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Motivating students in collaborative activities 
with game-theoretic group recommendations  

Zacharoula Papamitsiou and Anastasios A. Economides 

Abstract— Recommending educational resources to groups of students is a common task in collaborative learning contexts. 
However, differences in within-group motivational factors, might lead to conflicts in students’ intention to use the resources. 
Previous methods fail to achieve high goodness of recommendation for the majority of students in heterogeneous groups. This 
study demonstrates a game-theoretic solution for recommending educational resources to homogeneous and heterogeneous 
groups. The group members are the players, the resources comprise the set of possible actions, and selecting those items that 
will maximize all students’ motivation in the collaborative activity is a problem of finding the Nash Equilibrium. In case the Nash 
Equilibrium is Pareto efficient, none of the players can get more payoff (motivation) without decreasing the payoff of any other 
player, indicating an optimal benefit for the group as a whole. The suggested approach was empirically evaluated in a controlled 
experiment with a real dataset. The relevance of each delivered item to its corresponding students was explored both from the 
perspective of the group and its the individual students. The accuracy of the predicted group/individual motivation, the goodness 
of the ranked list of recommendations, and the problem-solving performance for the treatment group were significantly higher 
compared to the control groups. Limitations of the approach, as well as future work plans conclude the paper.  

Index Terms— Collaborative learning, game-theory, group recommendation, motivation, non-cooperative games 
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1 INTRODUCTION
ECOMMENDING educational resources to groups of 
students instead of individuals is a common practice 

in collaborative learning contexts. However, delivering 
those resources that will prompt all students’ thinking 
and learning, motivate all group members to actively en-
gage in the collaborative activity and accomplish their 
learning needs, is a non-trivial task [1], [2]. The reason 
behind this claim is that students in a group may not be 
fulfilled by the same items, yet wish to meet their own 
learning goals, making it difficult for the group to reach a 
consensus regarding the consistency between the ex-
pected gain from the resources and the actual experience, 
as well as their intention to use the resources. When stu-
dents participate in groups, each student is influenced by 
the perceptions, decisions and choices of the other stu-
dents, and they all together try to agree upon what is con-
sidered as useful, helpful, and whether it facilitates the 
activity’s requirements and their own learning objectives.  

The problem this study addresses is how to optimally 
recommend educational resources to groups of students 
with respect to each individual member’s motivation and 
intention to use the recommendation.  

Inspired from [3], we argue that Game Theory could ef-
ficiently solve “conflicts of interest” between the group 
members [4] and guide the recommendation of educa-
tional resources. In the collaborative learning context, 

“conflict of interest” occurs when individual perceptions 
about the value of educational resources on self-
determined learning goals (i.e., personal benefits) is po-
tentially competing to the benefits of the other group 
members. It implies the diversity in group members’ self-
motivated considerations regarding the usefulness of the 
resources, as well as in their behavioral intention to final-
ly use the resources.  

Game theory is “a study of mathematical models of 
conflict and cooperation between intelligent rational 
decision-makers (players)” [5]. This study demonstrates a 
method for recommending educational resources to 
groups of students based on non-cooperative games. Non-
cooperative is a technical term and not an assessment of the 
degree of cooperation among players in the game; a non-
cooperative game can model cooperation, focusing on 
predicting individual players’ actions and payoffs, but the 
players make self-enforced decisions independently [4].  

The remainder of the paper is organized as follows. 
Section 2 briefly reviews existing methods for group 
recommendations, highlighting the need for additional 
research in the educational domain. Section 3 formulates 
the problem of recommendation of educational resources 
to groups of students as a non-cooperative game. Section 
4 explains the experimental methodology for the evalua-
tion of the suggested approach, and section 5 demon-
strates the empirical results. Section 6 elaborates on the 
findings and section 7 outlines the contributions and 
limitations, and concludes the paper. 
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2 RELATED WORK, MOTIVATION OF THE 
RESEARCH AND RESEARCH QUESTION 

Recommender systems (RSs) are programs that search in 
collections of items (e.g. products, services or people) and 
target at suggesting to their users those items that will 
best satisfy their preferences, by inferring the users’ po-
tential interest in the items [6]; the decision is driven by 
the collected and analyzed information about the items, 
the users and the user-item interactions [7]. The level of 
relevance of an item to a user is usually expressed by the 
degree of user’s appreciation on it, i.e., a rating. Literature 
on the topic is rich [7]–[9].  Prevalent approaches include 
information filtering systems [63], collaborative filtering 
[10], content-based [11] and knowledge-based [12] tech-
niques. Due to drawbacks and limitations of these tech-
niques (e.g., prediction accuracy, data sparsity, cold-start 
issues), more sophisticated approaches have been pro-
posed, e.g., fuzzy-logic based [13], social network-based 
[14] and context aware RSs [15]. 

 

2.1 Group recommender systems  
In many cases, in different application domains, the 

users have to carry out an activity together, as a group, 
resulting in a rapid increase of RSs that cope with the 
challenge of addressing recommendations for groups of 
users instead of individuals. In these cases, the goal is to 
recommend items that would meet all users’ preferences 
as much as possible [15], [58]. However, recommending to 
groups is more complex than recommending to 
individuals [2]; group members usually do not have the 
same preferences and interests, making it difficult to 
reach an agreement between them and satisfy them all. 
Dissimilarities among users are apparent in group 
recommenders [16], and as a result, how the group 
members’ disagreements on the same items are bridged, 
is critical for the effectiveness of group recommendations 
[17].  
Ιn order to address issues of disagreement between the 

group members, the researchers from the group RSs do-
main adopted the semantics originating from theories 
that consider social groups, such as Planned Behavior 
Theory [61], Social Learning Theory [62] and the Social 
Choice Theory [18], [19]. Methods like popularity voting, 
most respected person, least misery, most pleasure and 
average [2] have been applied to the decision making 
process to solve conflicting ratings of preferences and to 
establish an automatic way of how a group of people can 
reach to consensus [20]. For example, MusicFX, a group 
RS for selecting a music station, uses a variant of the 
average without misery strategy for group profile 
aggregation [21]. INTRIGUE, a hybrid system for 
sightseeing destination recommendation to tourists, takes 
into account sub-groups’ characteristics and aggregates 
the sub-group recommendations according to the created  
models [22]. PolyLens recommends movies to groups by 
fusing recommendations using the least misery criterion 
[23], whereas HappyMovie uses the individuals’ “social 
trust” and personality in an average profile strategy [24]. 
Other works focus on integrating the social, expertise and 
preference dissimilarity in the recommendation process 

[25]. For a systematic review, see [26]. 
In the educational group RSs research field, and, 

although still rather sparse, the prevalent approaches 
include: (a) merging individual preferences in a pseudo 
group profile according to an aggregation strategy, prior 
to generating the recommendation (e.g., [27], [28]), (b) 
constructing groups with high inner member similarity 
(homogeneous) and recommending resources from a 
merged list of recommendations, generated for each 
group member individually (e.g., [29], [30]), or (c) 
evaluating aggregation methods and applying 
classification on meta-data, including the prior evaluation 
results and a set of learners’ characteristics [31]. In these 
approaches, the consensus functions aggregate the group 
members’ personalities, interests, and learning styles. 

