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Abstract

Verbal feedback delivered by attending surgeons in the operating room plays
a critical formative role in resident trainee skill acquisition. Yet, assessing the
quality of trainer feedback and its effectiveness in influencing trainee behav-
ior during live surgery remains a challenge. Prior studies assessed feedback
content relying on extensive manual annotation by expert human raters and
focused on developing broad taxonomies that overlook the qualitative aspects of
feedback delivery such as clarity or urgency. Limited existing automated meth-
ods, including keyword analysis and topic modeling, also fail to capture these
nuanced aspects. We introduce a two-stage LLM-based framework that discov-
ers interpretable feedback quality criteria grounded in the context of surgical
training. Our method uses multi-agent prompting and surgical domain knowl-
edge injection to discover a small set of human interpretable scoring criteria
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(e.g., Encouraging, Urgent, Clear). These criteria are then used to automati-
cally score live surgical feedback via an LLM-as-a-judge approach. Evaluation
on 4.2k trainer feedback instances demonstrates that our Al-discovered criteria
outperform prior content-based frameworks in predicting feedback effectiveness,
including observed trainee behavioral adjustments and trainer approval. This
work advances scalable, human-aligned assessment of communication quality in
the operating room and provides a foundation for improving surgical teaching
practices.

Keywords: large language models, unsupervised discovery, surgical feedback, robot
assisted surgery

1 Introduction

Formative verbal feedback to surgical trainees in the operating room (OR) plays a
critical role in enhancing surgical education and outcomes [1]. High-quality feedback
during surgical training is associated with improved intraoperative performance [2],
faster acquisition of technical skills [3], and greater trainee autonomy [4]. Feedback
in the OR is typically triggered by a trainer’s observation of trainee behavior and
is intended to shape future actions or decision-making. The effectiveness of a feed-
back utterance lies in its ability to make a trainee adjust their behavior or verbally
acknowledge the feedback in a manner that elicits trainer approval. Understanding
how feedback is delivered—its clarity, urgency, timeliness, actionability, and emotional
tone—is essential to improving its effectiveness in surgical training. Yet, systematically
quantifying these aspects in live settings remains an open challenge.

Previous research on surgical feedback has primarily focused on categorizing what
instructors communicate during procedures. This includes typologies of trainer com-
mand types (e.g., guiding, questioning, chastising) [5], thematic content such as
anatomy or instrument handling [6], discourse structures and planning strategies [7],
and broad feedback categories (e.g., procedural, technical, praise, criticism) [8]. These
frameworks have advanced understanding of instructional goals and content in sur-
gical education. However, significantly less attention has been given to how feedback
is delivered and interpreted. Systematic analysis is also difficult due to the combined
need for specialized domain knowledge and labor-intensive annotation processes. Some
automation methods have been proposed, including keyword-frequency techniques
(e.g., LIWC [9]) and topic modeling with language model embeddings [10]. LIWC lacks
sensitivity to clinical language, relies on predefined keyword dictionaries, and can-
not capture delivery-focused attributes such as clarity, urgency, or instructional tone.
Topic modeling approaches like BERTopic [11] cluster semantically related content
(e.g., feedback on procedures such as “sweeping and cutting” or “needle positioning”)
but similarly fail to distinguish meaningful differences in how feedback is delivered
even in identical instructional contexts. For example, a directive like “Move the nee-
dle to the left now” carries a different instructional tone and urgency compared to
“Let’s try adjusting the needle slightly to the left”, despite both referring to the same
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Fig. 1 Overview of our Al-based framework for interpretable discovery and evaluation of surgical
feedback quality. (a) Trainer-delivered feedback during live procedures is used as input. (b) The
method identifies and scores core feedback quality criteria. First, multiple GPT-40 agents generate
candidate criteria sets (b1), which are then consolidated (b2) using LLM scoring, similarity clustering,
and prompt-based unification into six core criteria: Encouraging, Urgent, Actionable, Timely, Clear,
and Reflective. Each feedback instance is scored along these dimensions (b3) using LLM-as-a-judge
approach. (c) Scored feedback is evaluated for clinical relevance through its association with observed
trainee outcomes (verbal and behavioral) and agreement with human annotations.

task (“instrument handling”). These delivery aspects are critical for understanding
feedback effectiveness from the trainee’s perspective.

