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Abstract: Measuring learning curves allows for the inspection of the rate of learning and competency
threshold for each individual, training lesson, or training method. In this work, we investigated learn-
ing curves in acupuncture needle manipulation training with continuous performance measurement
using a vision-based needle training system. We tracked the needle insertion depth of 10 students
to investigate their learning curves. The results show that the group-level learning curve was fitted
with the Thurstone curve, indicating that students were able to improve their needle insertion skills
after repeated practice. Additionally, the analysis of individual learning curves revealed valuable
insights into the learning experiences of each participant, highlighting the importance of considering
individual differences in learning styles and abilities when designing training programs.

Keywords: acupuncture; technology-enhanced learning; computer vision; needling training; learning
curve

1. Introduction and Background

Acupuncture involves the insertion of one or more needles into specific locations on
the surface of the human body [1,2]. Once regarded as a cultural curiosity, acupuncture
has gained increasing worldwide attention in recent decades, both in terms of practice and
research [3–5]. Many randomized clinical trials (RCTs) have been conducted to evaluate
the efficacy of acupuncture, with a primary emphasis on pain management [4,6]. Other
areas of investigation include arthritis, cancer, pregnancy and labor, mood disorders,
stroke, nausea, sleep, and paralysis [4]. In addition to exploring the therapeutic effects
of acupuncture, researchers have also studied the characteristics of acupuncture needle
manipulation. This technique involves precise and sophisticated hand movements during
the insertion of needles into the patient’s skin [7]. Investigating this area is crucial since
improper needle manipulation can lead to pain and the bending or breaking of needles [8].
These complications can negatively impact the effectiveness of acupuncture and potentially
result in a high rate of patients refusing acupuncture due to the associated discomfort [9].
Therefore, it is essential to study this area to ensure that acupuncture practitioners are
properly trained in needle manipulation techniques to minimize the risk of pain and
discomfort for their patients.

Proficiency in needle manipulation is crucial for novice acupuncturists, who must
undergo extensive training to master essential needle insertion parameters such as insertion
length, angle, speed, twisting, and rotating with minimal errors [10–13]. To ensure safety
during the early stages of practice, novice acupuncturists perform acupuncture on phantom
models made from materials such as silicone, gel, animal skin, apples, or cucumbers,
which simulate human skin [11]. Traditionally, acupuncture educators manually measure
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these parameters using rulers. Recently, various sensing technologies have been applied
to track the needle during insertion and automatically measure needle manipulation
parameters [11,14,15]. These technologies can assist in comprehending each individual’s
unique learning curve, which depicts how their performance in needle manipulation
evolves over time.

Learning curves in health profession education are characterized by a slow start at
the beginning, followed by acceleration as trainers become more familiar with the skill,
and then a gradual slowing down after reaching the inflection point [16]. This pattern,
known as the classic Thurstone curve, is depicted in Figure 1 [16,17]. In reality, the learning
curve can be more complex and vary greatly among individuals and can be influenced
by various factors such as the difficulty of the task, engagement level, prior knowledge
and experience, motivation, and learning style. Some individuals learn a skill quickly at
the start but then struggle to improve beyond a certain point, while others may learn at a
slower rate initially but continue to make steady progress over time. This variation in the
learning curve is reflected on the shape of the curve, the position of the inflection point,
and the level of competency achieved. Studying learning curves can provide valuable
insights for the development of effective training programs and strategies, as well as the
personalization of learning experiences.
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Figure 1. Generic learning curve in health profession education. The curve shape, the positions of the
inflection point, and the performance levels vary among measured performances and individuals.

