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Abstract
Purpose To clarify the feature values of exercise therapy that can differentiate students and expert therapists and use this 
information as a reference for exercise therapy education.
Methods The participants were therapists with 5 or more years of clinical experience and 4th year students at occupational 
therapist training schools who had completed their clinical practices. The exercise therapy task included Samothrace (code 
name, SAMO) exercises implemented on the elbow joint based on the elbow flexion angle, angular velocity, and exercise 
interval recordings. For analyses and student/therapist comparisons, the peak flexion angle, peak velocity, and movement 
time were calculated using data on elbow angle changes acquired via SAMO. Subsequently, bootstrap data were generated 
to differentiate between the exercise therapy techniques adopted by therapists and students, and a support vector machine 
was used to generate four types of data combinations with the peak flexion angle, peak velocity, and movement time values. 
These data were used to estimate and compare the respective accuracies with the Friedman test.
Results The peak flexion angles were significantly smaller in the case of students. Furthermore, the peak velocities were 
larger, the peak flexion angles were smaller, and the movement times were shorter compared with those of therapists. The 
combination of peak velocity and peak flexion angle yielded the highest diagnostic accuracies.
Conclusion When students and therapists performed upper limb exercise therapy techniques based on the kinematics move-
ment of a robot arm, the movement speeds and joint angles differed. The combination of peak velocity and peak flexion 
angle was the most effective classifier used for the differentiation of the abilities of students and therapists. The peak velocity 
and peak flexion angle of the therapist group can be used as a reference for students when they learn upper limb therapeutic 
exercise techniques.
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1 Introduction

Students who aim to become therapists study at rehabilita-
tion training schools to acquire exercise therapy skills to 
master the relevant techniques. During their training, they 

learn manual exercise therapy theory from textbooks and 
study techniques using video materials. In addition, the stu-
dents perform exercises on movement-impaired patients to 
acquire practical training, and work together to emulate the 
execution of the techniques/exercises. However, based on 
these study methods, the exercise therapy techniques learnt 
by students have been shown to be insufficient compared 
with practicing therapists [1]. As a result, students are not 
sufficiently skilled to carry out care independently, and tech-
nical skill training is thus needed [2]. The learning process 
of therapeutic exercise techniques is classified into three 
phases: (1) cognitive, (2) associative, and (3) autonomous 
phases [3, 4]. The cognitive phase is the first step of the 
process in which students learn the types of exercises needed 
to acquire the required knowledge. At this stage, their move-
ments are not sufficiently refined during the execution of 
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the exercises, they lack accuracy, and they are slow and 
inefficient. The associative phase is the phase in which the 
student learning shifts from the concept on “what to do” 
to the concept “on how to do it,” and the execution of the 
exercises gradually becomes increasingly accurate and effi-
cient. In the autonomous phase, students are now able to 
execute exercises without focusing completely on what they 
do, and in this final phase they have eliminated unnecessary 
movements [3, 5]. In other words, in their effort to learn 
and advance their skills, the student’s capacity to master the 
therapeutic exercise technique remains at the cognitive phase 
level, and they encounter difficulties in reaching the next 
stage, that is, the associative phase. The lack of contact with 
the actual patients and their inability to practice the current 
technique-learning style on patients are some of the reasons 
for this. As a result, it is difficult for students to understand 
aspects of pathological patient movements, such as those 
associated with the stiffness of muscles and ligaments.

In addition, in recent years, medical education had been 
requested to (a) clarify the characteristics of necessary skills 
and (b) advance students education based on their individ-
ual abilities (outcome-based education) [6]. Accordingly, 
an important aspect of the evaluation of their education is 
related to whether sufficient knowledge and skills have been 
acquired pertaining to the manual execution of therapeu-
tic exercise techniques. Nevertheless, there are no means 
available for teaching staff and instructors to determine the 
levels of skills acquired by students regarding exercise ther-
apy techniques, such as the application of loads to patient 
joints and movement speed. Additionally, given that students 
rarely have the opportunity to work with real patients, the 
use of a simulated patient for objective structured clinical 
examination [7] is common. In other words, the teaching 
staff members are unable to verify whether the students have 
acquired sufficient knowledge/expertise for manually execut-
ing therapeutic exercise techniques.

