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1. Introduction

Globalization makes English learning crucial in informa-
tion gathering and communication increasingly. Reading
aloud is one of the English learning methods and enable us
to improve reading, listening, speaking and writing skills.
However, if learners find words they do not know the mean-
ings of (hereinafter called “unknown words”) when reading
aloud, they are concerned about unknown words and read
aloud more inefficiently. Therefore, we propose a system
which automatically estimates unknown words when learn-
ers read aloud. Then, learners can read aloud without their
concern for unknown words and can also review unknown
words later. The proposed system uses comics, and learn-
ers can enjoy because of its entertainment and remember
unknown words more easily with its story and images.

This paper proposes a method estimating unknown
words by learners’ speech and eye gaze when learners read
comics aloud. In this situation, eye gaze cannot be di-
vided into words, but can be divided into speech balloons.
Therefore, In our research, we estimate speech balloons in-
cluding unknown words using Takaike et al.’s method [1]
and extract unknown words from the estimated speech bal-
loons. In order to consider accuracy improvement meth-
ods, we used Takaike et al.’s method for French people
which have different cultural and linguistic background
from Japanese people and analyzed the difference between
Japanese and French people. It should be noted that this
research has been approved by the Osaka Metropolitan
University Graduate School of Engineering Ethics Com-
mittee.

2. Experiment

We conducted an data measurement experiment record-
ing speech and eye gaze information for French people,
and estimated speech balloons by using Takaike et al.’s
method [1] for the obtained data in the experiment. Then,
We compared the estimation using French data with that
using Japanese data.

2.1. Data Measurement

We asked 13 French students to read English comics
aloud using a PC and recorded their speech and eye gaze
information. The 13 participants read pages specified in 3
English comics aloud and recorded unknown words every
time they finished reading one English comics aloud. The
measurement time is around 60 minutes including experi-
ment explanation.

2.2. Evaluation

We performed user-independent leave-one-user-out cross
validation and evaluated based on AUPR, which is the
AUC of the PR curve. In this paper, the estimation using
only text information was used as the baseline.

2.3. Result

Figure 1 shows AUPR averages of the estimations for
Japanese data, for French data and for both data, which
are expressed as JP, FR and JP+FR, respectively. As
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Figure 1: AUPR averages of estimation using Japanese
and French data

shown in Fig. 1, the estimation using speech, eye gaze, and
text information exceeded the baseline in all estimation.
Also, since the AUPR average of FR is lower than that of
JP and JP+FR, it is possible that Takaike et al.’s method
is more effective for Japanese people than for French peo-
ple.

In addition, We checked the selected percentage of 9
speech features regarding reading time and confidence for
IBM Watson Speech to Text, and 12 eye gaze features,
in each estimation for Japanese and French data. In this
paper, the selected percentage of feature is calculated by
dividing the number of times the feature is selected by the
total number of Japanese or French participants. In terms
of speech features regarding reading time and confidence
for IBM Watson Speech to Text, the selected percentage
in FR is higher than that in JP for 7 out of 9 features.
Confidence for IBM Watson Speech to Text is the accu-
racy of pronunciation. Therefore, it is possible that speech
features regarding reading time and the accuracy of pro-
nunciation are effective for French people. In terms of eye
gaze features, the rate of JP is higher than the rate of FR
for 10 out of 12 features, so it is possible that eye gaze
features are effective for Japanese people.

3. Conclusion

This paper compared unknown word estimation per-
formance for French participants with that for Japanese
participants, and confirmed that the estimation performed
better for Japanese ones than for French ones. In addition,
This paper confirmed that speech features regarding read-
ing time and the accuracy of pronunciation are effective for
French participants and that eye gaze features are effective
for Japanese participants.
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Chapter 1

Introduction

The importance of English has increased with recent globalization. In order to obtain
the latest information from around the world, it is necessary to read texts written in En-
glish, so English reading comprehension is becoming particularly essential. In Japanese
English education, many lessons are taught using a grammar-translation-reading style,
in which English sentences are translated into Japanese and understood [1]. As a re-
sult of this, Japanese students have a habit of translating English into Japanese and
understanding it. It has become a problem that some English learners are able to
translate English texts, but when they read the text at a certain speed, they become
incomprehensible because of the process of translating it into Japanese [2].

