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Modeling hand-scaling skill of dental hygienist

and its application to skill training*

Tomoko Yui

Abstract

Students who wish to become dental hygienists learn basic hand-scaling skills i.e.,
a precise intraoral operation of instruments, through repeated practices using
a human head model. Hand scaling is a dental procedure in which the blade
of an instrument (known as a hand scaler) is used to scrape stains from the
teeth surfaces. This skill follows the standard teaching guidelines mentioned in
textbooks and is supplemented by verbal feedback and non-verbal feedback based
on the experience of teachers who play an important role. However, feedback is
not available when teachers are not available, and the effectiveness of education
varies depending on their capability. This study aims to model the most basic
and essential skills related to the contact between the blade of a hand scaler and
tooth surfaces based on kinematic and mechanical information and verify the
effectiveness of a developed skill-training method based on the evaluation of an
exemplary-motion-based model.
This study is organized as follows:

Chapter 2 describes the development of a system for measuring hand scaling by
attaching a force sensor and inertial measurement unit (IMU) to a conventionally
used human head model and hand scaler. The experiments considering dental
hygienists and dental hygiene students confirmed that the measurement values
exhibited motion characteristics, e.g., the repetitive motion of the hand scaler,
and the possibility of discriminating subjects with different skill levels using the

force applied by the hand scaler blade to the tooth surface was demonstrated.

*DOCTORAL DISSERTATION, Graduate School of Science and Technology,
Nara Institute of Science and Technology, March 16, 2023.



In Chapter 3, assuming students who have experienced training to some extent,
motion modeling for each student was conducted based on the assumption that
data are available to allow teachers to label success or failure based on the motions
performed by the students. It was confirmed that a two-class classification model
using a support vector machine (SVM) with features obtained from the force
sensor and IMU is capable of highly accurate motion classification (17 subjects; an
average classification accuracy of 97.1%). The additional investigation confirmed
that the same classification accuracy can be maintained with features obtained
only from the IMU and demonstrated the possibility of reducing the number of
Sensors.

Chapter 4 describes the development of a model based on the hand scaling
motion of a dental hygienist using a one-class SVM, assuming that it would be
applied to students in the early stages of training. In addition, a skill training
method that helps to improve modeled motions using the classification model was
proposed. Skill-training experiments in which experimental groups were divided
based on the advices of the proposed method were conducted, and it was con-

firmed that the groups that received advices significantly improved their skills.

Keywords:

Dental hygienist, Hand scaling, Motion measurement, Inertial measurement unit
(IMU), Force sensor
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Chapter 1

Introduction

1.1. Background

In Japan, a law with regard to the promotion of dental and oral health exists.
Preventing oral diseases can contribute to a smooth oral intake and the extension
of healthy life expectancy.

A dental hygienist is one of the dental medical professions that help prevent oral
diseases. Students who want to become dental hygienists must acquire knowledge
and skills in a minimum of 3 years. However, the technique used by dental hy-
gienists involves delicate manipulation of instruments for treating an oral cavity.
Mastering the technique is not an easy task. Textbooks on technical education
are available, and the instrument to be used is described, along with its purpose
and procedures. However, it does not detail operational characteristics, e.g., the
operating pressure of the instrument, and the teacher summarizes teaching points
and uses visual materials, e.g., models and diagrams. The teacher models include
teaching points that cannot be verbalized. Students acquire various information
based on the use of their own sense of sight and fingers and acquire skills through
repeated practice. Sato et al. [1] noted that it is necessary to pay attention to the
structure and explanation of visual materials when they are used in education,
considering that learners do not perceive visual materials in the same way as
educators. Teachers feel that it is difficult to guide students.

Currently, simulation is widely used in medical education [2, 3, 4]. Simula-
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tion practice plays an important role in the acquisition of surgical skills because
it allows sufficient practice before students are allowed to treat patients [5, 6].
Practice is important for mastering surgical skills [7], and simulation education
is a safe, efficient, and ethical practice method [8]. Students can learn from their
mistakes without the fear of harming patients [9]. Simulation education can serve
as an efficient and ethical method for training students to deliver safe medical care
to patients [10]. In addition, simulations are being widely applied to education,
and used for technical evaluation [11] to enable detailed feedback and objective
verification [12, 13].

In the technical education of dental hygienists, a human head model is prepared
as self-study content (one of the simulation education). However, this model
does not provide feedback even if some operations are performed. Owing to
time constraints, it is difficult for teachers to be present for all the exercises,
and students end up doing inefficient self-study without being sure whether their

operations are correct.

1.2. Purpose

A simulator that can provide feedback and evaluate the technical training of
dental hygienists can help to improve the environment for practicing inefficient
techniques. Therefore, this study aims to model the hand-scaling motion for a
simulator that enables self-study and examine its application for technical prac-
tice. The target work is hand scaling. A method is proposed to measure the
hand-scaling motion and make a function to judge the motion based on the mea-
sured values. A motion measurement system attached to a force sensor and
inertial measurement device (IMU) is constructed to quantitatively represent mo-
tions. After verifying the effectiveness of the measurement system, the motion
judgment function is examined by creating a motion classification model using a
support vector machine (SVM). There are two models to be created: one that
classifies the contact relationship between the tip of the hand-scaler blade and
tooth surface, and another model that classifies the modeled motion and other
motions. Applicability to training systems for models that classify the modeling

motion and the other motion is demonstrated as well.



1.3 Hand scaling

1.3. Hand scaling

Hand scaling [14, 15, 16, 17, 18, 19| is the task of removing tartar and other
stains, using a device known as a hand scaler. Various shapes of hand scalers are
determined according to the part of the tooth to be treated.

It is a process that mechanically removes stains, e.g., calculus adhering to the
tooth surface, using the tip of the blade of the hand scaler. This is one of the most
important tasks of a dental hygienist, and it is difficult to master this task because
it requires proper skills to operate the hand scaler to accurately remove deposits

firmly attached to the tooth surface. The hand-scaling process is described below:

e Grip the hand scaler like a writing instrument (Figure 1.1). The ring finger
of the hand holding the hand scaler is applied to the adjacent tooth as a

fulcrum.

e The tip of the blade of the hand scaler should range from 1 to 2 mm, as
shown in Figure 1.2. As shown in Figure 1.3, the cutting edge makes a
continuous stroke of 2 - 3 mm (also known as a walking stroke) along the
tooth surface. The trajectory of the tip. It is important to move them so

that they slowly overlap.

e Figure 1.4 shows the rotating motion of the forearm, which is the basic
motion of the hand scaler. The pronation and supination of the forearm
correspond to the action of lowering the blade to the stroke start position
and raising the blade to the stroke end position. The repetition of stable
motions is ideal. The tip removes dirt attached to the surface of the tooth

by applying lifting force while pressing against the tooth surface.
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Hand scaler

Figure 1.1. Technique to hold a hand scaler

Hand scaler

The part used of the blade
— Tip 1-2 mm

\l. . Tooth
Blade : '

7 \G.'\

The part not used Tartar and
— Middle Gingiva other deposits

Figure 1.2. Correct use of the blade for hand scaling
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Overlapping strokes Consecutive strokes

Figure 1.3. Strokes during hand scaling

Supination Pronation

Stable repetitive motion is ideal

Figure 1.4. Hand-scaler operation: Forearm rotation

1.4. Related studies

Studies on dentistry, hand scaling, and fields other than dentistry using IMU are
presented as references for motion measurement and evaluation. In dentistry, sim-
ulators using augmented reality (AR) and virtual reality (VR) play an important
role in education at dental schools and graduate schools [20]. Although these
simulators possess some disadvantages [21], they are considered to be valuable

educational tools that can enhance conventional educational methods [22, 23].
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However, in this study, the focus is on IMUs as one of the motion measurement

technologies to develop a new simulator.

1.4.1. Dentistry

General dentistry

In dentistry, students at a beginner level cannot practice their skills on humans,
because it is unethical and unsafe. Therefore, training and simulation in a vir-
tual space are widely used [24]. For example, visual information is reproduced
by AR and VR, and haptic technology produces the sensation of manipulating
handy instruments. One such operation was performed on a tooth displayed on a
two-dimensional screen for periodontal examination using an input portion that
mimics an instrument [25, 26]. Simodont [27, 28, 29] and Periosim [30, 31] are
commercialized simulators that use haptic technology dedicated to dental care.
These simulators can simulate periodontal examinations and the removal of the
affected portions of the teeth, and reproduce the relative positional relationship
between the teeth and instruments and the sensation of hand and finger during
contact. Commercialized systems can be applied to various training by creating
new content for the target treatments.

