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Enhancing Medical Training Through Learning From
Mistakes by Interacting With an IllI-Trained
Reinforcement Learning Agent

Yasar C. Kakdas ¥, Sinan Kockara

Abstract—This article presents a 3-D medical simulation that
employs reinforcement learning (RL) and interactive RL (IRL) to
teach and assess the procedure of donning and doffing personal
protective equipment (PPE). The simulation is motivated by the
need for effective, safe, and remote training techniques in medicine,
particularly in light of the COVID-19 pandemic. The simulation
has two modes: a tutorial mode and an assessment mode. In the
tutorial mode, a computer-based, ill-trained RL agent utilizes RL
to learn the correct sequence of donning the PPE by trial and error.
This allows students to experience many outlier cases they might
not encounter in an in-class educational model. In the assessment
mode, an IRL-based method is used to evaluate how effective the
participant is at correcting the mistakes performed by the RL
agent. Each time the RL agent interacts with the environment and
performs an action, the participants provide positive or negative
feedback regarding the action taken. Following the assessment,
participants receive a score based on the accuracy of their feed-
back and the time taken for the RL agent to learn the correct
sequence. An experiment was conducted using two groups, each
consisting of ten participants. The first group received RL-assisted
training for donning PPE, followed by an IRL-based assessment.
Meanwhile, the second group observed a video featuring the RL
agent demonstrating only the correct donning order without outlier
cases, replicating traditional training, before undergoing the same
assessment as the first group. Results showed that RL-assisted
training with many outlier cases was more effective than traditional
training with only regular cases. Moreover, combining RL with
IRL significantly enhanced the participants’ performance. Notably,
90% of the participants finished the assessment with perfect scores
within three iterations. In contrast, only 10% of those who did
not engage in RL-assisted training finished the assessment with a
perfect score, highlighting the substantial impact of RL and IRL
integration on participants’ overall achievement.
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I. INTRODUCTION

N RECENT years, the integration of 3-D simulations, video

games, and virtual reality based applications into educational
frameworks has enhanced learning paradigms, assisting students
in improving their skills, knowledge, and motivation to learn [1],
(21, 31, [41, [51, [6], [71, (8], [91, [101, [111, [12], [13], [14], [15],
[16]. The 3-D simulations are computer-generated representa-
tions that mimic the real world by creating virtual environments,
offering visually immersive experiences. An approach known
as simulation-based learning leverages these 3-D simulations as
educational tools, enabling individuals to experiment, immerse,
make decisions, and learn from the consequences in a risk-free
setting [17], [18], [19], [20].

Especially in safety-focused industries, such as aviation and
the military, the widespread acceptance of 3-D simulations and
simulation-based education has been notable for decades [18],
[21], [22]. Furthermore, with rapid technological advancements,
3-D simulations have gained significant traction in medical
training by offering immersive and safe learning experiences
[21], [23], [24], [25], [26], [27], [28], [29], [30].

Traditional medical training faces significant challenges, in-
cluding high costs associated with creating a physical train-
ing environment, purchasing equipment, the extensive time
required for preparations, limitations in demonstrating all
possible scenarios, and ensuring the safety of both patients
and healthcare personnel [21], [31]. The global spread of
COVID-19 has further necessitated a shift to remote plat-
forms, posing additional challenges. However, it remains cru-
cial for medical trainees to gain hands-on experience and vi-
sualize medical procedures before performing them on actual
patients. Considering these challenges, 3-D immersive training
experiences have become more critical than ever [32], [33],
[34].

This article introduces an innovative approach to overcome
the constraints associated with conventional training methodolo-
gies. It presents a solution leveraging advanced 3-D simulation
tools for comprehensive learning and instruction. The focal
point of our work involves the design and implementation of
an agent-based learning approach, integrating principles from
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Fig. 1. Donning order of the PPE. (a) N95 respirator. (b) Surgical scrub cap.
(c) Visor. (d) Shoe covers. (e) Surgical gown. (f) Surgical gloves.

both classical reinforcement learning (RL) [35] and interactive
RL (IRL) [36]. The application of this approach is demon-
strated in the simulation of healthcare procedures, specifically
the process of donning and doffing personal protective equip-
ment (PPE) [37]. The standards and procedures for using PPE
have become crucial, particularly with the rapid spread of the
COVID-19 pandemic [38] to safeguard the health of health-
care workers and patients. The donning and doffing procedures
describe the correct order of equipping PPE and its proper
usage to provide maximum safety [39]. The PPE items and
donning procedure utilized in our simulator are illustrated in
Fig. 1.

The primary objective of this study is to create an engaging
3-D simulation that accurately teaches medical trainees the
donning procedure while evaluating their performance. The
simulation includes two distinct modes: tutorial and assessment.
In the RL-assisted tutorial mode, a computer-based, ill-trained
RL agent attempts to learn the correct sequence of donning PPE
through trial and error. The agent starts with initial knowledge
comprising random and misleading information.

