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ABSTRACT

Recognizing the potential of the preference-inconsistent recom-
mendation systems (RS) for learning, this paper aims to examine
two recommendation algorithms for mobile language learning ap-
plications: RS with similarity and RS with diversity. Diversity was
measured through learning styles (how learners learn) and achieve-
ment goals (why learners learn). A total of 160 learners participated
in the study for building learner profiles and the recommendation
algorithm. Overall, our results with RSME indicate that both RS
with similarity and RS with diversity performed better than the ran-
dom recommendation.
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1. INTRODUCTION

Recommendation systems (RS) that suggest preferable items intend
to help people make proper decisions in a flood of information and
choices. In the field of education, researchers have developed RS
to recommend learning resources based on ontology [22], learning
styles [4], ranked lists of learning objectives [6], and learner pref-
erence [5]. Thus far, most educational RS have been based on the
algorithm of learners’ preferences, recommending items that learn-
ers are likely to prefer based on their previous data or learners with
similar profiles. Cognitive dissonance theory [10] explains the pop-
ularity of this preference-consistent recommendation. When
humans process information that does not conform to their existing
thoughts and beliefs, they are in a state of cognitive dissonance and
experience an uncomfortable psychological state. Hence, for psy-
chological comfort, people tend to only pursue information and
items that they prefer to avoid cognitive dissonance.

However, some scholars have started questioning the efficacy of
preference-consistent recommendations, arguing that such recom-
mendation methods may reinforce learners’ confirmation bias and
narrow the opportunity to discover new information and
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experiences [3]. Researchers have proposed ‘preference-incon-
sistent” recommendations that induce discovery learning and
higher-order thinking by intentionally providing information that
does not match learners’ preferences or recommending information
that contradicts learners’ beliefs [19]. While the preference-incon-
sistent mechanism has been widely researched in political science
and media study to minimize confirmation or information bias, its
application in the educational RS is still in its infancy and lacks
empirical data to support its efficacy.

Recognizing the potential of the preference-inconsistent recom-
mendation for learning, this paper presents our work-in-progress
research that aims to examine two recommendation algorithms for
mobile language learning applications (apps): RS with similarity
and RS with diversity. Here, ‘RS with similarity” refers to the pref-
erence-consistent method that recommends the list of apps
compatible with learners’ learning styles and achievement goals. In
contrast, ‘RS with diversity’ refers to the method that recommends
the list of apps that do not match learners’ current preferences but
have the potential to help learners exposed to new learning styles
and achievement goals. It should be noted that RS with diversity
does not mean that the system recommends items that learners do
not like. Instead, the method is intended to lead learners to discover
new items that are likely to have learning efficacy in the future by
extending learning experiences beyond a preferred comfort zone.

2. LITERATURE REVIEW

2.1 Recommendation Systems in Education
Recommendation systems have been widely used in the e-com-
merce area to suggest information and items for potential customers
[18]. Recently, RS has been studied in the education sector for var-
ious purposes such as suggesting learning activities and courses
based on learners’ knowledge levels and preferences [16].

From a technical view, there are two main methods of RS: content-
based filtering and collaborative filtering. Content-based filtering
recommends items that are similar to what users already selected
and liked in the past [15]. However, when there is a lack of data on
previous behaviors by users, it is hard to recommend appropriate
items that match users’ preferences. Also, the attributes of items
should be well-structured for the accuracy of content-based filter-
ing. In contrast, collaborative filtering recommends items based on
similar users’ preferences [15]. It is possible to predict items that
new users are likely to prefer even if there is a lack of available data
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for the target user. Collaborative filtering, however, has a scalabil-
ity issue. As the number of users or items increases, the complexity
of computation becomes higher [11]. Moreover, user-based collab-
orative filtering systems tend to provide a low number of available
items, making final recommendations biased toward popular items.

In the field of technology-enhanced learning (TEL), it has been sug-
gested that there are two perspectives of enhancing filtering
techniques: top-down and bottom-up [7]. The top-down perspective
focuses on well-defined educational metadata whereas the bottom-
up perspective collects user-generated data such as likes, tags, and
ratings from learners. In this study, we focus on language learning
with mobile applications, which are often used in informal learning
contexts. As informal learning is self-directed and less structured
with learning goals and time [7], it is difficult to divide applications
into specific categories for educational metadata. Hence, this study
focuses on the RS from the bottom-up perspective such as learner
ratings of respective mobile apps.

2.2 Diversity in Learning Styles and Achieve-

ment Goals

Recently, there have been attempts to develop methods for recom-
mend diverse and novel items beyond similarity measures.
Described as a ‘long-tail recommendation’, this method recom-
mends diverse and unpopular items in the non-mainstream area to
mitigate confirmation bias and to enhance diversity in user experi-
ences [23]. As for movie recommendations, it has been reported
that the list of diverse movies positively affects viewers’ satisfac-
tion [14]. However, a long-tail recommendation also suffers from a
low accuracy in the recommendation, which necessitates some
tradeoff between diversity and accuracy [23].