Another engineering study on dentistry relevant to this study is the application
of forces on the teeth. In orthodontics, several studies have been conducted
to measure the force applied to the teeth using orthodontic instruments [32,
33, 34, 35]. These studies help examine the dentist’s technique by evaluating
orthodontic forces by attaching a force sensor to the target tooth. Another study
has established a prediction model of orthodontic moments by attaching force
sensors to orthodontic instruments [36]. Outside of orthodontics, in one of the
studies, a single force sensor was attached under a jaw model with teeth implanted
to measure the force applied to the teeth using an oral cleaning instrument [37].
As it is possible to estimate the amount of force applied to each tooth with a
single force sensor instead of force sensors attached to individual teeth, the time

and effort required for installation can be reduced.
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Hand scaling

To evaluate hand scaling, the force to pinch a hand scaler is measured using a
sensor attached to the handle and evaluated [38, 39]. The hand scaler is held
such to pinch using fingertips. Myoelectricity has been considered for evaluation
because hand scaling causes physical fatigue and other problems when working
for long periods [40]. In addition, studies that evaluate the force exerted on the
teeth using the hand-scaler blade during hand scaling to analyze the force used
to efficiently remove tartar from the tooth surface are available [41, 42].
Furthermore, studies on hand-scaling training include the application of haptics
technology and VR. There is a study that enables the hand-scaling practice on
teeth arranged on a jaw model [43]. In this process, a user grasps a part of the
haptic device as if holding a hand scaler, while performing hand scaling on a tooth
model with only three teeth in a row. Another study proposed a visualization
system for the tip of the hand-scaler blade using a camera [44]. The camera
captures the hand-scaling operation including an AR marker attached to the rear
end of the hand-scaler gripping part and a model of a head with a tooth model.
The AR marker is used to estimate the motion of the tip of the hand-scaler blade,
and a virtual hand scaler is displayed on the captured image as if it were pasted

on top. The motion of the blade hidden inside the mouth can be visualized.

1.4.2. IMUs

IMUs have been widely used for human activity recognition [45], as they have
been miniaturized. Several studies on the use of IMUs have been conducted to
enable the acquisition of human motion information and use of machine learning
algorithms to achieve motion classification. In the sports field, IMUs are used for
coaching by measuring the motions of athletes [46, 47, 48, 49]. In the medical
field, they are widely used to evaluate suture motions in surgical procedures [50],
classify the motion of mice used in drug discovery experiments [51], and classify
the movements of patients with Parkinson’s disease [52].

One study has utilized the advantage of the IMU’s ability to recognize and
measure minute motions, enabling the recognition and classification of gestures by

acquiring information related to hand motions [53]. The orientation and posture
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of a single finger can be acquired as well, and this mechanism can be applied to

hand rehabilitation and human-computer interaction.

1.5. Dissertation Outline

In Chapter 2, a system that can quantitatively measure hand-scaling motions has
been proposed. In addition, experimental results have been considered to verify
whether hand scaling, which is a very fine motion, can be evaluated based on the
measured values. Figure 1.5 shows that the system proposed in Chapter 2 helps
in modeling, which is explained in Chapters 3 and 4.

Chapter 3 discusses the application of the measurement system proposed in
Chapter 2 to demonstrate the possibility of judging hand-scaling motion. In the
past, simulators for hand-scaling practice were available; however, there were not
many studies on the process to feed back the results of practice. Therefore, in
this study, the results of verifying whether it is possible to determine whether the
tip of the hand-scaler blade and tooth surface are in contact, which is one of the
essential teaching points during hand scaling, have been demonstrated. Using
an SVM, one of the machine learning algorithms, the possibility of judging the
correctness of hand scaling in two-class classification based on individual training
data has been verified. The participants are dental hygienist students who had
practiced to some extent. The reason for using individual learning data is that
the dental hygienist students have practiced on the forehead model to some extent
and established their own motions.

As it is possible to judge the hand-scaling motion (as suggested in Chapter
3), Chapter 4 describes an experiment that has been conducted by modeling
the hand-scaling motion of one dental hygienist. With regard to learning data,
motion data measured by a single dental hygienist is used as teacher data. Then,
based on the feedback from the measured values, it was verified whether the data
of the test participants, assuming a beginner, can approximate the motion of the
learning data. It has been examined whether the proposed system would allow
beginners who have not yet mastered hand-scaling motions to practice efficiently
by simulating the motions of a dental hygienist.

Chapter 5 discusses the effectiveness of the hand-scaling model and its appli-
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cability as a hand-scaling simulator.

Chapter 3
Model of the technique with regard to
the contact between the hand-scaler
blade and tooth surface

(Student's motion model)

Chapter 4

Model of the exemplary hand scaling motion
(Teacher's motion model)

Chapter 2

Hand scaling measurement system

Figure 1.5. Chapter relationship chart

1.6. Importance of Modeling

Currently, motions taught in hand scaling do not exhibit uniformity. While the
teaching of hand scaling follows the standard instructional guidelines of text-
books, verbal feedback, and nonverbal feedback based on teachers’ experience
that complement these guidelines play an important role. As a result, differences
are created by instructing faculty teachers. Even if hand-scaling motion can be
measured as quantitative data, the evaluation function of motion cannot be com-
pleted without a model of correct motion to judge whether the motion is correct
or incorrect.

Therefore, the modeling of motions as a means of representing motions has been
proposed in this study. By modeling a motion, the correct motion including in-
structional points can be clarified. Hand scaling possesses kinematic and dynamic
information. This can include technical points that can be taught linguistically
and non-verbally.

Two models have been created and tested in this study. The training phase
changes depending on the progress of the training, as shown in Figure 1.6. The
figure represents stages for students who are acquiring skills: beginners who have
started practicing and novices who have repeated a certain amount of practice.
Although the points to be taught are the same, the points that should be empha-
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sized at each stage of learning change. For example, for beginners who have just
started training, it is important to be able to correctly hold and move a hand
scaler, considering an exemplary motion as a guide. For novices with repeated
training, it is important to be able to precisely control the tip of the hand scaler
on the surface of the target tooth in addition to establishing their own motions.

Therefore, a technical model has been created with regard to the contact be-
tween the hand-scaler blade and tooth surface at first. The technique that this
model targeted requires the fine operation of a hand scaler to fulfill the original
purpose of hand scaling, which is to efficiently remove stains from the surfaces
of the tooth. For training data, features obtained by measuring the hand-scaling
motions of individual students can be used as the focus of this task is on students
at the novice level. It is possible to generate data that allows the faculty to label
success or failure based on motions performed by the students themselves.

Next, an exemplary motion model of hand scaling has been created. Students
at the beginner level practice the operation of large motions, which are basic mo-
tions, e.g., the forearm rotation motion to move the hand scaler, by imitating the
model of the instructor. These students have not mastered hand-scaling motions
at this stage. Therefore, the training data are modeled based on the hand-scaling
motion of a dental hygienist as a teacher who can perform the modeled motion.
The model is created to acquire motion that is highly similar to the modeled
motion at a stage when one’s motion has not been established.

The motions of the technical parts of hand scaling are wide-ranging, with some
motions being fine and others being comparatively large. In addition, the motions
(student’s or teacher’s motion) to be modeled change during the training phase.
Thus, the usefulness of the model considering its educational training phases has
been examined.

The two models developed in this study are assumed to be used in different
training stages. The models are not complementary, as they train various motion
skills. The exemplary motion model is the teacher model, and the contact rela-
tionship model between the hand-scaler blade and tooth surface is the student
model. The teacher model is used in the first stage of student training, and the
student model is used in the middle stage. In the mid-term of training, they reach

a level where they can perform motions naturally without thinking; thus, their
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1.7 Contributions

own motion characteristics are included in their hand-scaling motions. For that
reason, my recommendation would be to use the student model in the middle

stage of the training.

4 Chapter 4 A

Step1: Practice imitating the teacher’'s motions for beginners

) |
4 Chapter 3 l

Step2: Practice establishing their own correct motions for novices

AN | /

!

Step3: Practice motions in practical situations for intermediates

Figure 1.6. Training phases and chapters

1.7. Contributions

The main contributions of this study are as follows:

e A measurement system for hand-scaling motions based on quantitative data
is created. The IMU is attached to the handle of the hand scaler to measure
the motion of the hand scaler, and the force sensor is attached to the tooth

to be hand-scaled to measure the hand-scaling force on the tooth.

e Two models are created: one for the contact between the hand-scaler blade
and tooth and the other for the exemplary motion. The models are mod-
eled based on the measurements obtained from the IMU and force sensor,
considering the training phase for the first time. The SVM is used for model
creation. The model of the contact of the training data with the teeth of
the hand-scaler blade is modeled using the training data of the individual

because a novice possesses an established behavior of their own. The exem-
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1.8 Publication Note

plary motion model is created for beginners because they have not learned

the motion at all; a motion model by a dental hygienist is created for them.

e The exemplary motion model can be effective when utilized for education.
The model can be used to determine if a motion is exemplary or not and
provide advice on the modeled motion. Participants are divided into groups
with and without advice, and when the groups were compared, it was found
that the group with advice improves hand-scaling motion more than the

group without advice.

e The main contribution of this study is the modeling of hand-scaling motion
considering the training phase. Based on the results of this study, a stan-
dard educational system through modeling can be proposed. Depending
on the learning stage, there are two stages: one is to practice approaching
the exemplary motion, and the other is to learn the appropriate motion in-
cluding one’s motion characteristics. The concept of creating a model that
includes individual differences and the actual creation of such a model are

the characteristics of this study.

1.8. Publication Note

The parts of the work described in this paper have been published in previous
publications. The proposal and verification of the measurement system for hand-
scaling motion explained in Chapter 2 were presented in [54]. The judgment
based on the identification of the contact between the tip of the hand-scaler
blade and tooth surface during hand-scaling operation explained in Chapter 3
was published in [55].