A detailed assessment of learning curves requires continuous performance tracking.
In this context, sensing technologies are more practical for continuous needle tracking
than traditional manual measurements, which rely on rulers in acupuncture training. The
most widely used and portable needle tracking device is the Acusensor, which attaches
force and motion sensors to the needle [7,12,18,19]. Motion tracking using advanced cam-
eras and spherical markers attached to the needle or fingers can improve measurement
accuracy [8,20–23]. Another highly accurate but expensive sensing approach is using ul-
trasound images for needle motion tracking [24–27]. However, attaching sensors to the
needle may negatively affect the naturalness of needle manipulation. A more natural needle-
tracking approach is computer vision, in which regular cameras track the needling pro-
cess [15]. This approach improves the naturalness of needle manipulation with acceptable
accuracy for specific acupuncture training lessons. Furthermore, it can result in portable
and affordable needle-tracking systems that are suitable for large-scale deployment.

Most studies related to performance tracking in acupuncture needle manipulation
have been conducted with few measurements [7,12,15,19]. The number of measurements
varies from a few to around 20. Therefore, there is a need to investigate learning curves in
acupuncture education using continuous performance tracking. This approach is benefi-
cial for inspecting the rate of learning and the competency threshold for each individual,
training lesson, or training method. In this work, we investigated the learning curves of
novice acupuncturists during needle manipulation training by using a portable vision-
based needle tracking system that was deployed in a regular acupuncture training program.
The selected lesson was controlling the depth of the acupuncture needle insertion. We
assessed the learning curves of the group as a whole and individual students to inves-
tigate learning patterns. We also interviewed students to obtain more insight into their
learning experiences.
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The paper is organized as follows. In Section 2, we present the technical system used
to track the learning progress. Then, in Section 3, we describe the method used in this
study, including the acupuncture training lesson, the participants, and how their progress
was measured. The results of our study are presented in Section 4. Finally, we provide the
discussion and conclusion in Sections 5 and 6, respectively.

2. The Vision-Based Needle Tracking System

The needle tracking system in this work is based on computer vision with OpenCV [28].
From the prototype described in [15], we developed a portable system that can be more
easily deployed in acupuncture training classes. The software was improved with a graphi-
cal user interface (GUI) allowing educators/experimenters to log the needle manipulation
performance of novice acupuncturists.

2.1. Hardware

The hardware of the needle tracking system includes an artificial skin-like pad attached
to an aluminum frame where novice acupuncturists practice needle insertion; see Figure 2.
A camera is used to capture the needle insertion process. For ease of detecting the needle,
the needle handle is painted blue and green. A dark background is placed behind the
artificial skin-like pad and a white LED light is placed between the camera and the pad
to increase the contrast. Images captured by the camera are processed by a Raspberry-
Pi-4-embedded computer running Ubuntu 20.4. A computer screen is connected to the
Raspberry Pi 4 via a Micro HDMI cable to display the needle manipulation performance
on the GUI. The Raspberry Pi 4 and the computer screen can be replaced by a laptop. The
specifications of the hardware components are listed in Table 1.

Phantom model

insertion
direction

angle

depth

Artificial skin-like pad

BA

Needle

Dark background

Camera

LED

RasPi

Speed
Depth
Angle

Figure 2. The vision-based needle tracking system. (A) The hardware setup. (B) Acupuncture needle
manipulation parameters. In this work, we focused on the insertion depth.

Table 1. Hardware specifications.

Components Model/Manufacturer Description

Artificial skin-like pad Henan Green Medical Tech Silicon-based

Needle Suzhou Tianxie Acupuncture Filiform, 50 mm length, handle
φ1 mm, body φ0.3 mm

Camera TD-WC3200 1920 × 1080

Computer Raspberry Pi 4 Ubuntu 20.4, OpenCV

Dark background Chochen 3 mm thickness

Light Xiaomi 1.2 W

2.2. Software

The needle is detected using the threshold method to convert RGB to HSV. The
needle handle is detected and visualized by a red bounding rectangle; see Figure 3A.
The estimation of the width, height, minimum angle of rotation, and center point of the
bounding rectangle is executed by Open CV functions [28]. These values of the start frame
and the end frame of the insertion action are used to calculate the insertion length and
angle; see Figure 3B,C. The insertion depth is the total travel distance of the needle minus
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the initial space between the needle and the skin surface before insertion. If the needle
touches the skin surface before insertion, the initial distance is 0, and the needle insertion
depth is equivalent to the needle travel distance. These parameters can be displayed on the
GUI and logged by educators/experimenters to track the performance over time.

