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Abstract

Background: Point-of-care ultrasound training is being increasingly integrated into undergraduate medical education, leading
to a substantial demand for trained faculty to provide instruction and feedback.

Objective: This study aimed to develop an adjunct tool, a deep learning—based feedback model, to facilitate student learning.

Methods: Renal ultrasound images (N=2807) were used to train a cascaded deep learning—based feedback model that
classified images into three categories: optimal, suboptimal, and incorrect. Suboptimal images were further subcategorized as
images with artifact, incorrect gain, and/or incorrect positioning. The model was deployed among year 5 medical students
receiving bedside ultrasound training, who were invited to upload renal ultrasound images to an online platform for automated
image quality grading and feedback. A mixed methods analysis was used to evaluate students’ learning experience. Focus
group interviews were organized to qualitatively analyze the successes and challenges of implementation. Quantitative analysis
was based on responses to a S-point Likert scale questionnaire and performance on the objective structured clinical examina-
tion (OSCE). Objective structured clinical examination scores were compared with mean OSCE scores from the 2 years
preceding implementation of the deep learning—based feedback model.

Results: Focus group interviews identified that the deep learning—based feedback model encouraged self-regulated learning
but also recognized that discordant curricular design and hardware limitations impeded its use. The 11-item online question-
naire had a response rate of 42.4% (98/231 students). Among respondents, 32% (31/98) to 48% (47/98) found the model
helpful in assisting ultrasound training (Likert score of 4-5 for items 1-3), while 49% (48/98) to 76% (74/98) were satisfied
with its usability and their interaction with the model (Likert score of 4-5 for items 4-11). The mean OSCE score was 9.73 (SD
0.76) out of 10, compared with mean scores of 9.35 (SD 1.03; P=.06) and 9.45 (SD 0.97; P=.15) out of 10 in the 2 individual
years preceding implementation of the model.

Conclusions: A cascaded deep learning—based feedback model was developed and deployed among year 5 medical students
receiving bedside ultrasound training, with positive learner responses and enhanced self-regulated learning. The innovation
was associated with increased student engagement and improved ultrasound skill acquisition among novice learners.
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Introduction

Point-of-care ultrasound (POCUS) refers to the use of
ultrasound imaging to facilitate clinical diagnosis and
management while patients are being treated. Substantial
evidence supports POCUS in aiding diagnosis and improv-
ing bedside procedures and clinical management [1-3].
To address this clinical need, the next generation of clini-
cians involved in acute care should master skills such as
image acquisition, interpretation, and clinical integration of
POCUS findings. Therefore, ultrasound training is increas-
ingly being introduced and incorporated into undergraduate
medical education (UME). In 2019, a survey conducted in the
United States reported that 72.6% of 168 accredited medical
schools included an ultrasound curriculum in their UME [4].
Cross-specialty POCUS training has been shown to augment
physical examination skills among undergraduate learners and
to lay the foundation for future postgraduate training [5,6].
However, the demand for trained faculty and tutors remains a
major barrier to implementing ultrasound curricula in UME;
63% of medical schools in the United States reported that
they did not have trained faculty for POCUS instruction [7].

Ultrasound imaging across different organs has variable
learning curves, reflecting different rates of skill acquisi-
tion. Among these, renal ultrasound has a relatively longer
learning curve [8], suggesting that it is moderately challeng-
ing to students. This underscores the need for additional
practice and faculty guidance to support skill development.
Different pedagogical approaches in renal and abdominal
ultrasound training have demonstrated comparable improve-
ments in learner proficiency [9,10]. This suggests that renal
ultrasound skill acquisition is adaptable to different pedagogi-
cal approaches to support student learning.