Reading aloud is an effective way to eliminate this process of translating into
Japanese. Unlike silent reading, Reading aloud has the constraints of having to under-
stand the content while vocalizing it, making students realize that they do not have
time to translate it into Japanese. Furthermore, through vocalization, connections are
formed between words and their sounds. Therefore, it is confirmed that learners who
read aloud change the way they read English sentences to one that allows them to
understand the English sentences without using Japanese language [2]. As a result, it
has been shown that reading aloud affects not only reading comprehension but also
listening and speaking ability [3].

One of the problems in learning to read aloud is that while reading aloud, students
sometimes encounter words that they do not know the meanings of (hereinafter called
“unknown words”). When encountering unknown words, the efficiency of reading
aloud may be reduced by having to look up the meaning of the unknown words or
being unable to concentrate on reading aloud due to worrying about the meaning. For
this reason, we propose a system in which a computer automatically records unknown
words. With such a system, learners can read aloud without worrying about them
due to the sense of security that the unknown words are recorded and acquire new



vocabulary by reviewing the unknown words.

Although various materials such as articles and novels can be used as reading-
aloud materials, we focus on English comics in this study. Comics are subjects that
attracts the interest of many people, and it is expected that learners will enjoy being

7

exposed to English. Furthermore, “edutainment” is a learning method that combines
entertainment, and edutainment is expected to enhance the continuity of learning. In
addition, illustrations make it easier to understand the situation of the story and to
comprehend the English sentences [4]. Furthermore, illustrations of comics stories,
and scenes are effective because they help reinforce the retention of unknown words
during review [5]. Therefore, the proposed system uses English comics will be used as
read-aloud materials.

The ultimate goal of this study is to automatically estimate unknown words from
the learner’s behavior while reading English comics aloud. Specifically, this study
estimates speech balloons including unknown words in English comics with Takaike et
al.’s method [6] which is introduced in Chapter 2, and then extracts unknown words
from the estimated speech balloons.

Takaike et al.’s method has problems with its accuracy and has been used only for
Japanese native speakers. In order to consider accuracy improvement methods, this
paper performed user-independent estimation with Takaike et al.’s method for French
native speakers who have different cultural and linguistic backgrounds from Japanese
native speakers, and then, investigated the difference in the estimation performance
between Japanese speakers and French native speakers, and discuss the difference
between Japanese native speakers and French native speakers based on the estimation
results.

In the following chapters, we describe the related work in Chapter 2, the experiment
in Chapter 3, the discussion in Chapter 4, and the conclusion and future work in
Chapter 5.
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Chapter 2
Related Work

2.1 Effectiveness of speech and eye gaze on un-

known word estimation

The estimation of unknown words is closely related to learners’ internal states, such
as understanding and confidence. Sabu et al. estimated children’s confidence from
their speech while reading stories aloud [7]. In this study, pause, speech rate, pitch,
intensity, voice quality, and enunciation were calculated as speech features. Based
on the obtained speech features, the confidence was estimated using a random forest.
Hasegawa-Johnson et al. estimated whether children were confident, confused, or
hesitant based on their speech while performing a Lego task and talking to their
tutors [8]. In this study, various speech analyses such as lexicon, prosody, spectrum,
and syntax were performed. The results of these analyses were used to estimate
the emotion by a robust classification and regression tree (CART). Thus, speech has
been used to estimate confidence, and speech is expected to be effective in estimating
unknown words.

Eye gaze has been also used to estimate people’s internal states: Martinez-Gémez
et al. estimated learners’ language proficiency from their eye gaze while reading ed-
ucational texts [9]. Ishimaru et al. classified learners’ language proficiency based on
their eye gaze while answering questions about a physics textbook that they had read
once [10]. Garain et al. estimated reader-specific difficult words in a document and
showed that eye gaze is related to comprehension [11].