For learning purposes, there are numerous ways to operationally
define diversity. In this study, we focus on diversity in terms of
learning styles (how learners learn) and achievement goals (why
learners learn). These two constructs have been well researched
and established as a theoretical framework to define learner char-
acteristics in educational research.

First, learning styles refer to the ways learners prefer to receive and
process information. According to Felder and Silverman [9], learn-
ing styles are divided into four categories: (a) processing
(active/reflective), (b) perception (sensing/ intuitive), (c) input (vis-
ual/verbal), and (d) understanding (sequential/global). Many
studies have been conducted on which learning styles are the basis
for presenting effective learning methods. However, some scholars
suggested two limitations about learning styles [13]. The first lim-
itation is that the preferable way to learn and the actual effective
and efficient learning method can be different. The second limita-
tion is that the learning styles instrument showed low reliability
[21]. While we are aware of such limitations, this study adopts
learning styles as one of the learner-related variables for learner
profiles based on the following studies. As for recommender sys-
tems, the Felder-Silverman Learning Style Model (FSLSM) has
been widely used for two reasons [2, 17]. First, FSLSM can be im-
plemented in a simple way to design personalized e-learning
systems [2]. Second, the FSLSM model is appropriate to apply to
mobile learning because the learning materials in mobile learning

are composed of various formats such as video, text, audio, etc. [17].

Second, achievement goals refer to the aim and focus of one’s ac-
tions concerning achievement. Elliot and McGregor proposed the
2X2 achievement goal framework in terms of definition (mastery
vs. performance) and valence (approach focus vs. avoidance focus).
The framework includes (a) mastery-approach goal, (b)

performance-approach goal, (c) mastery-avoidance goal, and (d)
performance-avoidance goal [8]. When learners have the mastery-
approach goal, they strive to master learning tasks with the empha-
sis on learning itself and self-improvement. In contrast, learners
with the mastery-avoidance goal tend to avoid misunderstanding or
the failure to master a task. Regarding performance, learners with
the performance-approach goal concentrate on proving their ability
relative to others. They may not be interested in mastering tasks,
but doing better than others is more important. On the other, learn-
ers with the performance-avoidance goal tend to avoid performing
more poorly than others do.

3. RECOMMENDATION SYSTEM

To construct our RS architecture (see Figure 1), three steps were
performed: Step 1: constructing the database of RS, Step 2: data
analysis, and Step 3: RS evaluation (Experiment). The whole pro-
cess of the research was conducted with the IRB approval from the
researchers’ university.

Step 1 Constructing the Database of RS
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Figure 1. Proposed architecture and process

3.1 Step 1: Constructing the Database of RS

3.1.1 Database of Mobile Language Learning apps

In this study, we focused on recommending mobile language learn-
ing apps with artificial intelligence (Al) functions, which have been
increasingly developed in the app market. For constructing the da-
tabase of learner profiles, we chose 18 mobile apps that met five
criteria: (1) an application for language learning, (2) an application
with Al functions (e.g., voice recognition, adaptive learning sys-
tem), (3) an application that the developer indicates the use of Al
technologies, (4) an application used with no errors, and (5) an ap-
plication locally available in Korea. Table 1 presents the final list
of mobile language learning apps used in this study.

Table 1. List of mobile language learning apps with Al

ID Application ID Application
app 1 Riid Tutor app 10 Cake
app 2 | Super Chinese app 11 ;(Fc))gatl)gzgngllsh




1D Application ID Application
ELSA Speak: Ac-
app 3 | Plang app 12 cent Can;:h
app 4 | Opicup app 13 | Bigple
app 5 | Lingo Champ app 14 | Memrise
app 6 | Easy Voca app 15 | Mondly
app 7 | Say Voca app 16 | Al Tutor
app 8 | Youbot Chinese app 17 | Rosetta Stone
app 9 | Duolingo app 18 | Busuu

3.1.2 Preference and Satisfaction Survey

To construct the database of learner profiles, we recruited 100 adult
learners. Among them, 82 learners fully completed the preference
survey that include items about demographic information (e.g.,
gender, age, education, etc.), learning styles, and achievement goals.
For learning styles, we used the ILS (Index of Learning style) in-
strument with 44 items [9]. For achievement goals, we used the 2X2
Achievement Goal Questionnaire-Revised with 24 items [20]. Then,
the participants used four to six mobile language learning apps ran-
domly assigned to them. Finally, they completed the satisfaction
survey with 20 items on a 5-point Likert scale to evaluate each app
they used. The satisfaction survey includes seven categories: (1)
convenience, (2) personalization, (3) professionalism, (4) reliabil-
ity, (5) appropriateness, (6) satisfaction, and (7) overall satisfaction.
We refer to [1] to develop the items related to convenience, person-
alization, professionalism, and reliability and [12] for the items
related to appropriateness of app use and satisfaction. We modified
the items according to the context and purpose of this study.

3.1.3 Database of Learner Profiles

To construct the database of learner profiles, data from 82 learners
who fully answered the surveys were analyzed based on their learn-
ing styles and achievement goals. We generated attribute values as
shown in Figure 2. LS1, LS2, LS3, and LS4 refer to four dimen-
sions of learning styles respectively: processing, perception, input,
and understanding. LG1, LG2, LG3, and LG4 mean four achieve-
ment goals respectively: mastery-approach goal, mastery-
avoidance goal, performance-approach goal, and performance-
avoidance goal. Since each learner used 4 to 6 apps, the total data
of learner profiles is 82*415 (the number of learners * the total
number of applications used).

