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Abstract 
Grouping large classes for instruction is invaluable but very complex when done manually. Existing algorithmic based student group 
formation systems have not followed an active approach to the creation of optimal and fair student groups in complex scenarios. They 
have not also supported a spanning set of criteria for group formation. We propose a hybridized analytic model (HAM) for the 
formation of student groups. Our model identifies question and constraint types, define metric groups and a spanning set of question 
and constraints types. Our model also integrates Duplicate Elimination Non-Dominated Sorting Evolutionary Algorithm (Densea) for 
efficiency in the formation of student groups. The proposed model was implemented and tested in comparison to Team-maker, a 
popularly accepted student groups formation methodology. The experimental results show that our proposed hybridized analytic model 
performs better than Team-maker.  
Keywords: Student Groups formation, Hybridized Model, Multiobjective evolutionary algorithm, Team-maker, Frog, Densea  
 

1. Introduction  

In many institutions, instructors are aware of the challenges of handling large classes. This is especially the case with 
entry level general courses involving students that span a college or faculty. For example, in entry level programming 
courses, it may be challenging to involve all students simultaneously in hands-on labs because the size of available 
laboratory space may not be commensurate with the number of students. To deal with this challenge, instructors assigned 
to the course may choose to divide the students into groups and schedule laboratory periods for each group so that one or 
more instructors can be assigned to one or more groups. Besides being used for instruction, students can also be grouped 
to carry out mini projects. 
 
There are three traditional approaches to grouping students. Students could self-select themselves or instructor could do 
the grouping or students could be grouped randomly [4]. Self-selection often leads to groupings of students that can easily 
interact with each other, since students often choose to work with familiar students, especially those they feel socially 
comfortable with. Nevertheless, this approach may tend to cluster together either many high-level students or many low-
level students, since smart students may preferably arrange themselves into groups. In the worst case, some students may 
be stranded with no group willing to accept them [3]. Some instructors try to eliminate these problems with self-selection 
by simply grouping students randomly with or without the aid of a software. Some do this by having the list of students 
and simply creating groups as the list is scanned from top to bottom. However, some students tend to feel unfortunate for 
having appeared in the attendance sheet close to certain other students or having sat close to certain other students when 
such groups are composed. More randomization can be introduced by the instructor by starting with the shuffling of the 
list. With the randomization approach, the assurance is that students are randomly distributed but not necessarily fairly 
distributed into groups. Moreover, research shows that students’ satisfaction is low when groups are formed randomly 
[15][21][22].  
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The manual approach involves the instructor. He gathers information about students, perhaps using questions, and then 
decides what constraints each group must satisfy in order to be optimal. He needs to know how to measure the satisfaction 
of the constraints in order to choose among alternative grouping options. A grouping exercise can be done by taking each 
permutation of n students, divide the permutation into groups and measure the constraint satisfaction. Hence the 
complexity can be expressed as Ω(nn!). It is clear to see that for large classes, the instructor cannot manually deal with the 
amount of grouping options to choose from and may miss out potentially better options. The three approaches clearly have 
significant short falls. Hence the need for an algorithmic model to create groups. In this paper we propose a hybridized 
analytic model (HAM) for solving the group formation problem such that one objective is to have optimal groups and the 
other objective is to have an overall grouping that is fair. We also present a spanning set of question types, constraint 
types and metrics. The remaining part of this research article is arranged as follows: in Section 2 we present the 
background of study; in Section 3 we discuss related works; in Section 4 we present the methodology; in sections 5 and 6 
we present our research observations and discuss experimental results respectively; in Section 7 we present our conclusion 
and future works. 
 

