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ABSTRACT
Flashcards are one of the most popular tools for learning vocabu-
lary for second-language learners. While flashcard mediated learn-
ing is efficient, it may not induce motivation for continued use.
Some researchers have proposed augmented flashcards that pro-
vide multimedia contexts to motivate people to study. However,
the augmented flashcards also have a problem that it takes time to
learn each target word. Understanding this tradeoff, we introduce
a system that users can learn vocabulary with both standard and
augmented flashcards. In addition, our system recommends the best
learning strategy to users adaptively, and realizes the long-term vo-
cabulary learning. In this paper, we describe the system and present
the results of the preliminary data analysis towards the long-term
vocabulary learning.
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1 INTRODUCTION
Flashcards have been one of the most popular methods of learning
vocabulary, especially in the context of mobile environments [5].
Since flashcards usually contain only the target word and its defi-
nition, it is efficient to study English words repeatedly in a short
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period (we define them as standard flashcards). However, it may be
monotonous to study English words through flashcards, and reduce
your motivation to learn English. Therefore, while learning English
vocabulary with flashcards is efficient, it may not be suitable to
continue learning English for a long term.

In order to continue learning for a long term, it is effective tomoti-
vate people to study by providingmaterials that interest them [4, 10].
Some researchers propose augmented flashcards that provide mul-
timedia contexts such as example sentences and videos [8, 11]. This
allows you to study vocabulary in an immersive and motivating
way. However, the augmented flashcards may reduce the efficiency
because it takes time to learn each target word. In addition, it is
known that some people are more effective with standard flashcards
while others are more effective with augmented flashcards.

Understanding the tradeoffs, we consider using both standard
and augmented flashcards in a certain combination, and realize the
long-term vocabulary learning. However, it is difficult for people
to determine when to use which type of flashcards. Therefore, we
introduce a system that adaptively recommends learning strategies
to users.

In this paper, we introduce a system that personalizes augmented
flashcards towards long-term vocabulary learning. We collected
data from 14 university students by asking them to learn English
words, and built a prediction model that can predict the optimal
learning strategy. The results of the data analysis showed that the
prediction model can predict the optimal learning strategy with
high accuracy. The main contributions in this paper are as follows:

• We introduce a system that personalizes augmented flash-
cards towards long-term vocabulary learning.

• We built a prediction model that can predict the optimal
learning strategy by finding the appropriate features.

In the next section, we describe the background of this research.
Then, in section 3, we present the system and describe the data
collection and the preliminary data analysis. Finally, in section 4,
we conclude this paper and discuss future work.

2 BACKGROUND
Researchers have discussed how motivation affects learning lan-
guages [3, 7, 9]. Walkington investigated the effects of learning
with interest-based learning materials [9]. In the experiment, stu-
dents were divided into two groups, one group studied the material
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they were interested in and the other group studied the material
they were not interested in. The study showed that the group of
students who studied the material they were interested in solved
the problems faster and more accurately than the group of students
who studied the material they were not interested in.

Yamaguchi et al. and Vargo et al. proposed multimedia flashcards
augmented by articles and videos of interests [8, 11]. The system
collects English words that learners do not know the meaning of
frommedia content that they are interested in and provides learners
with a context-sensitive way to learn Englishwords. They compared
the effects of learning English using only context-added flashcards
with those of learning English using only standard flashcards. The
results showed that some learners showed more benefit from the
use of context-added flashcards and some did not.

3 METHDOLOGY
3.1 System
We introduce a system that personalizes augmented flashcards
towards long-term vocabulary learning. This system is an extension
of a system called Vocabulometer [1, 6, 8, 11]. As shown in Figure
1, the system provides a user with two types of flashcards, standard
flashcards and augmented flashcards. Then, the system predicts
which to use next based on the user’s learning logs. Finally, the
system recommends the user to use the flashcard predicted by the
prediction model.

3.1.1 Flashcard Module. This module provides the user with two
types of flashcards, standard flashcards and augmented flashcards,
and the user can freely choose which type of flashcard to use for
each target word. The standard flashcard contains only the target
English word and its translation. The augmented flashcard contains
the target English word, its translation, and the example sentence
or video. While the user is learning English, the module collects
the learning log data of the user per target word and passes it to
the prediction module. The data contains linguistic information
such as the target word and its general frequency of appearance,
and the user’s behavioral information such as data obtained from
the smartphone motion sensors and the time spent on learning the
target word.