Feedback is important to student learning because it
facilitates self-reflection, understanding, and future improve-
ment, particularly in skill acquisition and mastery [11].
Effective feedback positions students as active learners in
the feedback process, empowering them to understand their
performance and develop evaluative judgment to improve
learning [12]. Feedback is most beneficial when immedi-
ate, external feedback on a specific task is provided [11].
Students benefit from multiple opportunities to engage with
feedback from different sources [13,14]. However, feedback
is often neither adequately provided nor delivered effectively
[15]. This challenge is exacerbated in large-scale higher
education [16,17]. A technology-enabled feedback process
may streamline practice and address challenges associated
with low instructor-to-student ratios and the inability to
provide on-demand feedback [18]. It can customize students’
learning by allowing them to determine when and where their
learning occurs and to control their pace. It may support
both blended and adaptive learning strategies and provide a
flexible learning environment not limited to workshops and
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bedside teaching sessions [19-22]. This approach may also
promote self-regulated learning [23], an important conceptual
framework in education. Self-reflection is an invaluable step
in preparing students for the next phase of the learning cycle
[24].

A deep learning model based on convolutional neu-
ral networks (CNNs) is a promising approach for image
classification [25]. A number of pretrained CNNs with
strong general performance, such as ResNet [26] and SENet
[27], have been developed. These pretrained CNNs can
be fine-tuned and trained for classification tasks involving
medical images. In this study, we hypothesized that a
deep learning—based feedback model could enhance learner
motivation and support self-regulated learning in renal
ultrasound acquisition. Accordingly, the aims of this study
were to develop a deep learning—based feedback model
and evaluate its acceptance and impact on renal ultrasound
acquisition skills.

Methods

Ethical Considerations

This study was approved by the Institutional Review Board
of the University of Hong Kong/Hospital Authority Hong
Kong West Cluster (HKU/HA HKW IRB; UW 22-797). This
study was conducted in accordance with the Declaration of
Helsinki and the International Council for Harmonisation
Good Clinical Practice guidelines. Students were invited to
complete the questionnaire voluntarily and anonymously. All
data generated and analyzed in this study were anonymized.
The requirement for informed consent was waived by the
HKU/HA HKW Institutional Review Board. No compensa-
tion was provided.

Development of a Deep Learning
Feedback Model

All renal ultrasound images (N=2807) in transverse and
longitudinal views were retrospectively retrieved from the
local radiology database, anonymized, and used to train the
algorithm. All renal ultrasound images were classified into
three main categories by a board-certified radiologist with
more than 15 years of postfellowship experience. Images
were classified as optimal when they were free of artifact
and demonstrated appropriate brightness and positioning of
the kidney (Figure 1A). Images were classified as subop-
timal when they exhibited one or more of the following
features: artifact (eg, acoustic shadowing or edge artifact) that
obscured visualization of the kidney; incorrect gain (bright-
ness), defined as improper amplification of the ultrasound
signal, resulting in either very dark or very bright pixels and
a degraded grayscale image; and/or incorrect positioning, in
which the image of the kidney was truncated or its contour
was unclear (Figure 1B). Images were classified as incorrect
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when the image showed an incorrect organ or when no kidney
was visualized (Figure 1C).

Hwang et al

Figure 1. Examples of renal ultrasound images for model training: (A) optimal, (B) suboptimal (artifact and incorrect positioning), and (C) incorrect.

In the training dataset, 562 images were classified as optimal,
1288 as suboptimal, and 957 images as incorrect. Among
the 1288 suboptimal images, 200 showed artifact alone, 256
showed incorrect gain alone, 202 showed incorrect position
alone, 248 showed artifact and incorrect gain, 106 showed
artifact and incorrect positioning, 164 showed incorrect gain
and incorrect positioning, and 112 showed all 3 subcategories.

Two-Stage Cascaded Network

All images were preprocessed with pixel resizing (224 x
224 x 1) and z score normalization before being used to
fine-tune the pretrained CNNs, with an 8:2 split between
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the training and test sets. The resulting model formed a
deep learning—based, fully automated renal ultrasound image
grading system (Figure 2). The cascaded classifier network
was composed of two stages. In the first stage, a pre-
trained CNN, EfficientNet-B3 [28], was fine-tuned on all
2807 ultrasound images for the classification task, labeled
according to the three previously defined categories. In the
second stage, images classified as suboptimal were input into
another pretrained CNN, ResNet-50 [26], to further subclas-
sify them into the following subcategories: artifact, incorrect
gain, and/or incorrect positioning.
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Figure 2. Cascaded renal ultrasound image grading system with automated grading and feedback for students (demonstration video in Multimedia

Appendix 1).
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Both EfficientNet-B3 and ResNet-50 backbones pretrained on
the ImageNet dataset [29] were used and fine-tuned on the
renal ultrasound dataset via transfer learning. Subsequently,
the trained model was hosted on a website through Microsoft
Azure, the cloud computing platform (Figure 2).