 

2.2 Motivation of the research - research questions 
However, in these methods, four common types of draw-
backs are related to: (a) the group inner similarity, (b) the 
aggregation strategies, (c) the number of recommended 
resources, and (d) the individual members’ conformity 
degree, i.e., the adjustment of one’s opinion towards the 
majority seeking for approval [32]. Regarding the first 
drawback type, homogeneous groups is an unwanted 
restriction, since homogeneity in group synthesis is not 
always possible to achieve. Moreover, heterogeneity in 
groups is considered as more beneficial for learners in 
collaborative learning contexts [33], [34]. In addition, 
studies in cognitive psychology state that in processes 
that concern judgements (like decision making in a group 
recommendation process), both concepts of similarity and 
dissimilarity share equal importance [35], [36]. Further-
more, the existing methods fail to achieve high quality 
performance and goodness of recommendation for the 
majority of students in heterogeneous groups [26], [37]. 
Regarding the second drawback type, not all aggregation 
strategies work efficiently in all cases [31], whereas evalu-
ating the aggregation strategies prior to applying one of 
them is time consuming (if not raising a fairness issue in 
recommendation). Regarding the third drawback type, 
existing methods recommend only one item at a time, 
though it is very likely that students want to access mul-
tiple learning resources. In this case, they would be more 
pleased with a sequence of suggested items. Finally, re-
garding the fourth drawback type, the focus of recom-
mendation is on the overall group satisfaction, bypassing 
the relevance of the recommended items to the corre-
sponding students, and how beneficial these items are to 
the learning subjects themselves. To the best of our 
knowledge, none of the abovementioned approaches con-
sider in the recommendation process the students’ behav-
ioral intention to take the recommendation and use the 
resources. Similarly, measuring students’ persistence – 
indicating the actual engagement with the resources (in a 
learning analytics fashion) – is missing.  

Thus, the emerging research questions are: 
RQ1: Can we accurately and efficiently recommend se-

quences of educational resources to homogeneous and heteroge-
neous groups of students, with respect to both the individuals’ 
and the group’s motivation, and intention to use the resources? 
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RQ2: What is the impact of a recommendation on individual 
students’ persistence as well as on the groups’ learning perfor-
mance in the collaborative problem-solving activity?  

Towards answering the research questions, we argue 
that non-cooperative games could efficiently solve con-
flicts of interest between group members and guide the 
recommendation of a sequence of learning resources. 

3 PROBLEM FORMULATION AS NON-COOPERATIVE 
GAME 

We examine the case of having students who collabora-
tively solve problems in groups (at least two members). 
The group members are students with potentially conflict-
ing self-determined learning goals and expectations (i.e., 
motivation to be engaged in the collaborative problem-
based activity and perceive as useful the suggested 
items). Thus, the groups might be homogeneous (high 
similarity between the group members), mildly heteroge-
neous (medium similarity between the group members) 
or heterogeneous groups (low similarity between the 
group members). The goal is to recommend to each group 
those items (single or sequence) that will be beneficial to 
the group as a whole – supporting the group members to 
efficiently complete the assigned collaborative activity – 
and that are expected to maximize all members’ motiva-
tion to take the recommendation and use the items, and 
their actual engagement with the items, i.e., persistence. 

 
3.1 Problem definition 
Consider a set of students and a set of educational 
resources ; the indexes i, j refer to an individual stu-
dent or resource (item), respectively. Let G be a set of all 
groups that may be formed by L; then . If

, then |g|=k, the number k of group members in 
group g, with k ≥ 2. For each student i and each item j, the 
student’s motivation to take the recommendation mij can 
be estimated from the student’s self-enforced evaluation 
of how much the particular item corresponds to the 
student’s intrinsic interest and satisfaction, and how 
useful the student considers the item to be (intrinsic 
motivation), with respect to the student’s goals and 
achievement expectations (extrinsic motivation). 
Student’s motivation triggered by each item is measured 
with an appropriate questionnaire in a 5-point Likert-like 
scale (briefly outlined in section 3.3); if a student has not 
yet evaluated an item, then mij =0.  

Also, consider  as the predicted motivational 
excitement that item j imparts to student i, i.e., a decision 
criterion for selecting the item, approximated with the 
Matrix Factorization technique [38] (briefly explained in 
3.4). 

The items to be recommended to each group should 
not have been previously seen or evaluated by any of the 
group members, and are strategically designed to 
promote the students’ interest in a specific learning topic 
and improve their competences accordingly. 

We model the group recommendation problem as a 
non-cooperative game, i.e., a triad (k, Q, f) where: 
• The k students (group members) are the players.  

• The set of unrated items , , are 
the available actions; a vector  is a strat-
egy profile, which includes the actions of all players. 

• The payoff function for a student i and a strategy profile 
x calculates the predicted motivation of student i in the 
group, resulting from the actions by all group members 
– including himself – as the average individual predict-
ed motivation from all items in x; payoff is computed by: 

 , where |q| is the total number of items in x. 

The items that will be recommended to the group of 
students are those in the Nash Equilibrium (NE) (single 
item or sequence of items). A strategy profile  is a 
NE if: , where xi is a 
strategy profile for student i and x-i is a strategy profile of 
all students except for student i. In other words, consider-
ing that the other students will not modify their own 
strategy, the student who has the option of deviating 
should have no benefit by unilaterally changing his own 
strategy. In the group recommendation problem, in the 
NE, no student i can further increase their motivation 
from the recommendation by altering their strategy to xi ≠ 
xi*, provided that all other students stay with their select-
ed strategies. The students’ strategies converge to the NE 
after an iterative best-response strategy update.  

In case there are more than one strategies that are NE, 
the recommendation solution for this group is the one 
that is “socially optimum”: no other strategy  has 
both a weakly better payoff for all students and a strictly 
better payoff for some student: and

. In other words, if the recommendation 
solution is Pareto optimal, it is impossible to improve the 
motivation of a student without worsening the motiva-
tion of another student, indicating an optimal solution for 
the group as a whole.  

However, it is very possible that none of the NE is Pa-
reto optimal. In this case, we calculate the distance be-
tween the highest and lowest payoffs in the strategies that 
are NE, and select the strategy that minimizes this dis-
tance, indicating a fair solution for the group. 

Algorithm 1 presents the algorithm for finding the NE 
and selecting the best-response strategy. 

 

Algorithm 1: Finding the Nash Equilibrium and selecting the 
best-response strategy 

Input: k, Q, f       (The non-cooperative game) 
Output:    (The Nash Equilibrium profile strategy) 

1. for i=1; i ≤ k; i++ do                       //for all students 
2.      assign ,                //initialize profile strategy 
3. repeat 
4.     repeat 
5.        for i=1; i ≤ k; i++ do                  //for all students 
6.              assign ,     //assign another strategy 
7.                   compute     //compute the payoff 
8.     until    //no student has incentive       

//to change the strategy 
9.      if then           //check for Pareto efficiency 
10.             Pareto=true 
11.    compute di                             // difference max-min in NE 
12. until Pareto or min di  
13. return                            //the NE  
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Finally, for calculating the predicted group motivation 
and intention to use the recommendation, a group con-
sensus function  computes the average motivation 
from each item in the recommended strategy x for the 
group g, where  is the payoff for each member i:  

. 