42.2  ESTIMATION OF INTERNAL STATES WHEN READING ENGLISH COMICS

2.2 Estimation of internal states when reading En-

glish comics

There are some studies that estimate the comprehension level of English learners
when reading English comics. Daiku et al. estimated the comprehension level during
reading English comics in the form of speech balloons based on eye gaze, micro-
expression features, and the number of words in the speech balloon [12]. Eye gaze
was measured with an eye tracker device, and facial expression features were extracted
from facial images recorded with a high-speed camera. Takahashi et al. used eye gaze
to estimate learners’ comprehension of each page in English comics [13]. In these two
studies, fixation and saccade were used as eye gaze, and it was shown that eye gaze
is also effective in estimating comprehension while reading English comics. Fixation
refers to the point where a gaze stops for a certain period of time, and saccade refers
to the quick movement of gazes between fixations.

2.3 Existing unknown word estimation based on

behavior when reading English comics aloud

Takaike et al.’s method [6] has been used to estimate speech balloons including
unknown words when learners read English comics aloud. Takaike et al. asked 20
Japanese participants to read English comics aloud, and estimated speech balloons
including unknown words based on speech, eye gaze, and text information. The speech
was recorded using a headset, and the eye gaze was measured using an eye tracker
device. MFCC and confidence of IBM Watson Speech to Text! were used as features
for the speech information, and fixation and saccade were used as features for the
eye gaze information. As features for the text information, word frequency and the
number of words in the speech balloons were used. Takaike et al. evaluated user-
dependent estimation by performing leave-one-episode-out cross-validation, using one
episode of data as test data and the rest as training data. The results showed that the
average AUPRs of all 20 participants in the experiment when the estimation used the
speech, eye gaze, and text information were higher than the average AUPRs when the
estimation used the text information alone, indicating that the estimation using the
speech, eye gaze, and text information performed better than the estimation using the
text information alone. However, the average AUPR of the estimation using speech,
eye gaze, and text information is 0.325, and the estimation has problems with its

"https://www.ibm.com/products/speech-to-text(accessed on January 22, 2024)
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2.3 EXISTING UNKNOWN WORD ESTIMATION BASED ON BEHAVIOR WHEN READING E

accuracy.
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Chapter 3

Experiment

We conducted a data measurement experiment recording speech and eye gaze infor-
mation for French native speakers, and estimated speech balloons by using Takaike
et al.’s method [6] for the obtained data in the experiment. Then, We compared the
estimation performance using French data with that using Japanese data. Hereinafter,
the dataset obtained from the data measurement experiment conducted in Japan from
December 2021 to January 2022 by Takaike et al. will be referred to as “Japanese
Dataset A”. The dataset obtained from the data measurement experiment conducted
in Japan from December 2022 to March 2023 by Takaike et al. will be referred to as
“Japanese Dataset B”. The combined dataset of Japanese Dataset A and B will be
referred to as “Japanese Dataset”. Also, the dataset obtained from the data measure-
ment experiment conducted in France in June 2024 by us will be referred to as “French
Dataset”, and then, The combined dataset of Japanese Dataset and French Dataset
will be referred to as “Mixed Dataset”.

3.1 Data measurement

We asked 13 French native speakers to read three English comics aloud using a
comics display application on the PCs, and their behavior during the reading aloud
was recorded using a headset and eye tracker. The comics display application displayed
a double-page spread of the English comics as a single image. The headset and eye
tracker are AKG C544L and Tobii Pro 4C, respectively. Each comics title includes 26
pages.

Before the measurement, the participants were told how to read comics because
they were not accustomed to reading comics, and then fixed their sitting position and
head position. After that, they read three English comics aloud and recorded unknown
words every time they finished one English comics. The participants of this experiment



Table 3.1: Label information of speech balloons in Japanese Dataset A

Participant | Number of balloons Percentage of
No. Positive | Negative | Total Positive
A01 43 235 278 15.5%
A02 44 277 321 13.7%
A03 40 261 301 13.3%
A04 10 80 90 11.1%
A05 88 291 379 23.2%
A06 57 298 355 16.1%
A07 47 249 296 15.9%
A08 33 197 230 14.3%
A09 62 130 192 32.3%
A10 62 181 243 25.5%
All 22 599 621 3.5%
A12 50 259 309 16.2%
A13 56 244 300 18.7%
Al4 51 270 321 15.9%
Al5 95 217 312 30.4%
Al6 145 179 324 44.8%
Al7 84 232 316 26.6%
A18 138 172 310 44.5%
A19 36 525 561 6.4%
A20 67 569 636 10.5%

Average 61.5 273.3 | 334.8

consist of 13 French native speakers(11 males and 2 females, PhD students). The total
duration of the experiment, including guidance and post-measurement questionnaires,
was an hour, and each participant was paid 15 euros as an honorarium. The gender
and age of the experimental participants are shown in Appendix A.