2. Background of Study 

Group refers to a set of students put together for the purpose of working together on an assignment. Partition refers to the 
results of dividing a class of students into non-overlapping groups. Questions refer to components of survey used to gather 
information about students. In many cases, data is collected through surveys completed by the students. Some of the 
questionnaires collect personality type information, for example, Deibel [3] used Felder-Silverman learning styles while 
Rutherfoord used Keirsey Temperament Sorter in conjunction with Myers-Briggs personality type [10]. Other 
questionnaires are designed by instructors to collect domain knowledge data or performance indicators like GPA or grades 
in certain prerequisites courses [4]. Other examples of data collected include things like hobbies, student preferences, race, 
gender, time schedules, essay, shared mental model, problem solving style, etc. [4][9][10]. Constraints refer to weighted 
conditions that a group should satisfy and are defined over questions. Examples of constraints regarding students in a 
group include: have diverse skill levels [16][26], have diverse personality traits [26], have similar skill levels [17], have 
common available times [16][18], reside in a common area [18], are not isolated if they belong to a class of at-risk-
minority [16], are compatible with each other [19], have equal distribution of males and females [20] and have all 
learning styles represented [23]. Optimal grouping means group with high potential to perform based on instructors 
specification. Fair grouping refer to creating groups in such a way that all groups have similar potential to perform.  
 
3. Related Works 
 
Khandaker and Soh [5] formed groups in computer-supported collaborative learning systems by creating a model of the 
student’s data, representing each student with a software agent and making the software agents to negotiate with each 
other to form quality groups whose members can interact well. The students’ data model included information about 
learning style and abilities of the student, so it is safe to guess that the groups formed are likely to have good potential to 
perform.  However, we cannot tell whether groups would be fair since the paper did not state how the agents actually 
negotiate with each other to form groups. In one approach used in GroupFormation.org [4], instructors first assigned 
important weights to survey questions, then a brute force algorithm was used to generate all possible groups. Afterwards, a 
best-first algorithm selected the best group and deleted any group that contained one or more students that also appeared 
in best group. The process continued by taking the next best group until all students have been grouped. The authors 
mentioned that the intractable nature of the brute-force approach limits the number of groups that could be formed. 
Moreover, some groups might turn out to be much better than others, since no consideration is given to balancing the 
groups.  
 
Some models use a constraint satisfaction approach, where formed groups are expected to satisfy certain conditions 
described by the instructor. One example is FROG [2]. FROG is similar to GroupFormation.org in the sense of assigning 
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weights, although, in this case, not to survey questions but to constraints. It uses genetic algorithm to form groups whose 
fitness depends upon how many and to what extent constraints are satisfied. The authors acknowledge that their approach 
focuses on creating a collection of groups with reasonable average group fitness and does not consider fair grouping as 
they didn’t have a metric that can be used to simultaneously measure both optimality and fairness of formed groups. . R. 
Hübscher [12] formed groups using Tabu-search and supports, amongst others, an “evenly skilled” constraint type such 
that fairness across groups can be optimized only with respect to student responses to a set of skill related question and not 
with respect to one composite constraint that represents all other constraints. In the same way, Yeoh and Nor [24] 
optimized fairness across groups only with respect to each group’s average CGPA. While Baker and Powel [25] did it 
with respect to each group’s satisfaction of diversity constraint defined over a set of rare student traits. 
Beheshtian-Ardekani and Mahmood [13] tried to achieve fair grouping by using heuristic and single-criterion 
optimization approaches to create groups that minimize the deviation between groups’ composite scores but their method 
is limited only to questions whose responses are values in a magnitude scale. Team-maker [1] used “a routine 
implementation of the hill-climbing algorithm”. Its goal was to create a set of groups with a high overall fitness such that 
the overall fitness is the fitness of the worst group. The focus here was to allow only changes that made the worst fitness 
better. Since it does not restrict the best fitness from getting better as long as the worst fitness gets better as well, there 
might still be a sustained gap between best fitness and worst fitness and so, we can say that it only partially achieves fair 
grouping.  DIANA [11], on the other hand, was designed for fully fair and optimal group formation. To achieve this, a 
clustering algorithm was first used to pre-process (or categorize) the students in order to obtain a prototypical group or in 
the words of Craig et al, an “ideal target fitness” [2] then a genetic algorithm is used to form groups whose fitness, come 
as close as possible to the “ideal target fitness”. However, the model is only applied to creating heterogeneous groups over 
one question. There exist other approaches to solving the group formation problem [27, 28, 29, 30] but in general, we see 
that they provide little or no support for simultaneously optimizing  both optimality and fairness of formed groups. Also, 
there is variance in support for question types, constraint types and metrics. 
 
