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Abstract

In this paper, we present a mathematical model for forming heterogeneous learning groups under
different teaching goals. This model requires a formulation which can effectively predict the
learning performance of cooperative learning groups. Therefore, we explore the correlations
between learning performance and various learner characteristics including learning motivation,
learning strategy use, learning styles and gender based on real-world data. By means of analyz-
ing learner data of 157 students in a cooperative learning course, learner attributes irrelevant to
cooperative learning performance are excluded from the formulation; this sharply decreases the
workload of group formation calculation. In future work, a tool will be implemented based on
the adjustable mathematical model and this tool will be used in daily teaching to evaluate its
effectiveness.

Keywords: Group formation; cooperative learning, heterogeneous, learning analytics.

1 Introduction

The potential benefits of learning through group collaboration, such as attitude improvement [1],
better understanding of knowledge through discussions [2][3], social skills development [4], and
so on, have been well documented in the academic literature. For designing a collaborating
learning scenario, group formation is a critical process. The traditional group formation strate-
gies that cause little effort of instructor are random [5] and self-organized [6]. However, those
strategies cannot guarantee all the groups achieve expected learning goals. Especially when a
group does not have any learner with required skill, knowledge, or motivation addressing the
task, it is difficult to generate meaningful interaction among peers and often lead to poor group
outcomes. On the other hand, in a well-structured learning group, through meaningful interaction
learners can share their idea and develop new requisite skill spontaneously and collaboratively
[7] [8] [9]. Therefore, to enable meaningful interactions among group members and promote
effective collaborative learning activities in all the groups, group formation by considering var-
ious learner attributes in the class is a fundamental and essential step.

Previous researches [5] [7] [8] [9] [10] [11] [12] [13] have studied group formation problem
from both theoretical and practical point of views. There are at least three issues when one tries

* Kyushu University, Fukuoka, Japan



22

J. Wang, K. Kojima

to find appropriate grouping strategy with consideration of learner attributes. First, it should be
determined which learner attributes is relevance to the accomplishment of the learning goals.
The selection of learner attributes depends on purpose and tasks of collaborative learning. It
should be noted that although variety of members’ attributes affect group performance, it is not
clear that which kind of composition of learner attributes can maximize group performance. This
leads to the second issue -- the definition of goodness of formed groups in a class.

Typical definition of the goodness of a group relates to heterogeneity or homogeneity of at-
tributes of group members. Studies propose strategies with the main goal of obtaining homo-
geneous groups [14], insist on the hypothesis that group members can generate meaningful in-
teraction if their attributes locate in the same or similar level; studies propose strategies with the
main goal of obtaining heterogeneous groups [10] [15], insist on the hypothesis that individual
differences inside a group encourage better meaningful interaction. Homogeneous grouping
supporters claims that lower ability members benefit from the respect in a homogeneous group
instead of having the high possibility of being isolated from advanced peers in a heterogeneous
group [16], and learners construct their behavior model better after interacting with similar abil-
ity learner who shows great learning performance [14]. Moreover, compared to homogeneous
groups, there could be more serious conflict in heterogeneous groups because of critical indi-
vidual differences [17]. On the other hand, heterogeneous grouping supporters point that ho-
mogeneous grouping damages not only low-ability learners due to their exposure to lowered
expectations and reduced resources [18], but also high-ability learners who are usually the af-
fluent children due to no opportunity to learn the virtues of assisting others [19]. They claim that
peer interactions among diverse learners enable them to gain the development of social compe-
tence [20] and produce more outcomes by assisting others to overcome cognitive obstacles [21]
[22] [23]. However, the relation between goodness of a group and attributes of group members is
complex and task-depended.