Trainees observe the RL agent’s learning trajectory, wherein
it undergoes a series of iterations to acquire the correct se-
quence of PPE. The RL agent’s learning journey includes the
instances of errors and mistakes, showcasing outlier scenar-
ios and false sequences. Therefore, we named it an ill-trained
RL agent. This nuanced approach introduces a dimension not
typically encountered in traditional PPE learning procedures,
providing a richer and more realistic training experience. In
the assessment mode of our 3-D simulation, instead of the
RL agent correcting its mistakes by itself, trainees provide
external feedback and intervene in the agent’s actions using
IRL. At the end of the assessment, trainees receive a score
based on the correctness of interventions and the time taken to
teach the RL agent the correct sequence. Both modes include
a feedback user interface (UI) that alerts trainees when the
RL agent makes a mistake during training or when the trainee
provides incorrect guidance during the assessment phase. Using
this feedback feature, we aim to replace the traditional training
methods with learning from the mistakes made by ill-trained RL
agents.
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II. LITERATURE REVIEW

Traditional training for donning and doffing PPE in an operat-
ing room typically involves theoretical instruction in a classroom
setting or video lessons. Christensen et al. [40] suggest that
there was no significant difference in donning and doffing scores
between instructor-led and video lessons for training in PPE don-
ning and doffing. This finding implies that video training could
be a fast and resource-efficient method of training, particularly
in responding to the COVID-19 pandemic, where there may be
a need for rapid dissemination of training to a large number of
healthcare professionals. However, it is crucial to acknowledge
that, although conventional training methods may be effective
for specific aspects of PPE training, real-time interaction and the
opportunity to learn from mistakes remain essential for ensuring
proficiency in donning and doffing procedures.

In recent years, there have been numerous studies that incor-
porate artificial intelligence (AI) and machine learning (ML) into
healthcare applications [41], [42], [43], [44], [45], [46], [47].
A comprehensive literature review [48] delved into the recent
healthcare studies utilizing a broad range of ML techniques,
such as RL, artificial neural networks, and natural language
processing in surgeries. The study concludes that Al plays a
vital role in surgeries and assisting surgeons. Another study [49]
explores the use of Al in nanomedicines, especially in oncology,
and finds promise in cancer management through Al-assisted
nanotechnology.

Despite the widely recognized benefits of Al and ML, several
issues persist. Predominant among these are data privacy con-
cerns, ethical considerations, and limitations in datasets, such
as improper labeling or bias. Multiple studies examining Al and
ML applications in healthcare [50], [51], [52], [53], [54], [55],
[56], [57] agree on the advantages of Alin clinical practice while
highlighting challenges in current applications.

RL has been instrumental in medical simulations to address
diverse challenges [58], including determining appropriate treat-
ment and medication for patients [59]. Each patient may require
different treatment strategies based on their medical history,
making it a critical decision-making process. Dynamic treatment
regime (DTR) establishes rules for providing appropriate and
optimal treatments. Numerous DTR systems [60], [61], [62],
[63], [64], [65] have adopted an RL-based approach, providing
valuable insights into conditions, such as epilepsy [66], lung can-
cer [67], and sepsis [68]. These studies report promising results
in predicting treatments for various illnesses. However, as the
RL-based DTR approach relies on training pre-existing clinical
data, it necessitates dependable data sources and preprocessing
operations.

Al and deep reinforcement learning (DRL) are frequently
employed in medical image analysis [69], [70], [71]. Medical
image analysis is crucial in terms of medical diagnoses and
prognoses. In one study [72], DRL facilitated the automated
detection of breast lesions from the dynamic contrast-enhanced
magnetic resonance volumes, reducing inference time. Simi-
larly, another study [73] used RL to localize brain tumors on 2-D
contrast-enhanced MRI brain images, demonstrating efficiency
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even with small training sets. In addition, Chen et al. [74] used
RL to diagnose and predict COVID-19 cases from computer
tomography images, showcasing effective and robust detection
and prediction.

Beyond medical decision-making and image analysis, RL is
applied to robot-assisted surgeries [75], [76], [77], [78]. For
instance, Chiu et al. [79] focused on using RL for grasping suture
needles during robot-assisted minimally invasive surgeries, sig-
nificantly reducing time compared with other methods. This RL
approach is model free and adaptable to various operative robots.
RL s also integrated into surgical training, such as robot-assisted
training in laparoscopy [80], where the combination of experts’
experiences and RL agent’s training outcomes is demonstrated
on a robot-assisted device. However, the lack of communica-
tion between the RL agent and the trainee restricts to shape
the agent’s behavior during training and limits visibility into
potential trainee decision outcomes.

Apart from RL, several studies incorporate human interven-
tion in the RL agent’s learning process to enhance solutions to
diverse problems. In a study [81], researchers employed human
feedback to fine-tune and align language models. According to
the resulting model, using RL with human feedback improved
the language model’s accuracy. Shuvo and Yilmaz [82] proposed
using Al-controlled smart home appliances to optimize elec-
tricity use through the home energy recommendation system,
integrating DRL with human feedback and activity data to
optimize costs.