3.1.2 Prediction Module. The prediction model predicts the best
learning strategy for the learner based on the learning strategies of
the learner who learns efficiently and motivationally.

The model is trained in the following steps. First, the model
receives the learning log data of the learner, and generates the
features and label for each card. The list of features is shown in
Table 1. To account for time series, the features include labels for
the last three time points in addition to the learning logs described
above. The label consists of two classes, which the user chooses
the standard flashcard or the augmented flashcard as the next card.
Then, an over-sampling method called SMOTE [2] is applied to the
data to balance the number of samples for each class. Since there
are many features in the data, the model selects features using the
Sequential Backward Selection method. Finally, the model is trained
using the Random Forest.

The prediction is performed in the following steps. First, the
model receives the learning log data of the learner, and generates

the features for each card, and the features are selected based on
the combination of the features selected in the training phase. Then,
the model predicts the best learning strategy for the learner using
the Random Forest.

Table 1: A list of features the model receives for each card.

No. Features

1-3 Linguistic information (e.g., frequency of appearance)
4-5 The position of the target word in the learning

sequence
6 User subjective difficulty of the media associated

with the card
7-9 Labels for the last three time points
10 Time spent on learning the target word
11-46 Data obtained from the smartphone motion sensors
47-49 Timing of the learning (month, day, hour)

3.1.3 Recommendation Module. The recommendation model rec-
ommends the best learning strategy based on the prediction of the
prediction model described in section 3.1.2. It compares the selec-
tion of the user and the prediction of the model. If the user selects
the same learning strategy as the prediction, the model does not
recommend anything, but if the user selects a different learning
strategy from the prediction, the model recommends the learning
strategy predicted by the model. This aims to move users’ learning
strategies closer to optimal learning strategies.

3.2 Data Collection
In order to build the prediction module described in section 3.1.2,
we have collected data from 14 Japanese university students in-
the-wild setting. Two of them are female and the others are male,
and the average age was 21.5 years old (SD = 1.53). Their English
proficiency ranged widely, with a maximum TOEIC Listening &
Reading test score of 815, a minimum score of 225, and an average
score of 616.

During the data collection, the participants were asked to freely
use the two types of flashcards described in section 3.1.1, and we col-
lected the learning log data. 10 participants used their own iPhone,
and the others who did not have an iPhone used the iPhone pro-
vided by us. The data collection lasted for 4 weeks, and for each
week, participants were asked to use the system for the first 5 days
and take a vocabulary test on the 6th day. The last day of the week
was set as the rest day, and the participants were asked not to use
the system on that day.

3.3 Preliminary Data Analysis
By using the data collected in section 3.2, we evaluated the pre-
diction module described in section 3.1.2. The evaluation was con-
ducted by leave-one-participant-out cross-validation, a cross-validation
method in which the data of one participant is used as the test data
and the data of the other participants is used as the training data.

Figure 2 shows the results of the evaluation. It shows the area
under the ROC curve (AUC) value for each participant. Accord-
ing to the results, the AUC was greater than 0.8 for 11 of the 14
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Figure 1: Overview of our system. Users can choose standard or augmented flashcards. The prediction module predicts which
type of flashcard should be used next. The feedback module recommends the user the best option.
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Figure 2: The AUC values of the prediction module for each
participant.

participants, and the AUC was greater than 0.9 for 8 of these 11
participants. The average AUC of the proposed method was 0.87
with a standard deviation of 0.09. Therefore, it is suggested that the
prediction module can predict the best learning strategy accurately.

4 CONCLUSION
In this paper, we introduced a system that provides feedback to
learners who are less effective in learning English based on the Eng-
lish learning methods of those who are effective in learning English,
we predicted the next English learning method that learners would
choose based on their behavior, and investigated the best index for
the prediction. The experimental results suggest that using features
generated from English vocabulary and smartphone sensor data in
addition to English learning time can predict English learning with
higher accuracy than using only English learning time as a feature.
The results also suggest that the prediction accuracy is high for a
large number of learners.
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