12



Chapter 2

Measurement of hand-scaling motion

2.1. Introduction

In this chapter, I develop a measurement system to quantify the skills of dental
hygienists and evaluate them by comparing the results of professional hygienists
and students. I equip a jaw model with a force sensor to measure the force when
a hand scaler touches a target tooth, as shown in Figure 2.1. I also attach
an inertial measurement unit (IMU) sensor to the bottom of the hand scaler
to measure the hand-scaling motion. In the experiment, I measure the hand-
scaling motions of several participants with different levels of job experience.
The participants include dental hygienist teachers, dental hygienists, and dental
hygienist students. From the measured results I derive a quantitative index for
discriminating different individual skills and for evaluating motion. There are
two major contributions to this chapter: (1) I create a measurement system for
evaluating the hand-scaling work using IMU and force sensors. (2) I succeed in
evaluating the skill of hand scaling based on the measured motion information,
by comparing the measured information between dental hygienists and students,

the technical differences in skill levels can be clarified.
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2.2 Measurement system

Hand scaler

Jaw model

Figure 2.1. Hand-scaling work

2.2. Measurement system
2.2.1. System configuration

To evaluate the hand-scaling skill described above, both the scaling force applied
on the tooth surface and the motion of the hand scaler should be measured. The
hand-scaling work is very delicate. During the hand scaling, the hand motion
should not be hindered by the sensors. Therefore, in this research, as shown in
Figure 2.2, I connect a force sensor to the tooth from the bottom to measure the
scaling force on the tooth surface. In order to measure the hand-scaling motion
naturally, as shown in Figure 2.3, I also place a small wireless IMU sensor on
the rear end of the handle of the hand scaler.

Hand scaling requires the manipulation of dental instruments and control of
force within the limited field of view of the oral cavity so as not to cause unneces-
sary pain to the patient. Therefore, measuring both force and motion is the key
to the successful analysis of hand scaling. This research is novel in that the force
of hand scaling was directly measured from the tooth with a six-axis force sensor,

and at the same time, the motion of the hand-scaling operation was measured
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2.2 Measurement system

with an IMU. Using an A/D board and Bluetooth communication, the signals

from both the force and IMU sensors are measured at 100 Hz.

Measurement of the scaling force

During the training of a dental hygienist student, dental manikins are used. This
research used a jaw model (P15HD-500HPRO-S2A1-GSF; Nissin Co., Ltd.). I
selected the right mandibular first molar as the target tooth for hand scaling.
As shown in Figure 2.2, I place a six-axis force sensor (Mini40 SI-80-4; ATI
Industrial Automation Inc.) below the model and connect it with a shaft to one
of the roots of the target tooth. To avoid effects from the bone, i.e., the frame
of the jaw model, I also set the position of the target tooth a little higher and

further away from the frame.
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2.2 Measurement system

The 6-axis pressure sensor
and target tooth are connected by a shaft

Force sensor
The lower jaw model is fixed
by the backplate and support

(a) Side view

The space between
the target tooth
and jaw model

N

(b) Structure view

Figure 2.2. Jaw model with a six-axis force sensor under the target tooth
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2.3 Experiment

SenStick® (Matilde Inc.)

Figure 2.3. Hand scaler equipped with an IMU sensor

Measurement of hand-scaling motion

To measure the hand-scaling motion without affecting the natural hand-scaling
motion, I used a light wireless multi-sensor board (Senstick [56, 57, 58]; Matilde
Inc.). The IMU sensor in this board can measure the acceleration, angular ve-
locity, and magnetic field simultaneously. In this research, only the acceleration
and angular velocity related to the hand-scaling motion are measured. As shown
in Figure 2.3, I attach the sensor board to the rear end of the hand scalers
(Gracey Curette Original 13/14 #7[Standard]; Hu-Friedy Mfg. Co., LLC.), with-
out inhibiting the natural grasp of the hand scaler. When measuring hand-scaling
motions, the IMU can be attached to the hand or arm. However, the IMU is at-
tached to the hand scaler to eliminate confusion about the attachment position

due to individual differences such as hand size.

2.3. Experiment

Using the measurement system, I performed an experiment with several partic-
ipants with different levels of experience in hand-scaling work. The measured
data were analyzed and compared based on their levels of experience. The ex-
perimental protocol of this research was approved by the research ethics board
of Nara Institute of Science and Technology. Before the experiment, informed

consent was obtained from the participants.
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2.3 Experiment

2.3.1. Setup

Same as in the case of training dental hygienist students, as shown in Figure 2.4,
I set the jaw model on an inclined attachment and fixed this to the table. As
is the treatment in the dental clinic, the inclination of the model was 60 degrees
to make the teeth easily visible to the participants. Figure 2.5 shows the hand-
scaling position in the experiment. In this experiment, the participants scale the
area of the target tooth indicated by the green arc in Figure 2.5 by using the
hand scaler #14 shown in Figure 2.3. The target teeth have projections that
mimic tartar. I measured the motion and force in hand scaling of the target
tooth until the participants think they have removed the tartar. The measured
acceleration, angular velocity, and force data were extracted from when the hand
scaler is touching the tooth surface. During the experiment, I also took videos of
all participants of the hand and upper body for verification by dental hygienist
teachers.

The experiment was conducted with 15 participants, including one dental hy-
gienist teacher, eight dental hygienists, and six dental hygienist students. Ta-
ble 2.1 shows the work experience of all the dental hygienists. The dental hygien-
ist students were first-year students studying in the same training school, with
the same level of learning progress. All dental hygienist students had completed
the lecture and training in hand scaling before the experiment. I easily assume
that dental hygienists have better skills than students even with their different
levels of experience. Before the experiment, I prepared time for participants to
practice the use of the device. Considering the level of experience, the practice
time was set to 3 minutes for dental hygienists and 10 minutes for dental hygienist

students.
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2.3 Experiment

I\

Force sensor

Figure 2.4. Experimental setup

Protrusions mimicking tartar

Hand scaler
#14

Figure 2.5. Target hand-scaling positions
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2.3 Experiment

Table 2.1. Experience as dental hygienist of the participants
Experience | Number of participants

< 5 years 4
< 10 years 2
< 15 years 3

2.3.2. Result

Data acquisition

Figure 2.6 shows the measured data (acceleration, angular velocity, and force)

for the dental hygienist teacher.
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Figure 2.6. An example of measured data (dental hygienist teacher)
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2.3 Experiment

Comparison of the hand-scaling skills

I compared the measured data between the nine dental hygienists and the six
students. In this experiment, the operating time and the number of strokes were
different for each participant. So as the features of the measured data of the
hand-scaling motion, the minimum value, maximum value, and range for each
stroke were extracted. The big difference between the dental hygienists and the
students was in the maximum values and the range of Z-axis forces. The average
maximum scaling force of the dental hygienists (9.08 N) was larger than the
students (6.07 N). The average range of the scaling force of the dental hygienists
(10.45 N) was also larger than the students (7.18 N). A t-test shows that the
dental hygienists exerted more force (p < 0.05).

Figure 2.7 shows the results of the principal component analysis (PCA) [59]
with the force of all three axes. The force in the Z-axis, which is the force for
lifting the hand scaler up, has a large effect in judging the difference in hand-
scaling skill. The second principal component is mainly affected by the value of

the X-axis force, which is the force pushing on the tooth.
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Figure 2.7. Principal component analysis of maximum force
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Figure 2.8. Quadratic discriminant analysis of maximum force peak

Figure 2.8 shows the results of the data classification of all the hand-scaling
data using Quadratic Discriminant Analysis (QDA) [60]. There is a clear bound-
ary that can be used to separate the data between the dental hygienists and the
students.

2.4. Discussion

Figure 2.6 shows a periodic motion (data in pink boxes) could be measured for
each stroke of several millimeters. In one stroke, the hand scaler moves up a
few millimeters and the hand scaler rotates slightly. The rotation is to make
the tip of the hand scaler follow the curved tooth surface. The measured data
showed a clear increase in the X-axis acceleration due to the hand scaling of the

curved surface transitioning from the buccal surface to the surface adjacent to
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2.4 Discussion

the posterior molar (the acceleration data in the orange boxes). When the tip
of the hand scaler returned from the adjacent surface to the buccal surface, the
angular velocity of the Y-axis (the angular velocity data in orange boxes) changed
significantly. The force in the Z-axis shows the force applied to the target tooth
when lifting the hand scaler up. The relatively large Z-axis force (the data in the
blue box) occurred when removing the tartar. The other relatively small force
occurred when the participant was looking for the dirt.

From the measured movement of the hand scaler and the measured force applied
to the tooth, the type of hand-scaling motion being performed by the participants
can be characterized.

The dental hygienist students are not good at controlling the motion of the tip
of the hand scaler while simultaneously applying pressing and lifting forces to the
tooth surface. Figure 2.7 shows that the Z-axis and X-axis force are the most
important values for evaluating the hand-scaling skill. Figure 2.8 shows a clear
boundary that can be used to separate the data from the dental hygienists and
the students. By comparing the skills of all participants with different levels of
experience, the results show that it is possible to evaluate hand-scaling skills by

using the developed system and the measured data.
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Chapter 3

Modeling of contact between hand-scaler blade

tip and tooth surface

3.1. Introduction

Dental hygienist training institutes spend considerable time on training dental
hygienist students to acquire the correct hand-scaling technique. Through repet-
itive training using an oral cavity model, students practice this technique, which is
difficult to master. Although one-on-one guidance is the most effective approach
because some aspects of the technique are difficult to convey verbally, teachers
may be unable to spare time to attend to all students’ practices. Furthermore,
oral cavity models have no function to automatically identify the correctness of
hand scaling when students are self-learning. Without the ability to judge the
correctness of their own techniques, students are unable to practice efficiently.
Thus, while learning hand scaling, practice without constant feedback regarding
the technique is inherently inefficient.