Therefore, there is a need to develop new methods for 
teaching the execution of therapeutic exercise techniques and 
for determining the capacity level achieved by the student. 
Given that prior research has shown that the patient robots 
used in simulation education could be effective for train-
ing and technique evaluation [8, 9], this study developed an 
arm robot for this purpose (development code Samothrace: 
SAMO, patent no. 6307210) [1]. Given that the SAMO sys-
tem can emulate patient pathology, it enables repeated prac-
tice in conditions that are similar to those required to treat 
an actual patient. In addition, the joint movements applied 
to the robot by human users can be recorded, and this data 
can be used to determine the proficiency with which the 
exercise therapy is being executed. However, to determine 
the achieved level of proficiency, it is important to clarify 
the feature values that students should aim for when they 
execute the therapeutic exercises. If an arm robot system 

like SAMO that recreates pathological movements of stroke 
patients can be used (a) as a tool for teaching therapeutic 
exercise techniques to students and (b) to present the dif-
ferences between the techniques adopted by students and 
practicing therapists and the necessary feature values for 
treatment, this could facilitate the student’s transition to the 
associative phase and solve problems encountered in the 
learning process. We hypothesize that therapists and stu-
dents have different therapeutic exercise techniques, and the 
classifiers for distinguishing them are the range of motion, 
the velocity at which the therapeutic exercise techniques is 
performed, and the movement time. Accordingly, the goal of 
this study is clarification of the feature values to differenti-
ate between the therapeutic exercise techniques adopted by 
students and therapists so they can be used as a reference for 
therapeutic exercise education.

2  Subjects and Methods

2.1  Subjects

The subjects were therapists with 5 or more years of clinical 
experience and 4th year students at occupational therapist 
training schools who had completed their clinical practices. 
The effect size of this study was estimated using the sta-
tistical software G* Power (a tool for computing statisti-
cal power analyses) based on available data, subject to the 
set levels of α = 0.05 and 1-β = 0.80 [10]. The minimum 
required number of participants was eight.

This study was approved by the Saitama Prefectural Uni-
versity Ethics Committee (approval no. 27112) and con-
ducted in accordance with the Declaration of Helsinki. All 
participants received a thorough explanation of the experi-
mental content in advance and gave their written consent for 
participation in the study.

2.2  Therapeutic Exercise Results and Measurement 
Methods

Students and therapists were asked to perform exercise ther-
apies suited to the pathology settings of the SAMO system. 
Both groups were allowed to freely choose their postures, 
grip positions, and exercise therapy speeds (Fig. 1). With 
the SAMO elbow joint set to the stiffness mode, the subjects 
were asked to move the joint from maximum extension to 
maximum flexion, and then return it to maximum extension 
for two full cycles performed for four repetitions. The peak 
flexion angle, peak velocity, and movement time were cal-
culated from the elbow angle changes recorded by SAMO. 
Data were recorded chronologically with a sampling rate 
of 100 Hz. The elbow joint angle was calculated based on 
the length of wire wound by the actuator. The peak flexion 
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angle was calculated as the maximum value in the thera-
peutic exercise technique, and the full extension angle was 
calculated as the minimum value in the latter half of the 
therapeutic exercise technique. At the start of the movement 
time, the value detected exceeded the elbow’s full exten-
sion angle on five consecutive time points. At the end of 
movement time, the value was defined at the point at which 
the elbow joint angle decreased to the full extension angle 
on five consecutive time points. The movement time was 
defined as the interval from the onset of the exercise to the 
end of the exercise. The angular velocity of the joint was 
obtained by dividing the angle by the time interval. There 
are four sets of exercises during an elbow flexion–extension 
exercise. Sets 1 to 3 were treated as practice runs, and only 
the data obtained at the 4th set of the exercise were used for 
analyses.

