secondly each skill needs to be present and lastly, each skill is 
given a rating based on preferred skill type needed for the 
group projects. If a skill or preference is not present, there is a 
missing skill penalty as shown in (6). The amount of penalty is 
based on the weighting given to a particular missing skill. 

B. Results 
This subsection reports on the performance of the proposed 

model based on the setup given previously. The Tables II-V 
shows the results obtained for the four datasets. Lower fitness 
(Values highlighted in bold) means the better the performance. 
The fitness function is used instead of cost function since the 
proposed method use GA, however, the cost value is 
interchangeable with fitness as penalty function used. Lower 
the fitness in this case, better the performance as such lower 
cost value, better performance. 

In Table II, the group ranges from 3 members to 6 
members. The mean, median, best and the worst of the 50 runs 
are shown. The best results were seen for a group having 4 to 5 
members where the total number of students was 57. The best 
result got was less than 2 and worst was less than 10. As the 
number of members increased the fitness decreased indicating 
less missing skill penalty. An exceptional case is seen for 5-6 
members as the same number of constraints got solved as 4-5 
members but the maximum number of members in two of the 
groups increased from the required. The 5 to 6 member group 
size also had better fitness value. The mean of all runs of 
fitness shows that fitness value for all runs was well distributed. 

TABLE I. PREFERENCE TABLE 

Skill type  User level 
Preference Weight 

Programmer 1 8 
Android Programmer  1 8 
Software Analysis and Design  2 4 
Database Design and management  2 4 
Research & Presentation  3 1 

TABLE II. THE PROPOSED METHOD'S PERFORMANCE IN DATASET 1 

Members Best Median  Worst Mean 

3-4 36.63 38.63 45.63 39.33 

4-5 1.86 3.71 9.57 4.82 

5-6 3.27 6.55 10.18 6.52 

 

In Table III, the group ranges from 3 members to 6 
members where the number of students in the course was 25. 
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The mean, median, worst and the best of the 50 runs is shown. 
The results were better for the group having 5 to 6 members 
where the best result was 25 indicating fitness gets better with 
higher members in the group since the skill set between the 
students was less.   

Table IV shows the result of members ranging from 3 to 6 
members where the number of students in the course was 31. 
The result was better for the group having 5-6 members. The 
best and median result was same value. Fitness of the system 
got better as the number of members increased in groups.  

In Table V, the result shown is for members ranging from 3 
to 6 members. And the best result was sorted with 5-6 member 
where the number of students in the course was 20. As the 
members increased the fitness value got better.  

Fig. 2 displays how the solution of two datasets (Dataset 1 
and 2) convergence with the number of iteration. Fig. 3 and 
Fig. 4 show the fitness values of the individual group of the 
best and worst fitness from the two data sets. 

TABLE III. THE PROPOSED METHOD’S PERFORMANCE IN DATASET 2 

Members Best Median  Worst Mean 

3-4 54.00 55.00 56.00 54.92 

4-5 34.67 34.67 38.67 34.77 

5-6 25.00 26.00 28.00 25.76 

TABLE IV. THE PROPOSED METHOD’S PERFORMANCE IN DATASET 3 

Members Best Median  Worst Mean 

3-4 7.33 8.11 8.89 8.14 

4-5 2.67 2.67 6.67 3.36 

5-6 1.60 1.60 3.60 2.31 

TABLE V. THE PROPOSED METHOD’S PERFORMANCE IN DATASET 4 

Members Best Median  Worst Mean 

3-4 20.33 21 27 21.78 

4-5 12 14 16 13.36 

5-6 3 3 5 3.31 

 

Fig. 2. Best convergence of fitness through number of iteration for Dataset 1 
and 2.  

 
Fig. 3. Fitness vs Group allocation for Dataset 1. 

 
Fig. 4. Fitness vs Group allocation for Dataset 2. 
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V. DISCUSSION 
Looking at the data set collected it can be said that the 

larger the student number the better chances to get the students 
evenly arranged if the necessary skills are available. All the 
groups need to have more or less the same strength in terms of 
total skills per group, as well as all skill types should be present 
in all groups. Most importantly the skills are based on 
preference where skill weighting is depended on its importance 
for the GAP. The most preferred skill was allocated higher skill 
weighting based on the levels. 

The data set 1 had 57 students where the preference for the 
programmer was more when compared to other skills. 
Therefore, the results show that be using GA we were able to 
meet the requirements. The results improved as the number of 
members in a group increased which allowed better spread or 
presence of different skill types in each group with a lesser 
penalty. 