3.2 Details of used data

Tables 3.1 and 3.2 show the label information of speech balloons in Japanese Dataset
A and B, respectively. Table 3.3 shows the label information of speech balloons in
French Dataset. Note that we counted only speech balloons with speech and eye gaze
as the number of speech balloons. In Tabs. 3.1, 3.2 and 3.3, the number of speech
balloons including unknown words is denoted as “Positive”, the number of speech
balloons not including unknown words as “Negative”, the total number of speech
balloons as “Total”, and the percentage of “Positive” in “Total” as “Percentage of
Positive”. In Japanese Dataset A, the average number of speech balloons was 334.8
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3.2 DETAILS OF USED DATA 9

Table 3.2: Label information of speech balloons in Japanese Dataset B

Participant | Number of balloons Percentage of
No. Positive | Negative | Total Positive
BO1 40 243 283 14.1%
B02 33 277 310 10.6%
Bo3 67 247 314 21.3%
B04 81 366 447 18.1%
B05 22 235 257 8.6%
B06 64 348 412 15.5%
B07 53 222 275 19.3%
B08 35 323 358 9.8%
B09 87 228 315 27.6%
B10 48 316 364 13.2%
B11 36 223 259 13.9%
B12 49 196 245 20.0%
B13 24 99 123 19.5%
B14 43 485 528 8.1%
B15 25 230 255 9.8%
B16 37 414 451 8.2%
B17 62 290 352 17.6%
B18 30 305 335 9.0%
B19 35 282 317 11.0%
B20 51 446 497 10.3%

Average 46.1 288.6 | 334.9

Table 3.3: Label information of speech balloons in French dataset

Participant | Number of balloons Percentage of
No. Positive | Negative | Total Positive
Po1 0 94 94 0.0%
P02 5 103 108 4.6%
P03 1 111 112 0.9%
Po4 5 82 87 5.8%
P05 3 75 78 3.9%
P06 4 107 111 3.6%
Po7 0 91 91 0.0%
P08 0 74 74 0.0%
P09 1 83 84 1.2%
P10 0 99 99 0.0%
P11 1 89 90 1.1%
P12 0 73 73 0.0%
P13 1 105 106 0.9%

Average 1.6 91.2 | 92.8

RBRRSLRFERFBEERAIT TR} S A I ATRE T 3
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with the range [90, 636], and the percentages of Positive speech balloons ranged from
[3.5%, 44.8%)]. In Japanese Dataset B, the average number of speech balloons was 334.9
with the range [123, 528], and the percentages of Positive speech balloons ranged from
[8.1%, 27.6%]. In French Dataset, the average number of speech balloons was 92.8
with the range [73, 112], and the percentages of Positive speech balloons ranged from
[0.0%, 5.8%]. The number of Positive speech balloons and the number of Negative
speech balloons were unevenly distributed among all participants, and the number
of Positive speech balloons was generally smaller than that of Negative ones. In
French Dataset, The percentage of Positive speech balloons was generally lower than

in Japanese Dataset.

3.3 Evaluation manner

User-independent estimations were performed on Japanese Dataset, French Dataset,
and Mixed Dataset. User-independent estimation was evaluated by performing leave-
one-user-out cross-validation, where user-independent estimation means that the es-
timator is trained using the data of participants other than the participant being
estimated. Because the data were highly biased toward labels, we oversampled the
training data using SMOTE [14]. Feature selection by SBFS using the training data
was performed for each cross-validation. The AUPR, the AUC of the Precision-Recall
curve, was used as the evaluation metric.

