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The one-to-one apprenticeship in many residency programs, while providing direct supervision from an assigned expert,
lacks timely and diverse feedback, especially from other physicians with unique clinical tendencies. This often contributes to
subpar training for high-stakes tasks with unstructured solutions, further diminishing education quality and patient safety.
This work specifically explores the case of contouring — delineating tumor and healthy tissues — that is often regarded
as the weakest link in radiotherapy treatment planning due to pervasive errors that lead to detrimental consequences for
patient safety. This paper first offers three design goals aimed to prevent gaming, balance between expert consensus and
tendencies, and minimize cognitive load. This work then designs and develops iConTutor, a learning platform that not only
provides timely feedback, but also presents crowdsourced expert contours as part of distinct feedback mechanisms. A pre-
and post-test study with nine residents showed a 32% increase in contouring accuracy, and the participants benefited from
iConTutor’s feedback mechanisms in delivering light-touch, skill-based, and awareness-cueing training. The three design
goals of this work (implemented as part of feedback strategies in iConTutor) can inform computer-supported learning tools in
other healthcare domains that aim to improve apprenticeship training via timely and diverse feedback.

CCS Concepts: • Human-centered computing → Empirical studies in HCI; User studies; Systems and tools for
interaction design.

Additional Key Words and Phrases: Contouring Education, Healthcare Apprenticeship, Timely and Diverse Feedback

1 Introduction
Apprenticeship training in many healthcare residency programs [24] is the underlying structure for transferring
highly specialized and critical medical skills from expert to novice physicians [49]. At its core, residents learn
these skills by observing the clinical practices of an assigned faculty and later re-create their processes [65].

The medical apprenticeship model poses critical challenges given the lack of timely and diverse feedback that
encompasses the broader existing tendencies among physicians. Attending faculty take on a dual role of clinician
and teacher, and when time is in short supply, patient care takes absolute priority over teaching [56]. As such,
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feedback exchange between residents and faculty can take substantial delays that can degrade the quality of
residency training [21]. Besides, the one-to-one model of apprenticeship limits the diversity of feedback for
residents, especially in many medical fields where there is not a singular “gold standard” solution even among
experts [40]. While this training model provides direct supervision for learning and performing complex medical
tasks, facilitating broader feedback can improve the quality and robustness of specialized medical practices.

Specifically, this paper explores contouring education in radiation oncology training; contouring describes
meticulous outlining of tumor and healthy tissues, producing a blueprint for high-dose radiation. Contouring
is often referred to as the weakest link in radiotherapy treatment, as mistakes in contouring are prevalent and
detrimental to patient safety. Recent clinical trial studies report that contouring inaccuracies can occur in a
staggering 81% of the initial radiation plans [36]. Contouring errors have also been shown to decrease patient
survival by 16% [1]. Over- and under-contoured plans lead to excess toxicity to the nearby healthy organs, or
insufficient radiation to the tumorous cells which will increase the risk of disease recurrence. Finding just-the-
right balance in the dose and placement of radiation (i.e., what we refer to as goldilocks contouring) remains the
main challenge in radiotherapy treatment.

This work aims to improve one-to-one healthcare apprenticeship by integrating timely and diverse feedback
processes, two overarching principles of this paper. Informed by these two principles, prior work in learning
sciences andmedicine, as well as in collaboration with two expert physicians throughout the project, we offer three
design goals to prevent gaming, balance between consensus guidelines and clinician tendencies, and minimize
extrinsic cognitive load. These goals contributed to the design and development of iConTutor, a contouring
platform with three feedback mechanisms that provide not only an averaged consensus recommendation but also
allow users to explore the degree of variability among expert physicians. We evaluated iConTutor in nine-step
lab studies with residents (N=9), including pre-/post-tests and retrospective think-alouds. Comparing post-test
and pre-test revealed a 32% increase in accuracy, suggesting potential benefits of timely and diverse feedback
for patient safety. The participants also valued the three feedback mechanisms for the light-touch, skill-based,
and awareness-cueing techniques, and further highlighted the potential of iConTutor in improving contouring
skills of novice- and senior-residents. The design goals of this paper have the potential to also transform other
healthcare residency programs, contributing to higher quality in healthcare training and ultimately, patient care.

2 Related Work
This section describes the critical role of contouring in radiotherapy treatment, common techniques and resources
for contouring education, as well as interactive learning tools that employ timely and diverse feedback.

2.1 Contouring: Critical Step in Radiotherapy Treatment
Radiotherapy is a type of cancer treatment that uses targeted and high-dose radiation to destroy tumorous cells
while maintaining the safety of nearby healthy organs. A critical step in this process is the identification and
delineation of cancerous and at-risk tissues on volumes of patient cases, sometimes up to hundreds of medical
images (e.g., CT scans and MRIs) per case [16]. This complex task, also known as contouring, is typically performed
by radiation oncologists, a specialized subset of physicians. The primary goal of contouring is to accurately
distinguish cancerous tissues from surrounding organs at risks, thereby defining the target regions for radiation
therapists to deliver the prescribed dose according to the treatment plan. Contouring interleaves many actions,
broadly defined in three categories [66]: setting up the layout and images, delineating contours via techniques
such as outlining, fine-tuning, and smoothing, and navigating images on different slices and views. The exact
sequence of actions often varies among physicians; for instance, while some might place rough outlines, navigate,
and then fine-tune all placed contours, others might choose to finalize contours on each slice before navigating
to adjacent images [66].
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Contouring is known as the weakest link in radiotherapy treatment, due to the complexity of the procedure
and the unfortunate wide-scale errors that can lead to detrimental consequences for patient safety. Contouring is
a complex procedure that necessitates careful consideration of various anatomical and clinical factors, including
treatment context (e.g., clinical symptoms), tumor context (e.g., size and growth direction of tumor), and tumorous
areas (e.g., satellite regions)[8]. The difficulty of contouring often leads to wide-scale errors in patient planning;
multi-institutional trials have reported that up to 81% of the initial treatment plans contained major errors that
required revisions [36]. Accurate contouring in radiation therapy critically depends on the expertise of radiation
oncologists, and higher patient volumes often contribute to the development of this expertise. Clinical trials have
shown that low-accruing centers (with fewer patients) have both higher protocol violations and worse outcomes,
with an 18 percentage point difference in 5-year overall survival compared to high-accruing centers [64]. Given
the high stakes involved, contouring errors can lead to detrimental consequences for patient safety, including
decreased survival: a major clinical trial for pancreatic cancer revealed that contouring errors led to a 16% decrease
of median survival from 1.74 to 1.46 year [1].

Despite advancements in computer vision and continuous efforts to automate contouring [42, 47], current
algorithms face several critical challenges that hinder their adoption in the real-world clinical practice. These deep
learning-based algorithms have been shown to yield high variability in segmenting structures, such as just over
70% for esophagus and close to 100% for rigid structures like lungs [47]. The lack of adoption of these algorithms
in radiation oncology stems from the lack of “gold-standard” contouring solution, physician accountability in
high-stakes medical procedures, as well as the adaptability of these models to real-world patient cases. The most
prominent adoption barrier is the inherent subjectivity of contouring, which leads to substantial inter-observer
variability [12, 20, 60]. Even among expert physicians, contouring outcomes can differ due to variations in clinical
judgment and risk assessment; some may choose broader contours to ensure full coverage, while others may
be more conservative and prioritize protecting nearby healthy tissues. Another challenge is the dependence
on high-quality training data, which is particularly difficult to obtain in the medical domain due to privacy
constraints and the labor-intensive nature of expert annotations [22, 27]. Besides, these models often perform
poorly when applied to cases that fall outside the specific patient and anatomical structures that they are trained
on [30, 71]. As a result of these limitations, manual contouring by physicians remains the standard in clinical
practice, and this paper focuses on improving contouring education within this context. This work aims to lessen
contouring errors and contribute to the overall quality of radiotherapy treatment. The design goals introduced in
this paper provide a pathway to implement timely and diverse feedback in contouring education.