Even after determining hypothesis on goodness of a group, finding good grouping candidates,
is still quite difficult since numbers of possible grouping candidates increase as factorial. This is
the last but no least issue of group formation, which involves not only goodness of each group
but goodness of all the groups inside a class. For solving this NP-hard problem, several studies
have proposed to find optimal grouping solutions using heuristic approaches [7] [8] [9] [10] [11].
To evade low-performance groups, Moreno et.al propose genetic algorithm grouping strategy for
achieving inter-homogeneous groups and intra-heterogeneous members in each group [8]. For
instances, for collaborative programming tasks which consider programming skill and
knowledge as relevant learner attributes, intra-heterogeneous standard means that the goodness
of a group is increased when heterogeneity of skills and knowledge are increased in a group.
Furthermore, inter-homogeneous standard means that the goodness of grouping is increased
when variance of goodness of groups in a class is decreased. Even though, large number of at-
tributes still causes a heavy workload for finding optimal grouping solution. Without any re-
al-world data analytics support, the effectiveness of grouping approach can decrease by taking
irrelevant learner attributes into account. Moreover, in real-world situations, the measurement for
learner characteristics has limit accuracy and the calculation is time-consuming also especially
while dealing with a large number of students. All of those required the examination of the rela-
tion between the learner attributes and group performance.

In order to develop students’ collaborative and communication skills, since 2014 Kyushu
university of Japan requires all the first-year undergraduate students to take a one-year course
call “Interdisciplinary Collaborative Learning of Social Issues”. One unit of this curriculum
requires three professors to form one team and come up with one topic which consists of 3
subtopics. In 2016, 18 topics were provided in the first semester and another 18 topics in the
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second semester for around 2900 freshman of various majors. Students can choose their inter-
ested topics at the beginning of each semester, but each topic only can be chosen by around 160
students. After deciding the topic, every 4 weeks (3 hours per week), one subclass of around 50
students will be divided into small groups and then those groups will complete tasks towards one
subtopic guided by one professor with the support of learning management system Moodle
(e-book and e-portfolio systems are also used by some professors) until they complete all the
tasks of three subtopics.

In this course, how to decide grouping of students to maximize the learning performance is
always one of the tough and complicated issues of professors. Since the instructors need to de-
cide the grouping at the first week of this course, it is difficult to find the optimal solution in this
limited time, therefore, in practice, instructors usually adopt a random-assignment strategy
(provided by Moodle) to form learning group or ask students to form groups by themselves.
Those situations sometimes lead to some poorly-constructed groups that demotivate group
members and cause their resistance to group work or hinder the learning process.

In fact, using Moodle system, not only individual reports and group assignments can be easily
collected for marking, but also various questionnaires can be distributed for collecting the data
related to learner characteristics. Those educational big data recorded in Moodle enable us to
explore grouping approaches with the support of data analysis. In this paper, we intend to discuss
the group formation problem by analyzing the group composition of learning characteristics
(including learning motivation, learning strategy use, learning style and gender) and exploring
their relations with learning performances (including individual report, individual presentation,
and group assignment scores). The data for analysis in this paper involve the learner data of 157
students who completed the tasks of one subtopic called “learning space design” (belonged to
topic “space” which includes 3 subtopics of “learning space design”, “psychology space inves-
tigation” and “living space design”) for 4 weeks. As shown in Figure 1, the previous strategies
that decide group formation directly based on the heterogeneity or/and homogeneity of attributes
of group members; in contrast, at first, we reveal the relation between learner attributes and
group performance by learning analytics, and then use the formula suggested by the learner data
to decide the grouping candidates.

Relevant learner attributes
Hypothesis:

/prior knowledge
heterogeneity

Previous strategies or/and
learning style homogeneity @

| formulation /

learning motivation

\ .

Performance prediction (ljJ.se d
iscovere
Our strategy by formula Group: parfonmencs formula
( find relevant attributes and formula
based on LA)

Figure 1: Our strategy contrast to previous ones
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The remainder of this paper is structured as follows: Section 2 introduces the tools for meas-
uring learner characteristics in this research; Section 3 discusses the correlation between the
leaner characteristics and learner performances and identifies those who related to learner per-
formances; Section 4 presents an approach to predict group performance by analyzing those
relevance attributes; finally, the conclusion and the direction of the further work are provided in
Section 5.

2 Measurement Techniques for Learner Characteristics

Since the goal of the target course is the development of collaborative and communication skills
through the completion of the “learning space design” task, learning motivation, learning strat-
egy use, learning style and gender are the relevant learning attributes need to be measured.