Therefore, I focused on a function implementable with an actual self-learning
simulator that provides feedback on the correctness of students’ hand-scaling
motions and thereby improves their technique. Among the important aspects
of the safety and efficiency of hand scaling, the use of the tip is particularly
important, as shown in Figure 1.2 [14]. The tip may damage gingiva when it

moves away from the tooth surface [17], and therefore, the use of the middle of

24



3.1 Introduction

the hand-scaler blade (hereafter referred to as middle), as shown in Figure 1.2,
is incorrect and a typical example of a dangerous action performed by students.
Teachers should guide students to use the tip instead of the middle when the
blade is in contact with the tooth surface. However, beginner students experience
difficulty in evaluating this point while focusing on other aspects of the technique.
Thus, automatic evaluation and feedback on this aspect could greatly facilitate
hand-scaling practice.

Previous research has included training systems using imaging technologies [44].
Research using imaging technology, the camera captures the hand-scaling motion
using an AR marker attached to the rear end of the hand-scaler grip and a
mannequin that simulates the head with the model of the oral cavity. The system
estimates the motion of the tip from the image information of the AR marker
attached to the rear end of the hand-scaler grip. A virtual hand scaler is displayed
on top of the camera image of the mannequin. For example, the back teeth are
concealed by the mannequin’s cheek and not visible on the camera image. During
hand scaling of the back teeth, the tip of the virtual hand scaler is to be displayed
on the mannequin’s cheek. Because the tip may be concealed by the gingiva and
buccal mucosa during the operation, as shown in Figure 3.1, a camera may not
adequately visualize the contact or the absence of contact between the tip and

the tooth surface.
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3.1 Introduction

(b) By buccal mucosa

(a) By gingiva

Figure 3.1. Example of a concealed hand-scaler blade

The correct motion pattern is created relatively easily because haptic feedbacks
from the hand-scaler handle and visual information are uniquely determined.
However, creating realistic and practical feedback for incorrect motion patterns
is difficult because their motion patterns are myriad.

I considered the possibility of extending the camera-based system using imag-
ing technology. In this approach, precise information on the hand scaler and oral
cavity model would be required to identify the state of contact. Although such
information can be obtained by acquiring the shape in advance [61, 62, 63, 64]
or by using 3D reconstruction from images [65, 66, 67], both methods have limi-
tations. Pre-preparation is not realistic because the shapes of oral cavity models
and blades often change from the pre-modeling shapes by wear and deforma-
tion caused by practice and aging. On the other hand, with 3D reconstruction
methods, it is difficult to achieve the required accuracy. The precision of the 3D
reconstruction is less practical (0.5 mm) [44]. Blind spots on cameras have also

become a major problem in the implementation phase.

26



3.2 Materials and methods

Therefore, I considered the use of an inertial measurement unit (IMU) as an
alternative approach for contact identification. IMUs can allow recognition and
measurement of minute motion. I thought the use of an IMU would be promising
for hand-scaling evaluation as well.

Thus, this study proposed a method to classify tip or middle contact based on
hand-scaler motion and the force on the target tooth. I measured the motion using
an IMU attached to the hand scaler and the force on the tooth by a force sensor
attached to the target tooth. I focused on motion because I considered that the
difference between the correct and incorrect techniques would be reflected in the
motion. The force on the tooth surface was measured by a force sensor because
hand-scaling force is known to relate to an important factor in the effectiveness
of removing dirt [41, 42].

I asked students to perform hand scaling on a specific tooth to verify the iden-
tification of the contact state of the tip using the system. From the IMU attached
to the hand scaler and the force sensor attached to the target tooth, I extracted
the features of motions and force. The contact state was then classified using
a support vector machine (SVM) based on these features. To implement func-
tions with immediate feedback on a small, low-spec, single-board computer, I
verified whether it is possible to reduce the number of features. Hand scaling
involves several technical aspects. In the future, the simulator may be equipped
with functions to determine them simultaneously. In the present study, I aimed
to maximally reduce the processing involved in data measurement, feature cal-
culation, SVM, and memory in this function. Therefore, to determine whether
the sensor configuration could be simplified, I examined whether the accuracy
achieved with both sensors could be maintained while using either sensor alone. I
further examined the minimum number of features within one sensor that would

maintain an accuracy similar to that obtained with the two-sensor configuration.

3.2. Materials and methods
3.2.1. Hand-scaling simulator

The participants performed hand scaling using the simulator, as shown in Fig-

ure 3.2a. The buccal mucosa was removed to observe the blade of the hand
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3.2 Materials and methods

scaler during the experiment. The simulator was created based on our previous
study [54]. The hand-scaling motion was measured using an IMU (MetaMotion
R; MbientLab Inc.), and the force applied to the tooth was measured using a
force/torque sensor (Minid0 SI-80-4; ATI Industrial Automation Inc.), as shown
in Figure 3.3. The IMU (Weight including case: 19.5 g) was attached to the end
of the gripping portion of the hand scaler, as shown in Figure 3.3a. The IMU
can measure the motion of the hand scaler along three axes of acceleration and
three axes of angular velocity. When the hand scaler was held upright and viewed
from the tip, the Z-axis was vertical to the direction of the blade, vertical to the
gripping portion, and pointing toward the right direction. Although the blade
could not always be within the field of view, a camera (Endoscope Borescope
Inspection Camera; KKmoon) was installed to capture images of the blade for

reference in the analysis.
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(b) Target tooth of hand scaling

Figure 3.2. Experimental tool
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(b) Force sensor

Figure 3.3. Sensor setting

The force applied to the target tooth was measured using a force sensor that
could evaluate force along three axes of force and three axes of torque, as shown
in Figure 3.3b. I used the data for the three axes of force in this study. A space
was created between the target tooth and the model frame to prevent contact
between the target tooth (A2A-739-#46; Nissin Dental Products Inc.) and the
model frame. The force was transmitted to the sensor through the shaft. This
was used to measure only the force transmitted from the hand scaler. The X-axis

of the force sensor was in the buccal direction; the Y-axis was directed posteriorly
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from the target tooth; and the Z-axis was in the maxillary direction.

The hand scaler used was an original standard double-headed 13/14 #7 Gracie
curette (Length: 17.0 cm, Weight: 21.0 g, Hu-Friedy Mfg. Co., LLC), which is
commonly adopted in training schools. Each participant used a new hand scaler
to ensure uniform blade sharpness. The target tooth was also replaced with a
new tooth for each measurement condition and each participant because the tooth

surface was worn down by hand scaling.

3.2.2. Participants

The participants were students in the self-learning practice phase of hand scaling.
I aimed to collect data from students’ actual practice of hand scaling. Eighteen
first-year students (18 females; age, 19.1 £ 0.8 years) from dental hygienist train-
ing schools in Japan participated in the experiment, including eight participants
from Training School A, five from Training School B, and five from Training
School C. One participant’s data were excluded because it showed unusual char-
acteristics for the force measurement values. This was caused by the fingernail
touching the target tooth during hand scaling, because of which the contact force
of the fingernail was also measured by the force sensor. This is an exceptional
result, since the fingernails of people who perform hand scaling are usually not
as long as hers. In the analysis, I used only the data measured from the other 17
participants. All participants had attended lectures on hand scaling and received
practical training at training schools before participating in the experiment. The
textbook used was the same for each school, while the content of the lessons was
unique and followed the guidelines of each school.

This study was approved by the Ethics Review Committee of Nara Institute
of Science and Technology. All participants provided written informed consent

before participating in the experiment.

3.2.3. Hand-scaling task

The participants performed hand scaling on a specific tooth as shown in Figure
3.2b called the lower right first molar in the hand-scaling simulator shown in

Figure 3.2a. I asked them to perform the task based on the assumption that
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3.2 Materials and methods

the tooth had buccal mucosa. They performed seven consecutive hand-scaling
strokes as a single task. I asked them to perform basic operations such as holding
the hand scaler, moving the blade on the tooth surface, and operating the hand
scaler, as shown in Figures 1.1, 1.2, 1.3, and 1.4 [14].

The blade is the red line part
/ on only one side

Shape of blade

The middle use

The tip use

Vs

Safe condition Dangerous condition

Figure 3.4. Contact between the blade and the tooth surface
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Step 1 Step 2

Sideways

Backward

Figure 3.5. three-axis of IMU during forearm rotation

3.2.4. Experimental factors

The experimental factor was the contact position of the blade, which was cate-
gorized as tip contact or middle contact, as shown in Figure 3.4. Tip contact,
wherein the tip is in contact with the tooth surface, indicated the correct tech-
nique. In middle contact, the tip is lifted off the tooth surface, which may damage
the gingiva or other parts of the tooth. Thus, middle contact reflected an incor-
rect technique. Participants performed the hand-scaling task ten times for each

of the tip and middle contacts.
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3.2.5. Sensor measurement values

Measurements were acquired from the IMU attached to the hand scaler and the
force sensor attached to the target tooth. Measurements of acceleration, angular
velocity, and force were acquired for each of the three axes (nine dimensions in

total). Table 3.1 shows the correspondence of each axis in the forearm rotation

motion (Figure 3.5).

