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Reading analysis can relay information about user’s confidence and habits and can be used to construct useful feedback. A
lack of labeled data inhibits the effective application of fully-supervised Deep Learning (DL) for automatic reading analysis.
We propose a Self-supervised Learning (SSL) method for reading analysis. Previously, SSL has been effective in physical
human activity recognition (HAR) tasks, but it has not been applied to cognitive HAR tasks like reading. We first evaluate the
proposed method on a four-class classification task on reading detection using electrooculography datasets, followed by an
evaluation of a two-class classification task of confidence estimation on multiple-choice questions using eye-tracking datasets.
Fully-supervised DL and support vector machines (SVMs) are used as comparisons for the proposed SSL method. The results
show that the proposed SSL method is superior to the fully-supervised DL and SVM for both tasks, especially when training
data is scarce. This result indicates the proposed method is the superior choice for reading analysis tasks. These results are
important for informing the design of automatic reading analysis platforms.
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1 INTRODUCTION
Reading analysis is essential for developing human learning strategies because it is possible to obtain a wide
variety of information from reading activities [43]. The development of technologies such as eye-trackers and
electrooculography (EOG) glasses means that useful data can be obtained via stationary devices and wearable
sensing devices [6, 29]. There are numerous types of aspects of reading that can be analyzed and classified such
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as reading detection, where the objective is to detect whether the user is reading or not [7, 31]. Other research
has tackled issues like identifying the type of text being read, such as reading English or Japanese text [23].
Another classification task is a problem-solving task such as confidence estimation in answering multiple-choice
questions (MCQs) [59]. In this paper, we use the term “reading activity” to cover not only the activity of reading
plain text but also problem-solving tasks completed via reading.
With the data collected from sensing technologies, reading analysis can be conducted in multiple ways.

Traditional machine learning methods have achieved satisfactory results in laboratory settings where features
are manually selected, which require feature engineering expertise. In addition, these methods may not produce
similar results outside of the lab [19] due to noise which obfuscates features that need to be extracted. Deep
Learning (DL), on the other hand, has been successfully applied in the areas of image recognition [28], speech
recognition [13], natural language processing [36], human activity recognition [45], and eliminates manual
feature engineering. The key to successful DL is to prepare enough labeled samples for training the network. In
most fields, accumulating enough labels is a serious issue [44].
The lack of labeled data is also a problem for reading activity classification. Obtaining large curated reading

activity datasets is problematic because the annotation costs and time it takes to generate a satisfactory dataset
are prohibitive. In addition, the diversity of devices and embedded sensors, variations in specifications regarding
sampling rates, and different deployment environments make dataset construction a challenge. For these reasons,
it is difficult to apply a fully-supervised DL method in this domain directly.

Self-supervised Learning (SSL) presents a potential solution [18, 41]. This method employs a pretext task [24]
for feature learning before training for the task of interest (target task). The pretext task is different from the
target task, but the network representation acquired based on it is effective for the target task. Because labeled
samples for the pretext task are generated without manual labeling, the network can be trained with a much
larger amount of data. In general, this helps to improve classification accuracy. For reading activity classification
in particular, SSL can also provide certainty in performance compared to existing technologies where performance
is unknown.
In the field of human activity recognition (HAR), some researchers have successfully attempted to employ

SSL to solve the issue of the lack of labeled data by employing simple signal transformations to produce the
pretext task for sensor data [17, 46]. Their goal is to recognize physical human activities by using accelerometers
(ACC) and gyroscopes (GYRO) as sensors to distinguish body movements that characterize activities. However,
we do not know if similar approaches are effective for recognizing cognitive human activities such as reading,
where the target task is cognitively intensive with fewer bodily movements, and biological signals such as eye
movements are captured by sensors. The fundamental differences between how physical and cognitive activity
data are collected present a challenge to the generalizability of SSL to cognitive activities.

This research aims to clarify how effective SSL is at solving the labeled data issue in the cognitive HAR area of
reading activity classification. We propose an SSL method and evaluate it for two different but related reading
activity classification tasks placed at two extreme points on the reading activity spectrum. The first one is reading
detection, a low-level reading activity relevant to the quantity of reading, where periods of reading are identified
throughout the day. The unique point is that we attempt fine-grained reading detection, which distinguishes
subordinate categories of reading: identification of periods of reading texts in different scripts and layout such as
horizontally written English, horizontally written Japanese, vertically written Japanese, and not reading anything.
Identification of subordinate categories allows us to obtain detailed information about reading activities. For
example, vertically written Japanese often indicates a user is reading material such as novels and newspapers.
The second one is confidence estimation: whether the user is confident or not on the answer of MCQs, which
is a high-level reading activity relevant to the quality of reading. By identifying the confidence in the answer,
in addition to its correctness, we can produce better strategies for personalized review [22]. For example, a
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correct but unconfident answer needs review to ensure the knowledge can be used in the future. An incorrect
and confident answer requires more attention to revise the incorrect knowledge.

Our trials on both quantity and quality of reading activities allow us to obtain a full picture of the effectiveness
of the proposed SSL method across the reading activity spectrum. In the evaluation process, we recorded eye
movement using EOG glasses for reading detection and eye gaze using an eye-tracker for confidence estimation.
We compared the effectiveness of the proposed SSL method by training and evaluating the network for a different
number of training samples per class, starting from the availability of all samples per class to 10 samples per
class. We used the fully-supervised DL as a comparative method along with support vector machines (SVMs), a
traditional machine learning method, as a baseline.