2.2 Contouring: Training Methods and Tools
Quality contouring education is a cornerstone in improving overall quality of radiotherapy treatment. The
current residency programs in radiation oncology rely on an apprenticeship model of training, where residents
gain experience and receive feedback from experienced physicians. However, the availability of experienced
physicians is often limited due to their dual responsibility in teaching and clinical practice; this ultimately leads to
prolonged delays in feedback exchange and reduced hands-on learning opportunities [65]. The rapid advancement
of radiotherapy has further underscored the need for improved training in this domain. Thus, there is a growing
recognition to incorporate structured radiation oncology education early in medical school curricula [53].

To improve the quality of education in contouring, there has been an increasing shift towards flexible and
on-demand digital learning [39]. Multiple platforms have been proposed aiming to enhance access and provide
on-demand learning experiences. For example, eContour [57] is a browser-based contouring platform that offers
a pre-populated atlas of patient cases and contours, and has been shown to improve both contouring accuracy
and anatomical knowledge [28]. Yarmand et al. [70] developed a prototype that compares learner contours
against experts and provides accuracy (in terms of percentage of overlap) after the learner submits their contour
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for review. Similarly, Mazur et al. [51] demonstrated that simulation-based training can improve procedural
adherence among radiation therapy professionals while fostering the development of new skills and knowledge.
Lastly, other works aimed to provide flexible practice opportunities that traditionally rely on standalone desktop
and mouse set-up, such as VRContour (that provides a mixed 3D and 2D contouring environment) [17] and
iContour (which introduces an interface compatible with everyday touch devices) [66, 69].

While these training strategies and tools improve contouring practice and learning, they generally lack timely
and diverse feedback, two critical components of effective learning. Common feedback exchange techniques
(e.g., contour hand-offs in the apprenticeship model [65]) often provides feedback long after a contouring session
where the learner has completed an entire case with sometimes many image slices. Yarmand et al.’s prototype [70]
moves toward real-time feedback by providing guidance right after each contour submission. However, especially
when residents need to contour tens or hundreds of slices [16], early feedback around core anatomical reasoning
helps them carry this knowledge across the entire case and avoid wasting time delineating images with flawed
understanding [65]. As such, real-time guidance during the contouring session has the potential to drastically
improve learning. Contouring education (embodied by one-on-one apprenticeship training) also relies on feedback
from one expert physician, despite the subjective and unstructured nature of contouring. Understanding broader
tendencies in contouring can help residents gain more robust contouring skills. Our work addresses these two
overlooked (yet, crucial) factors of quality contouring education via the design and development of iConTutor.

2.3 Timely Feedback: Enhancing Learning Outcomes in Interactive Educational Tools
Many interactive educational tools benefit the learning process via delivery of timely supplementary material and
personalized hints. The timing of feedback is particularly critical in these environments, as it directly influences
learner engagement and educational outcomes; prior research shows that students’ interest and engagement
with the learning material lowers as the delay in receiving feedback increases [11]. Another study demonstrated
that students who received immediate feedback significantly improved learning outcomes [3].

Given these benefits, many systems (in different settings) explored and designed the use of timely feedback. For
instance, CritiqueKit [25] is a mixed-initiative system that provides real-time suggestions to help students give
higher-quality peer input; by leveraging a reusable feedback corpus and allowing user corrections, it promotes
immediate and actionable feedback. Another example is ADRD (Adjacent Display of Relevant Discussion) [67],
which dynamically surfaces and presents contextually relevant forum posts next to instructional videos right at
moments of potential confusion. This design enables just-in-time peer feedback without interrupting the learning
flow, which leads to increased confusion resolution and engagement compared to traditional forum layouts.
Intelligent tutoring systems are also a prominent line of educational technology (e.g., Cognitive Tutor [6] and
Auto Tutor [29]) that leverage bespoke-designed decision trees to determine learners’ unique cognitive models
and provide just-in-time hints.

While these systems studied the value of timely feedback in various forms, there remains a lack of research on
immediate feedback mechanisms in the medical training, particularly for contouring tasks that involve a complex,
multi-step process. This paper offers design guidelines and implementation techniques that can help foster timely
feedback in contouring education.

2.4 Diverse Feedback: Wisdom of the (Expert) Crowds in Learning Tools
Crowdsourcing has been a promising approach in addressing the gulf of expertise: the scarcity of skilled experts,
in addition to the need for diverse feedback for complex and unstructured tasks, necessitates going beyond the
traditional methods of seeking expertise. A systematic review by Jiang et al. [35] found that crowdsourcing has
been widely utilized in education to create learning content, provide practical experience, exchange
complementary knowledge, and augment abundant feedback. Prior HCI works have introduced systems aimed to
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match learners with diverse expertise that, otherwise, would not be available to them. For instance, Atelier [59]
connects novice workers with mentors who break down tasks and provide oversight. Besides, Ichinco [34] offers
a workflow to crowdsource feedback from experienced programmers and distribute among novice programmers.

In medical education, many works advocated to bridge access to scarce expert physicians, especially for
gaining complex and high-stakes medical skills. The apprenticeship model of residency programs is a prominent
example. Despite the direct supervision from one expert physician, residents are often left without feedback
from a diverse crowd that can reveal crucial tendencies in contouring. Dai et al. [19] conducted a systematic
review demonstrating that crowdsourced assessments of surgical skills show strong correlation with expert
evaluations, highlighting their potential for providing well-rounded feedback to learners. The effectiveness of
crowdsourcing in medical education has been demonstrated in various contexts. For example, Bow et al. [13]
developed a crowdsourced learning system that enabled medical students to collaboratively create and edit their
study material in the form of flashcards; students who engaged in this system outperformed their predecessors
who did not have access to it, while also benefiting from a collaborative learning environment.

In radiation oncology (like many other medical disciplines), the absence of a universally accepted “gold
standard” for contouring further complicates training and necessitates the need for tools and approaches that
incorporate diverse expert feedback. This paper contributes to this critical gap by developing and testing a
learning system that incorporates expert feedback during contouring sessions.

3 System Design and Implementation
We developed iConTutor by first defining key design goals aimed at enhancing learning through timely and
diverse expert feedback. Guided by these goals, we designed three feedback mechanisms targeting different
contouring needs. Finally, this section describes system implementation details for the three feedback mechanisms.

3.1 Design Goals
The design of this tool followed three goals unique to learning systems, medical apprenticeship, and contouring
education, and was informed by the two overarching principles of this work (i.e., diverse and timely feedback).

[DG1] Prevent Gaming Behaviors in Learning Tools — Gaming the system commonly occurs in learning
environments in which the learners exploit the feedback mechanisms of the system to succeed rather than
focus on learning the material [9]. A common behavior (particularly seen in intelligent tutoring systems) is to
continuously activate the tutor until the system reveals the correct answer [5], or exhausting all possible options
(e.g., in multiple choice questions) until the student selects the correct answer [18]. As such, we aimed to design
intentionally vague feedback mechanisms that gently guide residents’ awareness to anatomical regions of the
images without revealing the final answer. This awareness-cueing technique can make it difficult to extract final
answers by repeatedly trying out the feedback feature without reflecting on the underlying lessons. In addition,
awareness-cueing can especially help learners in fuzzy moments: when learners don’t know what they don’t
know, and hence, are incapable of seeking explicit guidance [67, 68].