The architecture of the suggested approach for educa-
tional group recommendations is illustrated in Fig.1. 

 
3.2 Illustrative example 
Consider a group with two members, i.e., the students A 
and B. Table 1 demonstrates the individual students’ pre-
dicted motivation  to be excited from the educational 
resources r1, r2, r3, r4 and r5, after matrix factorization. 
None of the students A and B has previously seen or 
evaluated any of these five items.  

 
TABLE 1 

THE INDIVIDUAL STUDENTS’ PREDICTED MOTIVATION FROM THE 
EDUCATIONAL RESOURCES 

 r1 r2 r3 r4 r5 
A 3.6 4.2 1.8 2.6 3.2 
B 1.2 3.4 2.4 4.6 4.6 

	
Table 2 illustrates the payoff (motivation) for each student 
from all the possible actions (strategies) taken by himself 
and the other group member. 

 
 

TABLE 2  
THE PAYOFF (MOTIVATION) FOR EACH STUDENT FROM ALL THE 

POSSIBLE ACTIONS (STRATEGIES) 
 B 

A 

 r1 r2 r3 r4 r5 
r1 (3.6, 1.2) (3.9, 2.3) (2.7, 1.8) (3.1, 2.9) (3.4, 2.9) 
r2 (3.9, 2.3) (4.2, 3.4) (3.0, 2.9) (3.4, 4.0) (3.7, 4.0) 
r3 (2.7, 1.8) (3.0, 2.9) (1.8, 2.4) (2.2, 3.5) (2.5, 3.5) 
r4 (3.1, 2.9) (3.4, 4.0) (2.2, 3.5) (2.6, 4.6) (2.9, 4.6) 
r5 (3.4, 2.9) (3.7, 4.0) (2.5, 3.5) (2.9, 4.6) (3.2, 4.6) 

 

 
From this table, it can be seen that there are two NE, the 
strategies profiles (r2, r4) and (r2, r5). The reason is that if 

student A chooses action r2, then student B has the same 
benefit from actions r4 and r5, and does not benefit in 
changing his action to r1 or r2 or r3. Likewise, considering 
that student B chooses action r4 or r5, then student A has 
no benefit to change the action from r2 to r1 or r3 or r4 or 
r5. Between these two strategies, (r2, r5) is Pareto optimal. 
This means that these two items (r2 and r5) should be 
recommended to the group members in order to optimize 
the motivation for each individual member, whereas, nei-
ther of the students can get more payoff (motivation) 
without decreasing the payoff of the other student, indi-
cating an optimal solution for the group as a whole. 

 
3.3 Measuring motivation excited from resources 

Motivation is defined as “the process whereby goal-
directed activity is instigated and sustained” [39] (p. 5). In 
the context of learning, motivation is “a student’s tenden-
cy to find academic activities meaningful and worthwhile 
and to try to derive academic benefits from them” [40] (p. 
249). Many theories have been proposed to measure dif-
ferent motivational constructs (e.g., expectancy‐value 
theory [41], attribution theory of achievement motivation 
[42], goal-orientation theory [43], and self‐determination 
theory [44]) and explain why it critically affects learning. 

The definition of motivation highlights that motivation 
is a goal-oriented process [39]; it determines the students’ 
goal-setting process, affecting their choices and decisions, 
accordingly [50]. Moreover, previous research results 
shown that when a system triggers the students’ intrinsic 
motivation (i.e., is perceived as challenging and satisfying 
[46]), then, the students’ behavioral intention to use that 
system increases (e.g., [47]). In addition, [48] showed that 
perceived usefulness is an example of extrinsic motiva-
tion (i.e., students are doing an activity for its instrumen-
tal value [46]) for intention to use information services. 
Furthermore, it was found that the clarity of educational 
content could affect learner perceptions of usefulness [49], 
and as such, clarity could be indirectly considered as a 
factor that motivates the e-learner.  

According to the above, and to keep the measurement 
of motivation simple, yet contextualized and coherent to 
the research, for assessing their appreciation to each item, 
the students had to rate (a) their own perceived clarity of 
each item, (b) how much each item fullfield their own 
learning goals, (c) their own perceived usefulness of each 
item and (d) their intention to use the item. For this pur-
pose, four questions were delivered to them in a 5-point 
Likert-like scale (Table 3). The average score per student 
was considered as the student’s perceived motivation 
from the corresponding item. 

 
TABLE 3  

QUESTIONS FOR MEASURING MOTIVATION 
Question 

Clarity of item’s content: The item was clear and understandable 
Goal fullfilment from the item: The item met my expectations 
and covered my learning goals 
Usefulness of the item: The item helped me improve my learning 
Behavioral intention to use the item: I indent to use the item in 
the future 

M(g,x)

if ( x )

Î=
å i
x Q
f (x)

M(g,x)
|g|

ijm̂

 
Fig. 1. Architecture of the non-cooperative game-theoretic group rec-
ommender system for educational resources.  
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3.4 Motivation approximation: Matrix Factorization  
By definition, in non-cooperative games, the students act 
rationally (i.e., they would select those items that would 
increase their own motivation and competences), and 
know that the other students act rationally as well. More-
over, in games, it is assumed that the students are aware 
of their own predicted motivation from following each 
available strategy, as well as of the predicted motivation 
of the other group members from their choices. In order 
to suggest items to the group members, this information 
should become available to the game-theoretic group rec-
ommender, to guide decision support.  

As stated in sub-section 3.1, the predicted motivation	
for student i from item j is approximated with the Ma-

trix Factorization technique [38]. The basic idea is to view 
the student-item motivation as a sparse matrix, for which 
we wish to predict the values of its empty cells, such that 
they would be consistent with the existing motivation 
values in the matrix. This is achieved by computing a 
low-rank approximation of the motivation matrix. As no-
tational convention, bold small letters denote vectors, and 
bold capital letters denote matrices. 

Let M be the matrix of size |L| x |R| that contains the 
motivation that the students get from the items. Each stu-
dent li is associated with an f-dimensional factor vector li, 
and similarly each item rj with an f-dimensional factor 
vector rj. To get the predicted (approximated) motivation 
from an item rj for student li, the inner product of the cor-
responding factor vectors is computed:  The re-
sulting dot product captures the student’s li overall moti-
vation from the item rj, and models this interaction. The 
major challenge is then to compute the mapping of each 
item and each student to the factor vectors, rj, li, so that 
they accurately estimate the known motivation values 
without over-fitting. The simplest approach to learn the 
factor vectors is to minimize the regularized squared er-
ror on the set of known motivation values: 

, where K is the set of (li, 

rj) pairs for which mij is known. The constant λ controls 
the extent of regularization and is usually determined by 
cross-validation. To minimize this function and determine 
the factor vectors, Stochastic Gradient Descent [51] can be 
applied. 