To address these challenges, we introduce an LLM-based framework for analyz-
ing the delivery quality of surgical feedback (Figure 1). The framework takes as input
(a) samples of raw transcripts of trainer-delivered verbal feedback during live surgical
cases together with clinical domain knowledge (i.e., clinically validated definitions of
feedback and effectiveness outcome criteria from [8]). This input is passed to a large
language model to discover and operationalize core feedback quality criteria (b). In
the discovery phase (bl), we use multi-agent prompting with separate GPT-40
instances, where agents are seeded with both formal definitions and a representative
subset of feedback examples to independently propose candidate evaluation crite-
ria. In the criteria consolidation phase (b2), these candidate criteria are then
applied to feedback, clustered based on scoring similarity and unified into one phrasing
through an additional GPT-40 consolidation prompt, producing a small set of stable,
human-interpretable, and domain-grounded dimensions: Encouraging, Urgent, Action-
able, Timely, Clear, and Reflective. In the scoring phase (b3), the final criteria
are applied to individual feedback instances using an LLM-as-a-judge setup, enabling
automated scoring with human-interpretable rubric. We assess the clinical relevance
of the criteria (c) by assessing their ability to predict behavioral outcomes of trainer



and trainee, in comparison to prior work; evaluating their alignment with human
reasoning; and uncovering how different feedback quality properties lead to particu-
lar behavioral outcomes. This step validates the practical impact of feedback quality
dimensions in real-world settings and their interpretability. Our framework enables
fine-grained, scalable, and interpretable evaluation of feedback delivery, obviating the
need for human annotation. Our approach departs from prior work in several key tech-
nical ways. Rather than relying on predefined taxonomies or unsupervised clustering
methods such as BERTopic, we adopt a two-stage, LLM-guided strategy and combine
it with prior clinical knowledge.

Our framework uncovers six interpretable feedback quality criteria—such as clarity,
actionability, and urgency—that effectively predict trainee behavior change. The six
quality criteria by themselves produce high AUC scores ranging from 0.71 to 0.75
for predicting trainee reaction to feedback (Table 1). Competitive analysis against
existing feedback categorization frameworks from prior work, revealed that our criteria
consistently improve prediction of trainee behavior by 9-12% and trainer reaction by
3-11%. In combination with content categories from prior work, our quality criteria
reach AUCs ranging from 0.74 to 0.78 for trainee outcome prediction. Human scoring
of feedback using the discovered criteria aligns substantially with LLM-applied scores
(weighted x = 0.60-0.70) for 5 of the 6 criteria, underscoring their interpretability and
practical usability. On the methodological side, our results highlight the value of multi-
agent prompting and consolidation steps for discovery of novel human-interpretable
scoring criteria. This extends the prior approaches, such as LLM-as-a-judge relying on
fixed rubric representing a priori provided criteria.

By enabling automated, interpretable assessment of feedback delivery grounded
in real-world behavioral outcomes, our framework offers a practical tool for improv-
ing intraoperative teaching effectiveness and supporting trainer development. Beyond
individual evaluations, this approach lays the groundwork for scalable integration
into surgical education pipelines and clinical quality assurance systems, advancing the
broader goal of optimizing communication-driven learning in high-stakes healthcare
environments.

2 Results: Clinical Interpretation and Validation

Our process led to the discovery of 6 interpretable feedback quality criteria rated on
a 5-point Behavioral Anchored Rating Scales (BARS). Using LLM-as-judge approach
[12], where an LLM is asked to rate feedback using provided criteria and scales, we
applied GPT-4o to rate 4210 lines of live surgical feedback collected in prior work [8].
We subsequently evaluated these quality criteria ratings for their ability to predict clin-
ical effectiveness of feedback in affecting trainee behavior and leading to subsequent
approval from a trainer. In this evaluation, we compared our Al discovered quality cri-
teria to automated topic modeling approach from recent work [10] and fully manually
annotated human expert proposed categories [8]. We further analyzed the statistical
associations of the individual quality criteria with trainee behavioral adjustment and
trainee verbal acknowledgment to understand how each quality criterion affects out-
comes. Finally, we evaluated the ability of human raters with domain knowledge to