We will refer to the user-independent estimation using Japanese Dataset as “JP”, the
user-independent estimation using French Dataset as “FR”, and the user-independent
estimation using Mixed Dataset as “JP+FR”.

Table 3.4 shows features in Takaike et al.’s method. Estimation using only text
information is denoted as “text only”, and we assume the estimation is the baseline.
Estimation using speech and text information is denoted as “speech + text”, estimation
using eye gaze and text information is denoted as “eye gaze + text”, and estimation
using speech, eye gaze, and text information is denoted as “speech + eye gaze + text”.

3.4 Result

Figure 3.1 shows the average AUPRs for all participants for user-independent es-
timation with all options for Japanese Dataset, French Dataset, and Mixed Dataset,
respectively. The average AUPRs of FR are lower than those of JP and JP+FR. This
shows the unknown word estimation with Takaike et al.’s method is not effective for
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Table 3.4: Features in Takaike et al.’s method

Category | Type of features | Features
Frequency feature Avg. of MFCC (20 dimensions, time-frequency)
Confidence of transcription per speech balloon
S h Features using Max., min., avg. of
peec IBM Watson Speech to Text API confidence of transcription per word
Max., min., avg. ol conlidence ol transcription
assuming the transcription is same as the text
. . Reading aloud time per speech balloon
Reading aloud time Reading aloud time per word
Fixation Number of fixations
Max., min., avg. of duration of fixations
Eve saze Saccade Max., min., avg. of the length of saccades
ve & Max., min., avg. of the speed of saccades
Gazing time Gazing tl_me per speech balloon
Gazing time per word
Speech and Time difference between Time difference in start time
Eye gaze reading aloud and gazing Time difference in end time
Text Number of words Number of words in speech balloon
Word frequency Max., min., avg. of word frequency
Averages of AUPR Comparison
1.0
B text only I eye gaze + text
B speech + text  EEM speech + eye gaze + text
0.8
0.6
o
o
]
=
0.4
0.2 1
0.0 -

P

FR JP+FR
Avg.

Figure 3.1: Averages of AUPR Comparision

French participants. About the average AUPR of FR being less than 0.2, there are few
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Figure 3.2: Selected percentages of speech features regarding reading time and confi-
dence for IBM Watson Speech to Text

unknown words in the French data, and it is possible that the model is insufficiently
trained. Moreover, in FR, the AUPR average of the estimation using eye gaze and
text information is lower than that using only text information, and it is possible that
eye gaze features are not effective for French participants.

Figures 3.2 and 3.3 show the selected percentages of speech features regarding read-
ing time and confidence for IBM Watson Speech to Text and eye gaze features, respec-
tively, where the selected percentage of features is calculated by dividing the number of
times the feature is selected by the total number of Japanese or French participants.
In Fig 3.2, the selected percentage in FR is higher than that in JP for 7 out of 9
features. Confidence for IBM Watson Speech to Text is the accuracy of pronuncia-
tion, which means how close it is to native pronunciation. Therefore, This shows that
speech features regarding reading time and the accuracy of pronunciation are effective
for French participants. In Fig 3.3, the selected percentage in JP is higher than the
that in FR for 10 out of 12 features, and this shows that eye gaze features are effective
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Figure 3.3: Selected percentages of eye gaze features

for Japanese participants.
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Chapter 4

Discussion

This chapter discusses the difference between Japanese and French participants in
frequently selected features in Figs 3.2 and 3.3. Specifically, we examined the difference
between these features of Positive and Negative speech balloons in JP or FR. In order
to see frequently selected features for the estimation, we focus on features selected
more than 60 % in both JP and FR. Tables 4.1 and 4.2 show the averages, standard
deviations, standardized mean difference of the speech features and eye gaze features,
respectively, of Positive or Negative balloons in JP or FR.

In Tab. 4.1, almost all features regarding confidence of Positive balloons are lower
than those of Negative balloons in JP and FR except for the minimum of confidence of
transcription per word in FR. This shows that both Japanese and French participants
pronounce speech balloons including unknown words in a more ambiguous or incorrect
way that would be difficult for the transcription model to recognize correctly. Also,
features regarding reading time of Positive balloons are higher than those of Negative
balloons in JP. In contrast, those of Positive balloons are lower than those of Negative
balloons in FR. This shows that Japanese participants read more slowly and French
participants read faster when finding unknown words.