Study Cohort and Interventions

The deep learning—based feedback model was deployed to a
cohort of novice year 5 medical students receiving train-
ing in ultrasound imaging during the 2023-2024 academic
year. The students received a l-hour didactic lecture and
a 3-hour face-to-face ultrasound training session with an
experienced ultrasound instructor. Students were given access
to individual ultrasound handheld devices for practice during
a 6-week surgical rotation. Students were encouraged to
practice ultrasound scanning with their peers and to sub-
mit renal ultrasound images to the online platform during
the 6-week surgical rotation. Images captured during these
practice sessions were uploaded to the online platform, where
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and/or (2) incorrect gain, and/or

# Label

1 Artifact_Incorrect_Gain

2 Optimal

3 Incorrect

Suboptimal with (1) artifact,
Incorrect

(3) incorrect position

Comments

Comment

‘Acoustic shadowing from the ribs can be reduced by asking the patient to take a deep
breath, which lowers the diaphragm and positions the kidney away from the rib cage, or by
positioning the probe between the ribs to avoid artifact. Ring-down artifacts from bowel gas
may be partially reduced by asking the patient to fast or by gently applying pressure with
the probe to displace gas from the imaging field. Please Visit Maoodle

The image is either too bright or too dark. Please Visit Moodle or Visit Sonography123
Well done/good work for obtaining optimal image quality of the kidney.

The image acquired is not of the kidney. Please Visit Moodle

the model immediately analyzed the submitted images and
provided instant feedback and grading. For suboptimal or
incorrect images, the platform provided comments that were
cross-referenced to the current teaching material on the
e-learning platform (Figure 2). Accordingly, students were
able to assess image quality and adjust their image scanning
technique for subsequent scans. Students had free access to
the platform, with no limit on the number of times they
could access it or the number of images they could submit,
to encourage use during training.

Mixed Methods Analysis: Qualitative
Analysis

Qualitative evaluation was conducted through focus group
interviews with selected subgroups within the cohort to
gain insight into the successes and challenges of implement-
ing a deep learning-based feedback model in ultrasound
training. Two teaching associates were invited to attend the
focus group interviews and took notes. These notes were
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subsequently summarized and circulated among the instruc-
tors and teaching associates to ensure crucial points were
accurately captured. Thematic analysis was then performed to
identify and analyze the pertinent points discussed during the
focus group interviews.

Mixed Methods Analysis: Quantitative
Analysis

Students were invited to complete an 11-item questionnaire
based on a 5-point Likert scale (Multimedia Appendix 2). All
items were selected from validated instruments, including the
Objective Structured Assessment of Ultrasound Skills [30],
the System Usability Scale [31], and the Client Satisfaction
Questionnaire-8 [32]. The questionnaire aimed to evaluate
the model’s effectiveness in supporting ultrasound training
(items 1-3), its usability (items 4 and 5), and students’
experiences interacting with the model (items 6-11). Three
experienced medical educators skilled in ultrasound teaching
(PYN, MTHC, and EYPL) rated each questionnaire item
for relevance to ultrasound learning. All items achieved an
Item-Content Validity Index of 1, indicating high relevance
to ultrasound education. For reliability testing, 30 medical
students were invited to complete the questionnaire twice
with a 1-week interval. Cronbach o was 0.965, and the
intraclass correlation coefficient was 0.971. Both measures
demonstrated high questionnaire reliability.

Objective Structured Clinical Examination

At the end of the surgical rotation, an objective struc-
tured clinical examination (OSCE) was conducted, which
included a station assessing renal ultrasound acquisition
skills. Students were evaluated at the standardized OSCE
station and instructed to perform POCUS on a healthy
volunteer to demonstrate normal renal anatomy. The skills
assessed included (1) patient preparation, (2) ultrasound probe
selection, (3) probe handling, (4) a systematic approach to
examination, and (5) the acquisition of an optimal sono-
graphic image. All students were assessed by a surgical
specialist experienced in performing POCUS examinations.