2.1 Learning Motivation and Learning Strategy Questionnaire

Learning motivation is the internal drive that enables a learner to strive to study and get new
skills. If a learner can find a way or ways to keep himself motivated, he may expend more effort
on the leaning activity and have more possibility to carry out his actions to the best of his abili-
ties. In this study, we use the motivation questionnaire written in Japanese included 27 items
designed based on the measure tools of Pintrich et al. [24] with some modifications. The items
related to test anxiety in the original version were not included in this questionnaire since the
target course does not have any test. Students were instructed to respond to each item on a
7-point scale (1-3: strongly to slightly disagree, 4: neither agree nor disagree, 5-7: slightly to
strongly agree) at the third week. A factor analysis was performed on all the collected 157 re-
sponses towards the 27 items. On the basis of the results, four scales were constructed: perceived
self-efficacy (7 items, =0.886), perceived intrinsic value (6 items, =0.902), use of retrieval
strategy for the course tasks (6 items, =0.802), use of knowledge assimilation strategy and effort
management strategy (5 items, =0.795), accounting for 60.2% of the total variance. Two items
were excluded from the scales because of a lack of correlation. In all the calculations of this
paper, the mean of the items in a scale will be used to represent the ranking of that scale.

The scale of self-efficacy was constructed by the responses to the following 7 items. The
numbers in front of the item descriptions reflect the items’ actual position on the questionnaire.
Self-Efficacy refers to students’ beliefs that they are able to perform the task [24].

1. Compared to other students in this class, I think I learn quiet well.

5. I think I do well in this class.

7. Compared with others in this class, I think I am a good student

9. I am sure I can do an excellent job on the problem and tasks assigned for this class

11. I think I receive a good grade in this class.

14. My studly skills are excellent compared with others in this class.

17. Compared with other students in this class I think I know a great deal about the subject.

The scale of the perceived intrinsic value of the course was constructed by the responses to the
following 6 items. Perceived intrinsic value refers to student’s goal for the task and their beliefs
about the value and interest of the task [24].

4. It is important for me to learn what is being taught in this class.

6. I like what I am learning in this class.

8. I think I will able to use what I learn in this class in other classes

15. I think that what I am learning in this class is useful for me.

18. I think what we are learning in this class in interesting.
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20. Understanding this subject is important to me.

The scale of use of knowledge retrieval strategy related to the course tasks was constructed by
the responses to the following 6 items. Knowledge retrieval strategy in this paper refers to the
strategy used for retrieving the knowledge from the brain.

10. Although it will be tough, I would choose the topic that I can learn something from.

12. Even I got a low score on a report, I will try to learn from my mistakes.

13. When I do a task, for submitting a good report, I normally try to recall what the professor

said in the class.

19. I'will try to figure what the teacher is saying even I do not understand at the beginning.

21. When studying, I copy my notes over for remember what is taught.

23. TLused what I learned from my previous homework assignments to do the new assignments.

The scale of use of knowledge assimilation strategy and effort management strategy was
constructed by the responses to the following 5 items. Knowledge assimilation strategy in this
paper refers to the strategy such as planning (item 24), summarizing (item 25), paraphrasing
(item 16) and comparing with related things (item 27) to promote the knowledge assimilation.
Effort management strategy refers to students’ persistence at on difficult or boring tasks (item
26).

16. When I study, I put important idea or items into my own word.

24. Before I start my assignments, I will investigate the necessary things

25. When I am studying a topic, I will try to understand by making all the contents together

26. If I don't like what is taught in the class, I will still work hard to get a good grade.

27. When reading a material, I try to connect the things I am reading about what I already

know.
Table 1: The correlation among perceived motivation and beliefs and the use of learning
strategies
Variables 1 2 3 4
1. Self-efficacy -
2. Intrinsic value 0.512%** -
3. Retrieval strategy 0.448** 0.565%* -

4. Assimilation and effort 0.461** 0.541%* 0.666** -
management strategy
Mean 4.03 4.75 4.91 4.95
SD 1.00 1.11 0.84 0.89
**p<.01, N=157

Table 1 displays the result of the correlation analysis among perceived motivation beliefs and
the use of learning strategies. The result suggests higher level of retrieval strategy use were
correlated with higher level of self-efficacy (r = 0.448) and intrinsic value (r = 0.565); higher
level of assimilation and effort management strategy use were correlated with higher level of
self-efficacy (r = 0.461) and intrinsic value (r = 0.541).