Our proposed model not only supports a spanning set of question types, constraint types and metrics, but also follows an 
active approach to satisfying the optimality and the fairness objectives by using multiobjective evolutionary algorithm 
(MOEA) approach. This is the main contribution and novelty of this paper. 
 
4. Methodology 
 
Student groups formation models were studied in literature. Question and constraints types were identified and metric 
groups were defined. A spanning set of question and constraints types were selected. Metrics were identified and modified 
to form groups and partition metrics. The spanning set of questions/constraints and metrics were merged and Duplicate 
Elimination Non-Dominated Sorting Evolutionary Algorithm (Densea) [7] was applied to form a hybridized analytic tool 
for students’ groups formation Fig. 1 gives the process model and the conceptual diagram of the proposed hybridized 
analytic model. 
 
4.1. Model Implementation 
Four student groups’ formation models that are sufficiently described in literature were identified. These include: 
Groupformation.org [4], Diana [11], Team-maker [1] and Frog [2]. The different naming convention, the spanning set of 
their question types and constraints are explained in this section.  
 
4.1.1 Question Types 
The questions can be categorized as simple, 1-dimensional (1D), team preference (tp), and schedule (sch) questions. An 
example of a simple question is GPA since a student can have only one GPA. An example of a 1D question is “known 
programming languages” because a student may know more than one programming languages. Team preference is a 
matrix of team members’ preference for each other. Schedule is a specification of available time slots for each student 
each day. In addition, each question type was observed to be either ranked or unranked. Ranked Questions are those 
whose responses represent a rating e.g. GPA because the values of GPA represent how well or how bad a student is 
academically. Unranked Questions are those whose responses are simply for categorization, for example the gender 
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question may use 1 to represent male and 2 for female, or a list of programming languages known may have unique labels 
to identify each one, for example using 1 to N as labels for N different programming languages. Hence there are six(6) 
supported question types in all, although no one of the four models reviewed supports all: Ranked Simple questions (RS), 
Unranked Simple questions (US), Ranked 1D questions (R1D), Unranked 1D questions (U1D), Team preference (TP) and 
Schedule (SCH).  
Different naming conventions were used in the reviewed models, for example, Frog refers to RS and schedule questions as 
numeric and timetable attributes respectively. Team-maker refers to US as multiple choice. 
 

 
 

Fig.1: Conceptual Diagram of Hybridized Analytic Model for Student Groups Formation  
          
4.1.2 Constraints Types 
Constraints are weighted conditions defined by an instructor which groups must satisfy in order to perform optimally. 
Every constraint is defined over a question or a question’s response. After reviewing the four models, a spanning set of 
nine (9) constraints was observed for use in forming optimal groups, although the four(4) models support the constraints 
to varying degrees both in terms of how many they support and to which question types the constraints are applied. 
Homogeneity specifies that group members should have similar responses for a question; Heterogeneity specifies that 
group members should have dissimilar responses for a question; Not-alone (NA) specifies that group members having a 
certain pre-specified response-option for a question should not be the only one of its kind in a group, for example, saying 
females should not be alone, in which case the question is gender (or sex); Apportion specifies that groups should have 
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similar magnitude for a question. For example, over the GPA question, it could be specified that for any two groups, the 
total of GPAs of group members should be the same; One-in-common (OIC) specifies that students in a group should 
have at least one of the possible response-options of the question in common. For example, all students in a group should 
have knowledge of the same programming language (one or more) so that it’s easy to agree on a programming language 
to use in implementing their assignment as the case may be; At least t response-options covered (ALTRC) specifies that 
at least t of the possible response-options of the question should be represented in a group, for example, given the question 
“Programming language”, it could be specified that the cardinality of the set of programming languages, where each 
programming language is understood by one or more people (not necessarily different), should be at least t; At most t 
response-options covered (AMTRC) specifies that at most t of the possible response-options of the question should be 
represented in a group; At least t members covered (ALTMC) specifies that at least t members of a group should have a 
certain pre-specified response for the question, for example, saying there should be at least one person who knows how to 
program in Java; At most t members covered (AMTMC) specifies that at most t members of a group should have a 
certain pre-specified response for the question. Different naming conventions were used in the reviewed models, for 
example, Frog refers to NA as no-one-alone-in-bin-b, OIC as bin-in-common, ALTRC as at-least-t-bins-covered, 
AMTRC as at-most-t-bins-covered, ALTMC as at-least-t-members-in-bin-b, AMTMC as at-most-t-members-in-bin-b.  
 