Moreover, Al has found extensive applications in education,
enhancing learning outcomes and catering to students’ needs
without direct human intervention [83], [84], [85], [86]. The
intelligent tutoring system (ITS) framework offers prompt, per-
sonalized feedback to learners, with numerous Al and RL-based
models [87], [88]. One of the proposed ITS models was de-
signed to provide a one-on-one learning approach tailored to
the needs of autistic students [89]. Another study aimed to
enhance e-teaching and e-learning using agent-based ITS [90].
RL-based ITS models effectively improve the learning rate by
providing customized training strategies based on learners’ prior
behaviors.

III. METHOD
A. Three-Dimensional Simulation and Virtual Environment

Our designed 3-D simulation begins within a dashboard where
trainees can choose between two game modes: an RL-assisted
tutorial or an IRL-based assessment. The simulation unfolds
within the same virtual environment regardless of the selected
mode. This virtual environment, as depicted in Fig. 2, comprises
a room featuring PPE arranged on a table, a cabinet containing
new and clean PPE, and a rigged humanoid avatar functioning as
an RL agent. The implementation of avatar walking animations
and interactions with objects is facilitated by inverse kinematics
(IK) [91]. IK calculates positions and rotations for each bone,
configuring joints to replicate realistic humanoid movements.
In addition, predefined hand poses have been designed based
on the bone structure of the avatar’s hand model, examples of
which can be seen in Fig. 3.
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CLEAN PPE

Fig.2.  Virtual environment: A room, a 3-D humanoid avatar, PPE on the table,
and a cabinet for clean PPE.

Fig. 3.

Hand poses for visor and N95 face mask.

The environment’s creation utilized the Markov decision pro-
cess (MDP). The MDP state is updated each time the RL agent
interacts with the environment and performs an action. A reward
is obtained from a pre-established rewards table (applicable in
RL-assisted tutorial mode) or user feedback (utilized in IRL-
based assessment mode) to determine the agent’s subsequent
move. The Q-learning algorithm then processes the acquired
reward, and the Q-value table is updated accordingly. Subse-
quently, the simulator signals the RL agent for the next move
or terminates the simulation upon meeting specified conditions.
In the case of assessment mode, once the simulation concludes,
participants receive their scores.

B. Markov Decision Process

MDP [92], [93] is a mathematical framework used for solving
problems dependent on the decision-making process. Fig. 4
depicts the state diagram representing the MDP utilized within
the simulation.

An MDP is a four-tuple model (S, A, T, R) defined as
follows.

1) S = {s1,...,8,} is a finite set of states existing within
the environment. These states include clean—dirty pairs
for each PPE. Initially, the environment is comprised
solely of clean PPE items. As the RL agent interacts with
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State diagram of the MDP.

DON

Fig. 4.

the environment and takes action, states can transition
between clean and dirty for each PPE based on the action
performed.

2) A = {DON, DROP, REPLACE} is a predetermined
set of actions available to the agent in each state.

3) T: S x A — S is a transition function. Transition
function 7" defines how actions performed within a state
lead the RL agent to another state. For instance, when the
agent executes the action DON within a state from the
state space .9, the agent transitions to another PPE state in
S. Similarly, the DROP action will move the agent from
a clean PPE state to a dirty PPE state.

4) R: S x A — R is an immediate reward function
operating with the domain combinations of S x A and
outputs rewards based on the performed action within a
given state-action pair.

C. RL and IRL

RL, a training method rewarding desired behaviors to form
sequential decisions, is employed for the training aspect of the
simulation. In RL, the RL agent engages with its environment,
makes decisions, and learns through trial and error.

One benefit of RL is its ability to operate without reliance
on pre-existing data for teaching the RL agent. Instead, the
data are accumulated progressively as the agent works toward
understanding the goal. In addition, IRL is incorporated into
the assessment portion of the simulation. In the assessment
mode, trainees attempt to instruct ill-trained RL agents on the
correct sequence for donning PPE through their interactions.
The primary difference between IRL and RL lies in the reward
mechanism. In IRL, an external trainer provides feedback to
the RL agent during its action selection phase, a technique also
recognized as policy shaping [94]. External feedback resources
aim to shape the agent’s policy, guiding it along the correct path
based on the provided feedback.