2.2 Learning Style Model

There are over 70 learning style models in the literature [25]. Different models are used by var-
ious studies to classify learners into supposedly distinct groups or to assign learners graded
scores on single or multiple dimensions [26]. In this study, we focus on the widely-adopted
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Felder-Silverman learning style model (FSLSM) which carefully formulates the active-reflective
differences that are related to the cooperative learning.

Four dimensions of learning style are defined in FSLSM: Active/Reflective, Sens-
ing/Intuiting, Visual/Verbal, and Sequential/Global. The first dimension is about information
processing: learners of active scale tend to understand the knowledge through active trial, dis-
cussion or by explaining it to others while learners of reflective scale tend to observe reflectively.
The second dimension involves information perception: learners of sensing scale prefer to per-
ceive data by the senses while learners of intuiting scale prefer by accessing memories or in-
sights. The third dimension refers to information reception: visual learners prefer that infor-
mation is presented by diagrams, flow charts, pictures or films rather than in written words,
which is preferred by verbal learners. The last dimension involves information understanding:
sequential learners gain understanding in logically linear steps while global learners need the big
picture of a subject before mastering details. It is worthy to notice that "these four dimensions
have not been shown to be fully independent” [27].

In this study, to assess the cognitive styles of the participants, we use a questionnaire written in
Japanese, translated from the Index of Learning Styles (ILS) of 44 questions in the class of the
second week. The ILS is the instrument designed based on FSLSM and its current version was
suggested to be reliable, valid and suitable for capturing learners’ behavioral tendencies [28]
[29]. According to Felder and Spurlin [28], each learning style dimension has associated with 11
force-choice items, with each option (a or b) corresponding to one or the other category of the
dimension (such as active or reflective). Based on the analysis result, the internal reliability
performed on the (a) items in each scale for all 157 valid ILS questionnaires is as followed. Ac-
tive/Reflective: 0.520; Sensing/Intuiting: 0.501; Visual/Verbal: 0.534; Sequential/Global: 0.403.
As it is found in many previous researches [29] [30] [31] [32], the weakest reliability was found
in Sequential/Global scale. Except Sequential/Global scale, the rest of other scales’ resulting
coefficients meet acceptable limits (higher than 0.5) as suggested by Tuckman [33]. The further
investigation shows there were 5 out of 11 items in this scale which were not accurate enough
due to improper translation form English to Japanese. We fixed these improper translations for
the next semester and in future work the new Japanese version of ILS will be used to replace the
older one.

3 Analysis on Learning Performance

At the first week of the target course, 5 or 6 students were assigned into a group and required to
work together on open-end tasks since then. At the first three weeks, each group was required to
submit a report through the Moodle system immediately after the class (in total 3 reports, with
perfect scores of 5, 10, and 40, respectively). At the beginning of the forth week, every student
had to evaluate the contribution of their peers in the same group to the group work towards 5
items on a 7-point scale. Therefore, each group member had an individual contribution factor
(ICF). For a group of learners {P1, P, ..., P}, ICFy=N X X" GS;;/ X" X7 GSy; (i # ),
where GS;j represent the score that the leaner P; received from another learner P;. Individual
Score for group report was calculated by ICF x (sum of group report scores). At the final week,
students were assigned to a Jigsaw group [34] and each of them had to make a presentation about
their third report for students in other groups. Figure 2 shows an example of a class of 50 students
which at the first week is divided into 10 working groups. Then after 3 weeks of cooperative
work each member from these 10 groups is assigned into a Jigsaw presentation group to explain
their works to member from other groups. After the presentation, each student received the
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evaluation (with a perfect score of 40) from the audiences. The individual presentation score was
the mean score given by the audiences. Finally, every student had to make a report (with a perfect
score of 5) about this presentation event to describe what they learned from other presenters and
how can they improve their own group design. In summary, each student had three individual
performance indexes: one for the contribution in group work, another for the presentation, and
the other for final report. Two major research questions are discussed based on the analysis of
learner data involving these three indexes.