Trainee Reaction Final Trainer Reaction

Feedback Criteria to Feedback to Trainee Reaction
Behavior Verbal Approval Disapproval
Change Response

Al-derived Quality Scores 0.754+0.01 0.714+0.02 0.66+0.02 0.60+0.06

Prior Topic Modeling [10] 0.69+0.02 0.66+0.02 0.67+0.02 0.57+0.06

+ AI Quality Scores 0.77%0.01 0.73% .02 0.69% 4 2 0.63% .06

Prior Human-defined Categories [8]  0.70+0.02 0.68+0.02 0.63+0.02 0.59+0.06
+ AI Quality Scores 0.78%.0.01 0.74%4 01 0.69% 4. 02 0.6240.06

Table 1 Predicting trainee and trainer behavioral outcomes in reaction to feedback.
Performance of LLM-driven interpretable scoring criteria discovery compared to prior approaches.
We report mean AUROC + 95% CI for predicting four behavioral outcomes from Wong et al. [8]:
Behavior Adjustment, Verbal Acknowledgment, Trainer Approval, and Trainer Disapproval.
Al-derived quality criteria are evaluated alone and in combination with prior topic modeling [10]
and human-defined feedback categories [8]. Statistical significance (* p < 0.05) indicates that
adding Al-derived quality scores led to a significant improvement, assessed via DeLong’s test (95%
CI of AUROC difference excludes 0).

use these Al-discovered quality criteria to rate the feedback instances consistently.
Further details can be found in the Methods section.

2.1 Feedback Effectiveness Prediction

We evaluated the predictive performance of six LLM-derived feedback quality ratings
across four behavioral outcomes using fivefold stratified cross-validation with Random
Forest classifiers (Table 1).

Models using only the six quality ratings achieved strong performance, including
AUROC=0.75, 95% CI: [0.74, 0.77] for Trainee Behavior Change, 0.71 [0.69, 0.72]
for Trainee Verbal Response, 0.66 [0.64, 0.68]— for Trainer Approval, and 0.60 [0.54,
0.66] for Trainer Disapproval of Trainee Reaction. Augmenting prior topic modeling
categories [10] with our Al-derived quality scores led to consistent improvements across
all outcomes: AUROC=0.77 [0.76, 0.79] (+12% gain), 0.73 [0.71, 0.74] (+9%), 0.69
[0.67, 0.71] (+3%), and 0.63 [0.58, 0.69] (+11%), respectively. Similarly, augmenting
prior manually annotated Human Categories [8] with our Al-derived quality ratings
provided consistent gains in predictive performance, yielding AUROC=0.78 [0.77, 0.80]
(+12% gain over human proposed categories) for trainee behavior adjustment, 0.74
[0.73, 0.76] (+9%) for verbal acknowledgment, 0.69 [0.67, 0.71] (+9%) for trainer
approval, and 0.62 [0.56, 0.68] (+5%) for trainer disapproval.

To assess the significance of these gains, we applied DeLong’s test for correlated
AUROC curves (Table 6 in Methods). Compared to models using only Topic Modeling
features, the addition of AI quality scores resulted in significant AUROC improve-
ments for Trainee Behavior Change (A=+0.08, 95% CI: [0.07, 0.09]), Trainee Verbal
Response (+0.06 [0.05, 0.07]), Trainer Approval (+0.02 [0.00, 0.04]), and Trainer Dis-
approval (+0.07 [0.00, 0.13]). Similar significant improvements were observed over
Human Categories including gains of +0.08 [0.07, 0.10], +0.06 [0.05, 0.08], and +0.06



Quality Criterion Human-Human AI-AI Human-AI

K 95% CI K 95% CI K 95% CI
Encouragement 0.79 (0.46, 0.91) 1.00  (1.00, 1.00) 0.72  (0.42, 0.86)
Urgency 0.72 (0.52,085) 098 (0.94,1.00)  0.68 (0.48, 0.82)
Actionability 0.76  (0.55, 0.88) 1.00  (1.00, 1.00) 0.79  (0.63, 0.89)
Timeliness 044 (0.24,0.58)  0.94 (0.62,1.00)  0.54 (0.32, 0.76)
Clarity 0.67 (0.47,082) 092 (0.79,1.00)  0.75 (0.49, 0.92)
Reflection 0.71 (0.42,0.87) 098 (0.86,1.00)  0.74 (0.41, 0.90)

Table 2 Agreement analysis across combinations of Human and AI raters.