 
3.5 Student grouping: Fuzzy C-Means  
A central topic in group recommender systems is the par-
tition of the users into a number of groups, i.e., the group 
formation problem. The existing methods in educational 
group recommender systems promote shaping homoge-
neous groups of students (e.g., [29], [30]). However, as 
already stated in the motivation of the research section, 
having heterogeneous groups of students is considered as 
more beneficial in collaborative learning contexts, with 
respect to students’ overall learning gain [33], [34]. Thus, 
both homogeneous and heterogeneous groups should be 
considered. Since the groups of students are not already 
known, clustering techniques are appropriate for detect-
ing similarities (and dissimilarities) within the data. 

A simple idea to end-up with homogeneous (heteroge-

neous) groups is to group the students based on the 
available individual ratings (the matrix containing the 
students’ motivation from the items they have already 
rated), in such a way so that students with similar (dis-
similar) ratings for the same items are in the same group. 
The Fuzzy C-Means (FCM) algorithm (the fuzzy version 
of the k-means algorithm) [52] was employed in this pro-
cess. Unlike k-means, FCM allows data points to obtain 
fuzzy memberships to all clusters; in FCM a student may 
belong to more than one group with a different probabil-
ity. FCM works efficiently even with with small groups 
(i.e., 2-3 members) (e.g., [64], [65]).  

Let L = {li} be the set of students (i.e., data points) and 
C = {cj} be the set of clusters centers. Each student li is as-
sociated with an f-dimensional factor vector li, and simi-
larly each centroid cj with an f-dimensional factor vector 
cj. For every cluster a membership matrix U is created to 
represent the membership probabilities for every student. 
If uij is the membership probability of li in the cluster j, 
and k is the fuzziness index (k>1, ), the goal is to 
minimize (maximize) of the objective function: 

 , where   is the Euclidean 

distance between the ith student and the jth cluster center.  
 However, FCM takes as input the desired number of 

clusters and not the number of students per cluster, re-
sulting in significant inequality in the sizes of the clusters 
(groups of students). During the clustering process, data 
points with extreme values tend to isolate, resulting in 
significantly less members in some of the created clusters 
than others. In order to automatically reform the clusters 
to become of equal size (preserving homogeneity), FCM’s 
probability matrix U was utilized for exchanging mem-
bers among the groups based on their highest probability 
of belonging to particular clusters, and according to a 
maximum number of members allowed in each cluster.   

For the formation of mildly heterogeneous groups, af-
ter classifying students in homogeneous and heterogene-
ous groups, students can be randomly selected from dif-
ferent clusters, and re-grouped in dyads and (or) triads. 

4 EXPERIMENTAL EVALUATION 
4.1 Participants and experimental setup 
The proposed game-theoretic group-recommendation 
method was evaluated on a realistic setting with data 
from an empirical study with 102 students (55 girls 
[53.9%] and 47 boys [46.1%], aged 16 years old) from a 
European High School, in November 2017. The activity 
was about collaboratively writing simple functions in the 
Python programming language, using the recommended 
resources, as well as the lectures in the classroom. The 
collaboration between the students for writing the code 
for the requested functions, took place in face-to-face 
mode (the access to the resources, their evaluation and the 
recommendation of the resources was in online mode). 
The students followed a semi-structured design thinking 
method, in terms that they were encouraged to write 
down their ideas on the solutions of the problem, to use 
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pen and paper for preparing their code, and to test their 
code on the programming environment. All participants 
had no previous experience with programming, i.e., all of 
them were beginners (the course is introductory). 

The experiment was conducted in three phases. During 
the first phase, 168 educational resources (i.e., worked 
examples, solved exercises, etc.), designed to motivate 
students and increase their interest in Python, were ran-
domly assigned to the individuals. Each student had to 
study at least 4, but not more than 6 items, within 2 days. 
After studing each item, the students had to rate it, as-
sessing the overall motivation the item excited to the stu-
dent, as explained in section 3.3.   

The resulting dataset consisted of |L|=102 students, 
|R|=148 items and |ML|=687 student-item ratings. 

For the needs of the second phase, the students were 
arranged into four general, equivalent groups: one treat-
ment (T – 26 students) and three control groups (C1, C2, 
C3 – 26, 24, 26 students respectively). Each of these gen-
eral groups was further partitioned in three types of sub-
groups with the FCM clustering method (described in 
section 3.5), and with respect to their members’ previous 
ratings: (a) homogeneous (Hom), (b) heterogeneous (Het), 
and (c) mildly heterogeneous (m. Het). For each general 
group, |G|=9-10 sub-groups were formed including 3 
Hom., 3 m.Het. and 3 or 4 Het. (i.e., 39 sub-groups in to-
tal), with |g| varying from 2 to 3 students per sub-group.  

Next, one (or more) item(s) were delivered to each sub-
group regularly (every two days) for two weeks, accord-
ing to a recommendation strategy: the suggested game-
theoretic method (GT) was applied on the sub-groups of 
T, the Average method (AVG) was used on the sub-groups 
of C1, the recommendations to the sub-groups of C2 were 
generated with Least Misery (LM), and the Most Pleasure 
method (MP) provided the recommendations to sub-
groups of C3. AVG, LM and MP are briefly demonstrated 
in [2], and a short description is in the following sub-
section (i.e., 4.2.2).  Table 4 summarizes the distribution of 
the students in groups and sub-groups during the second 
phase of the activity, and maps the recommendation 
method to the corresponding group. 

 
	

TABLE 4  
DESCRIPTION OF GROUPS IN ΤΗΕ SECOND PHASE 

Grou-
pID 

No. of 
students 

Hom. m. Het. Het. Rec. 
Method 

Τ 26 3(x3) 3(x3) 4(x2) GT 
C1 26 3(x3) 3(x3) 4(x2) AVG 
C2 24 3(x3) 3(x3) 3(x2) LM 
C3 26 3(x3) 3(x3) 4(x2) MP 
 
After studying the recommended items for two days, 

all group members had to rate them both individually, 
and as a team, using the same questionnaires as in the 
previous phase. Every second day the M matrix, contain-
ing the real individual ratings, was updated. Another ma-
trix, V, containing the actual group ratings on the items 
was also constructed and updated. At the end of the sec-
ond week, the student-item ratings were |ML|=1464, and 
the group-item ratings were |MG|=232.  It should be not-

ed that all sub-groups of the control groups received one 
item per recommendation cycle, whereas the sub-groups 
of the treatment group received up-to-three items per cy-
cle. Throughout the experimental process, the items rec-
ommended to each sub-group should not have been pre-
viously rated by any of the sub-group members. 

The third phase of the activity was about collaborative-
ly writing simple functions in Python, using the resources 
recommended during the previous two phases, as well as 
their knowledge gained during the course lectures, within 
one week time. The activity cycle is illustrated and synop-
sized in Fig. 2. 