Mean OSCE scores from the 2 academic years preceding
implementation of the deep learning—based feedback model
(2021-2022 and 2022-2023) were retrieved and compared
with the mean OSCE score of this cohort of students
receiving the deep learning—based feedback.

Results

Overview

The cohort of year 5 medical students (n=231) receiving
ultrasound training was divided into 6 groups and enrolled
between October 2023 and September 2024. A total of
786 renal ultrasound images were submitted to the platform
for grading after exclusion of duplicate images. The mean
number of images contributed per student was 3.40 (SD 3.32).
The mean interval between the first submission and the OSCE
was 15.6 (SD 6.04) days. Of the 786 images, 269 images
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were classified as optimal, 349 as suboptimal, and 168 as
incorrect.

Thematic Analysis in Focus Group
Interviews

Within the cohort, 2 subgroups were invited for focus group
interviews (n=71). Through the interviews conducted in this
study, highly motivated students who wanted to be more
involved in the project were identified, and these students
provided valuable suggestions for model refinement and
implementation. The thematic framework identified three
major themes: the positive impact of deep learning—based
feedback, the challenges of implementation, and suggestions
to enhance the feedback model.

Positive Impact

Participants generally agreed that the model motivated their
learning and helped improved ultrasound skill acquisition.
Students were satisfied with the availability of immediate
feedback upon submitting images to the platform, which
promoted and encouraged self-regulated learning. Representa-
tive participant quotations illustrating the positive impact of
the model are provided below.

I can know the quality of my images in a short time.
[Participant #16, female]

The system instantly confirmed if my images were
qualified. [Participant #25, male]

Great that it can classify my images immediately.
[Participant #42, male]

It allows me to take more images during practice and
upload them later. [Participant #45, male]

Challenges

Two major challenges were identified: curricular design and
hardware provision. Students reported infrequent use of the
handheld ultrasound device due to limited tutor guidance at
the bedside, which reduced the incentive to practice newly
acquired skills. In addition, students found the ultrasound
curriculum overwhelming in terms of knowledge load and
skills mastery. Usability issues with the handheld devices
were also reported. Representative participant quotations
illustrating these challenges are presented below.

The handheld ultrasound device is different from the
one I learned in the lesson. [Participant #11, female]

I cannot set-up the software of the handheld ultrasound
device on my smartphone. [Participant #13, male]

The battery life of the handheld ultrasound device is not
long enough. [Participant #27, male]

The handheld device needs to be set-up first and it is a
bit complicated. [Participant #52, female]
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Student Suggestions

Students suggested that integrating real-time feedback
would enhance ease of use and potentially increase learn-
ing engagement. Representative participant statements are
presented below.

Real-time feedback would be
[Participant #5, female]

more convenient.

Table 1. Questionnaire and results (n=98).

Hwang et al

If it provides real-time feedback, then there is no need
to take screenshots and upload images. [Participant
#27, male]

Questionnaire

A response rate of 42.4% was achieved, with 98 of 231
students completing the online questionnaire (Table 1).

Questionnaire item

Respondent scores, n (%)

1 2 3 4 5
Q1. The grading system assists me in familiarizing myself with the handheld 0(0) 12 (12) 50 (51) 28 (29) 8(8)
device and its function.?
Q2. The grading system assists me in optimizing image quality.b 0 () 25 (25) 42 (43) 27 (28) 4(4)
Q3. The grading system assists me in presenting the renal image according to 1(D) 15 (15) 35 (36) 43 (44) 4(4)
instruction.¢
Q4.1 would like to use this system frequently.d 3(3) 7(7) 34 (35) 44 (45) 10 (10)
Q5. The system was easy to use d 1(1) 2(2) 21 (21 53 (54) 21 (21)
Q6. The system was consistent with its grading d 2(2) 4(4) 44 (45) 42 (43) 6 (6)
Q7. The system offered useful comments.d 1(1) 9(9) 36 (37) 44 (45) 8(8)
Q8. The system met my needs.d 1(1) 6 (6) 37 (38) 46 (47) 8(8)
Q9. The system helped me learn and improve my ultrasound skills d 1(D) 6 (6) 26 (27) 56 (57) 9(9)
Q10. I will recommend this system to other peers.d 1(1) 5(5) 32 (33) 51(52) 909
Q11.I am satisfied with the system.d 1(1) 2(2) 35 (36) 54 (55) 6 (6)

3Question 1 response options: 1=unable to operate equipment, 2=limited ability to operate equipment, 3=operates with some experience,

4=confident in operating equipment, 5=familiar with operating equipment.

bQuestion 2 response options: 1=unable to optimize, 2=limited ability to optimize, 3=competent but optimization inconsistently done, 4=confident

in optimization with minor inconsistencies, S=consistent optimization.