2.3  Analyses

The data from one full cycle of elbow exercise from maxi-
mum flexion to maximum extension and back to maximum 
flexion were used for analysis. The analysis items included 
the peak flexion angle, peak velocity, and movement 
time. These were estimated from the elbow angle changes 
recorded by SAMO during the exercises.

First, we compared the basic information of the subjects 
in this study, such as age, sex, and years after being reg-
istered. Second, to confirm that the 4th training data was 
stable, we compared the fluctuations of the 1st to 3rd train-
ing data obtained from the therapists and students. Third, to 
compare the differences between the therapists and students 
during the therapeutic exercise technique on a robot, we 
compared the 4th kinematics data from the therapists and 
students. To perform machine learning, we generated 2000 

bootstrap data values (students = 1000 and therapists = 1000) 
by randomly drawing a series of sample data from the actual 
kinematics-related data of the 4th. It has been reported that 
bootstrap data is stable at 1000 or more data items in the 
machine learning method based on the bootstrap method 
[11]; in this study, it was amplified to more than 2000 data 
items. The bootstrap resampling method has been exten-
sively used in demographic studies [12–14]. Fourth, to con-
firm that the characteristics of the kinematics data are the 
same, we compared the bootstrap data from therapists and 
students.

The bootstrap kinematics-related data were then input 
into a nonlinear support vector machine (SVM) [15]. This 
powerful classification method can discriminate nonlin-
early separable data using kernel functions to map the data 
to a higher dimensional space wherein the data become 
more separable [15, 16]. In this study, the SVM focused 
on the peak flexion angle, peak velocity, and movement 
time patterns, and found the hypersurface that maximized 
the margin between the therapist and student’s distribu-
tions to classify the data into the two groups. The bootstrap 
kinematics-related data were then randomly classified into 
1500 training data values and 500 testing data values. An 
SVM algorithm was then formulated based on the training 
dataset to establish the classification model. Fifth, to verify 
the combinations of kinematics-related data used for the 
SVM classifier that can be discriminated most correctly, we 
determined the combinations of four kinematics-related data 
as (1) the peak velocity, peak flexion angle, and movement 
time, (2) the peak velocity and peak flexion angle, (3) the 
peak velocity and movement time, and (4) the peak flexion 
angle and movement time. After training, the SVM classifi-
cation model was applied to the training dataset to assign the 
testing dataset to the appropriate therapists. This validation 

Task

Rest

Start Finish

Flexion Extension Flexion Extension

1st 2nd 3rd 4th 

Fig. 1  Manual exercise therapy protocol. Gray and white boxes indi-
cate the task and rest. The task involved the flexing of the elbow joint 
from the maximum extension position to the maximum flexion posi-
tion, followed by its extension to the maximum extension position. 

This was performed twice in a consecutive manner. The task was 
performed four times. The posture, gripping position, holding style, 
and task execution speed were unspecified, and the subjects were 
instructed to perform exercise therapy suited to the SAMO conditions
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procedure was repeated 10 times, and the accuracy rate was 
calculated as AR = (TP + TN)/N, where AR is the accuracy 
rate, TP is the true positive, TN is the true negative, and N 
is the sum of true positive, true negative, false positive, and 
false negative. This ensured that the trained SVM can gen-
eralize the data such that they could be applied to the peak 
flexion angle, peak velocity, and movement time patterns 
when they are presented to the SVM algorithm [17].

In the statistical analysis, first, we tested the normal-
ity of the kinematics data before amplification using the 
bootstrap method. No normality was found; therefore, 
the Mann–Whitney U test was performed to compare the 
therapists and students’ therapeutic exercise technique. The 
Mann–Whitney U test was also used to compare the boot-
strap data obtained from therapists and students. Friedman 
tests were performed to compare the 1st to 3rd data within 
each group and the accuracy rates. If a significant difference 
is found, the Steel–Dwass test was performed as a post-hoc 
test. The analyses were performed using with the R 3.4.0 
software (R Foundation for Statistical Computing, Vienna, 
Austria).