Both RL and IRL involve the RL agent taking actions based
on a policy, denoted as m. The Q-function [95] serves as an
action-value function for a policy 7, defined as Q™ (s, a), where
a represents an action taken in the state s under the policy 7. The
solution to an RL problem involves finding the optimal policy,
denoted as 7*. An optimal policy indicates that the agent can
determine the correct path by selecting the best actions for each
state, thereby maximizing the accumulated rewards.
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Mathematically, an optimal policy aims to achieve the highest
expected cumulative reward over time, as shown in the following
equation:

Q" (s, a) = max, Q™ (s, a). (1)

Furthermore, the optimal action-value function QQ* satisfies
the Bellman optimality equation

Q" (s, a) = E[R(s, a, ') + ymaxyq* (s',d)]. ()

This equation calculates the expected value for any action-
state pairs (s, a) for optimal policy.
The following is a detailed analysis of the components
comprising (2).
1) R(s, a, s') represents the reward the agent receives for
performing an action a in the state s and transitioning to
state .
2) v max,q*(s’,a’) signifies the maximum expected dis-
counted return. After an action a is performed in state
s, transitioning the agent to state s’, this calculates the
expected value of all potential outcomes originating from
state s’ through any action a’. The discount factor ~ dic-
tates the weight given to future rewards relative to present
ones, where v € [0, 1].

D. Q-Learning

Q-learning [95] stands as one of the algorithms reliant on
action-value functions (1) and the Bellman (2). This algorithm
aims to determine the optimal policy for a given RL problem.
Each action a performed in state s corresponds to a value denoted
as Q(s, a). These Q-values undergo updates using the following
equation:

Q (s,a) + Q(s,a) + ar +ymax,Q (s,d') —Q(s,a)].

(€)

Here, o represents the learning rate, determining the weight

given to new information, while +y signifies the discount factor,

determining the influence of future rewards, s denotes the current

state, a represents the action taken in state s, s is the resulting

state from s when a is performed, and o’ indicates any action
that can be taken in state s’.

Simplifying (3) reveals that the new Q-value relies on three

factors.

1) (I — a)Q(s,a) represents the current Q-value weighted
by the learning rate. When the learning rate is closer to 1,
the agent primarily focuses on the new values and ignores
the previous ones.

2) ar denotes the reward weighted by the learning rate. Agent
receives this reward when the action a is performed in the
state s. In training mode, rewards come from predefined
tables, while in IRL-based assessment mode, an external
trainer provides them.

3) aymaxy,Q(s',a’) is the maximum Q-value achievable
from the transitioned state s’. This value is influenced by
both the learning rate and discount factor.

The Q-learning algorithm progresses step-by-step, updating

and storing Q-values in a table. The initial Q-value table reflects
the RL agent’s foundational knowledge. One of the primary

Authorized licensed use limited to: University of Oklahoma Libraries. Downloaded on November 07,2024 at 16:12:35 UTC from |IEEE Xplore. Restrictions apply.



1252

objectives of this study is to assess how effectively trainees
teach the agent to accomplish the task. We implemented a fully
randomized action selection process to expand the range of
scenarios. Moreover, to establish distinct training levels based on
the agent’s initial knowledge, three techniques were employed
to generate initial conditions for the Q-learning algorithm.

1) Zero Initialization: Set all initial Q-values to 0. This indi-
cates that the agent starts with no pre-existing knowledge
of the objective and takes random actions. While this type
of agent’s policy is straightforward to develop, it is time-
consuming. This model is utilized in training mode, where
each run creates a distinct scenario due to randomness.
This variability enables trainees to observe various actions
that might not be accessible in conventional educational
models.

2) Arbitrary Initialization: Initialize Q-values with arbitrary
values. Here, the agent has some understanding of the
objective, although it might be inaccurate or misleading
due to the randomness. This agent type serves well in
generating distinctive scenarios for assessments.

3) Partial Training: Run the training mode for a specific
number of iterations without allowing the agent to learn the
objective entirely. This model, used in assessment mode,
creates specific evaluation scenarios and assesses trainees’
ability to detect and correct mistakes.

E. RL-Assisted Tutorial Mode

In contrast to the conventional training models, the tutorial
mode presents a unique educational approach utilizing RL. The
provided pseudocode, Algorithm 1, outlines the step-by-step
process for training an RL agent to interact with PPE. The
algorithm initializes crucial parameters, such as the number of
states (/V), which represents the whole state space, including
both dirty and clean PPE states, and the total number of actions
(M), consisting of actions DON, DROP, and REPLACE for
handling the equipment. In addition, it sets up a Q-table to
store Q-values for different state-action pairs, initializing these
values to zeros, which symbolize the agent’s initially empty
knowledge about the environment and actions. Furthermore,
the learning rate (o« = 0.01) and discount factor (v = 0.9) are
determined through internal tests via hyperparameter tuning,
significantly influencing the agent’s learning process within the
environment. The RL agent begins by initializing its policy,
empty at the beginning, and engaging with the environment.
At each step, it takes an action based on the current policy and
receives its corresponding reward. The agent’s received rewards
come from a predetermined rewards table, indicating whether an
action is correct or wrong. Simultaneously, participants receive
immediate feedback via a Ul to indicate the correctness of each
action. This feedback UI, as depicted in Fig. 5, briefly displays
red and green transparent lights on the screen without disrupting
the scene’s content.