B Start frame

length

A

Artificial skin-like pad

initial space

(xs,ys)
Frame C End frame

length

initial space

distance angle

(xs,ys)

(xe,ye)

distance depth

Figure 3. Calculation of the needle manipulation parameters with a focus on insertion depth based
on the bounding rectangle position during the insertion process. (A) The needle is detected. (B) Start
frame before insertion. (C) End frame after insertion.

3. Method
3.1. Acupuncture Training Lesson

As a use case, we selected the lesson on controlling the depth of acupuncture needle
insertion, which is one of the essential training lessons in a regular acupuncture training
program at Can Tho University of Medicine and Pharmacy (CTUMP); see Figure 4. In
this training, the students are required to perform needle insertion at a specific depth and
angle between 80 and 90 degrees (ideally 90 degrees). The expected insertion depth error
(competency threshold) was set at 0.2 cm by the educators. This training is crucial because
the safe needle depth for each acupuncture point is different. Using a safe needle depth
and having knowledge of the anatomical location of acupoints can ensure safe needling
without puncturing internal organs, blood vessels, and nerves [29,30]. Additionally, the
extent of pain relief that can be achieved may vary depending on the insertion depth in
different parts of the body [31].

BA Start Intermediate

EndIntermediate

Figure 4. The training of controlling the depth of acupuncture needle insertion. (A) A student
performs needle insertion using the system. The graphical user interface displays needle manipulation
parameters. Picture used with participant permission. (B) Four video frames demonstrate the needle
insertion captured by the camera.

3.2. Participants

We recruited 10 novice acupuncture students (6 females and 4 males) with a mean age
of 20.9 years (SD = 1.29), ranging in age from 19 to 22, from CTUMP. These participants had
no prior experience with acupuncture. During the training, they underwent needle insertion
practice for 200 trials, with the insertion depth randomly selected between 0.2 cm and
2.4 cm. This range was chosen because a depth of 0.1 cm may be too shallow to penetrate
the skin surface, and a depth of 2.5 cm represents the maximum possible travel distance
of the needle used in this training. This randomization ensured that the participants were
exposed to a range of challenging situations, which facilitated effective skill development.
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The system developed in Section 2 was employed to track the needle insertion depth of all
the students during the 100 min training session, enabling us to investigate the learning
curves. Short rest periods of 3–5 min were scheduled after every 10 min of continuous
practice to reduce the risk of fatigue and ensure the well-being of the participants. After the
training session, we conducted interviews with the students to gain a deeper understanding
of their learning experiences.

Informed consent was obtained from all participants prior to their inclusion in the
study. A silicon-based artificial skin-like pad was used and no human patients were
involved. The study was recognized by the Faculty of Traditional Medicine and conducted
in accordance with the ethical guidelines provided by CTUMP. We pre-registered the study
before data collection on OSF (https://osf.io/ws937, accessed on 8 June 2023).

3.3. Measurement

The performance of each trial was measured by calculating the insertion depth error
between the actual needle insertion depth and the required insertion depth, which was
randomly generated. A lower insertion depth error value indicates a more accurate and
precise needle insertion.

3.4. Data Analysis

The collected data were stored in an Excel format and analyzed using Python using
scipy, pingouin, and scikit-misc libraries.

Firstly, in the statistical analysis, we investigated the improvement by comparing the
performance at the beginning and end of the training. The performance at the beginning
and end of the training was calculated as the mean values of the first and last 15% of
the trials, which is equivalent to 30 trials. Normality and homogeneity were checked by
Shapiro–Wilk and Bartlett tests to determine the statistical tests. The significance level was
set at 0.05.

Secondly, in the visual analysis, we plotted the data at a fine granularity to investigate
the learning curves at both the group and individual levels. To smooth the learning curves,
we implemented the LOESS method (locally estimated scatterplot smoothing) through
the scikit-misc library. After that, we categorized the learning patterns based on the
consensus of the authors and the educators.