 

Throughout the activity, the recommended items were 
delivered to the participants via a configured version of 
the Learning Analytics and Educational Recommender 
System (LAERS) environment [53]. During all three phas-
es, the items were available to the students to open and 
review, but not to download (in order to force the stu-
dents’ persistence); the students’ time-spent on viewing 
the recommended items, as well as the respective fre-
quencies of reviewing them were being tracked (to meas-
ure groups’ persistence). The students could assess the 
motivation that each item excited to them (either individ-
ually or as a team) only once, at the end of the respective 
recommendation cycle, when they were prompted to do 
so, but could not reconsider or modify their evaluation 
from that point on. 

Finally, the collaborative problem-based learning activ-
ity was assessed by the course instructor according to the 
completeness and correctness of the final deliverable (the 
source code was produced with the Python 3.4.4 IDLE 
and submitted as a .py file), and was graded in a scale of 
[1, 20] as well. 

 
4.2 Methods and Evaluation metrics  
4.2.1 Group decision strategies. As stated in the previous 
sub-section, for each one of the control groups (i.e., C1, 
C2, C3), the expected group motivation from an item was 
provided by a different group decision (aggregation) 
method, formulating how the corresponding sub-groups 
of students reach to a consensus and come up with a deci-
sion about that particular item. Let k be the number of 
students in a group,  the predicted motivation of stu-
dent i from item j, the group motivation ratings were as-
signed according to the following strategies: 

C1 – Average (AVG): A consensus-based approach, 
where all group members jointly and equally make a de-
cision. Τhe group motivation equals the average motiva-

ijm̂

 
  Fig. 2. The experimental activity process.  
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tion ratings across the group members: . In 

simple terms, AVG sets the average rating given by the 
group members to each item as the predicted rating of 
target group, and selects as recommendations those items 
that achieved the highest predicted ratings.  

C2 – Least-Misery (LM): A borderline approach that 
targets to please the least happy member of the group, 
resulting the group to behave under a least-misery prin-
ciple. In this case, the group motivation equals the mini-
mum motivation among all group members: 

. In other words, LM considers the rating 
of each item, assumes that the group’s predicted rating on 
each item is the lowest value from the ratings given by all 
group members, and recommends these items. Thus, a 
group is as motivated as its least motivated member. 

C3 – Most-Pleasure (MP): Another borderline group 
decision strategy satisfying the highest rating within the 
group. The motivation a group of students gets from an 
item equals to the maximum motivation within the 
group: . Similarly to LM, MP takes under 
consideration the ratings of each item and next recom-
mends the item with the maximum motivation among all 
group members. Thus, a group is as motivated as its most 
motivated member. 

We decided to use these strategies as the control group 
methods because they have been previously identified in 
the Technology Enhanced Learning Group Recommender 
Systems literature that are the most commonly adopted 
strategies which usually perform better. For example, in 
[27], the authors compared the method they developed 
with the AVG and the LM methods. In another example 
[31], the authors evaluated and ranked eleven (11) differ-
ent aggregation strategies (identified in [26], p. 750), and 
it was found that the AVG method performs better and 
least misery was the best performing boarderline ap-
proach. In addition, these methods have also been adopt-
ed by well-known commercial group recommender sys-
tems, such as PolyLens [23] which is using the LM 
method, and HappyMovie [24] which applies AVG. We 
decided to explore the MP method, as well, because we 
thought of maximizing motivation and hypothesized that 
this method could yield satisfactory results.  

All solutions were implemented in MATLAB. Fur-
thermore, the Gambit tool [54] was used to verify the cor-
rect identification of Nash Equilibria. 

 

4.2.2 Evaluation measures. Our proposed method targets 
at solving conflicts of interest by minimizing the predic-
tion error of group motivation from the recommended 
educational resources (items). In the context of prediction 
accuracy estimation, the Root Mean Square Error (RMSE) is 
generally accepted as a good measure of precision, com-
monly used as an evaluation metric to compare predic-
tion errors of different models for the same data. It 
measures the sample standard deviation of the difference 
between values approximated by an estimator and the 
values actually observed [55]. In our study, we explore the 
precision of our prediction with respect to motivation 
from the recommended items, as it is actually rated by 
each student, and by a given group of students. RMSE is 

computed as:  , where n is the 

number of items rated. Lower values indicate better pre-
dictions, and consequently, better decision strategy. 

We also used the maximum RMSE for capturing the 
robustness of the recommender system, as it corresponds 
to the worst-case accuracy across any group. Lower 
mRMSE values indicate that all groups will receive good 
recommendations. This measure is computed as: 

 . 

Furthermore, to measure the quality of the ranked list 
of recommended items delivered to groups of students, 
i.e., to evaluate its goodness, we used a measure from 
Information Retrieval, specifically crafted for ranking: the 
Normalized Discounted Cumulative Gain (nDCG) which as-
sumes multiple levels of relevance [56]. In simple terms, 
Discounted Cumulative Gain (DCG) measures the gain of an 
item (i.e., the relevance score – if rating is missing, zero 
value is set) based on its position in the resulting list. The 
gain from the list is accumulated from top to bottom, and 
more relevant items are preferable to be on the top of the 
list (i.e., in our case, the most motivating). Thus, prior to 
accumulation, the scores are divided by the logarithm of 
the item’s position, leading to a discount. DCG for a 
group of k students at position N (length of recommenda-

tion list), is computed as: . 

However, comparing DCGs between groups of students is 
not valid. As such, normalized DCG (nDCG) values are 
computed by arranging all items in an ideal order, and 
next dividing DCG by the ideal one (IDCG). Accordingly, 

nDCG is defined as: , where IDCG 

is the maximum possible DCG, and nDCGk@N getting 
values between 0 and 1, with 0 indicating the worst rank-
ing and 1 representing the ideal ranking of items. In our 
study, due to limitations in available educational re-
sources to be used as the recommendation items set, we 
only used short lists of up-to five items per group. Thus, 
we calculated nDCG with N=3 and N=5. We compared 
the effectiveness of both the group and individual recom-
mendations when varying the aggregation method. 

Finally, we measured the diversity of recommendation 
lists between different groups, by employing the Ham-
ming Distance (HD) [57] metric. HD estimates if the rec-
ommendations to all groups make full use of all items, 
leaving only a few items without being recommended. If 
Qg,g* is the “overlapped” number of items recommended 
to both groups g and g* respectively, then the HD between 

group g and group g*, is defined as: , 

where and z is the length of the recommendation list. 
High HD means high diversity, making full use of all 
items and leaving out of recommendation only a few 
items; a highly personalized recommendation list should 
have higher HD to other lists. 
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5 RESULTS 
5.1 Prediction accuracy, effectiveness and 

diversity of recommendations and students’ 
persistence for groups 

Tables 5(a), 5(b) and 5(c) demonstrate the results for the 
evaluation metrics (average values) for all decision sup-
port strategies compared in this study, i.e., the currently 
proposed game-theoretic method (GT) applied on the 
treatment group, and the Average (AVG), Least-Misery 
(LM), and Most-Pleasure (MP) methods applied on each 
one of the control groups, for homogeneous (high inner 
member similarity), mildly heterogeneous (medium inner 
member similarity), as well as heterogeneous (low inner 
member similarity) synthesis of the sub-groups respec-
tively. The sub-groups sizes was firm, varying from two 
to three students, as explained in section 4.1. 
 