NO. LS1 Ls2 L3 LS4 LG1 LG2 163 LG4
1 1 0 1 0 467 3.00 4.00 167
12 0 1 1 0 3.83 3.67 3.00 3.7
13 0 0 1 0 5.00 3.00 317 167
1 1 1 1 0 367 250 317 250
15 0 1 1 0 483 417 467 167

Figure 2. Example of attribute values

3.2 Step 2: Data Analysis

Based on the survey results, we calculated the similarity score for
RS with similarity and the diversity score for RS with diversity.
The formula for calculating similarity and diversity scores for
learner profiles is shown below. We measured the diversity score
with Euclidean distance between two learners for learning styles
and goals. For example, if the learning styles of learner A and
Learner B are [1, 0, 1, 0] and [1, 1, 1, O] respectively, the diversity
score is 1. After calculation, we chose the best similarity measure
and the number of K-neighbors.

sim(t, t")

2
= Z A] . Simj(t, t,)
Jj

= A - simy(t, t") + A, - simy (L, t")
sim;(t, t") = diversity score x —1

diversity score = Euclidean distance(t,t")

To evaluate the performance of RS, this research used Root Mean
Squared Error (RMSE), which is widely used to evaluate collabo-
rative filtering systems. From the postulation that users are satisfied
with items recommended by diverse users, not just similar ones, RS
with diversity returns the top N items sorted by the ascending order
of the average scores of K dissimilar users. The diversity score is a
negative value of the similarity score, which is the weighted sum of
the learning styles similarity and the achievement goals similarity.
In the following experiment in Step 3, we set K = 9 and the weights
to each similarity {A;, A,} = {1.0, 1.5} because the settings of K
and A show the lowest RMSE between diversity-based prediction
and ground truths in training data (see Figure 3).
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Figure 3. RMSE

3.3 Step 3: RS Evaluation

3.3.1 Experiment

For the experiment to compare the performance of RS with simi-
larity and RS with diversity, we recruited 60 participants aged from
19 to 39 years old. They used the visualized RS (see Figure 4) to
complete the same survey administered in Step 1. We analyzed the
preference survey data to gauge their learning styles and achieve-
ment goals, and then made the recommendations of apps for each
participant. We divided 60 participants into two groups with the
consideration of their age, job, and gender. The first group was rec-
ommended with three apps based on the algorithm of RS with
similarity. The second group was recommended with three apps
based on the algorithm of RS with diversity. After using the recom-
mended apps, the participants completed the satisfaction survey to
evaluate each app they used.

3.3.2 Experimental Setup

For the experiment, we developed the mobile web-based system
(see Figure 4) to simulate the real situation of using a RS for learn-
ing. The interface shows three buttons to guide learners to access



each page. In the first button ‘What is my preference?’, learners
complete the preference survey about demographic information,
learning styles, and achievement goals. Clicking the second button
‘Checking recommended apps’, learners see the list of recom-
mended mobile apps for language learning. After using the
recommended apps, learners move to the third button ‘What is my
satisfaction?’ to complete the survey to indicate their satisfaction
with the recommended apps.

What is my Checking What is my
preference? recommended gatisfaction?

apps

ol -

W

{250 SOG4t 220 e 56 E &
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FHNAT0| B $HE 4 QISR 48| St}
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Satisfaction survey
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of using apps
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Figure 4. RS Visualization
3.3.3 Data Results

We evaluated our recommendation systems with RMSE represent-
ing the difference between the predicted and actual levels of
learners’ satisfaction. We chose this approach since an accuracy
metric only covers the exactly matched values. We observed that
RMSE values of similarity-based recommendation and diversity-
based recommendation are 0.91 and 1.26 respectively. They are
significantly smaller than 1.86 from the random prediction. With
this, we interpret that the recommended method that considers how
and why learners learn are likely to lead to higher learner satisfac-
tion than the random recommendation. Further, RS with similarity
showed a better performance than RS with diversity.

4. LIMITATIONS AND FUTURE WORK

The limitations of this research are as follows. First, the recommen-
dation system was only evaluated by accuracy. Although it is
important to predict items accurately, qualitative data such as inter-
views and proxy indicators (e.g., usage behaviors) should be used
additionally to further test and improve the proposed RS. Second,
since the data sample is rather small to build a robust model, the
research findings have limited generalizability. The small sample
size was due to the time and effort required for the participants to
use the assigned apps and to provide valid evaluation data. In the
future, we plan to recruit more users and expand the database of the
apps to build a more robust model. Lastly, while this research com-
pares two RS algorithms, developing a hybrid RS that considers the
optimal level of both similarity and diversity is certainly a promis-
ing area for future research.

Despite these limitations, we believe that this research makes
meaningful contributions to the existing body of literature on RS
by providing empirical data that examine similarity versus diversity
approaches.
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