Quadratic Weighted Kappa (K) scores and 95% confidence intervals (CIs) for quality scoring
agreement across three rater configurations: two human raters (Human-Human), two Al runs
(AI-AI), and average human vs. Al scoring (Human-AI). Score interpretation thresholds:
0.01-0.20 (slight), 0.21-0.40 (fair), 0.41-0.60 (moderate), 0.61-0.80 (substantial), 0.81-1.00
(almost perfect agreement) [13].

[0.04, 0.08] for trainee behavior adjustment, trainee verbal acknowledgment, and
trainer approval, respectively. The improvement for trainer disapproval was not sta-
tistically significant (95% CI includes 0). These results demonstrate that Al-derived
quality dimensions offer statistically significant and additive value for predicting
clinically relevant trainee and trainer reactions, and complement both automated
content-based and manual expert-coded feedback aspects.

2.2 Alignment of Al scoring with Human Annotations

To evaluate alignment with human judgment, we took the Al-discovered quality rating
definitions and asked two human raters with domain knowledge to apply them to
30 randomly selected feedback instances. Raters received a training session using a
separate set of 30 examples. Further details can be found in the Methods section.

We evaluated inter-rater reliability across three configurations using quadratically
weighted Cohen’s kappa [14], which is appropriate for ordinal scales such as BARS.
(Table 2): between two human raters (Human-Human), between two Al runs (AI-AI),
and between the AT and the averaged scores of the human raters (Human-AT).

We observe substantial agreement among human raters across most dimensions
(e.g., Encouragement: K = 0.79, 95% CI: [0.46, 0.91]; Actionability: K = 0.76, CL
[0.55, 0.88]; Urgency: K = 0.72, CI: [0.52, 0.85]). Agreement was lower for more
subjective and contextual dimensions such as Timeliness (K = 0.44, CI: [0.24, 0.58]),
suggesting inherent difficulty in consistently judging temporal aspects of feedback.

Al-generated ratings showed near-perfect internal consistency across repeated runs
(AI-AL: K = 0.92-1.00), indicating deterministic and stable behavior. We note that
these have been collected under the temperature setting of 0.0 to encourage determin-
istic behavior. Further details of Al setup using GPT-40 are provided in the Methods
section. Importantly, Human-Al agreement was also substantial across most criteria
(e.g., Actionability: K = 0.79, CI: [0.63, 0.89]; Clarity: K = 0.75, CI: [0.49, 0.92]),
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Fig. 2 Associations between discovered feedback quality criteria and trainee behavioral
outcomes. Rate ratios and confidence intervals are shown for each of the six LLM-discovered feed-
back quality dimensions in relation to (a) Trainee Behavioral Adjustment and (b) Trainee Verbal
Acknowledgment outcomes. Timely feedback was most predictive of behavioral change, while reflec-
tive and encouraging feedback were more strongly associated with verbal acknowledgment but not
behavior change. These findings highlight how distinct delivery qualities of surgical feedback differ-
entially influence trainee responses.

approaching inter-human agreement levels. This suggests that the AT model is not only
consistent in its ratings but also well-aligned with expert human judgment, particularly
on dimensions that are less subjective or more structurally grounded in language.

2.3 Criteria Association with Feedback Effectiveness

To understand the real-world impact of our discovered criteria, we next examine
how each quality dimension relates to trainee behavioral adjustments and verbal
acknowledgments following feedback.

Trainee Behavioral Adjustment was significantly associated with several feedback
quality dimensions (Fig. 2a). Feedback rated as Actionable (Rate Ratio [RR] = 1.22,
95% CI: [1.18, 1.32]), Timely (RR = 1.24, CI: [1.14, 1.34]), and Urgent (RR =
1.11, CI: [1.06, 1.17]) was associated with higher rates of observed behavioral change.
These dimensions reflect feedback that is specific, timely, and emphasizes the need
for immediate action—elements that are directly conducive to real-time correction
of performance. In contrast, Encouraging feedback (RR = 0.88, CI: [0.83, 0.94]) and
Reflective feedback (RR = 0.72, CI: [0.67, 0.78]) were associated with reduced behav-
ioral adjustment. This may be due to the nature of encouraging feedback, which often
affirms correct behavior without requiring further adjustment, and reflective feedback,
which aims to stimulate longer-term insight rather than immediate correction. Clarity
did not show a statistically significant effect (RR = 0.97, CI: [0.92, 1.03]).