TABLE 5  
(Α) METRICS FOR HOMOGENEOUS GROUPS 

 RMSE mRMSE nDCG@3 nDCG@5 HD 
GT 0.342 0.475 0.954 0.961 0.871 

AVG 0.351 0.448 0.959 0.958 0.834 
LM 0.386 0.647 0.883 0.884 0.715 
MP 0.392 0.724 0.877 0.875 0.686 

 
(Β) METRICS FOR MILDLY HETEROGENEOUS GROUPS 

 RMSE mRMSE nDCG@3 nDCG@5 HD 
GT 0.366 0.515 0.949 0.950 0.843 

AVG 0.564 0.738 0.912 0.913 0.754 
LM 0.785 1.233 0.806 0.805 0.622 
MP 0.800 1.839 0.774 0.772 0.604 

 

(C) METRICS FOR HETEROGENEOUS GROUPS 
 RMSE mRMSE nDCG@3 nDCG@5 HD 

GT 0.416 0.524 0.942 0.940 0.832 
AVG 0.773 0.958 0.852 0.851 0.674 
LM 1.092 1.645 0.716 0.716 0.504 
MP 1.521 2.132 0.667 0.668 0.498 

 

According to these results, all decision support meth-
ods achieve low approximation error in prediction of mo-
tivation ratings for the homogeneous students’ groups, as 
expected. On the contrary, for mildly heterogeneous 
groups, accuracy is high for the GT and satisfactory for 
the AVG method, but the prediction error significantly 
increases when the aggregation strategy is LM or MP. For 
heterogeneous groups, the approximation error in predic-
tion of motivation is low only when the recommendation 
strategy is the GT, whereas it is high for all the other cas-
es.  

Furthermore, the group recommendation effectiveness 
tends to decrease only for the heterogeneous sub-groups. 
Fig. 3. illustrates the average goodness of the ranked list 
of recommended items delivered to the sub-groups of 
students when the top ranked items are 5 (nDCG@5) and 
when the top ranked items are 3 (nDCG@3), according to 

the inner similarity of the sub-groups, and by considering 
the decision support strategy. 

Diversity in recommendations, reflected in the HD 
values, indicates that the recommendation to all groups – 
the homogeneous and the (mildly) heterogeneous – make 
sufficient use of all items and few items will be left with-
out being recommended, when the recommendation 
method is the proposed GT method. Fig. 4. illustrates the 

diversity in recommendation according to the different 
decision support strategy for either the homogeneous or 
the (mildly) heterogeneous groups. 

Finally, Fig. 5. illustrates the groups’ average time-
spent on reviewing the items (based on the total time-
spent to review the items and the respective frequencies 
of reviewing) throughout the second and third phase of 
the activity, for all decision support strategies compared 
in this study. As stated in section 4.1, this measure is in-

dicative of students’ actual engagement with the items, 
and codes their persistence. 

  

Fig. 3. (Average) Effectiveness of group recommendations with respect 
to the aggregation strategy and the group inner similarity.  

 
  Fig. 4. Diversity of group recommendations with respect to the aggre-
gation strategy and the group inner similarity.  
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5.2 Effectiveness of recommendations and 
students’ conformity for individual students 
within groups 

Furthermore, in order to understand when the group rec-
ommendations are better or worse (ranked) for each indi-
vidual within the sub-groups, we measured the difference 
between the effectiveness of the individual and the group 
recommendations’ lists. This difference is indicative of the 
individuals’ degree of conformity, regarding the adjust-
ment of their motivation from the recommendation with 
respect to the motivation of the group they are members 
of. A positive difference means that the group recommen-
dations are better ranked than the individual recommen-
dations. Fig. 6 shows a scatter plot where each student, in 
a group, is represented by a point, for the two better per-
forming methods, i.e., the GT and the AVG method.  
Here, the x axis measures nDCG@3 for the individual 
recommendation list, while the y axis shows the distance 
of the individual’s from the respective group’s nDCG of 
this group recommendation list for the same student. In 
this figure, the green trendline corresponds to the GT 

method, whereas the red trendline corresponds to the 

AVG method, respectively. 
Please, note that during the two weeks of experimenta-

tion, each student and each group received recommenda-
tions every second day, resulting to a total of more than 
one recommendations, and hence a student may be repre-
sented by several points.  

 

5.3 Effect of recommendations on group learning 
performance  

Regarding the effect of the recommendation strategy on 
the groups’ performance in the collaborative learning ac-
tivity, as it is reflected on their grades, independent sample 
t-tests were conducted and the Cohen’s d effect size was 
calculated. Results indicate that taking the recommended 
resources has a differentiated impact on performance de-
pending on the groups’ achievement level in the collabo-
rative activity. Table 6 compares the average learning per-
formance for all four recommendation strategies for all 
types of group inner homogeneity level.  

Finally, Fig. 7 plots the mean scores per group inner 
homogeneity type per recommendation strategy. 
 

TABLE 6  
EFFECT OF RECOMMENDATION STRATEGY ON PERFORMANCE 

 Mean 
(SD) 

Mean 
(SD) 

Mean 
Diff. 

t-
value 

p-
value 

Cohen’s 
d 

GT – AVG 
17.00 

(1.054) 

15.20 
(2.150) 1.80 2.377* 0.029 1.063 

GT – LM 14.78 
(1.922) 2.22 3.171* 0.006 1.432 

GT – MP 13.90 
(1.524) 3.10 5.291* 0.000 2.365 

AVG – LM 15.20 
(2.150) 

14.78 
(1.922) 0.42 0.449 0.659 0.205 

AVG – MP 13.90 
(1.524) 1.30 0.208 0.136 0.697 

LM – MP 14.78 
(1.922) 

13.90 
(1.524) 0.88 1.109 0.283 0.507 

*p<0.05 (2-tailed). 

6 DISCUSSION  
Recommending educational resources to groups of stu-
dents, targeting at optimizing all students’ motivation, 
both individually and as a group, is a complicated task. 
The core issue is to determine how a group of students 
reaches to a consensus about their degree of appreciation 
for each item, in such a way that reflects the self-

 
  Fig. 5. Groups’ actual engagement with the items during the collabo-
rative phases of the activity, with respect to the aggregation strategy 
and the group similarity.  

 
Fig. 6. Distance of group motivation with respect to individual motiva-
tion.  

 
  Fig. 7. Means of learning performance per recommendation strategy 
per group homogeneity type.  
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determined interests and motivation of each and all group 
members. This study focuses on addressing diversity in 
group members’ self-motivated considerations regarding 
the usefulness of the resources, as well as in their behav-
ioral intention to finally use the resources (conflict of in-
terest).  