Throughout the iterative process, the agent’s actions are
guided by a policy derived from Q-values. These Q-values
are continuously updated based on the received rewards and

IEEE TRANSACTIONS ON LEARNING TECHNOLOGIES, VOL. 17, 2024

Fig.5. Feedback Ul Green flashlight when action is correct and red flashlight
when action is wrong.

Algorithm 1: RL-Assisted Tutorial Mode With Q-Learning.
Initialize the number of states N < 16
Initialize the number of actions M < 3
Initialize Q-table Q[N x M] + 0
Initialize learning rate v <— 0.01, discount factor vy <— 0.9
Define current policy 7
Get optimal policy 7*
Get initial state s
Get rewards R[N x M]
repeat
Spawn an RL-agent
repeat
Take action « in state s under policy 7, Q™ (s, a)
Define current Q-value QM < Q™ (s, a)
Perform action a, receive new state s’
Receive available actions o’ in state s’
Immediate reward r + R(s, a, §')
Qnew — Qold + 04[7” + ’YmaXa/Q(S/, a/) _ Qold]
Q(s,a) « Q™
5+ &
until s is terminal (all PPE donned)
Get current policy 7 based on updated )
until 7 equals 7*

the estimation of future rewards, following the Q-learning al-
gorithm. The agent updates its policy after no item is left to
interact within the environment. The agent’s ultimate goal is
to maximize its cumulative rewards and achieve proficiency
in correctly handling the PPE, thereby reaching the optimal
policy. As long as the optimal policy is not achieved, a new
iteration commences with the most current policy, perpetuating
the afore-mentioned process. Fig. 6 depicts the system model of
the designed tutorial mode.

F. IRL-Based Assessment Mode

The primary goal in the assessment mode is to appraise partic-
ipants’ performance by assessing their ability to provide correct
information and evaluating their capability to rectify errors
within a limited timeframe (10 min). Unlike the training mode’s
use of predetermined rewards with RL, this mode employs
external intervention via IRL for the rewarding mechanism. The
game flow is similar to the training mode. However, in this mode,
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Fig. 6. System model of the training mode.

Elapsed Time: 02:46
Remaining Time: 07:13
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Glove after the Mask. Please give
your feedback.

NEGATIVE
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Fig. 7.

IRL-based
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Feedback REPLACE)

Fig. 8.  System model of the assessment mode.

the RL agent begins with a base knowledge comprising 30%
incorrect information, leaving the remaining 70% of knowledge
empty. Consequently, 70% of actions are randomly picked. Even
if the 70% portion of randomization results in correct actions,
having 30% of incorrect information ensures that the partici-
pants observe wrong decisions made by the RL agent. Hence,
completing the assessment necessitates participants correct the
RL agent’s mistakes.

The pseudocode for the assessment mode (Algorithm 2)
shares parameters identical to the tutorial mode given in Al-
gorithm 1, including the number of states (N), representing
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Algorithm 2: IRL-Assisted Tutorial Mode With Q-
Learning.
Initialize the number of states N < 16
Initialize the number of actions M «+ 3
Initialize 10-min timer
Initialize Q-table Q[N = M] with 30% ill cases
Initialize learning rate o <— 0.01, discount factor v <— 0.9
Define current policy 7
Get optimal policy 7*
Get initial state s
repeat
Spawn an RL-agent
repeat
Take action « in state s under policy 7, Q™ (s, a)
Define current Q-value QM <— Q™ (s, a)
Perform action a, receive new state s’
Receive available actions o’ in state s’
Prompt user feedback, get reward r
Qnew — Qold + a[r + 'ymaxa/Q(s’, a/) _ Qold]
Q(s,a) ¢ Q™"
s &
until s is terminal (all PPE donned)
Get current policy 7 based on updated ()
until 7w equals 7* or timer runs out
Calculate the score and show

clean and dirty PPE states, and actions (M), comprising DON,
DROP, and REPLACE for handling the equipment. On the other
hand, the Q-table initialization differs, as it is prepared with
the metadata reflecting 30% ill cases, instead of being zeroed
initially in the training mode. In addition, the learning rate (o)
and discount factor (y) are set as determined during internal tests
via hyperparameter tuning, mirroring the settings of the tutorial
mode.

During each iteration, the agent engages with the environ-
ment, performing actions until no PPE remains. Following an ac-
tion, the game pauses, prompting the trainee to provide positive
or negative feedback. Positive feedback indicates that the agent’s
action was observed as correct, while negative feedback means
that the agent’s action was perceived as wrong. The interactive
process is displayed in Fig. 7 and operates in a loop until the
agent attains an optimal policy, or the designated timer expires
(e.g., 10 min). Upon completion of the assessment, the trainee’s
score is determined based on the number of incorrect guidance
instances and the time taken to complete the assessment. Fig. 8
illustrates the system model for the assessment mode.