Trainee Verbal Acknowledgment showed a distinct pattern of associations with
feedback quality dimensions (Fig. 2b). Feedback rated as Reflective (Rate Ratio [RR]
= 1.34, 95% CI: [1.28, 1.40]) and Clear (RR = 1.13, CI: [1.08, 1.18]) was associated
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Fig. 3 Illustrative examples and linguistic patterns associated with high-scoring feedback. Left:
Representative trainer feedback excerpts scoring highly on four of the discovered quality dimen-
sions—Fncouragement, Urgency, Actionability, and Reflection—demonstrate the linguistic structure
and tone aligned with each dimension. Right: Word clouds visualize the most frequent terms in
high-scoring instances across all criteria, highlighting key lexical patterns (Encouragement : “good”,
Urgency: “stop”, Actionability: “pull”, Reflection : “see”) associated with effective feedback delivery
in surgical training.

with higher rates of verbal acknowledgment. These findings suggest that verbal reac-
tions are more likely when trainees are prompted to think or when feedback is easily
understood. Actionable feedback showed a smaller but significant positive association
(RR = 1.07, CI: [1.01, 1.12]). In contrast, Fncouraging feedback (RR = 0.81, CI: [0.76,
0.86]) and Timely feedback (RR = 0.88, CI: [0.84, 0.93]) were associated with reduced
acknowledgment. Again, encouraging feedback may act as affirmation, often conclud-
ing an interaction rather than prompting a response, while timely feedback may be
delivered in fast-paced moments when verbal acknowledgment is less feasible. Urgency
was not significantly associated with this outcome (RR = 1.02, CI: [0.97, 1.07]).

These results confirm distinct patterns of feedback effectiveness across outcomes.
While Actionable, Timely, and Urgent feedback increased behavioral response rates,
Reflective and Clear feedback were stronger predictors of verbal acknowledgment.
Encouraging feedback consistently decreased the likelihood of both response types.
Interestingly, Timely feedback had opposite effects—positively associated with behav-
ior but negatively with acknowledgment—suggesting that different delivery styles
selectively influence trainee behavior.

3 Discussion

The quality of verbal feedback in surgical training is essential for guiding real-time
performance and promoting long-term skill development among surgical trainees [1-3].



Despite its importance, efforts to understand and evaluate feedback in the operating
room (OR) have focused primarily on content categories—such as communication type
[6], teaching behavior [5], or content themes [8], with limited focus on its quality from
a trainee’s perspective. These approaches also often rely on labor-intensive manual
annotation [8], limited human-derived recognition of important delivery patterns [15],
and lack robust validation linking feedback to behavioral outcomes [5-8].

Assessing the quality of surgical feedback—how it is delivered rather than just what
is said—is critical for improving training outcomes. However, existing frameworks often
overlook delivery dimensions like urgency, clarity, and timeliness, which are crucial for
feedback effectiveness. Automated methods like topic modeling or keyword analysis fail
to capture these nuances, and human-driven approaches, aside from largely omitting
these aspects, are also not scalable. Our work addresses these gaps by introducing a
large language model (LLM)-based framework that discovers and scores interpretable
feedback quality dimensions, enabling scalable, clinically grounded evaluation aligned
with trainee behavior.