Table 3.1. Description of sensor measurement values in the forearm rotation

motion

Axis item

Description

X-axis force
Y-axis force

Z-axis force

X-axis acceleration
Y-axis acceleration

Z-axis acceleration

X-axis angular velocity

Y-axis angular velocity

Z-axis angular velocity

Force exerted by the blade of the hand scaler on
the tooth surface from the buccal side

Force exerted by the blade of the hand scaler on
the tooth surface to pharynx direction

Force exerted by the hand-scaler blade on the
tooth surface in the direction of pulling up the
hand-scaler blade

Acceleration of the hand scaler in the direction it
is pulled up

Acceleration of the hand scaler moving toward the
tip

Acceleration when the hand scaler is tilted by fore-
arm rotation moving in the direction of the tip and
vertically from the long axis of the hand scaler
Angular velocity of rotation about the long axis of
the hand scaler

Angular velocity of rotation on a plane parallel to
the long axis of the hand scaler and vertical to the
blade

Angular velocity of rotation on a plane parallel to
the long axis of the hand scaler and parallel to the
blade
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3.2.6. Analysis method

Preprocessing

The force, acceleration, and angular velocity data were synchronized using syn-
chronous signals of the trigger motion, as shown in Figure 3.6. Based on the
Z-axis force, the motion section between the maximum values of the first and
seventh strokes was extracted and used for the analysis, as shown in Figure 3.6.
This preprocessing was performed because the duration from the synchronous

signals to the first stroke varied for each participant.
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3.2 Materials and methods

Feature extraction

The average and standard deviation, which represented the magnitude of motion
and the scattering of the magnitude, of force, acceleration, and angular velocity
in each of the three axes were calculated as features of 18 items, as shown in
Table 3.2. Each feature was calculated for each trial from the sectional data
obtained during preprocessing. I calculated 18 features, each for a total of 20
trials per participant (10 trials using the tip and 10 trials using the middle). In
comparison with the stable repetitive strokes using the tip, the strokes performed
using the middle of the blade showed distinct characteristics. For example, when
students used the middle, the blade may slide on the tooth surface, causing a
sudden change in the acceleration or angular velocity. The blade may be caught
on the tooth surface, thereby increasing the force applied. Therefore, I selected

features that reflected the magnitude of motion and scattering of the magnitude.

Table 3.2. Features values
No ‘ Symbol ‘ Description

1 Afx Average of force on the X-axis

2 Afy Average of force on the Y-axis

3 Afz Average of force on the Z-axis

4 Sfx Standard deviation of force on the X-axis

5 Sty Standard deviation of force on the Y-axis

6 Stz Standard deviation of force on the Z-axis

7 Aax | Average of acceleration on the X-axis

8 Aay | Average of acceleration on the Y-axis

9 Aaz Average of acceleration on the Z-axis

10 Sax Standard deviation of acceleration on the X-axis

11 Say Standard deviation of acceleration on the Y-axis

12 Saz Standard deviation of acceleration on the Z-axis

13 Agx | Average of angular velocity on the X-axis

14 Agy | Average of angular velocity on the Y-axis

15 Agz, Average of angular velocity on the Z-axis

16 Sgx Standard deviation of angular velocity on the X-axis
17 Sgy Standard deviation of angular velocity on the Y-axis
18 Sgz Standard deviation of angular velocity on the Z-axis
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Classification of the contact position of the blade

To identify whether the tip or middle was in the contact with the tooth, I used
SVM [68, 69], which can determine an appropriate discriminative boundary even
with a small amount of training data. I trained and tested the data separately
for each participant to account for differences among participants and verified
whether it was possible to classify the scaler blade contact with the tooth based
on the extracted features. The SVM was implemented using MATLAB R2021Db,
MATLAB toolbox statistics, and the Machine Learning Toolbox?™ (MathWorks,
Inc.). A linear kernel was used, and five-fold cross-validation was performed. Data
were randomly divided into 5 parts and standardized as average = 0 and standard
deviation = 1. I attempted cross-validation using all folds for all participants
using all six of [0.001, 0.01, 0.1, 1, 10, 1000] as the SVM hyperparameter C' and
chose the C' that achieved the highest average accuracy. I analyzed the accuracy
value that corresponded to the highest average accuracy. Table 3.3 lists the values

of SVM hyperparameter C' used in each case.

Table 3.3. C' parameters

’ SVM predictor ‘ C ‘
IMU+F features 1
IMU features 1
F features 10

When the first rank accuracy was achieved by one | 0.1
feature of IMU
When the first rank accuracy was achieved by two | 0.1
features of IMU
When the first rank accuracy was achieved three | 1
features of IMU
When the second rank accuracy was achieved by | 1
two features of IMU
When the third rank accuracy was achieved by two | 10
features of IMU
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3.2 Materials and methods

Comparison of classification accuracy

First, I examined whether the model accuracy using features obtained with only
one type of sensor was as high as that obtained using both types of sensors
together. For this purpose, the accuracy obtained when using 18 features from
the IMU and force sensor (hereafter referred to as IMU+F features) as predictors
was compared with the accuracy of a model using the 12 features of the IMU
alone (hereafter referred to as IMU features) and that of a model using the six
features of the force sensor alone (hereafter referred to as F features) by the
STEEL test [70].

Furthermore, I examined the minimum number of single-sensor feature combi-
nations that yielded the same level of accuracy as that obtained using IMU+F
features to determine whether data processing and memory could be further re-

duced. The comparison procedure is shown in Figure3.7 and below.

(i) Models with i (i =1, --+, N) features from a single-sensor were developed.

N equals 6 and 12 for the force sensor and the IMU, respectively.

(ii) A model with the highest accuracy was determined for each model group
with i (i = 1, ---, N) features. The models were referred to as i-highest

models for each sensor.

(iii) i-highest models and IMU+F model were compared by STEEL test. The
minimum number of i in which the null hypothesis is validated with i-highest

model was calculated.

A one-tailed test was conducted with the null hypothesis "average accuracy of 18
predictors (IMU+F features) = average accuracy of N predictors (features)' and
the alternative hypothesis "average accuracy of 18 predictors (IMU+F features)
> average accuracy of N predictors (features)'. A p-value of more than 0.05
validated the null hypothesis and rejected the alternative hypothesis, implying
that the average accuracy of 18 predictors (IMU+F features) and the average

accuracy of N predictors (features) were equivalent.

39



3.3 Results

Model using Model using
one feature i features Model using
N features

< . Y.
| |

Model selection with the highest accuracy among
combinations of N feature

| l !
[/ [/ [/

One-highest-model i-highest-model N-highest-model

Figure 3.7. Definition of i-highest model

3.3. Results
3.3.1. Classification accuracy of the contact position of the blade

The average accuracy of each participant according to the SVM is shown in Fig-
ure 3.8. This figure shows the results for the IMU+F, IMU, and F features as
predictors. The average overall participants of the IMU sensor and force sen-
sor, IMU sensor alone, and force sensor alone were 97.14+4.7%, 95.946.9%, and
88.84:14.2%, respectively.
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3.3 Results

Table 3.4. STEEL test comparing the classification accuracy using IMU alone
and force sensor alone versus IMU and force sensor

’ Comparison \ t.value \ p.value ‘
IMU 4 Force Sensor : Force Sensor 2.4225 0.0145
IMU 4 Force Sensor : IMU 0.3567 0.5160

Table 3.5. STEEL test of classification accuracy by IMU+F features and features
using IMU alone

’ Comparison ‘ t.value ‘ p.value ‘
IMU+F features : one IMU feature 3.6456 0.0004
IMU+F features : two IMU features 1.9705 0.0613
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3.4 Discussion

3.3.2. Comparison of accuracy between sensor combinations

The results of the STEEL test comparing the accuracy of 18 predictors (IMU+F
features) with the accuracy of 12 predictors (IMU features) and six predictors (F
features) are shown in Table 3.4. No significant difference was observed between
the accuracy of the 18 predictors (IMU+F features) and the accuracy obtained
with IMU alone (p = 0.52). However, the accuracy obtained with the force sensor
alone was significantly different from the accuracy of the 18 predictors (IMU+F
features) (p = 0.01).

3.3.3. Combination of minimum sensor configuration and minimum

number of features

The accuracy obtained with the force sensor alone was significantly different from
that of the IMU and force sensor. I show the results of the IMU that was able
to examine the minimum combination of features. Figure 3.9 shows the average
accuracy of each participant using the IMU+F features and one and two IMU
features as predictors. Table 3.5 shows the results of the STEEL test comparing
the accuracy of the IMU and force sensor with that of the IMU alone. The
accuracy obtained when IMU+F features were used as predictors was significantly
different from that obtained when one IMU feature was used as a predictor (p =
0.0004), but not significantly different from that obtained when two IMU features
were used as predictors (p = 0.06). Table 3.6 shows the top three combinations
of two IMU features. All these combinations did not significantly differ from the
accuracy of IMU + F features. The average acceleration along the X-axis (Aax)

was always included in these combinations.