G. User Study Design

A user study was conducted using our agent simulation to
evaluate two key research questions: first, how effective is RL
compared to traditional training? and second, what are the
benefits of using IRL with feedback mechanisms instead of
classical RL for learning and assessment?

The study involved 20 participants, with an average age of
24.05 years (ranging from 18 to 32). Among them, there were
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15 males and 5 females. None of the participants had prior
experience in medical fields, categorizing them as novices in
the donning PPE procedure. The participant pool consisted
of ten individuals with undergraduate and ten with graduate
degrees. It was approved by the IRB committee at Florida
Polytechnic University (Approval #23-007), with all participants
providing consent. The participants were randomly divided into
two groups. Randomization ensured that each group, Group-1
and Group-2, had an equal distribution of undergraduate and
graduate degree holders.

During the simulation, the participants’ screen was recorded,
capturing participants’ interactions while experimenting. In ad-
dition, in-simulation statistics, such as intermediate Q-value
tables after each iteration and participants’ scores in the as-
sessment mode, were captured. The recordings facilitated the
analysis of participant performance, encapsulating information
about the current policy, actions taken for each state, and
participant actions, illustrating policy evolution throughout the
study.

Group-1 was comprised of ten participants, focusing on eval-
uating IRL over RL. The experiment involved two sessions.
The first session featured observation of an RL-based train-
ing, where participants witnessed an RL agent attempting to
learn correct PPE donning. Each participant observed differ-
ent policy developments due to randomization, impacting the
training duration (averaging around 5 min). Although the policy
progression differs, all participants start with the same empty
policy without influencing each other’s sessions. Subsequently,
participants engaged in an interactive assessment, guiding an
ill-trained RL agent for 10 min, scoring based on feedback
correctness and completion time. Three iterations of interactive
mode were conducted, resulting in 30 recorded data instances for
Group-1.

Group-2 consisted of ten participants, assessing RL against
the traditional training methods. The experiment was carried out
in two sessions. Participants watched a video showcasing an RL
agent correctly performing the donning procedure in the training
session, differing from Group 1’s self-taught RL observation
and aiming to simulate the traditional training. Recall that one
of the conventional approaches to PPE training involves the use
of video lectures, which demonstrate the correct sequence of
procedures. Then, they participated in an interactive assessment
for three iterations, similar to Group-1. This also resulted in 30
recorded data instances for Group-2.

H. Performance Evaluation and Scoring Metrics

In this study, a comprehensive scoring metric from [96] was
employed to evaluate participants’ performance in guiding an
RL agent through the process of donning PPE. This weighted
scoring model, ranging from O to 100 in increments of 10, quan-
tified the efficiency of task completion by incorporating two fun-
damental criteria: accuracy and time efficiency. Accuracy (A)
serves as a measure of the correctness of participants’ guidance
concerning the number of correct feedback provided (C') in rela-
tion to the total number of actions (/V) the RL agent performed
during the experiment. It was calculated using the following
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equation:

A = Round (C;m> x 10. 4)

Time Efficiency (TE), crucial in assessing the teaching pace
within the allocated maximum time (¢,,x) of 10 min, employed
a decile-based scale relative to the benchmark time (tpenchmark )
of 5 min. Benchmark time, determined during the internal tests,
indicates the optimal maximum time required to complete the
assessment. This criterion, evaluated within the range of 0—100,
was calculated as follows:

t -t
m)) < 100. (5)
tmax - tbenchmark

Here, ¢ denotes the actual time taken by the participants to
complete the assessment. Participants achieving task completion
within or under the benchmark time received a perfect score of
100 for the time efficiency portion of the total score, reflecting
optimal efficiency. This score linearly diminished in deciles
down to O as participants approached the maximum limit of
10 min.

Both Accuracy (A) and Time Efficiency (TE) were pivotal
in evaluating participant performance, contributing equally to
the overall score, shown as follows:

TE = max (O, min (17

Score = w; X A+ wy x TE. (6)

Here, w; and wy represent the weights assigned to accuracy
and time efficiency, respectively. A balanced assessment of both
criteria was adopted for this study, assigning equal weights of
0.5 to wy and ws.

Itis important to note that our scoring metric, although utilized
with equal weights for these two criteria in this study, can accom-
modate additional criteria by tuning the weights accordingly.
This adaptability allows its applicability across diverse scenar-
ios, enabling the inclusion of further performance measures
without being limited to only two criteria equally weighted.

IV. RESULTS

To ensure a fair comparison between the two groups, identical
scenarios were utilized despite potential alterations caused by
randomization and participant interactions within the simula-
tion. During the assessment phase, agents were equipped with
initial knowledge comprising 30% of misinformation regarding
the donning of PPE. The intentional inclusion of misleading
information aimed to evaluate participants’ abilities in teaching
the agent to unlearn and rectify its existing knowledge. Addition-
ally, the exposure to misleading information presented potential
outlier cases to participants. This created a learning environment
that highlights knowledge acquisition through identifying and
rectifying mistakes—a concept integral to the learning-from-
mistakes paradigm.