Our approach surfaced a set of interpretable, behaviorally grounded feedback
quality criteria that were both emergent and predictive across surgical training inter-
actions. These criteria—FEncouragement, Urgency, Actionability, Clarity, Timeliness,
and Reflection Prompting—capture distinct pragmatic and pedagogical dimensions
of trainer communication. Each dimension reflects a unique function: Encouragement
denotes feedback that is supportive and provides positive reinforcement to boost con-
fidence; Urgency reflects the communication that immediate action or attention is
required; Actionability refers to clear, specific actions or steps the trainee can imple-
ment; Timeliness captures whether feedback is provided during or promptly after the
trainee’s action or decision; Clarity assesses whether the message is straightforward,
unambiguous, and easily understood; and Reflection involves prompting the trainee to
self-assess or reflect on their performance. The exact phrasing and scoring of behavioral
anchors for each criterion with examples are presented in Tables A1 and A2

The predictive validity of these dimensions is underscored by their associations
with observed trainee responses. As shown in Figure 2, Urgent feedback was strongly
linked to immediate behavioral adjustments, whereas Reflective prompts were more
likely to elicit verbal acknowledgment rather than action. These divergent associations
suggest that different feedback types may selectively activate cognitive or behavioral
processing in trainees. Some findings were counterintuitive: notably, higher levels of
Encouragement were associated with a lower likelihood of both behavioral change
and verbal acknowledgment. This likely reflects the role of encouragement as posi-
tive reinforcement—often used to affirm correct performance—thus requiring neither
additional adjustment nor a verbal response. Similarly, Clarity was associated with
increased verbal acknowledgment but showed no significant link to behavioral change.
This pattern may be due to the orthogonality between clarity and actionability: a state-
ment can be easy to understand without necessarily implying that action is needed.
Clear feedback may also lower the threshold for verbal response, making it easier for
trainees to affirm receipt. Finally, Figure 3 highlights representative linguistic patterns
across criteria, further supporting their face validity and offering actionable insights for



feedback design. The emergence of these quality dimensions demonstrates the poten-
tial of Al-derived labels to structure, assess, and ultimately improve surgical feedback
practices in real-world settings.

Our framework is the first to combine LLM-driven discovery of feedback quality
dimensions with scalable rating via a behaviorally grounded rubric. Unlike prior meth-
ods, we do not rely on predefined rubrics or rigid taxonomies [12]. Instead, we task
the LLM with discovering evaluative criteria from real surgical interactions and clin-
ically grounded knowledge, enabling the model to surface delivery qualities relevant
to actual training dynamics (i.e., what makes a good feedback). These criteria are
defined in plain, human interpretable language, and scored on a Behaviorally Anchored
Rating Scale (BARS), a well-established tool in psychometrics that enhances human
interpretability and support Human-AI alignment through representative behavioral
anchors [16]. This allows both humans and Al systems to consistently score feedback
based on the same standards.

Technically, our approach diverges from traditional unsupervised clustering [17],
topic modeling [11], or keyword-based methods [18] by focusing on delivery quality
rather than content similarity.

Our method advances prior “LLM-as-a-judge” work [19] in two fundamental
ways. First, we shift the role of the LLM from applying a fixed rubric to discover-
ing that rubric de novo. We encourage completeness of the rubric by running five
LLM “brainstorming” agents at a high sampling temperature (encouraging gener-
ation diversity [20]), each exposed to a different subsample of real feedback. This
parallel, high-entropy generation uncovers less common yet behaviorally salient qual-
ities—such as Timeliness and Urgency—that a single, low-temperature agent fails to
surface. Second, we solve the discovery stability problem by passing the diverse candi-
date set through a deterministic consolidation stage. Hierarchical clustering on scoring
correlations identifies semantically overlapping criteria, and the LLM then produces
a finalized phrasing and BARS anchors for each cluster. Across five seeds, the final
six-dimension rubric exhibits negligible lexical drift while retaining the conceptual
breadth unlocked during the brainstorming step.

Expressing every criterion in plain language and anchoring it with illustrative
examples enables dual use: the same rubric can be parsed reproducibly by an LLM
at scale and interpreted reliably by human raters with minimal calibration. This
unification of discovery, formalization and scoring distinguishes our pipeline from unsu-
pervised topic models—whose latent factors are not scorable [21]—and from black-box
classifiers, whose decision rationales remain opaque [22, 23]. By addressing complete-
ness, stability and interpretability in a single workflow, we provide a principled path
for deploying LLMs in safety-critical, clinician-facing settings.