[DG2] Balance betweenConsensus and Tendencies—Complex learning tasks are often void of a “gold-standard”
solution.These tasks involve many trade-offs, making the final outcome subject to relevant circumstances and even
personal preferences. Varying contouring styles stem from the trade-off between applying radiation to tumors
and potentially damaging nearby healthy organs: given expert physicians’ past experiences and interpretations
of the patient case, some might be likely to apply higher dose to tumors, at the risk of damaging nearby healthy
tissues, while others might tend to preserve more of nearby organs. The apprenticeship model of training in
residency programs lacks diverse feedback and only facilitates feedback exchange with one physician. While
consensus guidelines represent the commonalities among multiple experts, there is immense value in learning
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Fig. 1. Interface and feedback mechanisms of iConTutor, a learning tool that leverages contours from expert physicians to not
only present a consensus solution in real-time, but also show the inter-expert variability that is often hidden from learners due
to the one-to-one apprenticeship model of residency programs. This tool offers three types of feedback: (Feedback a) When
dragging the brush, if the center of the circle lies within consensus, it turns green. When the brush is outside consensus but
within composite (i.e., union of all expert contours), it turns orange. Lastly, a red brush indicates regions outside composite.
(Feedback b) A similar color scheme applies when the contour is placed and dots appear on the user contour: for example,
orange dots indicate that these dots lie outside consensus and within composite regions. (Feedback c) The tool displays
targeted regions to be included and avoided via an arrow and a note which can be expanded for more details.

about granular (and often, differing) tendencies within experts [35]. The feedback mechanisms of this tool aim to
distinguish and balance between consensus feedback and the broader expert tendencies.

[DG3] Minimize Extrinsic Cognitive Load in Contouring Education — Contouring demands high cognitive
load from physicians who have to simultaneously consider many factors like patient history, areas at risk for
harboring tumor, and organs at risk [8]. As such, just-in-time feedback mechanisms should balance between the
provided learning resources and the main contouring procedure. This balance between the the mental workload to
accomplish the task (intrinsic) and the cognitive workload needed to engage with the provided feedback (extrinsic)
is often discussed in educational psychology literature as part of the Cognitive Load Theory [55]. For a task like
contouring that carries a high intrinsic cognitive load (due to the need to account for treatment context, tumor
context and tumorous areas [8]), it is essential to minimize extrinsic cognitive load for contouring educational
tools. Excessive and obtrusive feedback can not only diminish learning gains, but also prolong contour delineation
— that can already take up to 30 hours per patient [7] — and putting patients at risk. Our learning tool aims to
facilitate this balance by closely defining the what (i.e., digestible content snippets), the when (i.e., during idle
times), and the how (i.e., easily dismissible feedback).

3.2 Design and Development of iConTutor, a Training Tool with Timely and Diverse Feedback
Informed by core contouring actions [66] and the design goals presented in Section 3.1, we developed iConTutor, a
browser-based contouring application with feedback mechanisms that provide timely and diverse expert feedback.
The following three components facilitate the main contouring functionalities (as shown in Figure 1):
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Canvas – The largest section of the interface, the canvas, renders selected medical scans from a DICOM file
stack (i.e., Digital Imaging and Communications in Medicine, the standard format for medical imaging) using
cornerstone API. The users perform contouring with the brush tool that features a circular marker that follows
the user’s pointer, implemented via Paper.js library. Dragging this brush across the canvas allows users to
define enclosed regions. If no existing contour is present, a new structure is outlined. When intersecting with an
existing contour, the tool refines its shape: pulling it outward when dragged from inside and pushing it inward
when dragged from outside. This switching between outlining and refining streamlines delineation.

Control Buttons - We designed and implemented seven toggle buttons and sliders in the right panel: Draw,
Pan, Delete, Submit, and toggle buttons for three feedback, including Dots, Brush, and Arrow and Notes. The Draw
button changes the system to contouring mode, Pan button enables panning mode, Delete button deletes all
contours on the current slice, and Submit button submits the contours. The three feedback buttons toggle on
or off the corresponding feature. To the left of the buttons, a vertical slider adjusts the brush size. Placing this
slider near the canvas accommodates the frequent need for physicians to switch between large brushes for broad
outlining and smaller brushes for detailed refinement on each slice.

Navigation – A slice scrolling selector, positioned to the right of the canvas, offers an intuitive way to navigate
through image slices. This UI element allows for both precise selection of specific slices and rapid comparison
across multiple images. The users can also navigate through slices by using the mouse wheel while the cursor is
placed on the scrolling selector.

In addition to core contouring functionalities, iConTutor provides three feedback mechanisms. The feedback
content used in this work comes from two sources. First, we worked closely with two experts from UC San Diego
Health (one attending faculty and one senior resident) to identify regions of interest and develop medical notes
and guidance. The two experts had previously worked together during a medical rotation and collaborated on
research projects. Second, we leveraged the crowdsourced expert feedback previously collected as part of the
C3RO project (Contouring Collaborative for Consensus in Radiation Oncology) [61]; the C3RO project led to a
publicly-available dataset containing segmentations of critical regions for radiotherapy treatment. Specifically, we
used the breast cancer case with contours from eight expert physicians, not only for the clinical target volumes,
but also the nearby organs at risk. These eight contours contributed to two core areas used for the color schemes
in the feedback mechanisms: (1) consensus (generated via the STAPLE method), a probabilistic algorithm for
combining multiple segmentations [62], and (2) composite, the union of all eight contours, designed to help
learners understand the degree of acceptable variation in contours across multiple experts. The rest of this section
describes the three feedback mechanisms and how they align with the design goals in Section 3.1:

(Feedback a) Brush: Changing Brush Color when Outlining Contours — This feedback initiates as early
as the learner starts delineating by tracing regions on the medical images (Fig. 1–a). The brush (that is used for
contouring) changes colors according to where the center of the brush lies by comparing coordinates of the brush
and the underlying contours. If the center is within the consensus contour, the brush becomes a green circle.
Moving the brush outside of consensus (but still within the composite) changes the color to orange, and once
fully out of the composite, it turns red.

Changing brush color makes a distinction between consensus and tendencies via two different colors [DG2],
and aims to minimize cognitive load by solely changing color of an existing element (without adding separate
visuals on the canvas) [DG3]. Lastly, given that the center of the circle indicates color, yet the perimeter of
the circle shapes contours, this separation can provide sufficient vagueness to prevent gaming the system and
encourage learning the underlying anatomy [DG1].
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(Feedback b) Dots: Color-coded Dots Placed on Learner Contours — The second type of feedback (Fig. 1–b)
activates immediately after the color-coded brush feedback (with every release of the mouse), in which dots
appear on the learner contour to point out clues about the regions underneath. Instead of directly validating the
placed contour, the dots inform whether the regions that they fall onto are within consensus (green), outside
consensus but within composite (orange), or outside composite (red). To calculate the frequency and placement
of the dots, iConTutor first calculates the number of distinct segments within the contour, multiply this number
by 0.7 while upper-bounding by 10 (defined via trial and error with expert physicians), and randomly select
segments that encapsulate the dots. In this method, the areas that are refined more and have more segments
are likely to contain more dots; meaning, learners are likely to receive more feedback on more complex and
clinically significant areas. The dots should appear at a controlled frequency that while guiding the learners
towards important regions of contouring, avoid revealing too much information.

Limiting the density of the dots crudely informs the correctness of the placed contour and aims to lessen the
likelihood of gaming the platform [DG1]. Also, the small size of the added dots mitigate crowding the interface,
and hence, the cognitive load of contouring [DG3]. Lastly, the color-scheme (same as the dots) distinguishes and
balances between contouring guidelines and tendencies [DG2].

(Feedback c) Arrows and Notes: Targeted Avoid and Include Regions — This feedback aims to emphasize
nearby Regions of Interest (ROIs) that according to consensus guidelines should always be included (i.e., unique
areas subject to tumor recurrence) or fully avoided, such as lungs. Overall, we included five avoidance regions
and three inclusion areas, and for each region, we developed short and long explanations of why the region
should be avoided or included. When learner under-contours an include region or over-contours an avoid region
(thresholds defined and tested with medical collaborators), the tool displays an arrow pointing to the region. The
arrows are rendered by HTML Canvas 2D API, and the placement of the arrow is determined by the center of
the targeted ROI via extracting coordinate points of the contours and calculating the center points. All points
are calibrated to the current zoom scale and pan location to ensure the correct placement of ROI relative to the
medical image. Simultaneously, the short description appears in-situ of the medical images and provides a learn
more option to show the longer description, if the learner chooses to engage with the feedback in more depth.
Given that learners’ contours can conflict with multiple critical regions at once, this feedback mechanism orders
conflicts based on severity (determined by overlap percentage) and only provides the arrow and note for the
most severe region each time feedback is triggered. The two participating experts collaboratively curated the
content for both the short and long descriptions and defined severity levels for each ROI.