4. Results
4.1. Statistical Analysis

We investigated whether there was a significant difference in learning performance
between the first 30 trials and the last 30 trials of a learning task using Wilcoxon signed-rank
tests. The results, as presented in Table 2, indicate a significant improvement in learning
performance over time for the entire group. This was demonstrated by a significant
reduction in error scores before (Mdn = 0.25, M= 0.26, SD = 0.07) and after (Mdn = 0.16,
M = 0.15, SD = 0.04); W = 10.50, p < 0.001, cles = 0.91.

All participants reached or approached the competency level of 0.2 cm. However,
a closer analysis of the data revealed that the improvement was not consistent across
all participants. While some participants showed a significant improvement in learning
performance over time (e.g., P2, P3, P4, P5, P9, and P10), others did not (e.g., P1, P6, P7,
and P8). This suggests that different students have different learning patterns that can be
further analyzed by examining the visual analysis of the learning curves.

https://osf.io/ws937
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Table 2. Median, mean, and standard deviation of insertion depth error at the beginning and the
end of the training. The data demonstrated improvement at the group level and in six out of ten
individuals, suggesting that students may have different learning patterns.

Data
First 30 Trials Last 30 Trials

W p CL Effect Size
Mdn M SD Mdn M SD

Group 0.25 0.26 0.07 0.16 0.15 0.04 10.50 *** 0.91
P1 0.20 0.25 0.21 0.20 0.18 0.13 158.50 n.s 0.60
P2 0.30 0.34 0.25 0.20 0.22 0.18 104.00 * 0.65
P3 0.20 0.28 0.20 0.10 0.15 0.13 114.00 * 0.70
P4 0.35 0.39 0.29 0.20 0.22 0.18 75.50 ** 0.67
P5 0.20 0.25 0.23 0.10 0.16 0.15 93.50 * 0.67
P6 0.10 0.19 0.24 0.10 0.10 0.11 99.00 n.s 0.59
P7 0.10 0.16 0.15 0.10 0.11 0.10 101.00 n.s 0.58
P8 0.10 0.16 0.15 0.20 0.17 0.11 185.00 n.s 0.46
P9 0.10 0.21 0.20 0.10 0.08 0.08 67.00 ** 0.72
P10 0.20 0.32 0.31 0.10 0.16 0.17 114.00 * 0.65

Note. * p < 0.05, ** p < 0.01, *** p < 0.001, n.s. not significant.

4.2. Visual Analysis
4.2.1. Group-Level Learning Curve with All Individuals

When we used the Thurstone learning curve as a reference to the group-level learn-
ing curve in our study, we observed a similar pattern with the first learning part of the
model; see Figure 5A. The curve was not stable at the beginning, indicating that partici-
pants initially struggled with the task. However, the curve started to stabilize at around
90–100 trials and the accuracy began to increase steadily, indicating that they were learning
and improving their performance.

Around 150 trials, the group-level learning curve reached the competency level of
0.2 cm, which is the threshold for accurate performance in this task. This suggests that
most participants had reached a level of proficiency that allowed them to perform the task
accurately. However, it is important to note that the maximal performance of the group
was not reached. This means that some participants may not have reached their personal
maximum performance, indicating that there is still room for improvement.
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Figure 5. Cont.
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Figure 5. Learning curves of insertion depth error for the group and individual participants using
the LOESS smoothing method, with 95% confidence intervals. (A) Group-level learning curve. (B–K)
Individual learning curves with different learning patterns. The learning curves of P2, P7, and P8 are
atypical. (L) Group-level learning curve for individuals with typical learning curves. The dashed
blue line indicates the competency level at 0.2 cm.