3.4. Discussion

Using the linear SVM, the contact between the tip or middle of the hand-scaler
blade with the tooth could be classified with an accuracy of 97.1%. Unlike the
blind spots associated with the use of a camera, the proposed simulator did not
involve this problem, and the IMU+F features showed high accuracy. Therefore,

I considered this approach to have a high potential for clinical application.
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3.4 Discussion

The accuracy obtained with the force sensor alone was significantly different
from that obtained with both the IMU and the force sensor. In contrast, the
accuracy obtained using the IMU alone was not significantly different from that
obtained with the IMU and the force sensor. Thus, the sensor configuration can
be reduced from the combination of an IMU and a force sensor to one IMU. Since
the force sensor was attached directly to the target tooth of the hand-scaling
simulator, space was needed under the teeth to mount the force sensor, and the
existing mannequin’s structure, which imitates the head, had to be redesigned.
These changes in design would not be necessary when a force sensor is not re-
quired.

Novices recognize that dirt can be removed by applying force from the hand-
scaler blade to the tooth surface. Therefore, force application is likely to be
controlled regardless of how the blade is used. Therefore, it is conceivable that the
feature value of motion rather than force influences the classification. Although
I consider that the force feature is an important factor when evaluating hand-
scaling motion, I consider that the force feature can be omitted when classifying
the contact between the blade and the tooth surface.

To simplify the data processing process, I also examined the minimum number
of IMU features that maintained the same level of accuracy as that obtained with
the IMU+F features. The results showed that the accuracy of combinations of
only two IMU features was not significantly different from that of the IMU+F
features. This can simplify the data processing process. Using a combination
based on the accuracy of the first rank shown in Table 3.6, the classification can
be made by measuring the values for the acceleration X-axis and acceleration
Z-axis. The processing required for data measurement, feature value calculation,
and SVM can be reduced with two axes than with six axes, and the storage
capacity of the data can also be saved. These advantages can make a difference
in the implementation stage, e.g., when attempting to install functions on a small
low-spec single-board computer in an oral cavity model.

In addition, the combinations of two IMU features shown in Table 3.6 always
included the average acceleration in the X-axis, suggesting that it is an impor-
tant data axis that shows differences in the hand-scaling motion and can be used.

The X-axis acceleration reflects the magnitude of the vertical motion of the hand-
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3.4 Discussion

scaler blade along the tooth surface. When students use the middle during hand
scaling, the blade often cannot move smoothly and slips on the tooth surface.
Consequently, the motion of the blade is very wide, which is different from the
stable stroke when using the tip. A similar motion was observed by the partic-
ipants in the experiment. When such a motion is observed, the system advises
reconfirming whether the tip is in contact with the tooth surface, which will help

improve the effectiveness of self-learning.
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Chapter

Modeling of exemplary motion and educational

effect

4.1. Introduction

In Chapter 3, a classification model capable of judging hand-scaling motion using
two-class SVM was presented based on the values obtained from the proposed
measurement system created in this research. This model creates training data
from individual hand-scaling motions. For students who have acquired a certain
level of hand-scaling motion, it can be used effectively as a function of a self-
learning simulator. However, if students use a self-learning simulator, they are
beginners in the first stage of training. It is not easy to obtain learning data from
beginners for exemplary hand-scaling motions. Beginners are not yet familiar
with the motions and do not possess individual motion habits; it would be ideal
if there was an improved generalized classification model. Considering that in the
educational setting, teachers demonstrate examples and students improve their
skills through one-on-one instruction, if there is a model that can be used as a
generalized classification model, it is possible to acquire motions that are similar
to that model. It is assumed that exemplary motions can be learned.

Therefore, this chapter aims to create an exemplary hand-scaling motion model,
and the effects of practicing with feedback for motion classification on beginners

are investigated. Modeling exemplary hand-scaling motion is ideal as a model that
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4.2 Experimental method

can be applied to self-learning simulators, and the standardization of education
can be achieved. In the experiment, an exemplary hand-scaling motion of a dental
hygienist is considered, and the motion is modeled using a one-class SVM. Next,
a judgment system for hand-scaling motions using the model has been developed,
and participants who are beginners and had no experience in hand scaling have
been asked to use the system for practice. Then, to feed back advice based on

the measured values, any influence on learning has been analyzed.

4.2. Experimental method

First, the exemplary hand-scaling motion is modeled. After that, participants are
divided into groups with and without advice using the motion judgment results

obtained from the model and training hand scaling.

4.2.1. Participants

The learning data to create the model were obtained by one dental hygienist
with 20 years of work experience. She has experience in teaching at a dental
hygiene training school. The practicing participants were adults who had never
studied dentistry and were asked to participate in the experiment, divided into
two groups: nine participants with advice and eight participants without advice.

This study was approved by the Ethics Review Committee of the Nara Institute
of Science and Technology. All the participants provided written informed consent

before participating in the experiment.

4.2.2. Hand-scaling task

First, the practicing participants were given a 20-minute lecture on the operation
of hand scaling. The lecture comprised an explanation using materials (Appen-
dices A.1 and A.2) and confirmation of the basic operation by actually grasping
the hand scaler. Then, they were asked to perform a task in which they had to per-
form three consecutive strokes. During hand scaling, the participants were asked
to grasp the hand scaler similar to the writing-like variant grasping method [14]

shown in Figure 1.1 and perform the forearm rotation motion shown in Figure
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4.2 Experimental method

1.4. The site referred to one point shown in Figure 4.1 on a specific tooth known
as the lower right first molar. The data were obtained 100 times from dental
hygienists who create training data and 50 times from practicing participants.
Practicing participants were presented with the material (Appendix A.3) that
could be checked when needed in a timely manner. Practicing participants with
advice were informed in advance and asked to confirm the advice after each trial.

The hand scaler used was an original standard double-headed 13/14 #7 Gracie
curette (Length: 17.0 cm, Weight: 21.0 g, Hu-Friedy Mfg. Co., LLC). Each par-
ticipant used a new hand scaler to ensure the uniformity of the blade sharpness.
The target tooth was replaced with a new tooth for each participant because the

tooth surface was worn down owing to hand scaling.

One point on the extension of the fissure groove
and the border where the tooth change color

Fissure groove

Figure 4.1. Hand-scaling point

4.2.3. Measurement of hand scaling

The measurement system (Figures 3.2a and 3.3) in the experiments mentioned
in Chapter 3 was used to measure hand-scaling motions. However, the camera
attached to the hand scaler is removed in this experiment. The same position
is used for the sensors. Therefore, the coordinate system of the sensors remains

unchanged.
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4.2 Experimental method

4.2.4. Sensor measurement values

The sensor measurements were obtained from the IMU attached to the hand
scaler and force sensor attached to the target tooth (nine-axes). Each axis of the

forearm rotation motion (Figure 1.4) is summarized in Table 3.1.

4.2.5. Judgment system based on the modeling of exemplary motions

Figure 4.2 shows the flow of the judgment system and the content of each process.

Load sensor measurement values
(Data streaming)

\ 4

Preprocessing
(Calculation of force data/extraction of the target data section for analysis)

A 4

Feature extraction
(Calculation of Aax and Aaz)

\ 4

Judgment based on using the modeling of exemplary motions
(Whether input motion data is a model motion or other motion)

A 4

Create advice
(Comparison between Aax and Aaz of inputs based on a model data range)

Figure 4.2. Judgment system flow

Preprocessing

Three consecutive strokes are performed in one hand-scaling task, and the data in
the interval from the minimum value after the first stroke to the minimum value
after the second stroke of the force data of the Z-axis is extracted from the sensor
measurements as the analysis target. This was done to truncate the movement

data before and after the task and extract only stable stroke movements.
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4.2 Experimental method

Feature extraction

The features of the measured values can calculate the average and standard devi-
ation, which represent the magnitude of motion in each of the three axes (force,
acceleration, and angular velocity) and variation in magnitude (blurring) as fea-
tures (18 items) (Table 3.2). However, in the classification model mentioned
in Chapter 3, two IMU features with high accuracy are combined (Table 3.6).
Therefore, a classification model with two features was first created. The task
mentioned in Chapter 3 analyzes 7 strokes of data; however, this experiment was
conducted for one stroke. Then, the average values of the acceleration X-axis
(Aax) and acceleration Z-axis (Aaz), which are not standard deviation feature
values, were considered. Beginners are trained on the motion of the hand scaler
and force; in this model, features that can focus on the motion of the forearm
rotation are selected. Simplified training reduces the cognitive load on begin-
ners [71]. In addition, as the subject of this experiment is a beginner, providing
multiple pieces of advice at the first stage of training may lead to confusion, and

it is appropriate to reduce it to two features.

Modeling of exemplary motion

A one-class SVM [72] was used. A model was created using 100 datasets of
exemplary hand-scaling motions as training data, 5% of which were set to be
outliers. The values of Aax and Aaz were used as predictors; MATLAB R2021b
and the Statistics and Machine Learning ToolboxTM (The MathWorks, Inc.),
i.e., a MATLAB toolbox, were used for SVM calculations. Parameters were
as specified in MATLAB. Data were standardized as average = 0 and standard
deviation = 1. The kernel function was specified as a radial basis function. The C'
and v parameter of the SVM hyperparameter was set to 1 and 1/KernelScale?,
respectively. The KernelScale, which divides this entire predictor, used a setting

where the appropriate scale factor is selected.