“Question 3 response options: 1=unable to achieve, 2=occasionally achieve with difficulty, 3=partially achieve, 4=frequently achieve with some

consistency, S=consistently achieve.

dQuestions 4-11 response options: 1=strongly disagree, 2=disagree, 3=neutral, 4=agree, 5=strongly agree.

When evaluating the feedback model for assisting ultrasound
skill acquisition (questions 1-3), 32% (31/98) to 48% (47/98)
of the respondents rated the items as 4 or higher, indicat-
ing that the model helped build confidence in acquiring
new skills, including use of the handheld ultrasound device,
image optimization, and image presentation according to
instructions. A similar proportion of students (35/98, 36% to
50/98, 51%) rated questionnaire items 1 to 3 as 3, suggesting
partial improvement in ultrasound acquisition skills through
the feedback from the model (Table 1).

Among respondents, at least 55% (54/98) were satisfied
with the usability of the model (scores =4 for questions 4
and 5) and more than 49% (48/98) had positive experiences
interacting with the model on the cloud platform (scores =4
for questions 6-11). However, 6% (6/98) of students rated the
model as inconsistent in its grading (scores 1 or 2 for question
6) and 45% (44/98) were neutral (score 3 for question 6) on
this aspect (Table 1).

OSCE Score Comparison

The mean OSCE score in the current cohort was 9.73
(SD 0.76) out of 10, reflecting high performance in renal
ultrasound acquisition skills. In the preceding 2 academic
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years, when a deep learning—based feedback model was not
used, mean OCSE scores were 9.35 (SD 1.03; P=.06) out of
10 in the 2021-2022 academic year and 9.45 (SD 0.97; P=.15)
out of 10 in the 2022-2023 academic year. Although the mean
score was higher in the current cohort, the difference was not
statistically significant. This finding may reflect the mod-
el’s role in sustaining students’ interest in renal ultrasound
learning by providing continuous access to the platform and
encouraging active engagement during the clinical placement.

Discussion

Principal Findings

This study developed and deployed a deep learning—based
feedback model to assist novice learners in mastering
ultrasound acquisition skills. Artificial intelligence (AI) has
already substantially influenced many aspects of society,
including medical education [33,34]. Several POCUS studies
have explored the use of Al in educational design. Medi-
cal students using Al-based tools demonstrated improved
performance in acquiring cardiac views on echocardiog-
raphy [35-38]. Artificial intelligence has also enhanced
novice performance in measuring left ventricular ejection
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fraction, achieving diagnostic accuracy comparable to that of
cardiologists [39]. The diagnostic performance of inexper-
ienced medical residents or fellows in the evaluation of
thyroid nodules was improved with an Al-based computer-
assisted diagnostic system [40]. Integration of AI into
3-dimensional and 4-dimensional ultrasound analysis has
enhanced fetal facial profiling, contributing to education in
prenatal diagnosis [41]. Collectively, these studies highlight
the importance of Al in ultrasound education. The findings
of this study are consistent with this evidence, suggesting
that a deep learning—based feedback model can serve as
an effective adjunct to ultrasound learning by providing
automated feedback that supports students’ self-regulated
learning.

The positive experiences students reported while interact-
ing with the model were essential in sustaining continuous
interest in learning ultrasound skills. According to the 4-phase
model of interest development [42], learners progress from
triggered situational interest to maintained situational interest
and eventually to emerging and well-developed individual
interest. The initial face-to-face ultrasound training may have
triggered situational interest, whereas the feedback model
may have contributed to maintaining that interest, thereby
allowing for individual interest to develop.