This feedback mechanism satisfies [DG1] by showing an arrow pointing to ROIs instead of displaying the exact
region boundaries. Also, the combination of arrow and notes prioritizes learning core topics based on consensus
guidelines, more so than the existing tendencies [DG2]. Lastly, besides showing only the most severe conflict
at every point, providing content in-situ of the main workspace is a common technique used to minimize the
cognitive load of learning tasks [DG3].

4 Methods
We conducted nine, 65-minute user sessions with radiation oncology residents (out of a cohort of ten residents at
a large teaching hospital) who went through nine study phases: starting from establishing a contouring baseline,
the residents solved real-world contouring tasks via iConTutor (with automatic and manual feedback), and lastly
participated in retrospective think-alouds. We performed a mix of quantitative and qualitative analysis methods.
The Institutional Review Boards (IRB) approved the study protocols.
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4.1 Study Design
The participants engaged in a number of real-world contouring tasks. We define a contouring task as a unique
combination of a patient case (e.g., breast) and a specific volume of the CT scan (i.e., a distinct range of image slices).
Given this definition, we curated different tasks for this study. We used the same task (the same target structure
and range on identical DICOMs) for both pre- and post-contouring steps in order to ensure fair comparison
and accurate capture of learning gains; it is common for pre-/post- test studies to facilitate identical assessment
instruments in order to measure exact learning gains, such as in STEM [48] and medical education [4]. We
designed different tasks for the two feedback steps to facilitate broader anatomical learning and avoid direct
task-specific learning effects. The residents participated in 65-minute individual sessions; we allocated the times
for each step (including contouring durations) in close consultation with the two expert physicians who had
extensively worked with trainees at this level. The sessions consisted of the following nine steps:

(1) [2 mins] Pre-survey — Residents first completed a brief survey covering their demographic information
(i.e., age and residency year), prior experience with breast cancer cases (the anatomical focus of this study), and
training strategies (i.e., educational resources used).

(2) [7 mins] Familiarization with interface and case — We then introduced the participants to the iConTutor
interface and system features. The first author guided the residents through the interface layout and core
contouring functionalities, including the canvas, tool controls, slice navigation, and brush behavior. Participants
were also shown how to adjust brush size, delete contours, zoom, pan, and move across slices. At this stage, we
aimed to mainly familiarize the participants with the core contouring features and the patient case, without
introducing any of the feedback mechanisms. For the last 5 minutes of this phase, participants self-explored the
breast case and interface. To further structure this session and cue the attention of participants to important
components of contouring in the later steps, we provided the following prompt: “please use the next 5 minutes to
contour the lung anywhere in the range of slices 20 to 100. Please use this time to play around with the interface and
get familiar with the anatomy of this case, which is a postmastectomy breast and regional nodal radiation that will
be treated with IMRT based planning.” This exploratory task intended to ensure that participants gained sufficient
familiarity with the tools and anatomy prior to the main study activities. It also aimed to minimize carry-over bias
in later phases by reducing the likelihood that performance differences were caused by interface unfamiliarity
rather than feedback interventions.

(3) [3 mins] Pre-contouring — Participants completed a 3-minute baseline contouring task (Task A). This task
aimed to establish baseline expertise, and served as a reference for evaluating performance changes in later parts
of the study. The prompt was: “please contour CTV Chestwall in slices 65-70 in the next, at most, 3 minutes. The
earlier you finish, the earlier we can move on to the next part of the study.” This phrasing aimed to balance accuracy
and time spent, two critical (and often, conflicting) success factors in contouring [69]. We disabled all feedback
mechanisms during this step.

(4) [5 mins] Familiarization with feedback — Following exposure to the core contouring functionalities,
this step introduced the three contouring mechanisms embedded in the system: (1) changing brush color when
outlining contours, (2) color-coded dots placed on learner contours, (3) and arrows and notes for under or over
coverage of target regions. The first author explained the purpose and behavior of each feedback type using a
demonstration without the underlying medical images (i.e., the right-most column in Figure 1). This stage aimed
to familiarize participants with interpreting and interacting with the provided feedback in subsequent sessions.

(5) [10 mins] iConTutor with automatic feedback — The participants completed a new 10-minute contouring
task (Task B). All three feedback types were activated automatically throughout the session, in order to expose
the participants to all three feedback types. The automatic activation is determined by the overlap percentage

ACM Trans. Comput. Healthcare

 



10 • Yarmand et al.

between user’s contour and the target regions with set thresholds (defined and tested with medical collaborators):
for instance, if the learner contour covers more than 90% of lungs (a region that is meant to be avoided), the
system gauges severe enough error to initiate feedback. The prompt given was: “please contour CTV chest wall
in slices 70-80 in the next 10 minutes.” Participants were given a verbal reminder half way in the session to help
them pace their work. We recorded the screen to later conduct a retrospective think-aloud. This phase facilitated
real-time and system-driven feedback of iConTutor, and also aimed to provide hands-on experience with the
three feedback mechanisms before the next, manual session.

(6) [10 mins] iConTutor with manual feedback — Participants then completed another 10-minute contouring
task (Task C). Unlike the last phase, participants had full control over enabling or disabling any of the three
feedback mechanisms in the session. The prompt in this step was: “please contour the elective lymph node CTV in
the supraclavicular area in slices 30-40 in the next 10 minutes.” Participants were also given a verbal reminder 5
minutes before the end of the session. Similar to the automatic phase, we recorded the screen for further analysis.
This phase assessed how residents chose to engage with feedback features when given full control over their use.

(7) [3 mins] Post-contouring — To assess potential performance change and learning gains after the feedback
sessions, participants repeated the same task as in the pre-contouring phase (Task A, including the same set of
images) for 3 minutes under identical conditions and instructions. This allowed for a within-subject comparison
of contouring performance before and after interacting with the iConTutor system and the incorporated feedback.

(8) [5 mins] Post-survey — The participants completed a post-session survey assessing the perceived usability of
the tool (via the ten questions of System Usability Scale [10]), and eight questions for perceived learnability [43].
The learnability questions measured different aspects of learning such as motivation and real-world application.

(9) [20 mins] Retrospective think-aloud — Lastly, the participants engaged in a retrospective think-aloud [58]
while viewing recordings of their own contouring sessions (both automatic and manual). The purpose of having
retrospective (as opposed to concurrent) think-aloud sessions was to reduce the additional mental load of
verbalizing for the participants and enhance their natural performance [31]. They had full control of playback
(pause, rewind, and fast-forward) to reflect on their decisions, points of confusion, and use of feedback. We ended
the session inquiring about overall perceptions of iConTutor, and to what extent the residents would prefer to
engage with this tool in their residency programs.

4.2 Participants
We recruited participants through the mailing list of the Radiation Medicine department at UC San Diego Health,
one of the largest research and teaching hospitals in the United States. Nine residents participated in the study
(out of a cohort of 10 residents). Participant demographics, collected via a pre-survey, showed an age range
of 28 to 44 years and included seven male and two female residents. Training levels ranged from residency
year 2 (PGY2) to PGY5, with a median level of PGY3, reflecting diversity in both age and clinical experience.
At this institution, residents are required to complete 350 contouring cases across the 5 years of residency. All
participants had completed at least one clinical rotation in breast cancer, with two participants reporting multiple
rotations; each rotation often includes 30 cases. In addition, all participants reported prior use of eContour [57],
a widely-adopted, browser-based contouring atlas that provides pre-populated patient cases and contours to
support anatomical learning. All participants, however, had never seen iConTutor prior to the study, including
any of the feedback features.