4.2. Metrics     
We discuss two groups of metrics here: group based metrics and partition based metrics. Group based metrics indicate 
how well a group is formed with respect to the various specified constraints while partition based metrics specifies how 
well a partition is formed. All metrics are in 0 to 1. 
 
4.2.1 Group Based Metrics 
 
We adopted Frog’s metrics for computing NA constraint over US question, OIC constraint over U1D, ALTRC, AMTRC, 
ALTMC, AMTMC constraints over US question and U1D question, and cummulative fitness of group over all constraints. 
In this section, we present only those only those metrics that are unique to our model. Our unique metrics are a result of 
modifying/hibridizing existing ones in Groupformation.org [4], Diana [11], Team-maker [1] and Frog [2] or proposing 
new ones in the event where we didn’t find any existing one therein. We use keywords: “modified”, “hybridized”, and 
“new” to describe how we arrived at the metric.  
4.2.1.1 Modified Heterogenity Constraint over RS Question  
 

Frog uses equation (1). 
 

 

(1) [2] 

The authors noted that the scaling factor (the maximum pairwise distance) in equation  (1) is always larger than any 
average pairwise distance, hence the full range of [0, 1] is never covered. That been the case, it’s counter intuitive to 
expend computation time working out the  as a alternative value 
involving less computation can be used. 
 

HAM Metric 1 
In equation (2) we modify Frog’s metric by using a maximum pairwise distance that is independent of the actual students. 
Hence, we define the heterogeneity measure of group  over a ranked simple question  as the average pairwise distance 
between group members’ responses on question  scaled by the maximum pairwise distance possible. 
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(2)  

Where  is the size of group ,   is the response of a student  for question  and   and  are the maximum 
and minimum possible responses for question  respectively. 

4.2.1.2 Modified Apportion over RS Question  

 Frog uses   

 

(3) [2] 

As in equations (1), in equation (3),  to determine the maximum distance possible between class average and any group 
average, Computational time is required to pre-process the students to determine the maximum and minimum group 
average possible but this is not really necessary.  
HAM Metric 2 
We modify Frog’s metric but by using maximum and minimum group average values that are independent of the actual 
class. We define the apportion metric formally as follows: 

apportion measure of group  over a ranked simple question  as  
 

 

(4)  

 
Where  is class average over question   and defined as 
 

                                      Where  is the class size.  (5)  

   
and  is group average of group  over question  defined as 
 

 

(6)  

 
4.2.1.3. Modified Heterogenity Constraint over US Question  
Team-maker uses    

 

(7)  [1] 

(7) is not continuous because it would give the same level of heterogeneity for two groupings that are of clearly different 
levels of heterogeneity. For instance, AABBCC will be given the same fitness as AAAABC, whereas the former is 
arguably more heterogeneous. The authors of Frog makes similar comments about Team-maker’s metric. 
 
 
HAM Metric 3 
Our proposition here is same as equation (2). However, we note, as did Frog, that distance between each pair of possible 
responses for the question could be equidistant or the distance could be specified by the instructor. In any case we, use one 
(1) as the maximum pairwise distance.  
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4.2.1.4. Modified Homogeneity Constraint over U1D Question  
In Team-maker, they use an assumption that having only one student who chose a response option is the same as having 
no student who chose that option. Hence they do not address homogeneity in the general sense, where members of a 
group can be homogeneous in terms of the set of responses they choose or the set of responses they fail to choose.  