The duration of the experiment varied due to randomization.
For Group-1, the mean time taken by the RL agent to learn
the correct sequence in the tutorial mode is 5.587 min (sd =
1.278). In contrast, the mean time to complete the assessment
is 2.91 min (sd = 1.967) for Group-1 and 4.954 min (sd =
2.172) for Group-2. This observation suggested that the human
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TABLE I
GROUP-1 EXPERIMENTAL RESULTS
Participant Scores
1% Iteration 2" [teration 3" Jteration
Pl 90 20 100
P2 10 80 100
P3 80 100 100
P4 100 90 100
P5 0 90 100
P6 70 100 100
P7 50 70 100
P8 70 80 100
P9 100 100 100
P10 0 0 80
TABLE II
GROUP-2 EXPERIMENTAL RESULTS
Participant Scores
I* Iteration 2 [teration 3" Jteration
Pl 10 0 0
P2 0 40 40
P3 20 60 90
P4 20 0 30
P5 50 70 80
P6 0 0 50
P7 0 60 70
P8 90 40 100
P9 0 0 70
P10 0 50 90

intervention during RL expedited the learning process, which
is evident in the shorter assessment duration compared to the
tutorial. Similarly, comparing iterations required for the RL
agent to grasp the objective indicated an average of 8 in the
tutorial mode versus 3.60 in the assessment mode. These results
highlight thathuman intervention accelerates RL policy shaping.
However, Group-2 required more time than Group-1 to complete
the assessment, emphasizing the positive impact of commencing
with an RL-based tutorial rather than a traditional educational
model.

The experimental results of both groups are presented in
Tables I and II. Nearly all participants from both groups (95%)
managed to increase or maintain their scores by the third it-
eration. Specifically, 80% of Group-1 and 90% of Group-2
improved their scores, with 20% of Group-1 maintaining a
perfect score of 100 throughout their sessions. This suggests
the effectiveness of both versions of the simulation for learning
purposes. Nonetheless, a noticeable distinction was noted in the
scores achieved by participants in the two respective groups.
As illustrated in Fig. 9, Group-1 exhibited higher starting and
ending scores than Group-2, with a mean score of 98 for the third
iteration in Group-1 compared to 62 in Group-2. These findings
indicate Group-1’s superior success in learning the donning
process in three iterations, emphasizing RL as a more effective
tutorial method compared with the traditional approaches.

Upon opting for RL as an educational model, our focus shifted
to evaluating its potential as an independent assessment tool. To
investigate this, the assessment mode employed IRL, allowing
participants to provide feedback on the RL agent’s actions. The
analysis concentrated on Group-1, as they were exposed to both

100 +

lteration
I fteration-1

lteration-2
80 m fteration-3

Mean

Group-1 Group-2

Groups

Fig. 9. Mean scores of each iteration of both groups.

RL (training) and IRL (assessment). Despite participants being
trained by observing the RL process, the initial mean score
was 57 out of 100, indicating that RL alone lacks the potency
to replace traditional training methods. However, subsequent
iterations in the interactive assessment mode showcased im-
provement. The mean scores for the second and third iterations
were 73 out of 100 and 98 out of 100, respectively. These results
underscore the effectiveness of the interactive learning method,
where participants learn while teaching RL agents. Participants
adjusted the RL agent’s policy through interaction, leading to
score enhancements. This suggests that IRL, when coupled with
RL training, serves as a powerful assessment tool, empowering
individuals to improve their performance significantly.

V. DISCUSSION

The experiments were conducted with 20 participants, reveal-
ing the efficiency of RL in contrast to the traditional methods.
RL facilitated participant observation of the agent’s mistakes
and subsequent corrections, offering insights into outlier cases
often missed by traditional models. Furthermore, the inclusion
of IRL, incorporating human intervention, proved more effective
than RL alone. However, the objective of this study is not solely
to observe that repeated training sessions can lead to learning
but also to pioneer a new educational model enabling rapid and
precise learning.

Linear regression analysis was employed to correlate the par-
ticipants’ scores in each iteration and assess learning progression
based on gathered data. Fig. 10 displays the regression between
Iteration-1 and Iteration-2 for each experiment group, indicating
that playing only two iterations is insufficient for mastering
the objective, which is evident in the prediction model’s poor
performance. Conversely, Fig. 11 depicts the regression between
Iteration-2 and Iteration-3, revealing a significant improvement
in Group-1 based on the prediction model, contrasting Group-2’s
limited progress. Fig. 12 reinforces this by showing the regres-
sion between Iteration-1 and Iteration-3, highlighting Group-1’s
faster learning outcome than Group-2.