The results show that the proposed SSLmethod is superior compared to othermethods at both tasks, e.g., reading
detection and confidence estimation. Specifically, the proposed SSL method demonstrates better performance
than the fully-supervised DL except at the largest number of training samples, where the proposed SSL method
performs equally well. Although the fully-supervised DL performs worse than SVM with a smaller number of
training samples, due to the impact of insufficient training samples, the proposed SSL method does not face this
problem; it is always superior. The statistical analysis supports the above statements.

From the results, we conclude that the proposed SSL method is superior to other methods over a wide range of
training samples on both tasks and is equal to fully-supervised DL when numerous training samples are available.
Thus, we can recommend the SSL method for any size of available training samples. This insight can help system
designers, and researchers more efficiently pursue reading activity classification.
The main technical contributions of this paper are as follows:
• We propose an SSL method for cognitive HAR for the cases of reading activity classification. It is a novel
contribution because existing methods with SSL in the field of HAR are for physical HAR.

• Reading activity classification needs new sensors, EOG, and eye-tracker, that are not used in physical HAR.
Pretext tasks for SSL are newly proposed for dealing with those sensors.

• The task of reading detection is fine-grained, which is more difficult but informative for cognitive human
activities. Although a method with traditional machine learning cannot work well for fine-grained reading
detection, the proposed SSL has been successful to improve the accuracy.

• We employed in-the-wild datasets for realistic evaluation of the proposed method.
The remainder of the paper is organized as follows: Section 2 presents related work on reading detection,

confidence estimation, and SSL. Section 3 presents the proposed SSL method. Section 4 presents the details of
datasets, and the data collection framework. In section 5 we present the experimental conditions, results, and
discussion. Finally, section 6 presents the conclusion and future work.
This work has been evaluated and approved by the ethical committee of our institute.

2 RELATED WORK
Our work relates to several active research areas, including reading detection, confidence estimation, and SSL. In
this section, we describe how our work builds on these fields.

2.1 Reading Detection
Reading detection strategy varies depending on its purpose, and over the past years, researchers have proposed
many methods for different kinds of automatic reading detection. For example, they have proposed methods
for reading detection as a part of other human activities such as reading in transit [5, 51], in office settings [6],
and with talking [20, 21] by exploring eye movements in controlled settings using classical machine learning
approaches. In another eye-based activity recognition study [50], authors detected reading with desktop activities
such as search and writing by using traditional machine learning methods. Many existing studies attempt to
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explore reading activity as an individual activity accomplishing different modes, such as regular reading, detailed
reading, skimming, and spell-checking [52]. Researchers used traditional machine learning methods to detect
whether the user is reading or skimming [4, 27], reading or searching [7], and reading or not reading [19, 31] in
laboratory settings. Recently, Ishimaru et al. [23] proposed a classical machine learning method to classify the
language of text segments, English or Japanese, read by the user. They were able to demonstrate an ability to
differentiate the language of the text by analyzing eye movement data obtained through an in-the-wild study.
The literature on reading detection suggests a strong relationship between eye movements and reading

activities. Moreover, the existing body of work provides evidence that eye movement plays a crucial role in
reading detection, making it compelling to explore the development of eye-based reading detection systems.
However, most of the existing methods occur in laboratory settings and use classical machine learning approaches,
with the exception of some preliminary work that applies DL methods [9, 19], and pays very little attention in
classifying the scripts and layout of texts read by users. Although classical machine learning approaches can
produce satisfactory results in laboratory settings, they may not do so in-the-wild [23].

2.2 Confidence Estimation in Answering Multiple-ChoiceQuestions
MCQs are fundamental forms of assessing knowledge, ability, and performance [14] and are popular since they
offer quick and objective scoring. However, random guessing can result in correct answers. A user may answer
correctly and know the subject matter, but a user may guess the correct answer without understanding the
subject matter [32]. The user may also be skilled in answering MCQs correctly [37]. Moreover, a user may answer
correctly even though the user is confused by other options [39], or the user may be confident even though the
answer is incorrect. Therefore, only correctness does not indicate understanding, which is a significant drawback
of MCQ assessment [48] whereby the user’s understanding of the subject material may be misunderstood [8].
Therefore, an assessment system that provides feedback is essential for both users and instructors. Since it is not
possible to manually track users, there is a need to develop automatic confidence estimation.
Researchers have proposed some methods for automatic confidence estimation. Tsai et al. [55] analyzed

user’s visual attention spans when solving MCQs by using eye-tracking under laboratory settings and with the
application of a traditional machine learning method. The results show that successful problem solvers focus and
spend more time examining relevant factors than irrelevant ones, while unsuccessful problem solvers spend more
time decoding the problem, and have difficulty in recognizing the relevant factors. Yamada et al. [59] proposed a
method to classify whether a user is confident or not when answering MCQs through manually selected features
from the eye gaze recorded with an eye-tracker in a controlled environment and applied a traditional machine
learning approach.

2.3 Self-supervised Learning
In the past decade, the development and application of DL have successfully solved many problems in the field of
ubiquitous computing [15], health [16], well-being [34], and similar. Most of the methods use fully-supervised DL
approaches that need large and carefully labeled data that is unfeasible in most of the research domains, because
of the tremendous cost required to manually label data. To overcome the innate limitations of the fully-supervised
DL approaches, researchers introduced several unsupervised methods [30, 35].