4.3 Data Analysis
The analysis of the participant sessions followed a mix of quantitative and qualitative techniques.
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Statistical Analysis — To assess differences in contouring accuracy between the pre-contouring and post-
contouring phases, we employed the Wilcoxon signed-rank test [63]: a non-parametric test for comparing two
related samples. We applied this test to participants’ average Dice Similarity Coefficient (DSC) per slice to
determine whether post-contouring performance significantly improved accuracy over the baseline. DSC is a
common measure in radiation oncology [23] to gauge the similarity between two structures with a score from
0 (no overlap) to 1 (perfect overlap): the two structures in our analysis are the participant’s contour, and the
consensus contour of the target volume comprising eight expert faculty from the C3RO dataset [61].

Log-based Analysis — During each contouring session, we collected detailed interaction logs capturing every
user action. Each data point in the log contained the following information:

• type of action (e.g., outlining, refining, and navigating),
• start and end time of each action,
• slice number that the action was initiated in,
• resulting DSC score with the target volume, and
• percentage overlaps between the user’s contour and each target region.

All logs were stored on a backend server and later used to analyze user behavior and tool usage patterns, as well
as changes in contouring performance.

We later generated visualizations that represent these actions over the course of a session. Time-series plots
were generated to track DSC progress across the session duration, with overlaid annotations indicating feedback
periods (during the automatic phase) and specific feedback mechanisms used (in the manual phase). To assess
overall improvement, we used bar plots to compare average DSC values before and after feedback intervention.
These visualizations support both individual-level analysis and group-level comparisons across conditions.

Multi-modal Thematic Analysis — We examined the think-aloud sessions via a reflexive thematic analysis [14,
15], including the text-based transcript and video-based screen recordings. The first author — an experienced HCI
researcher with extensive research in healthcare (and especially, radiation oncology) — initially built familiarity
with the data by actively reading (and re-reading) the transcripts that were mapped to the video recordings, and
later conducted data-driven coding (i.e., open coding) on content related to the feedback mechanisms and overall
contouring education. Lastly, pairs of authors iteratively searched and reviewed the codes to create sub-themes,
and later themes.

5 Results
This section describes the results of a mixed-method analysis of the contouring sessions.

5.1 iConTutor improved contouring accuracy and yielded high usability and learnability scores
Figure 2 shows that the participants significantly improved contouring performance when comparing post- and
pre-test results, as measured by Dice Similarity Coefficient (DSC). The DSC scores increased from an average of
0.6371 (pre-test) to 0.8408 (post-test), a significant 32% improvement in contouring accuracy (p<.0001). Appendix C
shows the DSC scores of each participant during the pre- and post-tests, in which they generally stayed consistent
throughout the session.

The residents also rated iConTutor highly in terms of usability and learnability. The overall System Usability
Score (SUS) for iConTutor was 77.78 which falls well in the “acceptable” range (>70) [10]. As demonstrated by
Figure 3, the participants highly valued the learning benefits of iConTutor. Notably, all participants assigned
agree or strongly agree when applying the learning benefits gained from iConTutor for real-context scenarios, a
critical factor for bridging between educational and clinical contexts.
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5.2 Residents benefited from timely and diverse feedback, yet raised need to balance load
The participants valued the timeliness and diversity of feedback provided by iConTutor: especially in contouring
education that revolves around one-to-one apprenticeship, residents typically have to wait for an extended
amount of time before they get feedback from their assigned faculty. Many residents expressed the instrumental
benefit of timely feedback, in contrast to what they typically get as part of residency programs. The participants
especially appreciated the role of iConTutor when learning new disease sites, as mistakes can be pointed out
early before spending a long time contouring while having an incorrect understanding of the anatomy:

I definitely think for my first prostate cases, this tool would be very helpful, because we don’t
have any formal, like, this is how you do this. We just draw something and then eventually our
attending will look at it and say, this is what you did wrong. Whereas this tool could tell me at the
time. (P2)

Some participants further indicated that unlocking the full potential of iConTutor requires more exposure and
getting used to the idea of expecting and receiving feedback during contouring sessions, as explained by P8:

I’m not used to having real time feedback as I’m contouring. Usually, you spend an hour contouring
something and then you get the feedback afterwards that it was terrible and you wasted your time.
So it’s nice to get it in real time. Although that’ll take some getting used to. (P8)

P8 shared this point after having missed an arrow and note about the scar tissue because he was too focused
on the contouring task; while this participant highlighted the importance of including this region, he originally
missed the feedback given that“he was too busy chasing [his] edges out of the lung” (P8).
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Fig. 2. Average contouring accuracy per slice (measured by DSC) for pre and post tests. The red bar represents the pre-test
DSC, while the green bar corresponds to the post-test DSC. Error bars indicate the standard error of the mean. Post-test
produced higher average DSC per slice (0.8408) compared to pre-test (0.6371) with a 32% increase (p<.0001).
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The unfamiliarity with real-time feedback (and residents’ varying adaptability skills and contouring expertise)
likely contributed to mixed opinions about the mental load introduced by iConTutor. While some participants
found getting all three feedback “too over-stimulating” (P2) — and as such, opted to only turn on dots in the
manual phase — others felt that “it’s not overwhelming to have all three on” (P7).

The residents further appreciated having access to diverse contouring styles, beyond what they would normally
get from their assigned faculty. As mentioned in Sec. 2.1, contouring plans are not one-size-fits-all solutions;
expert physicians’ differing strategies can range from applying mild radiation to preserve healthy tissues, to
more aggressively targeting the tumorous areas. For instance, P8 expressed interest in learning about contouring
tendencies that may prioritize protecting the airways even with the tradeoff of delivering less radiation:

Depending on what faculty you work with, these volumes can be different. People like to do
different things or stay further away from the airways. So I’m surely interested to see what this
tool would recommend. (P8)

Despite the potential learning benefits of displaying tendencies, some participants revealed that the additional
cognitive load can hinder contouring, especially for junior residents who can be new to contouring. To manage
the load for early residents, P9 suggested de-coupling the features for consenus and composite contours:

[for someone in the first week of their rotation] I think probably it just helps to have the consensus
as your gold standard and then maybe you have a feature for turning on the union of contours.
You get a sense of what is acceptable variation, but I think if you gave that from the outset, it
might be information overload. (P9)

Using this tool, I was more 
interested to learn the topics.

Using this tool, I learned a lot of 
factual information in the topics.

Using this tool, I gained a good 
understanding of the basic 
concepts of he materials.

Using this tool, I learned to 
identify the main and important 
issues of the topics.

Using this tool, I was interested 
and stimulated to learn more.

Using this tool, I was able to 
summarize and conclude what I 
learned.

The learning activities of the tool 
were meaningful.

What I learned on this tool, I can 
apply in real context.

Strongly Disagree
Disagree

Neutral
Agree
Strongly Agree

0% 100%25% 25% 50% 75%

Fig. 3. Eight Likert-style statements regarding the learnability of iConTutor. Most participants highly rated the learning
benefits of this tool. Notably, all participants answered “agree” or “strongly agree” to the last statement about applying
learning gains in real-world settings, a critical factor for bridging between educational and clinical contexts.
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Fig. 4. The change in contouring accuracy (measured by averaged DSC scores across all participants) for (a) iConTutor with
automatic feedback and (b) iConTutor with manual feedback. (a) illustrates the DSC progress over time during the automatic
phase. The background shading denotes periods where feedback mechanisms were active; darker regions represent more
participants having received feedback. The consistent upward trend in DSC suggests continuous progress over time, with
notable improvements during early parts of the session. (b) illustrates the evolution of the DSC progress over time during the
manual phase. The shaded red region in the background denotes periods during which the dots feature was turned on, while
the blue diagonal hatching highlights intervals when the brush feature was turned on. Solid vertical lines represent moments
when an arrow was triggered and the participant clicked to “learn more” about the region, whereas dotted vertical lines
represent arrow triggers where the “learn more” feature was not used. Across all participants in the manual phase, the arrow
was triggered 24 times, with participants clicking “learn more” on 5 instances.