The precision of Group-1’s prediction model, aligning more
accurately with data points than Group-2, suggests Iteration-1’s
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stronger positive impact on Iteration-3 for Group-1. Overall,
Group-1’s iterations exhibit a better correlation, positively influ-
encing subsequent iterations, approaching near-perfect fit after
two iterations. In contrast, weak correlations between itera-
tions were observed in Group-2, indicating a requirement for
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more than three iterations to master the objective. Correlation
coefficients shown in Fig. 13 also corroborate these claims,
particularly noting the strong correlation between Iteration-2
and Iteration-3 for Group-1 (correlation coefficient = 0.73).
Moreover, confidence intervals represented by blue and orange
regions around the regression lines in Figs. 9, 10, and 12 vali-
date this claim. Group-1 exhibits narrower intervals, signifying
greater certainty in the positive impact of iterations on learning.

However, outliers in the data (e.g., P1 for both groups) ne-
cessitate further exploration. Our experiment involved donning
various PPE items, some of which comprised pairs, such as
gloves and shoe covers, with distinctions between left and right.
Participants were briefed that the order of donning the left or
right side did not influence correctness; both sequences were
considered equally valid. Whether starting with the left or right
side first was not a factor in determining the correctness of
their actions. However, the subsequent actions after donning
pairs were critical. Despite these clarifications, some participants
encountered confusion regarding handling paired PPE items.
This confusion likely contributed to the emergence of outliers
in the data. Further analysis of the screen recordings provided
insights into the reasons behind these outliers. This highlights the
importance of offering explicit and comprehensive instructions
in future simulations to minimize confusion and ensure partici-
pants’ more transparent comprehension of the task requirements.

Despite the seemingly small sample size of 20 participants in
the user study, including three iterations per participant substan-
tially augmented the statistical power of our analysis. Our power
analysis, employing a two-sample t-test with an alpha level of
0.05, revealed a power of 0.989, indicating a high probability of
detecting a significant difference between Group-1 (mean = 76
and sd = 34.40) and Group-2 (mean = 37.66 and sd = 34.30).

Furthermore, although the simulator aims to enhance medical
training, all participants involved were novices without any
medical background. This deliberate choice was made to ensure
unbiased results. By engaging individuals unfamiliar with med-
ical practices, we aimed to eliminate potential biases that might
have been present among participants with medical expertise.
This approach allowed for a more explicit evaluation of the
intervention’s effectiveness, as the procedure was unknown to all
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participants, ensuring a more objective assessment of the study
outcomes.

As a part of future work, the proposed RL and IRL-based
educational model aims to expand its applications beyond the
scope of PPE donning and doffing. This adaptable approach,
suitable for any operation modeled as MDPs, intends to develop
a generic framework usable across various medical procedures.
This advancement could significantly benefit medical training
by providing versatile educational tools for diverse scenarios.
Although the exclusive focus on novice participants assists
in revealing the potential of our proposed novel educational
approach, future research should engage a broader participant
demographic, including experienced medical students. Further-
more, extending simulation scenarios to cover more complex
medical situations would fortify the applicability and robustness
of our educational approach.

VI. CONCLUSION

Our research explored transforming medical learning by com-
bining 3-D simulations as adaptable tools for training and eval-
vation. Utilizing RL in tutorials and IRL in assessments, we
introduced a novel educational approach that promotes engaged
learning and immediate feedback, specifically for PPE. The
application of RL as a tutorial demonstrated its effectiveness,
surpassing conventional educational methods. Remarkably, hu-
man interaction facilitated by IRL during the assessment phase
yielded substantial improvements in learning outcomes and
participants’ performance.

In our user study involving 20 participants, both Group-1
and Group-2 demonstrated improvements in their mean scores,
depicting the success of IRL employed in both groups. For in-
stance, in Group-1, after undergoing an RL tutorial followed by
an IRL assessment, mean scores escalated from an initial 57 out
of 100 to 98 out of 100 after three iterations. Similarly, Group-
2, utilizing traditional training methods and IRL assessments,
exhibited substantial progress, elevating their mean scores from
19 out of 100 to 62 out of 100 throughout the three iterations.
However, it is noteworthy that Group-1 displayed a higher initial
mean score compared to Group-2, emphasizing the effectiveness
of RL as a tutorial method in surpassing traditional training
approaches. The distinct advantage of starting from a higher
mean score in Group-1 indicates RLs potential to accelerate the
learning process significantly.

The success of IRL, evident in both groups, underlines the
effectiveness of interactive learning environments, enabling
participants to actively engage in teaching while learning.
In specialized fields, such as medicine, interactive learning
within immersive environments proves to be more efficient than
traditional classroom settings confined by time and location.
Our approach offers solutions to these limitations by seamlessly
blending immersive 3-D virtual simulations with education.
These discoveries highlight the promise of RL and IRL in
educational contexts, particularly within medical training. The
effectiveness of our proposed RL-based training and IRL-based
assessment indicates a potential shift from conventional
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approaches to immersive simulation-based training. Moving for-
ward, expanding simulations to cover a wider range of medical
scenarios will strengthen this transformative educational model,
potentially revolutionizing education across various domains.
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