Recently, researchers proposed a DL technique called SSL [1, 2, 12] that encourages a network for representation
learning [33] by using unlabeled data and their automatically generated labels. It is desirable to obtain precise
labels without human supervision, but automatic labeling is not possible in many tasks. Hence, a kind of SSL that
utilizes an auxiliary task called pretext tasks to obtain better feature representation is used. Generally speaking, a
pretext task should meet the following requirements; the labels of unlabeled data for the task can be automatically
generated, the pretext task is somehow related to the target task, and the pretext task is of appropriate difficulty.
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Representative pretext tasks include classification [11], image repair [42], image patch alignment [10], and jigsaw
puzzle [40]. SSL which employs a pretext task has various applications in different research domains [3, 38, 49].
In physical HAR tasks, researchers applied SSL for learning representations by solving pretext tasks using a
large amount of wearable sensor data that aims to enhance performance [33]. A technique is proposed in [46] by
generating pretext tasks by utilizing simple signal transformations. A similar technique is proposed in [47] for
representation learning from raw sensory data to mitigate data limitations and shows that method is effective
even for small sized data. Likewise, masked reconstruction is proposed as a viable self-supervised pre-training
objective for time series data of HAR [17]. Similarly, an SSL method is proposed for enhancing performance by
pre-training the network by predicting the values of sensor signals in future time-steps [53] and their findings
show that the SSL technique is effective in boosting the performance.
Inspired by the successful application of the SSL technique to address the issue of insufficient labeled data,

specifically in physical HAR with sensor data, we explore the generalized efficacy of SSL for eye movement
sensory data for cognitive activities such as reading.

3 PROPOSED METHOD
We propose an SSL method for reading activity classification using sensor data, as shown in figure 1 that consists
of two stages. The first stage shown in the upper parts of figures 1(a) and (b) is self-supervised pre-training
consisting of solving the pretext task. The second stage shown in the lower parts of figures 1(a) and (b) is target
task training by fine-tuning the pre-trained base network using labeled sensor data.

We implemented the proposed SSL method on two different but related reading activity tasks: reading detection
and confidence estimation in answering MCQs. The reason is that reading activities are distributed on a wide
spectrum. For example, some activities are related to the quantity of reading, while other activities involve the
quality of reading, such as understanding and confidence. To investigate the applicability of the proposed SSL
method, we apply it to tasks in these two categories: reading detection that differentiates reading periods from all
activities and confidence estimation in answering MCQs. These two activities are also recorded using different
devices: EOG glasses for reading detection and an eye-tracker for confidence estimation. We consider that the
proposed method is generalizable if it works for both tasks.

3.1 Reading Detection
Reading detection aims to differentiate periods of reading from all other activities. This is implemented as a
classification task; the user activities are divided into short segments and then classified into one of the predefined
classes of activities. We do not just classify “reading” and “not reading”, but include fine-grained classes. We
classify segments into one of the following four classes: reading English text (EN), reading Japanese horizontal
text (JH), reading Japanese vertical text (JV), and not reading (NR). Japanese text can be written horizontally
or vertically. Japanese horizontal writing is written left to right with no spaces between words. In the vertical
writing system, characters are read from top to bottom, going right to left [57]. The reason we employ these
fine-grained classes is that we can obtain detailed information about the user’s reading activities. For instance,
class JV often indicates that the user is reading novels or newspapers, class EN suggests that the user is reading
something technical (scientific materials if the user is a science student), and class JH includes various materials.

The devices employed to measure reading detection are EOG glasses that generate EOG data of eye movements,
and ACC and GYRO data from the movement of the EOG glasses themselves. From the EOG signals, we obtained
data of horizontal and vertical eye movements. ACC and GYRO data consist of 𝑥 , 𝑦, and 𝑧 components. In total,
we collected eight different kinds of data. The details of data recording are described in section 4.1.

3.1.1 Self-supervised Pre-training. Self-supervised pre-training involves learning the representation of signal by
using a pretext task to understand the fundamental characteristics of the signal. Researchers proposed pretext
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Fig. 1. Proposed SSL method for (a) reading detection where not reading (NR), reading English text (EN), reading Japanese
horizontal text (JH), and reading Japanese vertical text (JV) and (b) confidence estimation. Both methods consist of two
stages; self-supervised pre-training of the base network, for representation learning using unlabeled sensor data and target
task training by fine-tuning the pre-trained base network by using a small amount of labeled sensor data.

tasks for this purpose in different domains. In HAR, the eight signal transformations are proposed by Saeed et
al. [46] for ACC and GYRO sensor data; noise addition, scale, rotation, vertical flip, horizontal flip, permutation,
time-warp, and channel-shuffle. Noise addition means the addition of random noise, scale means changing the
magnitude of the samples within a window, by multiplying with a randomly selected scalar𝑚, rotation means
rotating samples about 𝑧-axis within a window in 90◦ anti-clockwise direction, vertical flip means a reflection
of the window samples about 𝑥-axis achieved by multiplying by −1, horizontal flip means a reflection of the
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Fig. 2. Transformed EOG data, (a) shows an original data segment (no transformation applied), and (b) to (h) are the
transformed versions of (a). These transformations constitute the pretext task for self-supervised pre-training in the reading
detection task.

window samples about 𝑦-axis, permutation means randomly perturbs the events within a window, time-warp
means locally stretches or warps a time-series by an amount of 𝑛 through a smooth distortion of time intervals
between the values, and channel-shuffle means randomly shuffle the axial dimensions. For the pretext task, we
also employ the same set of transformations for ACC and GYRO. For EOG, seven transformations, excluding
rotation, are employed because rotation is not meaningful. Figure 2 shows the transformed EOG data.

The red-dashed rectangle in the upper part of figure 1(a) is the base network trained by solving the pretext task.
It consists of three Convolutional Neural Network (CNN) blocks for EOG, ACC, and GYRO data, a CNN block
(128 units) that concatenates three CNN layers, and a global max-pooling layer. Each CNN block of EOG, ACC,
and GYRO data consists of three 1D CNN layers. The numbers of units and kernel sizes in the CNN layers are 32,
64, and 96, and 24, 16, and 8, respectively. We applied batch normalization after each CNN layer, and a dropout
layer after the global max-pooling layer. Finally, we added three classifiers at the end of the base network. Each
classifier consists of two fully connected (FC) layers with 256 and 512 units, respectively. We use ReLU, softmax
function, and Adam as the activation function, output layer, and optimizer, respectively. Finally, we solved the
eight-class (not + seven transformed) and the nine-class (not + eight transformed) transformation recognition
tasks for EOG data, and ACC and GYRO data, respectively.