5.3 Three feedback mechanisms facilitated three unique learning benefits
Figure 4 demonstrates the improvement in contouring accuracy when iConTutor triggered the three feedback
mechanisms, automatically (a) and manually (b). Both line graphs denote a persistent upward trend starting from
approximately 65% accuracy tapering to around 80% by the end of the session, with faster rates in the beginning.
As evident in the cumulative automatic phase in Figure 4(a), as well as the individual graphs in Appendix A, the
trigger of feedback (i.e., dark regions) generally led to an increase in accuracy given that it prompted the learners
to fix the raised issues (e.g., remove the red dots that appear on the contour). During the manual phase, Figure 4(b)
showcases the durations in which the residents kept dots and brush feedback toggled on, as well as the instances
that triggered the arrow and notes feedback, and when residents sought to view the longer descriptions via the
learn more button. Appendix B depicts feedback usage in the manual phase, per participant.

Arrows and Notes — The participants indicated important learning opportunities from the arrows and notes, and
further highlighted that novice residents might benefit the most from this feedback mechanism. Most residents
already knew about the regions represented by the arrows, yet the arrows helped them to pay additional attention
to these critical landmarks, as pointed out by P7:

After I read [the note], I think I spent a little more time in that area, especially when I did it the
second time, to be careful about covering that. So I think that was helpful because the focus of my
mind shifted more to that, than necessarily being perfect elsewhere with my contours. (P7)
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P7 proceeded to be “more generous up into the scar” (P7) after the arrow recommended more coverage of the scar
region. Many residents further acknowledged that these arrows can provide substantially more benefits to junior
residents who might not have mastered understanding these core regions, compared with mid- and senior-level
residents. For instance, P3, a third-year resident who already had prior experience contouring breast cases, paid
limited attention to the arrows:

[The arrow] was pointing to the scars. I knew what it was saying, you know, cover that. So that’s
what I assumed. But if I was coming at it without any background, I think I would have taken
more time and maybe looked around some more. (P3)

P4 compared arrows and notes to a watchalong session, a method of feedback exchange used for training junior
residents in a hands-on format: P4 deemed arrows and notes similar to how “[their] attending points out this or
that structure, and that’s an important reference point for this reason or that reason” (P4) and ultimately “would
have liked more of it to point out useful anatomy or avoidance structures” (P4).

Dots — Dots was the most frequently enabled feedback mechanism, as the participants used it to fine-tune
boundaries informed by consensus (green dots) and tendencies (orange dots). Much of the residents’ preference
over the dots stemmed from its ease-of-use and intuitiveness to refine region boundaries, as evident by P9: “I like
the dots a lot. I feel like as a radiation oncologist, I’m always thinking about the boundary, and so I think the dots are
just very intuitive” (P9).

While the participants always removed the red dots, they refined contours differently given green and orange
dots. Their strategies often stemmed from their perception of the existing variation in expert contours. Some
residents followed a more conservative approach and strictly aimed to only allow green dots: “in my mind, green
is the right answer” (P7). Others, however, fully treated orange dots as part of the correct answer: “I’m OK with
orange because contouring is very attending dependent and so some attendings cover more than other attendings. So
for me, if any attending would have drawn that, then that’s appropriate in my eyes” (P2). Lastly, some residents
were cautious about incorporating orange dots as part of their contour, indicating that their decision relied on
the anatomy of the region:

To me, orange is acceptable in this case where I have clear boundaries, like the lung interface with
the chest wall […] I probably wouldn’t change my contour based on the orange in these situations
if I have a clear line or a clear boundary. (P5)

Brush —The brush feature especially helped residents decide on large regions and determine the general direction
of shrinking or expanding contours. While the participants primarily used dots to refine their contour boundaries
on a granular level, sweeps of the brush tool informed excluding or including large structures. P9, for instance,
shaved off large portions of his contour with three sweeps of the brush that indicated red throughout: “I was
tracking, is my circle turning orange at all? And then I realized, wow, they really don’t want me to cover this, because
classically this is the entire blood vessel” (P9). The participants also used the brush tool to determine how to
expand their contours (i.e., what areas to include). Often, the residents started with small contours and gradually
expanded to cover the entire tumor regions; when unsure about the direction of expansion, the changing colors
of brush tool was a convenient and intuitive method: “with the brush, it can lead me towards that direction of how
far out I should go” (P1). P1 particularly reflected on the instance shown in Figure 5, in which while the initial
contour displayed only green dots, the brush helped discovering an entire area that was originally overlooked by
the resident. P7 expressed a similar strategy, and further indicated that he would “keep going bigger and bigger
until [he] saw it change orange” (P7).
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5.4 Mixed Opinions and Strategies on Gaming the System
Despite iConTutor’s explicit aim to minimize gaming behaviors, some participants acknowledged contouring to
the system and not the learning goals. The design of iConTutor emphasized gentle prompting to important areas
of coverage, as opposed to distinctly revealing the final contour like many existing resources (e.g., eContour).
Some residents, however, devised workarounds to circumvent the intentional vagueness included as part of the
feedback mechanisms. For instance, P3 found out that by repeatedly clicking inside of a contour, the dots get
re-generated; while a limited number of dots lean more towards gentle prompting, P3 managed to repeat this
process (i.e., clicked for more than 10 times in a row) until he got a clear understanding of the entire contour. P1,
a second-year resident, expressed self-awareness of their gaming behaviors, yet highlighted the importance of
learning the anatomical foundations underlying the feedback mechanisms:

At certain points, I felt like I was contouring to the feedback, vs the anatomy itself. So I think, you
know, I wouldn’t even say a drawback [of the tool], but some things that people should consider
is understanding why the green dots are there rather than contouring to the green dots. (P1)

Most residents did not employ techniques to game the feedback mechanisms of iConTutor, and some even
went further to restrict their access to feedback during the manual feedback phase. Some participants temporarily
disabled all feedback mechanisms to mitigate gaming tendencies and decided to do a few slices before turning
the feedback on “to not let it influence [them] off the bat” (P8). Similarly, P4 decided to go through all 10 slices
without feedback, before going back and evaluating his contours:

I was like it’s been a very long time since I’ve drawn superclav nodes by breast standards as
opposed to head/neck standards. So I was like, I’m going to take a shot at drawing this on my own
and then seeing how it lines up. (P4)

5.5 Process-oriented tool for junior, and anatomy-reminder for senior residents
The participants noted unique benefits of iConTutor not only for novice residents, but also for experienced
residents and even attending faculty. Reflecting on their first clinical rotations, many residents expressed benefiting
from this tool when learning to contour a new case, as highlighted by P1, a second-year resident: “if it’s a new
disease site that I have never contoured before, I would definitely use [this tool] for sure” (P1). Some residents went
as far as suggesting firm curricular changes to include iConTutor as a core part of the program: “I would require it
to be mandatorily used as a PGY2, or any first rotation that you do” (P2). Many learners attributed the benefit of
iConTutor to the ability to perform contouring and receive direct feedback; in existing solutions like eContour,
“you only get the final results and you don’t get the logic of it […] and there is huge benefit actually contouring

(a) (b) (c)

Fig. 5. Three snapshots of P1’s contouring session. (a) The initial placed contour that despite showing green dots, severely
under-covers the target tumor. (b) The changing brush color gently cued the attention of the learner to the lateral parts of the
anatomy as the resident incrementally enlarged the contour. (c) the final contour as the resident learns about the importance
of including lateral chest wall, a critical area for treating this disease site.