HAM Metric 4 
We note that the case where all students answer NO (or 0) to a response option (i.e. no student selects the option) is as 
homogeneous as the case where all students answer YES (or 1) to a response option (i.e. all students selects the option). 
The degree of homogeneity across a response option is the fraction of students in the group who gave the most popular 
answer to the response option. Equation (8) is our metric for homogeneity of group  over any unranked 1-D question  
 

 
(8)  

 
Where  is the answer (0 or 1) of a student  on the  option of question  
4.2.1.5. New Heterogeneity Constraint over R1D Question  
 
HAM Metric 5 
In equation (9) we compute the heterogeneity of group  over any ranked 1-D question   as the average pairwise distance 
between group members across every possible response option of the question scaled by the maximum possible pairwise 
distance 

 

(9)  

 

4.2.1.6. New Homogeneity Constraint over Team preference question 
HAM Metric 6 
In equation (10) we compute the homogeneity of group  over the team preference question as the average pairwise team 
preference between students 
 

 
(10)  

 
Where  is team preference of student   for student   and could be either zero for no preference or one for preference 
 
4.2.1.7. Hybrid Homogeneity Constraint over Schedule question  
Frog and Team-maker both assume that a desired number of common time slots between students should be defined.  
HAM Metric 7 
We favour Frog’s feature of allowing the metrics value to be improved if actual number of common slots exceed the 
desired.  On the other hand, we favor Team-maker’s feature of treating the availability of students on a slot in a binary 
manner, that is, a student is either available on the time slot or not, no in-betweens. Hence our metric is a modification of 
Frog’s using Team-maker’s. 
 

4.2.2 Partition Based Metrics  
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The primary measure of interest here is the measure of partition fitness. However, to define it, we first define a measure of 
partition fairness and a measure of partition optimality and then relate them to partition fitness. 
 
4.2.2.1. Partition Optimality 
HAM Metric 8 
In equation (11) we compute partition optimality as the average group fitness.  

 

(11)  

Where  is the size of the partition, that is, the number of groups in a partition 
 

4.2.2.2. Partition Fairness 

HAM Metric 9 
Measures the degree to which fitness of groups in a partition are similar to each other by computing the average pairwise 
distance between fitness of groups as in (12).  

 

(12)  

 
4.2.2.3. Partition Fitness 
Frog uses equation (11) to measure partition fitness as they acknowledge they had no metric that could measure partition 
fitness by simultaneously measuring both optimality and fairness. Solutions to Multi Objective optimization problems do 
not result in one solution but in a number of optimal solutions called a pareto front. A partition fitness measure is a way to 
break the tie. In our model, we chose a pareto optimal solution such that its optimality objective is most nearly as good as 
its fairness objective as shown in Fig. 2. 

 

Fig. 2:  Partition Fitness - Preferred option 

Although partition measures use the scale 0 to 1, for a given class, if it were possible to generate all possible groupings 
and evaluate their fitness, the highest possible optimality and fairness may be M1 and M2 respectively where M1 and M2 
are less than 1. So really, the actual range to use should be 0 to M1 and 0 to M2 rather than 0 to 1.. Since it’s difficult to 
know M1 and M2, it’s also difficult to know the true nearness of any two objectives, for example, in a scenario where 
optimality and fairness are computed as 0.5 respectively but perhaps their real values (if M1 and M2 are put into 
consideration) are 0.7 and 0.85 respectively. To overcome this difficulty, we simply chose a random solution from the 
pareto front. 
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4.3 Materials 
We ran the experiment on Windows 8.1,  64-bit Single Language operating system, x64-based Intel(R) Pentium (R) CPU 
N3510 @ 1.99GHz 1.99GHz, 4.00GB (3.90GB usable). Codes were written in Java programming language. For All 
MOEA needs, we used MOEA framework, “A Free and Open Source Java Framework for Multiobjective Optimization” 
[6] as it provides an enabling environment for using, implementing and testing optimization algorithms. As some metrics 
involve computing binomial coefficient, we used the Apache Commons Math Library [14].  
5. Research Observations 

In 4.2.2.3, we noted that in a pareto front, one solution has to be chosen based on a predetermined preference criterion. 
Our preference solution is one that is most centrally placed in the pareto front. A decision needed to be taken on which 
models to compare for the purpose of experimental analysis. Diana and Team-maker are good considerations, since they  
both consider fair and optimal group formation. However, we chose Team-maker for this comparison not only because, 
unlike Diana, it is not limited to a single constraint but also because it is based on the cumulative group fitness rather than 
with respect to one or more constraints. Although Team-maker supports only two generic constraints, homogeneity and 
heterogeneity constraints, its algorithm is intuitively generic and can be applied as is even when more constraint types are 
involved.  
 