3.1.2 Target Task Training. The final step is the target task training. For the fine-grained reading detection, we
have four target classes as mentioned above: reading EN, reading JH, reading JV, and NR. We create a fine-grained
reading detection network by retraining the pre-trained base network with a supervised approach, as shown in
the lower part of figure 1(a). Unlike freezing the pre-trained base network, the proposed SSL method fine-tunes
the base network. This is because higher performance is achieved. The FC layer in the target task training has
1024 units. We use the same activation function, optimizer, and output layer as used in the self-supervised pre-
training. We select all hyperparameters in self-supervised pre-training and target task training by a preliminary
experiment.
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(a) MCQ format that consists of two parts;
the problem statement, a sentence with a
blank, and four choices in rectangles. The
user is asked to select one correct choice.

(b) Eye gaze image (c) Rotation

(d) Reflection about 𝑦-axis (e) Reflection about 𝑥-axis

Fig. 3. (a) MCQ format used for data recording of confidence estimation, (b) is the actual eye gaze represented as an image,
and (c) to (e) are transformed versions of (b), where the red dots represent the eye gaze points. Horizontal and vertical
directions of (b) represent the 𝑥 and 𝑦 axes, respectively.

3.2 Confidence Estimation
Confidence estimation in answering MCQs involves classifying whether the answer is produced with confidence
or not. By knowing the confidence in addition to the correctness of answers, we can offer some strategies for
personalized learning. For example, correct but unconfident answers may be obtained by chance. In order to
make the knowledge reliable, the question should be reviewed. Note that it is possible only if we know the
confidence. Incorrect but confident answers often indicate wrong knowledge. The same incorrect answers would
be reproduced when the user answers the same questions. In order to avoid this issue, it is necessary to revise
the incorrect knowledge. We can warn the user of the revision if we know the confidence.

The format for howwe handled MCQs in this paper is shown in figure 3(a); the user is asked to select one correct
choice. We used an eye-tracker to record raw eye gazes while answering MCQs. In general, eye tracking data are
converted into fixations and saccades [59] for further processing. But in our case, we employ the raw eye gaze
data without conversion. Unlike the classification of fixed length segments in the reading detection, the amount
of eye gazes varies from segment (MCQ) to segment (MCQ). Researchers in various domains have transformed
1D time-series data into 2D images to solve the classification task using CNN [25, 56, 58]. This direction helps
with handling the variability in the amount of sensor data; therefore, we transform the eye-tracking data into
images by plotting eye gaze graphically, as shown in figure 3(b). The red circles represent eye gaze points, and the
black parts are the accumulation of black borders from the red circles. The 𝑥 and 𝑦 axes of the screen coordinate
belongs to the horizontal and vertical directions of the eye gaze image, respectively.

3.2.1 Self-supervised Pre-training. We employ three image transformations as shown in figures 3(c)-(e) for the
confidence estimation. The rotation is to apply 45◦ anti-clockwise rotation to the original image. Reflection about
𝑥 and 𝑦 axes mean the transformation of each pixel at (𝑥,𝑦) to (𝑥,−𝑦) and (−𝑥,𝑦), respectively. Therefore, we
solve the four-class transformation recognition (not + three transformed) problem in pre-training.
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Fig. 4. Data recording for reading detection, (a) JINS MEME EOG glasses, (b) a user reading text documents wearing narrative
clip takes frontal images, and JINS MEME EOG glasses records eye movement, and (c) Images taken by the Narrative clip.

The red-dashed box in the upper part of figure 1(b) shows the base network that consists of two CNN blocks
and a max-pooling layer after each block. We add a dropout layer after the second max-pooling layer followed by
a flatten layer. Each CNN block consists of two 2D CNN layers. The numbers of units of CNN layers are 8 for the
first CNN block and 16 for the second CNN block. The kernel size is 3 × 3 for all CNN layers. We added a batch
normalization after each CNN layer. At the end of the base network, we add a classifier consisting of two FC
layers, and the number of units of both layers is 36. We use ReLU, softmax function, and SGD as the activation
function, output layer, and optimizer, respectively. The input image size is 64 × 64 × 3, where 3 shows the RGB
channels.

3.2.2 Target Task Training. After the pre-training, the target task training is performed by replacing the classifier
with an FC layer of 64 units. Same as with reading detection, unlike freezing the pre-trained base network, the
proposed method fine-tunes the base network and retrains it using a labeled dataset as shown in the lower part of
figure 1(b) that performed better. We designed the target task as a binary classification: confident or unconfident.
We used the same input image size, activation function, optimizer, and output layer used in the self-supervised
pre-training task. In addition, all hyperparameters are selected by a preliminary experiment.

4 DATA COLLECTION

4.1 Reading Detection Datasets
We used a labeled dataset and an unlabeled dataset for reading detection recorded using JINS MEME EOG
glasses [26]. This is an eye-wear device developed by JINS, which equips EOG, ACC, and GYRO sensors as shown
in figure 4(a). The EOG sensor consisting of left, right, and bridge electrodes, as shown in figure 4(a), records the
potential change due to eye movement in the horizontal and vertical directions. The JINS MEME is also equipped
with a three-axis ACC sensor and a three-axis GYRO sensor. Although reading behaviors are mainly described by
eye movements, they are often completed with slight head movements. Therefore, it is also useful to capture
these movements by using ACC and GYRO. The sampling rate of EOG, ACC, and GYRO sensors is 100 Hz.