As for the data set 2, since there was a preference for 
programmer and android programmer (having the same skill 
rating), the group having more members had better results. The 
groups having fewer members were not performing to 
expectation since the data set was small as well as two skill sets 
were given higher preference which couldn't be allocated in all 
the groups due to small group size. The similar result was 
observed for the rest of the data sets. In both the data sets 3 and 
4, results improved as group members increased. This allowed 
individual students to provided necessary skill for the groups. 

Additionally, for more diversity within groups, two things 
need to be taken into account, firstly, the number of skills types 
and secondly the number of group members. If there are more 
skill types and lesser people/student possessing those skills, 
some groups may not receive that skilled person due to less 
number due to group size. Overall, the GA based model 
performed well to preference GAP for software engineering 
students. The unbiased group formation was through preference 
where the group skill rating was moral less same and each skill 
was present in the group. 

By looking at Fig. 3 and 4 further analysis could be made 
on the results such that the fitness values obtained of the two 
scenarios can be explained in detail.  

Fig. 3(a) shows the individual best fitness of groups created 
through GA, where the first group formed had the worst fitness 
out of the rest. The reason for the fitness value going up was 
due to the fact this was the group that had 5 members instead of 
4 when compared to rest of the groups and it had a higher skill 
set than the rest. A single member of a group can have multiple 
individual skills. The skill set present in the first group was 
(1xNo Skill, 1xProgrammer, 3xAnalysis & Design, 
1xDatabase, 3xPresenters) where individual members  had vast 
range of skills, for instance, the first member had no skills 
mentioned, second had Programmer/Analysis&Design skills, 
while third had Analysis&Design/Presenter skills, and fourth 
member just had presenter skill, and last member had 
Analysis&Design/Database/Presenter skills.  

Fig. 3(b) shows the worst fitness graph for dataset 1 where 
individual group fitness is illustrated. If we look at the first 
group formed in comparison to Fig. 3(a), the skill set or 

members present were (1xProgrammer, 2xAnalysis & Design, 
1xDatabase, 4xPresenters). In Fig. 3(a) for the worst fitness 
group (group 1), it accommodated for the person who forgot to 
mention any skills out of the four and was still able to get all 
the skill set present in the group with the other 4 members 
while in the other Fig. 3(b) for group 1, it had four presenters 
and even the programming skilled person was the only one who 
also possessed database administration skills as well. In both 
the figures, it could be clearly seen that Fig. 3(a) has better 
distribution. Same can be said for the Fig. 3 where fitness of 
individual groups is reflected. Fig. 4(a) produced better fitness 
when compared to the other Fig. 4(b).  

It was seen that certain groups in all the data sets were 
totally unbalanced in worst and this becomes even more 
possible with random grouping by the facilitators in GAP. 
There is a possibility to even get worst group composition with 
random grouping where not all skills are present in all the 
groups. Therefore, the proposed method for GAP can be used 
to minimize such groups to get balanced team composition to 
suit the problem. Our skilled based genetic algorithm does not 
only look at skills but also tries to minimize the group failure 
by pushing in better group dynamics which is suited for a 
software engineering courses. 

The results cannot be compared to existing methods as 
those methods source codes are not readily available as well 
unavailability of benchmark dataset from literature does not 
allow direct comparison to existing methods. However, using 
of GA has helped to solve limited data set problem and results 
in terms of performance is good as well based on experimental 
runs. 

VI. CONCLUSION AND FUTURE RESEARCH 
There has been a lot of research done on student group 

assignment but a few based on specific preference. Preference 
can be of many types, but in this paper, the preference we 
choose is based on skills from a software engineering course. 
Preference plays the catalyst of change of GAP. The most 
needed skill such as software programmer or Android 
programmer is given higher preference so that when evenly 
skills group is optimized, the higher skills have more chance to 
be selected first to be group members followed by lesser ones. 
This ensures that most preferred ones are certainly present in 
all the groups. This allows removing silos in light to advocate 
for preference based learning groups. The results obtained for 
the four data sets are preliminary since it is based on four 
software engineering courses from our University. Later the 
approach can be tested with more courses as well as courses 
which have a higher number of students for GAP. More 
importantly, we would like to extend the current work using 
scale based preference instead of binary to allow more 
comprehension groups with better diversity within groups. We 
are in process of collecting more data. Additionally, a more 
comprehensive analysis would be made in the extended paper 
where each group member for all the groups generated for best 
and worst case scenario would be statistically analyzed. 
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