In Tab. 4.2, the number of fixations and gazing time of Positive balloons are higher
than that of Negative balloons in JP. In contrast, those of Positive balloons are slightly
lower than those of Negative balloons in FR. Also, gazing time per word of Positive
balloons is higher than that of Negative balloons in JP. In contrast, that of Posi-
tive balloons is slightly lower than that of Negative balloons in FR. This shows that
Japanese participants gaze more at speech balloons including unknown words, and
French participants gaze slightly less at speech balloons including unknown words.

In Tab. 4.1 and 4.2, features where the standardized mean difference between Posi-
tive and Negative balloons is less than 0.2 are the average of confidence of transcription
per word, max of confidence of transcription assuming the transcription is same as the

15
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text, gazing time per word. These features are generally difficult to classify, but

frequently selected in the estimation. One possibility is that these features become

effective as a result of interaction with other features.

Table 4.1: Averages, standard deviations and standardized mean differences of effec-

tive speech features regarding reading time and confidence for IBM Watson Speech to

Text
JP Positi
iti r
Features or NOS t‘,,e © Avg. £+ std. | SMD
FR egative
Ip Positi\./e 0.74 =+ 0.15 0.13
Avg. of confidence of Negative 0.76 £ 0.16
transcription per word R Positi\./e 0.78 + 0.15 0.14
Negative 0.80 £ 0.14
Positive 0.23 £ 0.23
Avg. of fid f JP 0.44
Ve, O cotidence o Negative 0.36 + 0.31
transcription assuming the —
) ' tion i the text | FR Positive 0.035 4+ 0.054 0.91
ranscription is same as the tex )
P Negative 0.066 £ 0.15
Max of confidence of JP POSItlYe 0.64 =+ 0.42 0.17
; ot e th Negative 0.71 &+ 0.41
ranscription min
) anse ,pt,o ASSHIIS t; ot | pp | Positive 027 041 | o
ranscription is same as the tex )
P Negative 0.29 + 0.42
| . Ip Positix./e 6.27 &+ 5.48 0.70
Reading aloud time per speech Negative 3.56 £ 3.48
balloon R Positix./e 2.56 + 1.33 0.30
Negative 3.01 £ 3.16
Ip Positix'/e 0.68 £ 0.50 0.98
) ) Negative 0.52 + 0.58
Reading aloud time per word —
R Positive 0.41 £+ 0.23 0.95
Negative 0.62 £+ 0.84 '
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Table 4.2: Averages, standard deviations and standardized mean differences of effec-
tive eye gaze features

Features JP or FR | Positive or Negative | Avg. + std. | SMD
Ip Positi.ve 4.16 £ 3.48 0.62
. Negative 2.70 + 2.07
Number of fixations —
FR Positive 1.48 £ 2.11 0.33
Negative 1.87 £ 1.15 '
Ip Positi.ve 1.27 + 1.48 0.14
Gogine ti d Negative 1.00 £+ 2.06
AATHS TG PELWOT R Positive L2060 | oo
Negative 1.26 + 4.45 ‘
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Chapter 5

Conclusion

In this paper, We performed user-independent estimation using sensor data from 40
Japanese participants and 13 French participants and compared the unknown word
estimation performance for French participants with that for Japanese participants.
We confirmed that the estimation performed better for Japanese ones than for French
ones. In addition, we confirmed that speech features regarding reading time and
the accuracy of pronunciation are effective for French participants and that eye gaze
features are effective for Japanese participants. Future work is to propose a method
for identifying actual unknown words from speech balloons including unknown words.
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Appendix

A French participants information

[k

Table 5.1 shows the gender and age of French participants. in Age means no

answer.

Table 5.1: Information of French participants

Participant ID  Gender Age

P01 Male -
P02 Male -
P03 Male -
P04 Male -
P05 Female 22
P06 Male 29
PO7 Male 26
P08 Male 22
P09 Male 23
P10 Male 27
P11 Male 24
P12 Male 19

P13 Female 26
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