4.2.2. Individual-Level Learning Curves

As can be seen Figure 5B–K, seven out of ten individual learning curves (i.e., P1, P3,
P4, P5, P6, P9, and P10) were fitted with the Thurstone learning curve, showing a similar
pattern of a low start, rapid improvement, and eventual leveling off as the participants
approached their maximum performance. They all reached the competency level within
the study’s timeframe. We refer to these as typical learning curves. However, the rates
of learning, inflection points, and the time taken to reach the competency levels varied
between individuals.

Regarding the rates of learning and the time taken to reach the competency level, P3,
P6, P9, and P10 showed a faster rate of improvement compared to P1 and P4. They reached
the competency level in fewer trials (less than 50) and demonstrated a more rapid decrease
in insertion depth error.

However, regarding reaching their maximum performance, P4, P6, and P9 still had
room for improvement, as their learning curves did not plateau by the end of the study. In
contrast, P1, P3, P5, P7, and P10 had already reached their maximum levels of accuracy at
around 100 trials and did not show significant improvement by the end of the study.

The learning curves of P2, P7, and P8 significantly deviated from the Thurstone model,
exhibiting different patterns of learning. As a result, we classified their learning curves
as atypical . Interestingly, all three participants began the task at or above the competency
level. P2 and P7 exhibited similar learning patterns, starting with a good performance and
then experiencing a drop in performance in the middle of the task before recovering at the
end. In contrast, P8 showed a consistent performance throughout the training period but
did not demonstrate any clear improvement.

Interview data revealed that P2 often experienced physical fatigue and a lack of
engagement during the training sessions. These factors may have contributed to the
atypical learning curve observed for this participant, with a drop in performance in the
middle of the task. P7 reported being highly engaged during the training lesson. A sudden
drop in performance for a short period of time was due to a pause during data collection
to maintain the measurement system, and it took some time for P7 to regain the proper
feeling, which may have contributed to the absence of a clear improvement in performance
over time. These reasons may have contributed to the absence of a clear improvement in
performance over time. No clear explanation could be drawn for the atypical learning curve
observed in P8. While this participant demonstrated a consistent performance throughout



Multimodal Technol. Interact. 2023, 7, 69 8 of 11

the training period, there was no clear improvement in performance over time. Further
research may be needed to explore the factors that may have contributed to this pattern
of performance.

4.2.3. Group-Level Learning Curve for Individuals with Typical Learning Curves

When we combined the data of individuals with typical learning curves, our analysis
suggests that, on average, they reached the competency level at around 50–60 trials and
their maximal performance at around 100 trials; see Figure 5L. These numbers can be used
as a reference when designing training programs. However, toward the end of the training
period, we observed a continued increase in performance. If we track performance over
a longer period of time, it may result in a complex learning curve shape. This will be
discussed in more detail later.

5. Discussion
5.1. Vision-Based Needle Tracking

The use of a vision-based needle training system was essential in our study, as it
allowed for continuous and accurate performance tracking and was instrumental in iden-
tifying learning patterns among participants. The vision-based system used a camera to
track the needle movements during the training period, resulting in detailed and reliable
performance data. This approach provided a more natural and affordable alternative to
traditional sensing technologies, such as attaching force and motion sensors to the needle,
which can negatively impact the naturalness of needle manipulation. With the vision-based
system, we were able to effectively capture and analyze the performance data of individu-
als, revealing typical and atypical learning curves. This provided valuable insights into the
personal characteristics of each individual during learning.

5.2. Statistical vs. Visual Analysis

The study’s results, analyzed both statistically and visually, show that students were
able to improve their needle insertion skills through repeated practice. This finding is
consistent with previous research, which has demonstrated that training and practice can
lead to significant improvements in skill acquisition and performance. However, comparing
the statistical analysis using a before–after assessment approach with a visual analysis of
the learning curve through continuous performance tracking with fine granularity, the
learning curve analysis can provide more insights into individual differences in learning
progress and patterns.

5.3. Individual Differences and Personalized Training

The differences among individual learning curves suggest that various factors, such as
physical fatigue, engagement levels, prior experience, motivation, and cognitive abilities,
can affect the rate and pattern of learning. This highlights the importance of considering
individual differences in learning styles and abilities when designing training programs, as
a one-size-fits-all approach may not be effective for all learners.