4.1.1 Labeled Dataset. We employed the labeled dataset, which was first introduced by Ishimaru et al. [23].
Ten (male) Japanese university students were recruited. All are native Japanese, and the age range is 18 to 25
years old. Each participant wore the JINS MEME glasses for about 12 hours a day for two days and was asked
to read EN, JV, and JH texts for about 1 hour for each in a day and not to read anything for the rest of the time
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Table 1. Recording duration [minute] of labeled data for reading detection, where D1 and D2 represent day 1 and day 2,
respectively.

p1 p2 p3 p4 p5 p6 p7 p8 p9 p10
Activity D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 D1 D2 D1 D2

NR 474 466 447 499 490 429 499 567 476 283 379 409 204 358 538 496 476 307 494 509
EN 54 100 73 96 74 61 67 61 63 74 82 115 91 67 62 55 59 58 49 62
JH 97 71 70 74 101 117 72 53 73 64 86 60 127 53 63 58 75 58 90 68
JV 74 89 101 75 71 67 60 60 83 116 73 72 65 74 66 73 113 60 65 75
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Fig. 5. Data labeling and noisy segment detection, (a) and (b) shows data labeling using captured images, apply a label to a
segment that the corresponding image represents, and (c) EOG data segment with burst noise and noise judgment criteria.

shown in figure 4(b). Participants also had a small camera called narrative clip on their clothing to take frontal
images every 30 seconds shown in figure 4(c). At the end of the day, participants were asked to generate data
labeling information using a labeling tool and captured images. Then images were discarded to protect privacy.
As a reward, each participant received a gift card worth 5,000 JPY per day. Except for the above instructions, no
restrictions were imposed during data recording. Thus, the dataset can be regarded as “in-the-wild.” The summary
of the participant’s activities is shown in table 1.
The data were prepared as follows. First, the EOG, ACC, and GYRO data were split into segments of size 30

seconds slid by 15 seconds. Figure 2(a) shows an example of the EOG segment. After that, each segment is labeled.
Since the length of a segment and the frame rate of the narrative clip are the same, one label is assigned to one
segment as shown in figure 5(a). However, in exceptional cases two labels may overlap. This is because the frame
rate of the narrative clip fluctuates. In these cases, the most overlapping label is selected, as shown in figure 5(b).

EOG data sometimes suffer from bursts of noise, as shown in figure 5(c), due to the poor electrode contact to
the skin. To discard noisy segments, we set the noise judgment criteria as EOG values above 𝑇 [`𝑉 ] or below
−𝑇 [`𝑉 ] and exist for continuous 𝑡 seconds or more to be considered as noise. We set 𝑇 = 1, 000 [`𝑉 ] and 𝑡 = 2
seconds based on the preliminary analysis. Also, the sensor’s data deviate from the reference value. Therefore,
we corrected it by subtracting the average value of segments from each data segment. Finally, the number of
segments in the labeled dataset after noise removal is 32,708, 5,340, 5,792, and 5,798 for NR, EN, JH, and JV,
respectively.
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(a) Tobii 4C eye-tracker

Tobii 4C eye-tracker 

(b) Computer screen and Tobii 4C eye-tracker (c) User answering MCQs

Fig. 6. Data recording proceedings for confidence estimation, (a) eye-tracker used, (b) computer screen with an example
question and eye-tracker fixed at the bottom, and (c) eye-tracker recording user’s eye-gaze while answering MCQs.

4.1.2 Unlabeled Dataset. We recruited 13 male Japanese university students who are native Japanese and whose
age range is 18 to 25 years old. Each participant wore a JINS MEME device for three to eight days during their
daily life. The measurement time is about 20 to 60 hours per person and in total 676 hours. Each participant
received a gift card worth 5,000 JPY per day. In addition, we employed an unlabeled dataset that is recorded when
39 participants (volunteer) attended presentations at an international conference. Because there is no restriction,
these datasets are also considered “in-the-wild.” The unlabeled data totals about 1,359 hours. We prepared the
unlabeled dataset in the same way as the labeled one. We discarded noisy segments using the noise judgment
criteria with parameters 𝑇 = 1, 000 [`𝑉 ] and 𝑡 = 0.01 seconds that are also selected by the preliminary analysis
and corrected the reference value. Finally, the number of segments in the unlabeled dataset is 177,921.

4.2 Confidence Estimation Datasets
We also use a labeled and an unlabeled datasets for confidence estimation. We recorded both datasets using the
Tobii 4C pro-upgraded eye-tracker [54], shown in figure 6(a), a stationary eye-tracker of sampling rate 90 Hz.

4.2.1 Labeled Dataset. We recruited 20 Japanese university students (14 males and 6 females) to generate the
labeled dataset. All participants are native Japanese, and the age range is 18 to 25 years old. The experiment was
conducted in first day (two hours), third day (one hour), and fifth day (two hours). The experimental procedure is
shown in figure 6. The participants read and answered as many four-choice English grammatical questions as
they could, selected from a randomized question pool. Right after answering each MCQ, participants were asked
to assess the confidence behind their answer that constitutes the label. The eye gaze represents the participant’s
behavior during the answering process and does not include the labeling process. As a reward, each participant
received a gift card worth 1,000 JPY per hour. Table 2 shows the summary of the dataset. The dataset includes a
serious skew in the number of confident and unconfident answers due to differences in English ability among
the participants. While we recorded the data in a classroom setting, we did not impose restrictions with the
exception of the guidelines, and participants acted on their own accord. Therefore this dataset is also considered
“in-the-wild.”