The review of related research identified four types of 
drawbacks related to: (a) the promotion of high group 
inner similarity, (b) the effectiveness of aggregation strat-
egies, (c) the number of recommended resources, and (d) 
the omission of the individual members’ conformity de-
gree [27] - [31]. Moreover, none of these approaches – to 
the best of our knowledge – explored the actual engage-
ment of the group members with the recommended 
items, in a learning analytics fashion, explaining the stu-
dents’ persistence, and reasoning the final learning per-
formance in the collaborative activity. As such, the emerg-
ing research questions were: 

RQ1: Can we accurately and efficiently recommend se-
quences of educational resources to homogeneous and heteroge-
neous groups of students, with respect to both the individuals’ 
and the group’s motivation, and intention to use the resources? 

RQ2: What is the impact of a recommendation on individual 
students’ persistence as well as on the groups’ learning perfor-
mance in the collaborative problem-solving activity? 

In order to address the abovementioned issues and an-
swer the research questions, this study suggested and 
evalauted a non-cooperative game-theoretic perspective 
for solving conflict of interest between the group mem-
bers and guiding the recommendation process.  

For the empirical evaluation of the approach in a real-
istic setting, data were collected during a collaborative 
problem-oriented learning activity with 102 students from 
a European High School. The objevtives were twofold: (a) 
to compare the accuracy and the effectiveness of ranked 
lists of recommended items delivered to groups of stu-
dents by the suggested method to other state-of-the-art 
decision support methods, with respect to the individu-
al’s motivation from the recommended items, and (b) to 
explore the impact of recommendation on individual 
members’ level of conformity, as well as on the overall 
groups’ persistence and learning performance. The fol-
lowing novel facts and important observations have risen. 

 
6.1 Accuracy and effectiveness of the 

recommendation for different levels of group 
inner similarity 

Firstly, from table 5 it becomes apparent that all decision 
support methods achieve low approximation error in 
prediction of motivation ratings for the homogeneous 
students’ sub-groups. However, the proposed game-
theoretic strategy minimizes the prediction error of the 
sub-group motivation ratings, as, by far, it scores the low-
est RMSE values for all categories of inner sub-group sim-
ilarity. Especially for the highly heterogeneous sub-
groups, the other aggregation methods combine poten-
tially conflicting rankings that could create a group rec-
ommendation which might not be motivating for the 
group members; accuracy is high for the GT method 
(RMSE=0.416), but the prediction error significantly in-

creases when the aggregation strategy is AVG 
(RMSE=0.773), LM (RMSE=1.092) or MP (RMSE=1.521). 
As such, in this case, the GT decision strategy resolves 
sufficiently the conflict of interest and delivers the most 
appropriate items to the students.  

Still, mRMSE demonstrates some variance in the pre-
diction error across sub-groups. In particular, for the ho-
mogeneous sub-groups, the GT method did not have the 
lowest prediction error (mRMSE=0.475); in this case, it 
turns out that the AVG strategy was a better approach, 
although only slightly (mRMSE=0.448). Yet, this was an 
expected finding, since the average method works well in 
most cases of homogeneous groups [28], [29], [30]. 

Secondly, from the same table of results, one can ob-
serve that the suggested GT method has a good overall 
performance (i.e., the nDCG values reflecting the effec-
tiveness of ranked list or recommendations), although not 
always the best; in one case of homogeneous groups, the 
AVG method provided slightly more effective recom-
mendations (nDCG@3=0.959) compared to the list of GT 
(nDCG@3=0.954). However, it is important to notice that, 
compared to the other methods, the performance of the 
proposed GT seems to be stable and robust, regardless of 
the inner sub-group similarity, targeting ranking quality 
and demonstrating only small variations. From the evalu-
ation results it was found that nDCG for the GT method is 
close to 1.0 (higher than 0.9) in all cases of sub-group ho-
mogeneity, whereas the respective values for the other 
methods decrease as the inner group similarity decreases. 

Thirdly, another finding concerns the plurality of the 
recommended lists of items (diversity of items). It is very 
possible that the deficiency in capturing the whole range 
of students’ needs and preferences could lead to poor 
motivation. Improving the diversity of recommendation 
results is expected to increase within group motivation 
from the recommended resources. As seen in Table 5, the 
values of the Hamming Distance (HD) metric reflect that 
the personalization of recommendation is better for ho-
mogeneous groups, regardless of the method employed, 
whereas, the GT method provides satisfactory personali-
zation even for heterogeneous groups (HD=0.832) com-
pared to the other methods (HD varying from 0.498 to 0. 
674). In addition, this finding implies that the GT method 
makes sufficient use of all items and only few items will 
be left without being recommended. 
 
6.2 Impact of recommendation on conformity, 

persistence and learning performance 
The second research question concerned the impact of the 
recommendation on the individuals’ gain as well as on 
the overall groups’ performance. For this purpose, three 
indices were employed: (a) the individuals’ conformity 
degree, expressed as the distance between the individual 
nDCG and the respective group’s nDCG, (b) the actual 
aggregated time-spent on the recommended items and 
the frequencies of reviewing them, as measures of stu-
dents’ persistence, in a learning analytics fashion, and (c) 
the groups’ grades (scores) in the collaborative activity.  

Firstly, in order to understand how much the individu-
als adjusted their personal evaluation of motivation from 
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the recommended items compared to the group’s they 
belong to (conformity degree), we plotted the best fit line 
through the points in the scatter plot (in Fig. 6). One can 
observe that when the employed method is the GT, the 
gradient of the curve is smaller compared to the next best 
performing method, i.e., the AVG. This means that the 
recommendations are highly ranked for the individuals as 
well as for the group. In other words, the individuals 
within the groups don’t have to highly adjust their per-
sonal consideration about their motivation gained from 
the recommended items, to be approved by the other 
group members. The measure employed, i.e., the distance 
between the individual nDCG and the respective group’s 
nDCG, is a topic that deserves further analysis and could 
be explored as a measure of the individual’s degree of 
conformity. 

Secondly, as seen from the curves in Fig. 5, the stu-
dents’ engagement with the resources during both collab-
orative phases of the activity, and regardless of the inner 
group similarity, was stable and high when the recom-
mendations were generated with the GT method. The 
same fact is also true for the mildly heterogeneous groups 
when the recommendation method is AVG, as well. When 
the inner group member similarity is high (homogeneous 
groups), all methods deliver items that motivate students 
to actually participate in the problem-oriented collabora-
tive activity. Yet, for heterogeneous groups, the students’ 
disengagement from the resources successively increases 
for the AVG, LM and MP methods. The disengagement is 
even higher for these methods during the third phase, 
when the groups had to complete the collaborative as-
signment by using the recommended resources. This fact 
is illustrated on the average time-spent on the resources 
and on the frequency of reviewing them to complete the 
task. 

Finally, the independent samples t-tests for comparing 
the differences in groups’ final grades with respect to the 
recommendation method verified that the resources de-
livered to the groups affected their learning performance, 
as expected.  