ACM Trans. Comput. Healthcare

 



Goldilocks Contouring • 17

yourself” (P8). The more senior residents also valued the feedback mechanisms of iConTutor, not necessarily
for learning new lessons, but more so pointing residents to their blind spots. P9, a fifth-year resident, refined
significant portions of his contours based on the red and orange dots that appeared. He later reflected that these
mechanisms reminded him of granular anatomical boundaries that he might have forgotten over the years:

To me, contouring is like muscle memory, exactly how to go along the pelvic bone. So, for [the
feedback] to pop up like, oh, there’s red and orange, I was like, oh, shoot, have I been doing this
wrong? Like this whole time for my breast cases, I’ve been doing it this way. So I was like, oh
shoot, I should go back and look at something. […] I see this as a reminding tool. These are the
things that we should be thinking about, and making sure we’re keeping in mind. (P9)

Thinking ahead of future faculty careers, some residents especially valued iConTutor and the incorporated
feedback mechanisms on varying contouring tendencies: “because I’m preparing to be an attending, I need to know
what I want to do myself, and then compare it to what everyone else would [in their contours]” (P9).

6 Discussion and Future Work
This section first discusses the potential of iConTutor to fundamentally improve radiation oncology education
(Sec. 6.1). Sec. 6.2 then presents and interprets unique patterns observed during the contouring sessions and offers
design implications. Sec. 6.3 highlights how the three design goals can provide a pathway to introduce timely
and diverse feedback in broader medical education. The last part (Sec. 6.4) offers limitations and future work.

6.1 Potential to Transform Contouring Education at Scale
The user study with residents revealed important benefits with providing timely and diverse feedback (two
overarching principles behind iConTutor), in contrast with one-to-one apprenticeship models that facilitate direct
supervision with only one faculty and often with significant delays in feedback exchange. The participants not
only achieved a 32% increase in contouring accuracy, but also rated iConTutor highly in usability and learnability,
to the extent of expressing desire to use iConTutor in different stages of residency.

iConTutor has the potential to impact contouring education at scale, via building on the three mechanisms that
were developed in close collaboration with expert physicians. Computer-supported tools have the potential to
scale novel educational techniques to broad range of physicians and mitigate the quality gap of contouring: prior
research shows that rural medical institutions (with fewer volume of patients) provide substandard treatment
compared to the counterpart urban providers with higher patient volume [2, 45]. To scale iConTutor, many
patient cases, disease sites, and consensus contours can be imported via digital atlases (e.g., eContour) given
that iConTutor builds on top of standard DICOM files (Digital Imaging and Communications in Medicine). To
incorporate expert tendencies, a snowball effect strategy can be employed, in which the earlier contours (from
both experts and residents) are collected and stored in the server and transformed into visualizations that can be
provided to later users. The contours from experts can present differing tendencies, while resident contours can
provide peer learning benefits, such as learning common mistakes and new perspectives [41].

6.2 Unique Patterns and Design Implications
This section offers interpretations and design implications informed by unique patterns observed when the
participants engaged with iConTutor.

Early Sharp Increase in Accuracy — The contouring sessions (as measured by quantitative logged events)
showed a sharp early increase in accuracy, followed by more gradual improvement across both automatic and
manual feedback conditions (Fig. 4). This pattern mirrors many interactive learning tools where performance
rises quickly at first and then plateaus [50]. Qualitative evidence indicates that early gains in this case were
driven by learning the core anatomical regions, many of which that the residents were initially unaware of. As

ACM Trans. Comput. Healthcare

 



18 • Yarmand et al.

described in Section 5.3, the brush tool helped residents know of these anatomical regions that they had initially
overlooked. Without first understanding these regions, residents cannot progress to the more challenging task of
granularly refining boundaries and defining margins, and importantly, they may not even know to seek guidance
from their attending faculty. Education literature highlights this phenomenon as when learners don’t know what
they don’t know [54]. This illustrates an advantage over purely post-contouring feedback that requires learners to
submit contours and initiate receiving support (e.g., [70]), as learners who lack this awareness may not know
when, or what, to ask for guidance.

Interpreting Feedback Colors— This study defined and used three color categories to convey feedback; although
the color meanings were thoroughly explained in each session, participants may still have been influenced by
common color associations. For example, because green is widely interpreted as “correct” or “good” [33], some
residents may have unconsciously viewed green regions as the only acceptable answer, even though orange
indicated areas endorsed by a subset of experts. Sec. 5.3 presents a variety of perceptions around green and
orange, with some participants only leaving green dots on their contour. To reduce potential bias introduced
by distinct color categories and to avoid unintentional nudging, future versions of the iConTutor system can
adopt a continuous color spectrum from green to red. Such a scheme could be further informed by factors like
the number of physicians who agree on a region and their respective levels of expertise; greater consensus or
higher expertise would shift the color closer to green.

Tailoring Textual Feedback — Compared to the dots and brush feedback, Sec. 5.3 presents that the arrow and
notes feature appeared to be especially helpful for junior residents who were less familiar with the anatomical
regions being highlighted. In addition, only a small proportion of participants engaged with the learn more button
to access the extended descriptions that were curated by the participating experts in this work. Future versions
of iConTutor could leverage Large Language Models (LLMs) to tailor these explanations to individual needs
and backgrounds. For instance, these models can transform the original descriptions into digestible yet detailed
explanations for junior residents, and summarize the texts for experienced physicians who need to contour
cases with many slices, and as such, can benefit from more concise guidance. Aligned with LLM-supported
personalization techniques in STEM education [72], the notes can also boost unique characteristics of the provided
feedback (e.g., specificity and actionability) which can improve engagement and learning.

6.3 Reflecting on the Design Goals for Broader Impact
Evaluating the three Design Goals (DGs in Sec 3.1) can provide a pathway to transform medical apprenticeships
and ease the teaching load on the faculty who often have to prioritize clinical duties [65]. This section describes
the potential of the DGs to curate awareness-cueing (DG 1), skill-based (DG 2), and light-touch (DG 3) feedback.

Awareness-Cueing Feedback via DG1 — Following DG 1, the feedback mechanisms of iConTutor avoided
displaying the final contours, and rather leaned into cueing the awareness of learners to areas of importance.
This design goal aimed to prevent gaming behaviors, when learners exploit feedback to maximize score without
learning the material [9]. As presented in Section 5.4, some participants extended the idea of preventing gaming
behaviors by deliberately limiting their access to feedback, so they could first test themselves. This suggests
potential system designs for iterative feedback applied to only a small subset of slices, or systems that reveal
feedback after a batch of contours is completed. Such approaches would allow learners to periodically review
feedback, integrate what they learn, and then continue contouring with improved understanding.

Besides the original intention of preventing gaming behaviors, awareness-cueing can especially benefit
adult learners who engage in unstructured and complex tasks. According to the theory of adult learning or
andragogy [38], adults — given their self-concept of being responsible for own lives — are highly motivated and
often, prefer self-directed learning methods; medical residents (who are typically between late-20s and early-40s)
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can especially benefit from maintaining control over their learning (while being guided to best practices), as
opposed to being told about the exact methods and results to perform a learning task. As highlighted in Sec. 5.5,
the residents also valued iConTutor as it focused on the process of contouring, rather than the product (e.g.,
eContour). Guiding learners through the process of a complex task via awareness-cueing techniques, while
perhaps a lot more involved than simply showing final contours, has the benefit of engaging learners in productive
struggle: a curated state of demand from learners (often with medium-level difficulty [52]) that leads to growth
and mastery of learning concepts [37].

Skill-Based Feedback via DG2 — DG2 aimed to balance between consensus guidelines and the differing
tendencies among expert physicians. Residency programs often employ one-to-one apprenticeship models that
provide direct supervision over high-stakes clinical tasks. Yet, these models fall short of familiarizing residents
with expert variations. As presented in Sec 5.2, expertise level can determine balancing between consensus
guidelines and expert tendencies: the participating residents pointed out that junior residents might need to focus
more on solely the consensus contours, before getting exposed to variation in expert contours that might be
more beneficial for experienced residents. In practice, we envision iConTutor to distinctly highlight the assigned
faculty’s contour in addition to the consensus and tendencies of other expert physicians. Due to the existing
power dynamics in residency programs [44], residents often express satisfying the exact requirements of their
faculty [65]. As such, the faculty’s styles can be highlighted, especially in the earlier years of residency.