Presentation Group 1

L®_0_© e & 0 _o o o O,
PG2 © @ [ ® © o o <C
PG3 @ o s e © o o
PG4 © @ © ® ©® o o
PG5 ©@ @ © , ® © o o

Group1 G2 G3 G4 G5 G6 G7 G8 G9 G10
Figure 2: A group distribution example of a class with 50 students
3.1 Direct Factors of Individual Performance

The first research question concerns how the learner attributes (including the motivation and
learning strategy scales, and learning style scales) were related to individual performance in the
cooperative course. Table 2 displays the result of the correlation analysis among the rankings of
motivation, learning strategy variables, learning styles, and the individual performance.

Table 2: The correlation among learner attributes and individual performance

Performance Score for group work  Presentation Report
Mean 44.94 32.03 3.88
Attributes
SD 8.41 2.63 0.93
Self-efficacy 0.226%** 0.254** 0.131
Belief
Intrinsic value 0.247** 0.128 -0.015
Retrieval strategy ~ 0.114 0.053 0.099
Learning strategy ~ Assimilation and
effort management 0.200%** 0.069 0.119
strategy
Active 0.064 0.247%* -0.088
) Sensing 0.041 0.007 0.271%*
Learning styles
Visual -0.025 0.116 0.000
Sequential -0.03 -0.003 0.113

#*p< 01, N=157.
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Although the three performance measures were not significantly correlated with each other
(presentation score and score for group work: r=0.131, presentation score and report score:
=0.037), the score for group work and presentation score are slightly correlated (r=0.155,
p=0.056). The discussion about which factors directly affect these three performances are as
follows.

(1) As shown in Table 2, higher individual score for group work were associated with higher
levels of perceived self-efficacy, intrinsic value and the use of assimilation strategy and effort
management. A regression analysis (R = 0.247) reveals that individual score for group work
were directly positively related to perceived intrinsic value only. This suggests that the higher
intrinsic value of the course a learner perceived, the better performance she/he had in group
work.

(2) Higher individual presentation score was only associated with higher levels of
self-efficacy and higher level of active learning style. Regression analysis of individual presen-
tation (R = 0.324) reveals that individual presentation score was directly positively related to
both self-efficacy and active dimension of learning style. This suggests that the higher
self-efficacy a learner perceived, the better performance she/he may get in the presentation task
and the stronger active preferences identified by ILS a learner had, the better performance she/he
may had in the presentation task.

(3) Higher individual report score was only associated with higher level of sensing learning
style. This suggests that the stronger sensing preferences identified by ILS a learner had, the
better performance she/he may had in the task which requiring describing what she/he learn from
other presenters and how to improve her/his own group work.

3.2 Gender Differences in Learning Performance

The second research question concerns if the gender differences affected the learning individual
performance in the cooperative course. Table 3 displays the t-test results of the learning perfor-
mance of the male and female students. There were significant gender differences in the indi-
vidual score for group work and in the score of individual report, but no in the presentation score.
This suggests that compared to male students, the female students may have a better performance
on group work and on assignments that require reflection although they do not differ on the
presentation performance.

Table 3: The ANOVA result of gender differences in individual learning performance
Gender N Mean SD Levene’s Test  ANOVA

Score for male 101 43.95 8.97 sig=0.278 F=4.093*
group work female 56 46.75 6.99 Sig=0.045
Presentation male 98 31.89 2.81 sig=0.187 F=0.701
female 55 32.27 2.26 Sig=0.404
report male 98 376 0.93 sig=0.938 F=4.662*
female 55 4.09 0091 Sig=0.032
*p<.05
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4 Predict Group Performance and its Application to the Group
Formation Problem

4.1 Formulations for Predicting Group Performance

In literature, the goodness of group formation is normally defined based on the heterogeneity or
homogeneity of group members’ attributes [10] [14] [15]. Davidson [35] claims when a task
requires the group members to working on a specific skill, procedure or set of facts, homoge-
neous groups can enable instructors to address the problems of learners according to their ability
level; when a task requires the group members to working on open-ended problems and learn
how to communicate, heterogeneous groups can encourage learners with different abilities to
contribute for potential solutions without caring about their ability because of the exiting of more
than one correct answer. Since the tasks given in the target course in this study are open-ended
problems and the goal of target course is encouraging the development of communication skill,
the relation between group performance and the heterogeneity of group members’ attributes is
examined.