To optimize training outcomes, it is crucial to take into account individual differences
in learning styles and abilities and to tailor training programs to meet individual needs.
This can be achieved through personalized training programs that account for differences
in learning pace, learning style, and cognitive abilities. Additionally, providing feedback
and support that are specific to individual learning needs can help to enhance motivation
and engagement levels, leading to more effective and efficient skill acquisition. Overall, the
findings of this study emphasize the importance of personalized training programs that
are tailored to individual needs and that take into account the complex and varied nature
of the learning process.

We propose several suggestions for tailoring the training program. Firstly, the duration
of the training lesson can be adjusted according to the learning rate and inflection point.
Secondly, feedback or notifications can be provided when an abnormal learning process
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is observed, such as a sudden drop in performance. Thirdly, to increase engagement, a
promising approach is gamification in medical education, which uses game elements to en-
hance learning outcomes and motivation [32]. Gamification benefits learners by increasing
their engagement, retention, skills, interaction, and personalization [32,33].

5.4. Beyond the Thurstone Learning Curve

When considering the data of individuals with typical learning curves, we observed a
continued increase in performance toward the end of the training period. This suggests that
the learning shape could be more complex, and further studies are needed to investigate
the longer-term effects of training and the potential for a continued improvement in
performance beyond the plateau phase. One possible model for further investigation is
the increasing–decreasing return learning curve, which extends the Thurstone learning
curve (see Figure 6) [34]. As individuals reach the plateau phase, their performance can be
further increased when the skill becomes a habit and an integral part of operations (peak
proficiency). Later, the skill becomes automatic, muscle memory, and unforgettable (over
learning). This model can serve as a potential framework for understanding the complex
shape of the learning curve and the different stages of learning, and could help to guide
the development of more effective training programs.
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Thurstone learning curve Extended learning curve
Peak Proficiency Over Learning

Figure 6. The increasing–decreasing return learning curve that goes beyond the Thurstone learning
curve. Figure adapted from [34].

5.5. Limitations

While this study provides valuable insights into the learning process and the effec-
tiveness of the training program, there are several limitations that should be noted. Firstly,
the present study only investigated the learning curve of novice medical students during
needle insertion depth skills training. Future research could investigate the learning curve
with more individual needle manipulation skills. In some learning lessons, students must
perform multiple needle manipulation skills simultaneously. Therefore, future studies
should also investigate this type of multi-skill practice. Secondly, although the study
detected several learning patterns, it had a relatively small sample size. Future studies
with larger sample sizes may be needed to confirm the results and to comprehensively
examine individual differences in learning. Furthermore, expanding the sample size would
enable researchers to investigate the learning patterns of more diverse populations, which
could provide a more complete understanding of how different factors influence skill
acquisition. Thirdly, the vision-based tracking technique based on the OpenCV method
may be impacted by potential inaccuracies caused by lighting changes or non-uniform
paint, as well as the calibration process and estimated bounding rectangle. Moreover, it
only works with specific needle insertion parameters. Other parameters such as insertion
force and twisting may require more complex sensors.
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6. Conclusions

Our work highlights the potential of vision-based tracking systems as a tool for
studying the learning process in acupuncture education, with the needle insertion depth
training lesson serving as a use case. The findings provide insights into the learning process
and emphasize the importance of personalized training programs that take into account
individual differences in learning styles and abilities. By tailoring training programs to
meet the specific needs of each learner, we can enhance motivation, engagement, and
overall training effectiveness, leading to more efficient and effective skill acquisition.

Further research is needed to explore the long-term retention of skills and the potential
for continued improvement beyond the plateau phase. Additionally, multi-skill practice
should be investigated. In addition to tracking the learning curve, factors that may influence
learning effectiveness, such as the level of engagement and physical fatigue, should also be
studied. By addressing these questions, we can continue to refine our understanding of
the learning process and develop more effective training programs that meet the needs of
individual learners.
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