3  Results

The participants of this study were 11 therapists with 5 or 
more years of clinical experience (1 female, 10 male) and 11 
4th year students at occupational therapist training schools 

who had completed their clinical practices (nine females, 
two males) (Table 1). The median clinical experiences of 
the therapists after they had acquired their licenses were 
12.0 years.

3.1  Comparison of the Exercise Therapy Technique 
of Therapists and Students

The kinematics-related data for the SAMO exercise thera-
pies performed by the therapists and students (elbow joint 
angle, angular velocity, and movement time) were compared, 
and variations in the data from practice runs 1–3 for the 
therapist and student groups are presented in Table 2. There 
were no significant differences within the practice run data 
for either group. A scatter plot of the kinematics-related data 
for the 4th repetition of the exercise therapy task (therapist 
and student groups) is shown in Fig. 2. When the data for 
the therapists and students were compared, there were no 
significant differences in the peak velocity and movement 
time between the groups. There was a small but significant 
difference in the peak flexion angle data (p = 0.002, r = 0.67) 
(Table 3).

3.2  Therapist and Student Exercise Therapy 
Technique Classifiers

To differentiate between the kinematics-related data for 
the therapists and students using SVM, the actual data for 
the peak velocity, peak flexion angle, and movement time 
were amplified using the bootstrap method (generated data) 
(Fig. 3). When these generated data were used to compare 
the exercise therapy technique of therapists and students, 
we found that the students’ peak velocity was significantly 
greater (p < 0.001, r = 1.26), the peak flexion angle was 
smaller (p < 0.001, r = 8.23), and the movement time was 
shorter (p < 0.001, r = 4.15) compared with those of the 
therapists (Table 4).

Table 1  Participant characteristics

Numbers are means (25–75%)

Therapists
(n = 11)

Students
(n = 11)

Age (years) 35.0 (32.0–37.0) 22.0 (22.0–22.0)
Sex (male/female) 10/1 2/9
Years after registered 12.0 (9.0–15.0) 0

Table 2  Differences in kinematics-related data within group (therapists and students) according to manual therapy trials

Numbers are means (25–75%)
Friedman test for therapists (n = 11) and students (n = 11)

1st trial 2nd trial 3rd trial χ2 df p value

Therapist
 Peak velocity (°/s) 108.2 (79.5–144.1) 137.3 (93.2–161.4) 135.5 (108.2–161.4) 2.930 2 0.231
 Peak flexion angle (°) 119.5 (116.9–125.5) 120.4 (116.4–125.0) 119.7 (117.4–122.4) .727 2 0.695
 Movement time (s) 10.8 (7.3–14.4) 9.2 (7.3–12.6) 8.3 (7.6–11.9) 1.273 2 0.529

Students
 Peak velocity (°/s) 110.0 (98.6–169.6) 124.6 (76.8–143.6) 141.8 (100.5–154.1) 3.395 2 0.183
 Peak flexion angle (°) 111.5 (98.0–112.0) 110.9 (100.0–114.2) 112.5 (98.0–115.4) 5.091 2 0.078
 Movement time (s) 7.9 (5.5–13.5) 8.5 (7.0–13.4) 9.1 (6.4–12.4) 2.909 2 0.234
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Fig. 2  Scatter plot of actual kinematics data during manually exe-
cuted exercise therapy. a Peak angle and peak velocity, b movement 
time and peak velocity, c movement time and peak angle during 

manually executed therapy on a robot arm. White circle: therapists 
(n = 11), black circle: students (n = 11)

Table 3  Comparisons of 
actual kinematics data between 
therapists and students

Numbers are means (25–75%)
*p < 0.01

Therapists (n = 11) Students (n = 11) Z value p value r

Peak velocity (°/s) 108.2 (105.0–146.8) 130.9 (101.8–161.4) 0.66 0.948 0.14
Peak flexion angle (°) 120.4 (116.7–124.0) 113.2 (97.5–115.8) 3.119 0.002* 0.67
Movement time (s) 8.2 (7.7–12.2) 7.3 (5.2–12.0) 1.018 0.309 0.22
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Fig. 3  Scatter plot of bootstrap kinematics data during manually 
executed exercise therapy. a Peak angle and peak velocity. b Move-
ment time and peak velocity. c Movement time and peak angle during 

manually executed therapy on a robot arm. White circle: therapists 
(n = 1000), transparent gray circle: students (n = 1000)