Feedback design in contouring training system should enable experienced physicians to negotiate conflicts,
especially when residents might find their contouring tendencies differ from the provided feedback by the system.
In this study, the participants’ tendencies ranged from including all of orange regions in their contours, to
trimming them down to include only the green areas (Sec 5.3). In these cases, the design of dots and brush of
iConTutor helped residents negotiate conflicts by taking in the information and deciding to pursue the strategy
they deemed more appropriate. Given the subjective and unstructured nature of contouring, feedback interfaces
should incorporate ways to negotiate potential conflicts between the learner’s tendencies and system feedback.

Light-Touch Feedback via DG3 — The third DG promoted designing light-touch feedback mechanisms, such
as short and dismissible text snippets adjacent to the main workspace, as well as changing colors of minimal
user interface elements. This strategy aimed to lessen the extrinsic cognitive load, as defined in educational
psychology [55]; while intrinsic cognitive load stems from the inherent complexity of the learning task itself,
extrinsic cognitive load focuses on the presentation of the learning task and feedback through instructional
design. As evident by Sec. 5.3, the residents found the mechanisms minimally intrusive which later allowed them
to conveniently accept or dismiss feedback according to their expertise. The flexibility and non-intrusiveness of
iConTutor’s feedback mechanisms can especially benefit residents who pursue unique (and at times, differing)
contouring strategies [66]: for instance, physicians who prefer to place outlines on multiple images before refining
individual slices, are aware of their imperfect initial contours. As such, when feedback is gently provided (without
majorly interfering with the contouring workflow), these residents can continue contouring and only engage
with the feedback at appropriate times. There may also be risks in making feedback too minimally intrusive. As
noted in Section 5.2, some participants missed the text snippets adjacent to the main workspace, likely because
the contouring task was highly demanding. Future work can explore how to better balance extrinsic cognitive
load by considering resident expertise, feedback importance, and case urgency.

The design goals altogether shaped the foundation of the three feedback mechanisms in iConTutor (light-touch,
skill-based, and awareness-cueing feedback) which can improve contouring outcomes and lead to higher patient
safety. These design goals can further shape learning tools in other residency domains, especially ones involving
imaging-based tasks like pathology (e.g., identifying tumor cells [26]) and dentistry (e.g., describing cavities [46]).
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6.4 Limitations and Future Work
Despite the novel insights offered in this work (for both contouring education and broader residency training)
some limitations exist:

(1) All nine participants, as well as the two participating experts, attended the same teaching hospital, and
hence, likely have developed similar training strategies. While focusing on the same institution enabled us
to leverage the network of our medical collaborators to engage physicians in in-depth user studies, future
work can recruit residents on a broader scale to capture more diverse teaching and learning strategies.
In addition, iConTutor leverages an existing dataset of crowdsourced contouring data [61]; as larger
datasets of expert contours become available, future systems can prioritize selecting and presenting
diverse feedback.

(2) The study design does not measure learning benefits of iConTutor compared to existing educational
resources: this decision aimed to maximize time spent with highly-specialized physicians on novel
contouring education techniques, and as such, we relied on residents reflecting on their past experiences.
Follow-up works can conduct comparative studies with existing educational atlases like eContour. Also,
the ordering of manual feedback after automatic feedback may have influenced participants’ perceptions
of usability and learnability. We presented automatic feedback first to ensure participants had sufficient
exposure to all three feedback types before judging which to retain in the manual phase. Regardless,
future studies could counterbalance the order to more accurately assess perceptions of the tool and its
feedback features, especially in studies that directly compare manual and automatic feedback which was
not an objective of this work. Future research can also directly measure the three design goals presented
in this study, by for instance, employing NASA-TLX [32] for measuring cognitive load (DG3).

(3) While instrumenting identical case and target structure for pre- and post-contouring aimed to measure
exact learning gains, there is also potential for unaccounted carry-over and practice effects. These effects
may have also been amplified by the short duration of the overall contouring session and the relatively
brief interval between the pre and post steps. To mitigate this bias, we used different tasks for the feedback
steps than ones used in the pre-/post-tests and incorporated an in-depth familiarization session before
the pre-test (to reduce tool-related learning effects). However, future research can more robustly measure
learning gain by employing between-subject study with a control condition, or increase tool exposure via
longitudinal studies and further examine the real-world impact of interactive learning tools. The higher
tool exposure can also lessen the novelty bias that might have existed in this study. Lastly, while the study
participants (comprising almost the entire cohort) varied in residency years, everyone had at least one
rotation with breast cancer. Future work can recruit senior medical students to examine how total novices
interact with iConTutor.

7 Conclusion
Thiswork presents the design and development of iConTutor, a learning tool for medical contouring that augments
apprenticeship training (commonly seen in residency programs) with timely and diverse feedback from expert
physicians. This paper first offers three design goals by leveraging dynamics of medical apprenticeship and
educational technology, such as balancing between consensus guidelines and broader tendencies among experts.
Lastly, we introduce three feedback mechanisms based on these goals to facilitate the highly specialized and
critical task of contouring in radiation oncology. We evaluated iConTutor in a lab study with nine residents
(out of a cohort of 10) and found that contouring accuracy increased by 32% when comparing pre- and post-
tests. iConTutor’s mix of consensus contours and expert tendencies further enabled physicians to reflect on the
underlying structures when adjusting boundaries. Lastly, the three design goals (evaluated as part of iConTutor)
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provide a pathway for transforming other residency programs with timely and diverse expert feedback, especially
image-based practices like pathology and dentistry.
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A Individual DSC Over Time for Automatic Phase
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Fig. 6. Individual DSC progress across participants during the iContutor session with automatic feedback. This multi-panel
figure displays the DSC progress over time for nine individual participants. Each subplot shows the DSC progression (orange
line) over time (in seconds). Shaded regions represent intervals during which the system’s feedback mechanism was activated.
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B Individual DSC Over Time for Manual Phase
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Fig. 7. Individual DSC progress across participants during the iConTutor session with manual feedback. This multi-panel
figure displays the change in DSC over time for nine individual participants. Shaded red regions indicate time intervals
during which the participant enabled the dots feature, and blue diagonal lines indicate where brush feature was turned
on. Vertical dashed lines indicate when the arrow was triggered, and yellow and green vertical lines mark when the arrow
feature was turned on and off, respectively.
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C Individual DSC Over Time for Pre and Post Phases

0 25 50 75 100 125 150 175 200
Time (s)

0.0

0.2

0.4

0.6

0.8

1.0

DS
C 

Pr
og

re
ss

Participant 1

0 25 50 75 100 125 150 175 200
Time (s)

0.0

0.2

0.4

0.6

0.8

1.0

DS
C 

Pr
og

re
ss

Participant 2

0 25 50 75 100 125 150 175 200
Time (s)

0.0

0.2

0.4

0.6

0.8

1.0

DS
C 

Pr
og

re
ss

Participant 3

0 25 50 75 100 125 150 175 200
Time (s)

0.0

0.2

0.4

0.6

0.8

1.0

DS
C 

Pr
og

re
ss

Participant 4
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Participant 7
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Participant 9

Pre Phase
Post Phase

Fig. 8. This figure presents DSC progress over time for nine participants during the pre- (red) and post-tests (green). Each
subplot corresponds to one participant and shows how their DSC evolved throughout each phase. The green lines represent
performance during the post-contouring phase, conducted after participants had interacted with iConTutor’s feedback
system. The red lines show performance during the initial pre-test. For all participants, post phase curves remain consistently
higher than pre phase curves, indicating improved accuracy after feedback exposure.
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