4.2.2 Unlabeled Dataset. We recruited 80 Japanese high school students who are native Japanese and whose age
range is 16 to 17 years old. We recorded the unlabeled data following the experimental procedure described for
labeled data except collecting user’s confidence in the answer for the full dataset where each participant read and
answered four-choice English vocabulary questions. We asked the users to assess their confidence in the answer
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Table 2. Summary of the labeled dataset for confidence estimation.

Participant No. of MCQs answered Participant No. of MCQs answered
Confident Unconfident Total Confident Unconfident Total

s1 361 108 469 s11 159 271 430
s2 398 55 453 s12 296 243 539
s3 415 103 518 s13 325 140 465
s4 420 14 434 s14 263 253 516
s5 390 175 565 s15 174 2 176
s6 68 458 526 s16 556 109 665
s7 222 253 475 s17 202 354 556
s8 263 272 535 s18 316 260 576
s9 348 87 435 s19 306 140 446
s10 210 180 390 s20 304 135 439

once in every five MCQs to build a ground truth, but we do not use them. All participants worked voluntarily
and received no remuneration. The total number of segments (MCQs) in the unlabeled dataset is 57,460. Both
labeled and unlabeled datasets were processed and converted into images as described in section 3.2.

5 EXPERIMENTAL RESULTS AND DISCUSSION

5.1 Reading Detection
5.1.1 Experimental Conditions. The purpose of the experiment is to evaluate the performance of the proposed
SSL method for reading detection as compared to the fully-supervised DL and SVM. We are interested in the
change of the performance as a function of the number of labeled training samples. For the fully-supervised
DL, we simply use the proposed SSL method for the target task without the pre-training; all the structure and
parameters are identical to the proposed SSL method. Thus the results show the effectiveness of pre-training by
using an unlabeled dataset. For SVM, the method described in [23] is used. We calculated the mean and variance
of vertical and horizontal components of EOG data and three axes components of ACC and GYRO data as features
and finally selected ten out of sixteen features using a hill climbing feature selection method.
The training of each method was performed as follows. For the proposed SSL method, we first applied the

pre-training by using the transformed sensor data. In data transformation, we defined the parameters𝑚 and 𝑛
as described in section 3.1.1 as 5 ≤ 𝑚 ≤ 10 and 𝑛 = 2, respectively. We selected a transformation, including no
transformation, and applied it to the segment to produce pre-training data. Because only one transformation
was applied to each segment, the number of transformed unlabeled samples is equal to the number of original
unlabeled samples. We applied each transformation equally so that the chance rates for the EOG, ACC, and
GYRO data are 12.5%, 11.1%, and 11.1%, respectively, where the first one is eight-class, and the latter two are
nine-class classification. After this, the target task training was applied. As described in section 4.1.1, the number
of available labeled samples is different for each class. We simply took all 5,340 samples (the smallest number)
of EN and downsampled other classes to have them match in size. Thus the chance rate is 25%. The same data
were also employed for training the fully-supervised DL and SVM. We changed the number of labeled training
samples per class in the order of 10, 50, 100, 500, 1,000, and 5,340.

All of the above methods were evaluated in user independent Leave-One-Participant-Out cross-validation way.
In training, 20% of the training data were selected for validation, and the rest were employed for learning.
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Fig. 7. Training and validation accuracy curves of the self-supervised pre-training experiment for reading detection.
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Fig. 8. Results of the reading detection in accuracy. It describes the dependency of the test accuracy on the number of labeled
samples per class as 10, 50, 100, 500, 1,000, and 5,340 that evaluates the performance for a wide range of labeled samples.

5.1.2 Results of Pre-training. Training and validation accuracy curves for EOG, ACC, and GYRO data are shown
in figure 7. The average test accuracy is 93.2% for EOG, 95.5% for ACC, and 95.3% for GYRO. This high test
accuracy primarily indicates that the network was trained well. For EOG, the difference between the training and
validation accuracy is slightly high, indicating the tendency of the network to overfit. Thus, the test accuracy for
EOG data is also lower than that of the ACC and GYRO. This happened because we could not remove all the
noisy segments from the EOG dataset, considering the size of the dataset.

5.1.3 Results of the Target Task. Figure 8 shows the reading detection result in accuracy. It describes the change
of average test accuracy for the number of labeled training samples per class. The proposed SSL method performs
best regardless of the number of training samples, and the proposed SSL method is more advantageous than the
fully-supervised DL when the number of labeled training samples is smaller. This indicates the effectiveness of
SSL. As compared to SVM, the fully-supervised DL performs much better when the number of labeled training
samples is larger. However, this advantage disappears when the number of training samples decreases, showing
the key limitation of the fully-supervised DL. On the other hand, the proposed SSL method is always much better
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Table 3. Repeated Measures ANOVA test result for reading detection.

Parameter Training samples per class
10 50 100 500 1,000 5,340

F value 77.24 61.39 63.55 50.13 43.92 34.03
p value 0.00∗ 0.00∗ 0.00∗ 0.00∗ 0.00∗ 0.00∗

∗p<0.01

Table 4. Post-Hoc Paired T-test result for reading detection.

Pair Parameter Training samples per class
10 50 100 500 1,000 5,340

Proposed SSL and
fully-supervised DL

t value 11.30 10.69 11.87 4.79 3.02 1.15
p value 0.000∗ 0.000∗ 0.000∗ 0.001∗ 0.014 0.278

Proposed SSL
and SVM

t value 9.88 8.49 8.65 7.60 6.68 6.09
p value 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗

Fully-supervised DL
and SVM

t value 0.68 1.88 4.26 6.70 6.69 6.04
p value 0.516 0.093 0.002∗ 0.000∗ 0.000∗ 0.000∗

∗p<0.0033

than SVM and is never inferior to the fully-supervised DL. Therefore, we can always recommend to use the
proposed SSL method.