To obtain heterogeneous groups, Graf and Bekele [10] had proposed a math model consid-
ering the mean, minimum and maximum of all the learner attributes as group variables. In this
paper we propose to only take into account the learner attributes, which directly related to
learning performances according to the learning analysis results, for the further calculation of
group variables. Since the group formation approach considering too many learners attributes
will drastically increase computation time, making use of learning analytic technique, the at-
tributes, which directly related to learning performance, could be identified; analysis results can
exclude uncorrelated attributes and reduce the amount of the attributes in the calculation of
grouping formation. In other word, if the scores of each group could be predicted based on some
attributes of the group members, in practical the group learning performance could be enhanced
by adjusting the grouping.

According to Table 2, perceived self-efficacy, intrinsic value, the use of assimilation strategy
and effort management, and the levels of active and sensing learning styles, these five learner
attributes should be use for further group variables calculation due to their significant correlation
with learning performance. Table 4 shows the correlation between those group variables and
group performance (5 or 6 students per groups, 28 group in total). The use of retrieval strategy,
visual and sequential learning styles are not considered here for the calculation of group variables
since these three attributes were uncorrelated with any individual learning performance in this
cooperative course as described in Table2.

Table 4: The Pearson correlation between group variables and group performance

Self-Efficacy Intrinsic Assimilation and Active Sensing
Value effort management
M 0.147 0.585** 0.322 0.100 0.009
Min  0.632** 0.406** 0.118 -0.007 0.043
Max  0.490** 0.531** 0.312 0.365 0.239

**p< .01 and N=28.
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Assumed the amount of each class is N and learners {Li, L»,..., Lx} are supposed to be dis-
tributed into M groups Gi, Go,..., Gu, then the member amount of each group K=N/M. Ac-
cording to conclusion of the second research question, female students had significantly better
learning performance in group working. The percentage of female member in a group is also
considered. In summary, the percentage of female member and the 15 group variables in Table 4
are considered in a regression analysis on group performances (the sum of group total report
scores).

The stepwise regression result (R=0.824, R square=0.679, Adjusted R square=0.623) suggests
the following formulation for prediction of the group performance (the predicted scores of group
Giis S (Gi)):

S(Gi)=12.079 + 4.284Min(Self-Efficacy[Gi]) + 8.023M(IntrinsicValue[Gi]) -
3.384Min(AssimilationStrategy[Gi]) - 1.406Min(Active[Gi]) (1)

where M (A[Gi]), Min (A[Gi]), and Max (A[Gi]) represent the mean, minimum, and maximum
values of the attribute A for group Gi.

By contrast, the backward regression result (R=0.893, R square=0.798, Adjusted R
square=0.727) suggests the following formulation for prediction of the group performance:

S(Gi)=-23.502 + 3.952Min(Self-Efficacy[Gi])+ 2.677Min(IntrinsicValue [Gi])
+3.094Max(IntrinsicValue[Gi]) + 10.744M(AssimilationStrategy[Gi]) —
3.384Min(AssimilationStrategy[Gi]) — 2.240Min(Active[Gi]) + 1.650Max(Sensing[Gi])

)

Although there may be other factors that affect the group performance, the regression model
suggested by formula 1, can be used to explain 62.3% of the observed group performance data;
while the regression model suggested by formula 2, can be used to explain 72.7% of the ob-
served group performance data. Formula 1 and formula 2 both involve three group variables:
Min(Self-Efficacy[Gi]) and Min(AssimilationStrategy[G;]) and Min(Active[Gi]). Formula 2
with higher R value requires the calculation on 5 attributes of group members (7 variables in
total); besides the 4 attributes (self-efficacy, intrinsic value assimilation strategy and effort
management strategy, and active learning style) of group members required in the calculation of
formula 1 (4 variables in total), each group member’s learning style indicator in sensing dimen-
sion is also required in formula 2.