Score and label of SVM classification

The SVM classification score (SVM score) for classifying a measurement is the

signed distance from the measurement to the decision boundary. A positive

52



4.2 Experimental method

SVM score indicates that the measure is in the exemplar class. A negative SVM
score indicates that the measure is not in the exemplar class. The positive class

classification score formula f(x) is the trained SVM classification function.
f(l’) = Z ajij(a:j, l’) + b, (41)
j=1

where x denotes the feature obtained from the measurement. («y, ..., ay,, b) denote
the estimated SVM parameters, y; denotes the label (-1: not in the exemplar class
or 1: in the exemplar class), and G(x;, z) denotes the dot product between z and

the support vectors in the predictor space. The negative class classification score

is —f(x).

Advice

The feedback method is not considered in this experiment. Advice is given in
verbal expressions on the display screen. Figure 4.3 shows the advice display
screen. In the lower left side of the screen, the results of the participant data’s

classification with the exemplary motion model and SVM scores are displayed.

Practice times

Participant code | 100 ffﬁ‘:"@;ﬁ 1 Data Clip DeCiSiOn
Load and B J button J/ button
CaICU|ate data \ Load_sensor_data — Data_clip — Decision

button

Result Advice

HBFEHRDOBEENAENTT .

SERA > b0 B2 3mEBE L TNE<BREETT S,

Result and —
score

Score BIE : -2.50 — 40 : -3.00
(ERE 0E)

HIFEEREE) (D OIEE1E (2B

I

Advice

Figure 4.3. Advice display of the judgment system
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e Judgment of the hand-scaling motion in the exemplary motion model
"Correct motion": when the participant’s hand scaling is judged as a model
motion.

"Improvement points": when the participant’s hand scaling is not judged as

a model motion.

e SVM score of the exemplary motion model
The SVM scores of the current and previous trials are displayed. An SVM
score of 0 or higher denotes the model motion. For example, SVM scores of
-2.5 and -3.0 in the previous and current trials indicate that the hand-scaling

motion is worse than that in the previous trial.

The advice on the lower right side of the screen is as follows: A combination of
Aax and Aaz data in the exemplary motion model with reference to the training
data is set, and a classification judgment is based on this combination. The max-
imum and minimum values of exemplary motion with Aax and Aaz are produced.
Based on this, the advice that can be displayed by judging Aax and Aaz from

the participant’s motion measurements is provided.

e Moving width of the tip of the blade indicated by Aax of the feature "The
motion width of the tip of the blade is too small. Please extend the tip of
the blade to 2-3 mm in width.": when the motion is smaller than Aax of
the model motion
"The motion width of the tip of the blade is appropriate.": when Aax is
within the range of the model motion
"The motion width of the tip of the blade is too large. Please modify the
tip of the blade to a smaller width of 2-3 mm.": when the motion is larger

than Aax of the model motion

e Rotation width of the forearm rotation indicated by Aaz of the feature In
this judgment, as the relationship between the posture of the hand scaler
and contact of the tip of the blade produces an effect, the user needs to
check the posture of the hand scaler and contact of the tip of the blade,

except for the aptitude case.
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4.2 Experimental method

"Please check the posture of the hand scaler and contact of the tip of the
blade. Did the tip of the blade catch? The rotation range of the forearm
rotation is too small. Please increase the rotation width.": when the motion
is smaller than Aaz of the model motion

"The rotation width of the forearm rotation motion is appropriate.": when
Aaz is within the range of the model motion

"Please check the posture of the hand scaler and contact of the tip of the
blade. Did the blade tip slip? The rotation width of the forearm rotation is
too large. Please decrease the rotation width.": when the motion is wider

than Aaz of the model motion

4.2.6. Analysis

Validation of the model

The dental hygienists who created the training data were asked to subjectively
judge the label of a participant’s motion as exemplary or not based on the prac-
ticing participant’s motion that was recorded. The reason for asking the dental
hygienists who created the training data to make the judgment was that the den-
tal hygienists themselves had the best understanding of exemplary motions and
could use the same criteria in the subjective judgment. However, the exemplary
motion model was judged based on Aax and Aaz. The participants were asked
to make judgments on the "blade tip travel width" and "forearm rotation width,"
which can be determined based on Aax and Aaz. 1-10 trial data of 10 randomly
selected participants will be used as judgment data. A total of 100 trials of
data will be judged and compared with the judgment results of the model and

evaluated in terms of accuracy, precision, and recall.

Educational effects

In addition to checking the change in the SVM score, it needs to be checked
whether there was any difference in the change in the SVM scores of the groups
with and without advice. After calculating the average for every 10 trials, the

following values were calculated for each participant representing the difference
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4.2 Experimental method

in the SVM score for every 10-trial interval (change in SVM score) considering
the average of 1-10 trials.

(SV M score average of 11 to 20 trials) — (SV M score average of 1to 10 trials)
(4.2)

(SV M score average of 21 to 30 trials) — (SV M score average of 1to 10 trials)
(4.3)

(SV M score average of 31 to 40 trials) — (SV M score average of 1to 10 trials)
(4.4)

(SV M score average of 41 to 50 trials) — (SV M score average of 1to 10 trials)
(4.5)

Next, the left-tailed hypothesis test of the Wilcoxon rank sum test was per-
formed for the groups with and without advice. The null hypothesis defines that
there is no difference between the groups with and without advice in every 10-
trial interval minus the 1-10 trial average. The alternative hypothesis is that the
group without advice possesses a smaller median than the group with advice with
regard to the difference obtained by subtracting the 1-10 trial average from the
every 10-trial interval average. In other words, if the alternative hypothesis is
accepted with a p-value less than 0.05, I consider that training with advice is
better at maintaining or improving its effectiveness than training without advice.
Furthermore, the number of training rounds to improve the hand-scaling motion
is unknown. Each participant performs the experimental task 50 times and a
set of 10 trials is separated and evaluated in the test. Therefore, the Bonferroni
correction was applied to the p-values of the test results to consider the issue of
the multiplicity of tests.
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4.3 Results

4.3. Results
4.3.1. Validation of the model

Figure 4.4a shows the confusion matrix between the results of the dental hygien-
ist’s subjective judgment of whether the model was an exemplary motion and

results of the exemplary motion model’s judgment. "Success (Inside)" indicates
within the range of the exemplary motion, and "Failure (Outside)" indicates out-
side the range of the exemplary motion. The accuracy is 74.0%, the precision is
82.5%, and the recall is 63.5%. Figure 4.4b shows a confusion matrix with the
exemplary motion model in which outliers are changed to 0% because the recall

is low. The accuracy is 73.0%, and the precision is 77.8%, the recall is 67.3%.
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Failure
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Figure 4.4. Confusion matrix of judgments made by the exemplary motion model
and dental hygienist

4.3.2. Educational effects

Figure 4.5 shows a graph of the average results of each trial of the groups with
and without advice. The SVM score was higher in the group with advice than in
the group without advice for 10-30 trials.

Figure 4.6 (Table 4.1) shows the results of the left-tailed hypothesis test of the
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Wilcoxon rank sum test comparing the groups with and without advice. A p-value
less than 0.05 rejects the null hypothesis and adopts the alternative hypothesis.
The p-value with Bonferroni correction of 11-20 trials showed a significant differ-

ence.

4 -
—— Group without advice

ol ——— Group with advice

o 0

Q

2 2

§ - A '

o, | M J
6 r
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1 10 20 30 40 50

Number of trials [time]

Figure 4.5. Change in the average SVM score for each trial of the group with and
without advices
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Figure 4.6. Left-tailed hypothesis test of the Wilcoxon rank sum test comparing
groups with and without advices considering the difference in the average SVM
scores for 1-10 trials and every 10 trials

Table 4.1. Left-tailed hypothesis test of the Wilcoxon rank sum test comparing
groups with and without advices considering the difference in the average SVM
scores for 1-10 trials and every 10 trials

The difference in average SVM | p.value Bonferroni correction
score for p.value

11-20 trials - 1-10 trials 0.010 0.040

21-30 trials - 1-10 trials 0.084 0.336

31-40 trials - 1-10 trials 0.336 1.344

41-50 trials - 1-10 trials 0.481 1.924

Figure 4.7 shows the evolution of the SVM scores of the participants that
reveal the educational effect of advice on 1-50 trials. The SVM scores increased
as the number of trials increased. Figure 4.8 shows the relationship between
SVM scores and Aax and Aaz plotted simultaneously based on the training and
participant data of the exemplary motion model. The contour lines indicate
SVM score boundaries. The color of the contour line indicates which SVM score
is represented by the color bar on the right of the figure. The higher the number
of trials, the higher the SVM score, and an SVM score of 0 or more indicates that

the motion is closer to the model motion.
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However, there are significant differences in individual aptitude for training.
Figures 4.9 and 4.10 show the results of the participant of the group without
advice; the participant performed motions similar to the exemplary motion from
the beginning. Figures 4.11 and 4.12 show the results of the participant of the
group with advice; this participant exhibited motions significantly different from

the motions demonstrated by the model until the end.
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Figure 4.8. Contour plots indicating ideal progress
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Figure 4.9. SVM scores similar to the exemplary motion from the beginning
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4.4. Discussion

In this experiment, the same dental hygienist was asked to obtain training data
and judge whether the hand-scaling motions practiced by the participants were
exemplary. If this dental hygienist was a teacher, she could create feedback
equivalent to the results of her own subjective judgment by creating her own
motion model. In addition, when multiple teachers are involved, feedback can
be provided based on a unified judgment standard without depending on the
judgment of each individual teacher.