Table 4  Comparisons of 
generated kinematics data 
between therapists and students

Numbers are means (25–75%)
*p < 0.01

Therapists (n = 11) Students (n = 11) Z value p value r

Peak velocity (°/s) 123.6 (110.9–136.7) 130.0 (116.9–142.2) 5.889  < 0.001* 1.26
Peak flexion angle (°) 122.0 (120.0–125.0) 108.6(105.5–112.1) 38.617  < 0.001* 8.23
Movement time (s) 10.4 (8.7–12.3) 8.3(7.3–9.6) 19.473  < 0.001* 4.15
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3.3  Use of Combinations of Exercise Variables 
to Differentiate the Exercise Therapy Technique 
of Therapists and Students

The bootstrap data (amplified to 1000 times) was used to 
create four different combinations of kinematics-related 
data of students and therapists. In total, 1500 samples 
were defined as training data for SVM learning, and the 
classifiers were established. The remaining 500 samples 
were used with these classifiers to automatically differ-
entiate the therapists and students’ techniques. The best 
combination of characteristics was determined (Fig. 4). 
The success rates for the four combinations were as fol-
lows: peak velocity and peak flexion angle: 96.4 ± 0.0%, 
peak flexion angle and movement time: 86.1 ± 0.0%, 
peak velocity, peak flexion angle, and movement time: 
61.5 ± 0.0%, and peak velocity and movement time: 
56.4 ± 0.0%. There were significant differences in the 
accuracy of the four kinematics-related data combinations 
(chi-squared = 29.3, degrees of freedom = 9, p = 0.001, 

η2 = 0.98). The results of a post-hoc test showed that 
the combination of peak velocity and peak f lexion 
angle yielded the highest accuracy (t = 3.8, p = 0.001, 
d = 6.33–25.30).

4  Discussion

This study used SVM to generate bootstrap kinematics-
related data, determine the characteristics of the actual 
kinematics data, and verify the capacity to distinguish the 
therapeutic exercise techniques adopted by students and 
therapists. The results showed that the combination of peak 
velocity and peak flexion angle was the most accurate feature 
value classifier. In addition, there were kinematics differ-
ences in the peak velocity, peak flexion angle, and movement 
time between the two groups. In this study, the therapeutic 
exercise technique of students was different from that of 
therapists. Our results also support the hypothesis that the 
therapeutic exercise technique of students and therapists can 
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Fig. 4  Comparison of accuracy rate by support vector machine 
(SVM) trained kinematics data during manually executed exercise 
therapy. Significant differences were found by the Friedman rank sum 
test (chi-squared = 29.3, degrees of freedom = 9, p = .001, η2 = .98). 
Significant differences were found by the post-hoc Steel–Dwass test. 
The accuracy rate of vel-ang was significantly higher than that for 
ang-movt (t = 3.8, p = .001, d = 6.33), vel-ang-movt (t = 3.8, p = .001, 
d = 15.21), and vel-movt (t = 3.8, p = .001, d = 25.30). The accuracy 