To investigate the significance of test accuracies, we applied statistical analysis. A one-way repeated measures
ANOVA test was first applied to test accuracy. The null hypothesis is that the population means of all three
methods are equal. Table 3 shows the results. The null hypothesis was rejected with the significance level 𝑝 < 0.01.
The post-hoc paired t-test was applied for further analysis. A null hypothesis here is that the population mean
of one method is equal to that of another method. Because we have three methods, we conducted three t-test
experiments for all combinations. Multiple comparisons were mitigated with a Bonferroni correction. With the
correction applied, significance is found at 𝑝 < 0.0033 (0.01/3). Results are shown in table 4. When comparing the
proposed SSL method and the fully-supervised DL, the proposed SSL method is statistically significantly better,
with the exception of the 1,000 and 5,340 training samples cases. For the comparison with SVM, a statistically
significant difference is shown for all cases for the proposed SSL method. For the comparison between the
fully-supervised DL and SVM, there is no significant difference for smaller sample sizes (10 and 50).

We also evaluated the performance of the methods with recall and precision. Figure 9 shows the recall-precision
curves for all three methods. The results show that SVM is always worst, and the proposed SSL method is always
best for all recall levels. Besides, the performance of the fully-supervised DL depends on the number of labeled
training samples. If the number of labeled training samples increases, then it approaches the proposed SSL
method, and if the number of labeled training samples is small, then it approaches the SVM. The most important
point is that for all recalls, the advantage of the proposed SSL method is clear.
Next, we look at the effectiveness and differences among pretext tasks employed for reading detection. In

between the fully-supervised DL method and SSL method employing the full set of pretext tasks, we selected two
choices of using one pretext task (two-class classifications) and removing one pretext task from the full set of
pretext tasks. We generated similar curves as shown in figure 8 and calculated the area under curve (AUC) in log
scale for comparison. Tables 5(a) and (b) shows the normalized AUC that is defined as (𝐴 −𝐴𝑐 )/(𝐴𝑠 −𝐴𝑐 ), where
𝐴, 𝐴𝑐 , 𝐴𝑠 , are the AUCs of a method of interest, the chance rate, and the proposed SSL method, respectively. The
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Fig. 9. Results of the reading detection task in recall and precision. These are 11 point interpolated recall-precision curves
and describe the dependency of the precision to the recall to compare the performance of three methods.

Table 5. Results of analyzing pretext task for reading detection.

(a)

Noise
addition

Horizon-
tal flip

Permuta-
tion

Time-
warp

Channel
shuffle Scale Vertical

flip
Use 0.723 0.788 0.753 0.730 0.776 0.692 0.550
Remove 0.938 0.872 0.881 0.980 0.910 0.890 0.942

(b)

SSL
(proposed)

Fully super-
vised DL SVM

1.000 0.716 0.295

results show that no single pretext task performs well where performance is comparable with fully-supervised
DL, and the vertical flip performs worse. This means that a single pretext task is not enough for the sensor data.
On the other hand, when removing a pretext task, performance is comparable with the full set of the pretext task,
and time-warp does not have a significant contribution.

5.2 Confidence Estimation
5.2.1 Experimental Conditions. The purpose of the experiments is the same as for reading detection. In data
transformation for the self-supervised pre-training, we selected one of four transformations, including no
transformation, as shown in figure 3 and applied it to one unlabeled eye gaze image. Because each transformation
was selected equally, the chance rate of the pre-training was 25%.

Although we applied Leave-One-Participant-Out cross-validation for reading detection, it is not appropriate
for confidence estimation due to the seriously skewed distribution of labels, as shown in table 2. Note that the
number of samples available from each participant s𝑖 is different and in most cases the total number of confident
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Fig. 10. 10-fold cross-validation evaluation method for confidence estimation. A novel person dependent approach to handle
the imbalanced data to make ten folds where the network is trained for all except one fold and tested on the excluded one.

samples is much larger than the unconfident one. We cannot balance the dataset by simply applying over- nor
under-sampling. To handle the skew in the data, we used a person dependent approach. Figure 10 illustrates
the procedure of data preparation. First, we separated the data into confident and unconfident samples for each
participant. For all the confident samples from each participant, we randomly assigned a fold from F1𝑐 to F10𝑐
while keeping the number of samples in each fold as equal as possible. For unconfident samples, we also assigned
each sample to one of the 10 folds F1𝑢–F10𝑢 in the same way. In order to make the number of samples in F𝑖𝑢
equal to that in F𝑖𝑐 , we applied oversampling by using a 5-degree rotation to randomly selected samples in each
fold. Finally, we combined F𝑖𝑐 and F𝑖𝑢 to form a fold F𝑖 . The density of data from each participant in all folds is
now almost equal. By using the 10 folds of data, we applied the 10-fold cross-validation. In training using nine
folds, we randomly selected 80% for learning and the remaining 20% for validation. The chance rate is 50%.

In the case of the fully-supervised DL, we trained the network with the structure and parameters identical to
the proposed SSL method using the labeled data. We used SVM as a baseline method using basic statistical features
of mean and variance. We calculated and used four features from one sample (MCQ); means and variances along
the two axes. These two methods were also evaluated by the 10-fold cross-validation as described above. We
changed the number of labeled training samples per class in the order of 10, 50, 100, 200, 300, 500, 1,000, and 5,382.

5.2.2 Results of Pre-training. The average test accuracy of the pre-training experiment was 93.3%; this high test
accuracy indicates that the base network was trained well. Figure 11(a) illustrates the training and validation
accuracy curves for pre-training. The pre-trained network is good fit since the difference between the training
and validation is almost zero.
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Fig. 11. Results for the confidence estimation, (a) training and validation accuracy curves of the self-supervised pre-training
experiment, and (b) result of the confidence estimation task in accuracy. The figure describes the dependency of the test
accuracy on the number of labeled training samples per class of 10, 50, 100, 200, 300, 500, 1,000, and 5,382.