The precision was 82.5% in the evaluation of the model for the exemplary mo-
tion. The accuracy result was slightly lower than the precision (74.0%). The
recall was even lower (63.5%). However, this model has been considered in the
experiment because it exhibited a low false negative rate of 14.6% and a low
probability of judging non-exemplary motions as equivalent to exemplary mo-
tions. This was considered to avoid training other than the exemplary motion
as the correct motion. As shown in Figure 4.4, the subjective evaluation of the
dental hygienists judged several motions exemplary compared to the model. The
subjective evaluation of the dental hygienist includes flexible judgments. It is
possible that there are motions that she judged as exemplary that can not be
represented in the training data. Therefore, the challenge is to create various
exemplary motions that can help improve the accuracy of the model. This issue
can be solved by repeating the process of adding practice motions, which were
judged as exemplary motions based on subjective evaluation, to the training data.
The process will help improve the accuracy of the model.

Furthermore, the model was used in training experiments with outliers set at
0%. Figure 4.4b shows the confusion matrix of the model created with 0% of
the outliers. The recall was slightly increased to 67.3%. When teachers create
training data, using an appropriate proportion of outliers can help improve and
ensure model accuracy, even if the training dataset contains data that deviate
from the exemplary motion. When the exemplary motion model is used in ac-
tual education, two methods can be used to set the boundary between modeled
motions: the creation of training data with wide varieties and the adjustment of
the percentage of outliers.

As listed in Table 4.1, the p-value with Bonferroni correction is less than 0.05 for
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11-20 trials. It has been confirmed that the SVM scores of the group considering
advices are maintained or have improved. Thus, training up to 20 times may
have been effective. The participants performed 50 times the experimental task
because the number of training rounds to be conducted for one treatment part
of the hand-scaling motion was not known. However, long hours of training time
are believed to reduce the effectiveness of training equipment [73]. Participants
spent ~1 h performing the task 50 times. This may cause fatigue and a lack
of concentration in the middle of training. In a typical curriculum for dental
hygienist education, a one-time class includes training on operating multiple teeth
and appropriate breaks. Lectures and practice assignments are structured so that
students will not lose their concentration by changing practice teeth. This time
there is one type of task, and only limited advice was considered as feedback. The
training might have become monotonous, and the effectiveness of training reduced
along the way. Therefore, I think that participants can obtain skills effectively if
they train in the right number of trials. Figure 4.5 shows a difference in scores
between the group with and without advices or 10-30 trials; however, for 30 trials
or more, the difference is not that evident. In future studies, it is necessary to
consider the appropriate number of trials with reference to the aforementioned
results.

Finally, the proposed exemplary motion model demonstrates the possibility of
modeling hand-scaling motion that has never been done before. And, it shows the
possibility of producing a large educational effect to enable automatic judgment

of students’ hand-scaling motion.
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Chapter 5

Conclusion

This dissertation aims to model the most basic and essential skills related to
the contact between the blade of a hand scaler and tooth surfaces based on
kinematic and mechanical information and verify the effectiveness of a developed

skill-training method based on the evaluation of an exemplary motion model.

5.1. Summary

In Chapter 2, a measurement system for hand-scaling skills was proposed, and it
was confirmed that these skills can be evaluated using the measured data. The
proposed measurement system comprises two sensors: a six-axis force sensor at-
tached to a target tooth in a jaw model to measure the scaling forces and an
IMU sensor attached to a hand scaler to measure hand-scaling motion. In the
experiment, the hand-scaling motions of 15 participants with different levels of
hand-scaling experience, including one dental hygienist teacher, eight dental hy-
gienists, and six dental hygienist students, were measured. The results indicated
that it is possible to measure the hand-scaling force and motion and evaluate
individual skills based on the measured values.

Chapter 3 verified whether the features acquired from the IMU attached to
the hand scaler and force sensor attached to the target tooth can be used to
identify the contact between the tip of the hand-scaler blade and tooth. Data

were obtained during hand scaling with forearm rotation. The SVM was used to
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classify whether the tip or the middle part of the hand-scaler blade was in contact
with the tooth during hand scaling using two types of sensor data. The results
confirmed that classification with an accuracy of 97.1% was possible.

Chapter 4 described the creation of an exemplary hand-scaling motion model
to judge the motion of a beginner practicing hand scaling. The precision value
of the exemplary motion model was 82.5%. Moreover, this model was used to
examine the effects of training with feedback for motion classification. Compared
with the subjective evaluation by the dental hygienist, the model confirmed high
performance in judging whether the hand-scaling motion was model motion. As
a result of the training experiment using the advice that can be understood from
the model with regard to effectiveness, training using the proposed model was

suggested.

5.2. Contributions

The main contributions of this study are as follows:

e A measurement system based on hand-scaling motions for quantitative data
was created. The IMU was attached to the handle of the hand scaler to
measure the motion of the hand scaler. The force sensor was attached to

the tooth to be hand-scaled to measure the hand-scaling force on the tooth.

e Two models have created the model of contact between the hand-scaler
blade and the tooth and the exemplary motion model. The measurements
obtained from the IMU and force sensor were used, considering the training
phase for the first time. The model to identify the contact between the
hand-scaler blade and the teeth was created based on the characteristics
of an individual, as there was an established behavior for novices. For the
exemplary motion, a motion model developed by a dental hygienist was

considered for beginners.

e The results of the training experiment confirmed that the exemplary motion
model can be effective in education. The model can verify whether the
motion is exemplary. The participants were divided into two groups: one

with advices and one without advices they were asked to practice hand
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scaling repeatedly. The comparison of the two groups indicated that the
hand-scaling motion of the group with advice was maintained or improved.
In addition, to confirm the effectiveness of the model, a comparison was
made with the judgments of the dental hygienists. The model was able to

make decisions with a high degree of accuracy.

e The main contributions of this study were to create a model that considers
differences of the training phase and the actual creation of such a model.
The models can be used in two stages: one is to practice approaching the
exemplary motion, and the other is to learn the appropriate motion based

on the characteristics of an individual.

The contribution of the modeling of hand-scaling motions considering the train-
ing phase was achieved. The modeling of instrumental manipulation in dentistry
and its potential application to evaluation and training can be expanded to other
dental education domains. My recommendation would be to construct a stan-
dardized educational system based on the modeling of dental care motions. This
system will enable the efficient training of dental health care professionals and

contribute to the availability of excellent dental health care professionals.

5.3. Future work

A limitation of this study is that the participants in the experiment performed
hand scaling at a specific site of a specific tooth. Therefore, the potential of
this method for identifying the state of contact between the tip and tooth for a
different part is unknown. To improve the generalizability of the results of this
study, future studies should aim to verify whether this approach can be used
with different teeth, parts, and hand scalers. In addition, non-verbal instructions
made by teachers are required to be analyzed, and feedback methods need to be
considered. Feedback based on visual information and haptic technology is highly
effective for learning motion.

In this study, a measurement system and two models were proposed. The
models can be used as easy-to-use self-learning simulators. However, the proposed

model does not enable the comprehensive judgment of a wide range of technical
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points of hand scaling. Future studies should further model motions according

to technical points, e.g., hand-scaling force, which helps in dirt removal.

5.4. Outlook

This study will help enhance technical education in dentistry. The following
problems arise in conventional technical education that relies on the skills of
teachers: Technical instruction includes characteristics that teachers themselves
are unaware of. The content of instruction changes as the teacher changes. When
teaching technology becomes difficult to verbalize, it is not possible for students
to understand information given at a time. Modeling motion can help solve the
aforementioned problems. By generalizing the motion of multiple teachers while
creating a model, the characteristics of individual instructors can be eliminated.
In addition, the standardization of instructional content can be achieved using
the same model. For techniques that cannot be verbalized, students take time
to organize their knowledge, as nuances in the way the techniques are described
change as teachers repeatedly teach them. Therefore, using a model to determine
correctness and incorrectness and enhancing training while receiving feedback on
how to improve motion, students can proceed with training while noticing and
understanding information that they are not aware of. As the instruction of the
model is based on objective data, judgment, and feedback are uniform. Another
advantage is that the training does not confuse students whose knowledge and
skills have not matured. Technology education that uses the proposed model can
help reduce teacher dependence and burden and help efficiently teach students.
With regard to social implementation, the model can be incorporated into a
training simulator to disseminate it in educational settings. The training simula-
tor can be used by students at the same time for practical training. However, the
high cost, inability to provide one simulator per student and the large size of the
simulator hinder the widespread use of the model. The two models described in
this study can be used with an inexpensive IMU and personal computer. With
regard to the aforementioned issues, the models meet the challenges of dissemi-

nation and have the potential to enhance technical education.
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Appendix

A. The lecture material of hand scaling

The materials used in the experiment of Chapter 4 are the following.

A.1. Prior lecture material
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A.2. Handouts that can be checked during the experiment
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling
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A The lecture material of hand scaling

A.3. Advice display explanation for participants with advice
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A The lecture material of hand scaling
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