rate of ang-movt was significantly higher than vel-ang-movt (t = 3.8, 
p = .0009, d = 9.41) and vel-movt (t = 3.8, p = .001, d = 15.00). The 
accuracy rate of vel-ang-movt was higher than vel-movt (t = 3.2, 
p = .007, d = 2.35). White circles are the accuracy rates estimated 
based on 10 iterations. Bars indicate means and standard deviations 
of accuracy rate, and white circles are estimated accuracy rates for 
10 trials (vel: peak velocity, ang: peak flexion angle, movt: movement 
time). *p < .001
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be discriminated by the classifier of SVM with kinematics 
data as a feature quantity. These differences indicate that 
the students moved the patient arm faster, did not achieve 
the maximum possible angle of movement, and spent less 
time on the exercise therapies. The therapists were able to 
bend slowly up to a maximum angle. It is considered that 
therapists were careful in their movements because they have 
clinically treated patients. In other words, when carrying 
out the therapeutic exercise technique, the muscle tone is 
speed-dependent [18], and the knowledge that a fast move-
ment causes stretch reflex to occur and that exercise is per-
formed to the maximum angle is not limited to therapists. 
However, the students lacked specific knowledge such as 
how fast they actually move to cause stretch reflexes and 
increase muscle tone, and resistance in the final region to 
judge the maximum angle. On the other hand, it is consid-
ered that therapists who carry out the therapeutic exercise 
technique every day have knowledge about the exercise and 
can practice. Students learned these therapeutic exercise 
techniques from textbooks, video learning materials, emu-
lation practices with other students, and short-term clinical 
practice. In exercise therapy, the optimal movement speed 
and range for the patients’ upper limbs were determined 
by their pathologies. Students had trouble recognizing the 
motor components of the therapeutic exercise technique and 
learning them proved difficult. The results of this study sug-
gests that the movement speed and angle of the patient’s arm 
are motion components that can be learned by students based 
on reference data from therapists.

Machine learning research studies have reported that the 
potential of the active lower limb muscles during walking 
can be classified as motion indicators using SVM [19]. In 
addition, a machine learning differentiation method has been 
proposed using vector quantization (VQ) [20]. The differen-
tiation of the exercise therapy techniques adopted by thera-
pists and students performed in this study could also employ 
VQ. However, the feature values of kinematics-related data 
are unknown in VQ. For this reason, even if the distinction 
of the therapeutic exercise technique adopted by therapists 
and students is possible, this does not constitute a conclusive 
comparison of the two groups and does not clarify the goal 
values. The limitation of this method is that identifying the 
motion components that are problematic for student learning 
is difficult. Accordingly, SVM is advantageous because it 
can clarify the factor values, such as the kinematics angles 
and speed, that differ between the two groups.

In this study, SVM was used to distinguish the therapeu-
tic exercise techniques adopted by students and therapists. 
To increase the accuracy of SVM classifiers, a large vol-
ume of training data is required. The investigation environ-
ment consisted of one SAMO unit, the number of student 
and therapist subjects was small, and the accumulation of 
sufficient, actual data for use as training data was difficult. 

For these reasons, the study used the bootstrap method to 
amplify the actual data and generate training data. The 
data values generated using the bootstrap method was 
within the measurement error range, and had a smaller 
standard error than the actual data. Accordingly, the risk 
rates were smaller, the differentiation boundaries were nar-
rower, and differentiation failure could occur more eas-
ily. Compared with generated data, the standard error of 
large volumes of actual data is larger. This increases the 
SVM classifier accuracy. Thus, future studies should either 
increase the volume of actual data or widen the error range 
for the amplified data of the bootstrap method to create 
new classifiers.

Since the effect of stretch reflex on spasticity is speed-
dependent [18], the patient’s muscle resistance increases 
when trying to move fast. Furthermore, the stronger the 
muscle tone, the greater the force required to administer 
therapeutic exercise technique [21]. Therefore, the veloc-
ity and angle elements as well as the force element are 
important for the therapeutic exercise technique. In other 
words, when teaching the therapeutic exercise technique to 
students, it is necessary to teach from the above viewpoint; 
however, this study could not evaluate the force. There-
fore, SAMO should be updated so that the force applied 
to the arm can be analyzed.

5  Conclusion

The results of this study showed that the movement speed 
and angle of a kinematics robot arm differed when students 
and therapists performed therapeutic exercise techniques. 
In addition, the combination of the peak velocity and peak 
flexion angle was the most accurate classifier for the dif-
ferentiation of the proficiencies of students and therapists. 
Based on these findings, the peak velocity and peak flexion 
angle achieved by therapists could be used as a reference 
by students in their efforts to learn the therapeutic exercise 
techniques of the arms.
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