Table 6. Repeated Measures ANOVA test result for confidence estimation.

Parameter Training samples per class
10 50 100 200 300 500 1,000 5,382

F value 301.9 1048.2 1641.7 632.3 775.1 1003.1 696.3 615.7
p value 0.00∗ 0.00∗ 0.00∗ 0.00∗ 0.00∗ 0.00∗ 0.00∗ 0.00∗

∗p<0.01

5.2.3 Results of the Target Task. Figure 11(b) shows the results of the confidence estimation target task in accuracy.
Tendencies similar to the reading detection results were observed. The proposed SSL method performed the best
regardless of the number of labeled training samples. The performance of the fully-supervised DL dropped when
the number of labeled training samples was insufficient. SVM was not always the worst, though the performance
was limited even with a larger number of labeled samples. From these results, we can always recommend to use
the proposed SSL method in the case of confidence estimation.

As we did for the results of reading detection, we also applied statistical analysis to the results of test accuracy for
the confidence estimation to confirm if differences are significant. We applied the same experimental conditions,
hypothesis, and significance level as used in reading detection in section 5.1.3. Tables 6 and 7 show the results. The
one-way repeated measures ANOVA test returned significant results. From the results of the post-hoc paired t-test,
we have confirmed the following: In the comparison between the proposed SSL method and the fully-supervised
DL, we found significant differences except for the cases of 500, 1,000, and 5,382. For the comparison between the
proposed SSL method and SVM, all cases show a significant difference. A significant difference was found in all
the comparisons between fully-supervised DL and SVM. In cases with a larger number of training samples, the
fully-supervised DL worked better than SVM, while the results were opposite with fewer training samples.
Similar to the reading detection, we also evaluated the performance of all methods in recall and precision

metrics for confidence estimation. Figure 12 shows the recall-precision curves. The same conclusion made for
reading detection also holds for this case. For all recalls, the proposed SSL method performs best, and SVM is
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Table 7. Post-Hoc Paired T-test result for confidence estimation.

Pair Param. Training samples per class
10 50 100 200 300 500 1,000 5,382

Proposed SSL and
fully-supervised DL

t value 17.32 36.01 81.80 29.88 4.56 1.83 2.26 2.21
p value 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.001∗ 0.10 0.05 0.055

Proposed SSL
and SVM

t value 18.65 34.51 37.61 32.09 30.43 33.67 25.65 26.54
p value 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗

Fully-supervised DL
and SVM

t value -5.01 -5.34 -4.57 14.35 27.04 31.61 27.67 25.47
p value 0.000∗ 0.000∗ 0.001∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗ 0.000∗

∗p<0.0033
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Fig. 12. Results of the confidence estimation task in recall and precision. These are 11 points interpolated recall-precision
curves and describe the dependency of the precision to the recall to compare the performance of three methods.

always worst. In the case of fully-supervised DL, with enough training samples, the performance is close to the
proposed SSL, and performance decreases with decreasing training samples and comparable to SVM for small
training samples. The proposed SSL is never inferior to other methods for all recalls. Thus, the proposed SSL is
the first choice without any chance of losing the best performance.

Next, we investigate the effectiveness and differences among pretext tasks employed for confidence estimation.
We conducted experiments and calculated AUC following the same procedure described for reading detection.
The normalized AUC is shown in tables 8(a) and (b). The results show that even a single pretext task is important,
and all pretext tasks work almost equally well, although reflection about 𝑥-axis and 𝑦-axis are most effective.
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Table 8. Results of analyzing pretext task for confidence estimation.

(a)

Reflection
about 𝑦-axis

Reflection
about 𝑥-axis Rotation

Use 1.011 1.007 0.941
Remove 0.967 0.699 0.955

(b)

SSL
(proposed)

fully super-
vised DL SVM

1.000 0.698 0.211

6 CONCLUSION
Reading behavior is an important cognitive human activity because it’s analysis allows users to examine their
reading habits which can help with the development of reading strategies. Methods using classical machine
learning and handcrafted features may achieve good results in laboratory settings, but may not obtain satisfactory
results in-the-wild. DL methods that can solve this issue require a large-sized labeled dataset to extract useful
features. However, a large-sized labeled data collections are difficult to obtain. As a step towards tackling this
issue and providing robust and feasible reading analysis, we have proposed an SSL method. We evaluated the
effectiveness of the proposed SSL method by selecting two reading activities that explore quantity (period)
and quality (confidence) of reading, respectively. We evaluated both tasks with the proposed SSL method, the
fully-supervised DL, and SVM. The proposed SSL method consists of two stages. In the first stage, we pre-trained
a network by solving pretext tasks. In the second stage, we created the target task network by fine-tuning the
pre-trained network using labeled data. From the results, we have confirmed that the proposed SSL method
performs the best for both reading activity tasks compared to the fully-supervised DL method and SVM for
all numbers of training sample cases. Therefore we can recommend to use the proposed SSL regardless of the
available number of training samples.
Another important takeaway is that the proposed SSL method provides a level of certainty in performance

against existing technologies for both the EOG and eye-tracking data. In the EOG case, we might expect that
existing technology works, but this is not known. In addition, the contribution of each pretext task makes it
difficult to gauge the performance of existing technology. In the case of eye-tracking, it is unlikely, but not a
certainty, that existing technology works due to the nature of the data. Therefore, we proposed new pretext tasks.

Future work includes further improvement in the accuracy of the proposed SSL method by introducing other
sensors, as well as its application for other reading activity classification tasks.
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