The deep learning—generated grading was not intended as
a final assessment of learning; rather, ambiguous images were
encouraged to be reviewed and discussed with instructors
during face-to-face sessions. Feedback model analytics (ie,
the number of platform accesses and image submissions)
indicated that students actively engaged with the model
throughout the surgical rotation. These findings suggest that
the feedback model promoted self-regulated learning and
allowed students to develop ultrasound skills at their own
pace [18].

Based on feedback model analytics, students frequently
submitted more than 1 renal ultrasound image to the platform
for evaluation, which may indicate that these students
perceived the model as helpful in supporting their learn-
ing. Overall, sustained engagement with the feedback model
suggests that it contributed to fostering novice learners’
interest and motivation, and self-regulated their development
of ultrasound skills.

Information gathered from the focus group interviews
prompted further in-depth discussion among the course
instructors and tutors to re-examine the current ultrasound
curriculum. Options for streamlining the curriculum into more
focused areas are being actively explored. The framework
of load reduction [43] may be applied through instructional
strategies such as increasing scaffolding and progressively
guiding learners toward independent mastery.

To promote student engagement, the benefits of adopt-
ing the deep learning-based feedback model and its role
in the broader ultrasound curriculum can be communica-
ted to students. Course leaders may also develop reflec-
tive tasks or prompts based on principles of self-regulated
learning [23] to guide students in reflecting on their learning
(ie, self-efficacy, self-monitoring, self-evaluation, adaptive
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changes) [44]. These reflections can span both face-to-
face ultrasound training and interactions with the deep
learning—based feedback model during the 6-week surgical
rotation. Such integrations may scaffold students’ reflection
on their ultrasound learning, help close the feedback loop,
and encourage feedforward learning [45]. This refinement to
the curriculum structure may enhance self-regulated learning
and provide a sustainable, iterative process for students to
develop their ultrasound skills through integration of the deep
learning—based feedback model.

Furthermore, interview findings indicated a need for
enhanced tutor guidance. In addition to scaling-up the
recruitment of ultrasound instructors and strengthening local
training support, a midrotation tutorial or workshop may
provide support to students who may be struggling. This
approach may enable them to make more effective use
of the feedback model and feel empowered to practice
their ultrasound skills more during the rotation. Integrat-
ing near-peer feedback during the midrotation tutorial may
further support struggling students and help bridge the gaps
between intensive face-to-face sessions [46].

As noted from the focus group interviews, full realization
of the intervention’s benefits would likely require real-time
integration of the model into the hardware device. Real-time
integration could address the need for immediate guidance
while also providing instructional scaffolding. However, such
development would be more resource intensive, requiring
real-time image tracking and continuous feedback from the
deep learning—based model. With further research, clinical
validation, and implementation, this type of AI application
could potentially be adopted in POCUS training and possibly
incorporated into the OSCE.

There is also room for further improvement such as
incorporating highlighted contours or bounding boxes to
delineate the kidney and associated artifacts. This could
be achieved by integrating additional deep learning—based
segmentation or object detection models.

Limitations

Although the performance of the trained cascaded network
was satisfactory for the classification task, there remains
room for improvement in its accuracy and efficiency. We are
currently prospectively collecting ultrasound data submit-
ted by students to enable continuous model training and
refinement, in order to enhance the model’s accuracy and
relevance. Second, the response rate to the questionnaire
was low, introducing a risk of sampling bias [47]. Despite
numerous reminders and encouragement from instructors,
students who participated in the questionnaire were likely
highly motivated and may have been more proficient
in self-regulated learning. Future studies that include a
broader range of students would provide a clearer under-
standing of how the feedback model supports both high-
and low-achieving learners in developing ultrasound skills.
Third, the lack of a preintervention questionnaire limits the
strength of inferences regarding the impact of the deep
learning—based model on ultrasound learning and precludes
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detailed assessment of change. However, given the low
postintervention response rate, adding a preintervention
questionnaire might have increased the risk of attrition bias.

Hwang et al

learning experience in medical education and providing
on-demand feedback. It was well received by students and
supported self-regulated learning. The innovation enhanced

student engagement and improved ultrasound skill acquisition

Conclusion among novice learners.

A cascaded renal ultrasound image feedback model was
successfully developed and deployed, personalizing the
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