Fig. 3 shows the workflow of the experiment conducted to answer that research question.     

 
 

Fig. 3: Work Flow for Experiment 
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5.1 Setup 
In the setup, our proposed model integrates Densea. For comparison, the internal integrity of Team-maker is maintained. 
Table 1 shows other experimental setup decisions.  

Table 1: Experiment Setup 

Parameters Choice Why 

Random Data[8] 

Number of Students (n) 12 

Running time of experiment is based on 
number of students and is О(nn!) and largely 
contributed during getting padding values for 
optimality and fairness.  

Questions 4 
(1 of each type) 

 

Constraints All 
Options 3 
Days 2 
Time slots/day 24 

Loop Size 20 
5.2 Get padding values 

A solution is preferred if it is centrally placed in the pareto front. How central a solution is, is determined by the difference 
between the two objectives: the lower the difference, the more preferred the solution is. However, since relative measures 
have been used, the only way to get an accurate difference is to first migrate the relative measures to their absolute. To 
achieve that we need to: 

run a brute force to get all the possible groupings 
determine the best values for each objectives 
For each objective 
      compute padding value as 1 – best value of objective 

 
5.3 Pad results 

(14) is used to migrate any relative objective measure to the corresponding absolute measure  

 
(14)  

6. Result and Discussion 
Table 2 shows the results of comparing HAM with Team-maker 
 
 

Table 2: Experiment Result 

Loop count Team-maker HAM Score 

1 49.0619 48.40512 0 

2 55.2733 53.69325 0 

3 48.6444 49.85119 1 
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Loop count Team-maker HAM Score 

4 51.32764 52.5209 1 

5 47.65812 46.76752 0 

6 55.15818 54.59105 0 

7 51.08665 49.14389 0 

8 51.02953 50.45385 0 

9 48.93962 48.98402 1 

10 54.03991 54.1071 1 

11 54.42057 54.76135 1 

12 51.60075 51.94444 1 

13 51.96164 53.43915 1 

14 51.10887 51.1828 1 

15 54.14078 53.93859 0 

16 51.05499 51.50954 1 

17 55.18546 54.90879 0 

18 51.68169 51.72761 1 

19 52.91338 53.0491 1 

20 49.67771 51.02742 1 

HAM Score 
count 12 

percent 60% 
 
Loop count indicates the current run of the experiment (20 in all). The next two columns gives the percentage centrality of 
the pareto optimal solutions produced by Team Maker and HAM respectively, the higher the better. The last column has a 
value of one if HAM is better for that run and zero otherwise. The results show that HAM produced better solutions more 
often than Team-maker since it came out better 12 out of the 20 times (60%). This is because HAM uses a multi-objective 
approach and maintains a population of solutions whereas Team-maker uses a single objective optimization approach and 
maintains only one solution. The result is significant putting into consideration the fact that the preferred solution from 
the pareto optimal population of solutions was selected using a random approach instead of an exact approach. We 
acknowledge that the experiment to establish the usefulness of HAM was carried out using only 12 students and for 20 
different data sets, because of the enormous run time of the experiment. 
 

7. Conclusion and Future work 
Many algorithms applied to the students’ group formation problem have not followed an active approach in optimality and 
fairness and have not supported a spanning set of question/constraint types and metrics. In this paper, a hybridized 
analytic model (HAM) which integrates new metrics and Duplicate Elimination Non-Dominated Sorting Evolutionary 
Algorithm (Densea) has been proposed. Our proposed model not only supports a spanning set of question types, constraint 
types and metrics, but also follows an active approach to satisfying the optimality and the fairness objectives. The 
proposed model was compared with Team-Maker. The comparative analysis shows that out of 100, HAM scored 60% 
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while Team-maker scored 40%, rating our proposed model as more efficient than Team-maker and therefore, it can be 
adopted for students’ group formation. 
 
Future work shall focus on using a heuristic to select the preferred solution from the pareto-front to investigate its effect 
on the efficacy of HAM.  
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