7 CONCLUSIONS 
In this study, we aimed at recommending educational 
resources to groups of students with diverse levels of in-
ner member similarity. The goal was to decide upon those 
resources that would best support each and all group 
members to efficiently complete the assigned collabora-
tive activity. 

Inspired from [3], we argue that Game Theory could ef-
ficiently solve “conflicts of interest” between the group 
members [4] and guide the recommendation of educa-
tional resources. Game theory is about social situations, 
providing solid recommendations to the players regard-
ing their own optimal strategy, as well as administering 
an external observer that predicts the outcome of interac-
tions (i.e., in our approach, the decision support system). 
The proposed solution models the recommendation strat-
egy as a problem of finding the Nash Equilibrium, i.e., a 
state in which no student can be benefited more in terms 

of further improving their own motivation by unilaterally 
deviating from the Nash Equilibrium. However, the best 
collective result does not always come from each individ-
uals following their own interest, but rather from reach-
ing the group’s consensus; whereas a Nash Equilibrium 
does not correspond to a socially optimal outcome, a Pa-
reto optimal equilibrium describes a social optimum in 
the sense that no individual player can improve their 
payoff without making at least one other player worse off. 
Pareto optimality is not a solution concept, but is used to 
evaluate the overall gain. 

To this end, we developed a mathematical formulation 
(i.e., Algorithm1) for group-recommendation of educa-
tional resources as a non-cooperative game, as well as an 
architecture for building such group recommender sys-
tems (i.e., Fig. 1).  

From the evaluation of the approach with a realistic 
dataset, results revealed a tendency that the accuracy of 
the predicted group motivation, the goodness of the 
ranked list of recommendations, and the problem-solving 
performance for the treatment group were significantly 
higher compared to other state-of-the-art methods. The 
diversity of the items in the recommendation, indicating a 
satisfactory personalization even for heterogeneous 
groups, was higher with the GT method, as well.  

We also explicitly compared the differences in individ-
ual evaluation of motivation from the recommendation, 
to the group’s perception; we introduced the distance 
between the individual nDCG and the respective group’s 
nDCG, as a measure of students’ degree of conformity. 
Additional research is required. 

Moreover, we adopted a learning analytics view point 
to explore the groups’ actual engagement with the rec-
ommended resources and evaluated the effect of their 
persistence on the final learning performance. It was con-
firmed that the more motivating the recommended items, 
and the higher the students’ persistence, the better the 
learning outcome.  

However, there are some limitations. Firstly, the sam-
ples of the 168 educational resources and 102 students 
considered in the evaluation process are small and poten-
tially biased; bigger datasets should be analyzed. Second-
ly, we investigated only groups of two to three students; 
the behavior of GT with larger groups of students (e.g., 4 
to 5 members) should be explored as well. Lastly, we as-
sumed that the group formation method used in this 
study would not raise issues of uncertainty; other meth-
ods for group formation should be explored as well. 

Another limitation of the present analysis – yet, not di-
rectly related to the suggested GT group recommendation 
approach – is that during the experimental evaluation of 
the method, we did not provide a mechanism to prevent 
students from downloading the material (educational 
resources) and studying it in offline mode. This behavior 
could potentially impact (either negatively or positively – 
we cannot say without exploring it) the learners’ persis-
tence/efforts/motivation. However, the option of down-
loading the material is common for all groups (both the 
treatment and the control groups), and thus, it cannot be 
considered as biased only for the treatment group. 
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It also should be noted that all sub-groups of the con-
trol groups received one item per recommendation cycle, 
whereas the subgroups of the experimental group re-
ceived up-to-three items per cycle. This is a significant 
difference of the method, compared to the other (control) 
methods, which deliver one recommendation item per 
cycle. In a sense, delivering a sequence of items could be 
perceived as a different “treatment” of the experimental 
group, which is expected to affect the recommendation 
performance.  

Elaborating more on that aspect, and generally speak-
ing, the issue of recommending a sequence of items that is 
pleasing as a whole, instead of focusing on the generation 
of a single recommendation, has been a major topic in the 
RS literature [26], [58], [59], [60]. The combination of rec-
ommending to a group and recommending a sequence 
has been acknowledged as very interesting [26], as it may 
allow keeping all individuals in the group satisfied, by 
compensating for items a particular user dislikes with 
other items in the sequence which they do like [26], [58]. 
Sequences of items are in a sense more “flexible” recom-
mendations, because sequences not only afford the rec-
ommender system more chances to make accurate rec-
ommendations, but also to mix familiar and unfamiliar 
items [59]. 

There are cases in which recommending sequences of 
items per cycle is important. For example, in the scenarios 
of MusicFX [21] and PolyLens [23], it is sufficient to rec-
ommend single items: people normally only see one mov-
ie per evening, whilst radio stations can play forever [2]. 
However, in learning processes, it is very likely that the 
individual students might want to access multiple re-
sources to meet their learning goals/interest and intrinsic 
motivation. Similarly, in group learning contexts, it is 
very possible that, in (mildly) heterogeneous groups, 
most of the learners prefer to access different learning 
items. In TEL RSs, it is a quite common task to recom-
mend sequences of items to individuals [59]. However, in 
TEL group RSs, the topic has not been yet sufficiently ex-
plored – to the best of our knowledge. Furthermore, the 
other aggregation methods fail to deliver such sequences 
of items per recommendation cycle. A lot more research is 
needed on algorithms and user interfaces for producing 
coherent sequences of recommendations [26]. 

Moreover, although it might seems that the sequence 
of items better fits the group’s motivational excitement, 
resulting in improved performance for the (mildly) heter-
ogeneous groups, however, recommending more items 
also implies more effort on viewing/reviewing and eval-
uating them. We cannot say at the moment, which exactly 
is the effect of delivering sequences of items instead of 
single items, and further analyses are required towards 
addressing this issue. In the current paper, we did not 
analyse the difference between the GT groups who re-
ceived single items and the GT groups that received se-
quences of items per recommendation cycle. This is with-
in our future work plans. 

In addition, a number of other challenges for future 
work has emerged, as well. For example, more sophisti-
cated measures of motivation and persistence could be 

applied (e.g., incorporating the students’ affective states, 
perceived enjoyment, challenge). The learning analytics 
research could contribute towards this direction. Yet, an-
other challenging issue is focusing on the transparency of 
the group recommendation: showing each individual’s 
payoff and eventually, how motivated the other group 
members are, could improve the particular student’s un-
derstanding of the recommendation process, and perhaps 
make it easier to accept the educational resources that 
initially he/she did not like. Lastly, one more open topic 
is the use of cooperative games (instead of non-cooperative, 
presented in this paper), to model the problem of group 
recommendation. This alternative approach needs to be 
further explored. 

To conclude, the core contribution of this study is that 
the proposed game-theoretic solution demonstrates a so-
cially and individually optimum group recommendation 
method, based on the motivational effect of the resources 
and the students’ intention to use them, and yields statis-
tically significant results even for highly heterogeneous 
groups of students. 
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