In future, more analysis will be conducted on learner data for other subtopic of this course to
explore the robustness of these two formulas. Finally, the one with higher robustness will be
determined for the model presented next. No matter which formula is determined, requiring the
calculation on 4 or 5 learner attributes, sharply decreases the workload compared to considering
all the 8 attributes described in table 2.

4.2 An Adjustable Model to Find Optimum Solution of Group Formation

As discussed in the introduction, when multiple attributes of learners are considered, identifying
good ones among vast grouping candidates generally becomes complicated. This group for-
mation problem is often regarded as an optimization problem with discrete variables. Typical
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approach is exploring the optimum of the grouping solution through maximization of an objec-
tive function that measures the goodness of a group formation [7] [8] [9] [10] [11]. Along this
approach, in our study, we can construct the objective function in response to teaching strategies
by using the prediction formula for group performance as follows.

(1) If the teaching goal is to pursuit maximizing the average value of all the groups’ score, then
Smean =Zi S(Gi)/M is regarded as the objective function of the group formation. The optimum
solution of the group formation could be done if the grouping whose attributes maximize of
Smean can be found.

(2) If the teaching goal is to pursuit the homogeneous of all the groups’ scores, then
Svar=Zi(S(Gi)- Smean)2/M is suitable for the objective function of the group formation. The opti-
mum solution of group formation could be done if the grouping whose attributes minimize Svris
found.

(3) If the teaching goal is to pursuit both the average value maximization and the homoge-
neous of all the groups’ scores, then the objective function can be considered as the following
mixed type function:

mlxzcl* Smean' 02 * SVar.

Here c1 and c2 are positive coefficients, which should be set as suitable values. The optimum
solution of the group formation could be done if the grouping whose attributes maximize Smix
can be found.

The next step of the study is to develop a tool that implements an adjustable mathematical
model, which allow the instructor to determine one of the teaching strategies mentioned above. A
series of experiment will be conducted to compare the model under three proposed teaching
strategies using real-world data. The performance effectiveness and robustness are expected to
be evaluated.

5 Conclusion

In this paper, based on the analysis of learner characteristics measured in the real-world, the
prediction of group performance for the group formation is formulated. Firstly, it is found that
perceived self-efficacy, intrinsic value, the use of assimilation strategy and effort management,
and the levels of active and sensing learning styles, these five learner attributes are related to the
individual performances in the cooperative course. Secondly, the results of further (stepwise and
backward) regression analysis on group learning performance suggest two formulas for pre-
dicting the group performance. Further analysis work on learner data collected from other topics
of this course will be conducted to explore the robustness of these two formulas for predicting
group performance. Finally, using the prediction formula with better robustness, we present
mathematical models for forming groups of learners under different teaching strategies. To sum
up, for the evaluation of the goodness of a group formation, the objective function adopts the
formulation suggested by real-world data analysis results to predict the group scores.

The limitation of this study is that the analyses only focus on the relation between group
performance and four aspects of member attributes (learning motivation, learning strategy,
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learning style and gender) due to the specific goal of the target course which requires group
members working on open-end problem-solving tasks. Although the Adjusted R-squared of the
formulas 1 and 2 suggests that the majority of the group performance variance (more than 60%)
can be predicted. However, human learning behaviors are complicated, and these may be other
factors that affect the group performance. Further learner data should be collected and analyzed
to explore the robustness of these two formulas.

In the future, we will implement a tool based on an adjustable mathematical model to support
daily teaching of “Interdisciplinary collaborative learning of Social Issues” course. One input of
this tool is the learner characteristics (learning motivation, learning strategy and learning style)
data which should be collected before the grouping. Another input of the tool is the teaching
strategy (pursuit maximizing the average value of all the groups’ score, pursuit the homogeneous
of all the groups’ scores, or pursuit both the average value maximization and the homogeneous of
all the groups’ scores) which needs to be determined by the instructor. With these two inputs, the
tool making use of the formula predicted by this study, will automatically suggest the grouping
candidates to maximize the learning outcome in response to the teaching strategy. A series of
experiments will be conducted to study the effectiveness of this tool.
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