We rigorously evaluated the utility of our discovered quality criteria across mul-
tiple dimensions. First, the criteria independently predicted trainee behavioral and
verbal outcomes as well as follow-up trainer reactions better than prior topic-based
and human-annotated baselines, showing 3-12% performance improvements. Second,
we confirmed the criteria’s interpretability in a human-rating study: human raters with
clinical knowledge, applied the rubric to real feedback examples and achieved substan-
tial agreement—both with each other and with an LLM on five of the six dimensions
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(quadratic k = 0.60-0.70); the remaining dimension showed moderate agreement.
Third, our analysis uncovered meaningful associations between specific feedback qual-
ities and subsequent trainee behavior. For instance, timely and actionable feedback
strongly predicted behavior change, while reflective and clear feedback was more likely
to prompt verbal acknowledgment. These findings confirm the practical validity of our
dimensions and underscore their clinical relevance. Our framework delivers a scalable,
transparent way to quantify intra-operative feedback quality—communication that
shapes surgical trainee learning curves [2, 3] and ultimately impacts patient outcomes
and safety [7, 24]. In practice, the rubric can underpin point-of-care dashboards that
highlight especially actionable or unclear coaching, longitudinal curriculum analytics
that flag faculty-wide gaps, and automated quality-assurance audits that monitor for
safety-critical patterns such as high urgency coupled with low clarity. Because each cri-
terion is expressed in plain language yet is automatically scorable by a large language
model, the tool supports human-in-the-loop deployment: clinicians can inspect the
rubric, contest low scores, and review exemplar anchors, ensuring both accountability
and trust.

Yet, several limitations warrant mention. First, our analysis relied solely on text;
prosodic cues in audio, instrument motion form video, and contextual OR events
were not modeled and could modulate how feedback is interpreted by trainees. Sec-
ond, our evaluation was retrospective. A prospective study that provides real-time
rubric scores to trainers—and measures downstream behavioral change—will be an
important next step that our lightweight, text-only pipeline readily supports. Finally,
the rubric-discovery stage relied on GPT-4o, a proprietary model that may evolve
over time. To reduce vendor lock-in we evaluated the application of the discov-
ered rubric with human raters with clinical knowledge and we publish the final
six-dimension rubric, BARS anchors and scoring prompt, enabling re-implementation
with open-source LLMs or future clinical language models.

Although developed for the operating room, our discover-and-score pipeline can
generalize to any clinical setting that relies on concise spoken guidance—such as ICU
rounds, nursing shift reports, or telemedicine consultations. Because the model oper-
ates on plain text, a small speech-to-text transcript is all that must be transmitted;
bulky audio or video files are unnecessary. This lightweight footprint enables remote
mentorship and feedback-quality monitoring in bandwidth-constrained settings, with
the potential to narrow global disparities in surgical training and, ultimately, patient
outcomes. Furthermore applying our discover-and-score pipeline to other clinical
domains—multidisciplinary tumor boards, emergency-department hand-offs, or vir-
tual rehabilitation sessions—could yield domain-specific communication metrics that
remain interpretable to frontline staff. Linking feedback-quality scores directly to
downstream training or quality-of-care indicators would close the loop between
communication analysis and measurable performance improvement, advancing the
integration of transparent Al assistants into everyday digital-health workflows.
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Category Dimension Count Freq Count/Case Words/Line

Feedback Instances 4210  100.0% 131.6 = 77.6 8.3£6.9
Trainee Verbal Ack. 1944 46.2% 60.8 £ 31.7 1024+ 75
Behavior Behavioral Adj. 1866  44.3% 58.3 +41.1 8.4+ 6.5
Trainer Approval 619 14.7% 19.3+ 184 9.1+6.9
Reaction Disapproval 85 2.0% 2.7+2.5 9.44+6.5

Table 3 Statistics of behavior categories in our dataset. We report absolute counts (Count),
relative frequency across all feedback instances (Freq), prevalence per surgical case
(Count/Case), and mean words per utterance with standard deviation (Words/Line).

4 Methods
4.1 Ethics Approval

This study utilized datasets collected in accordance with strict ethical guidelines and
approved by the Institutional Review Board (IRB) at the University of Southern
California (HS-17-00113). All participants provided written informed consent prior to
data collection. To ensure participant privacy and confidentiality, all datasets were
de-identified before any model development or analysis was conducted.

4.2 Surgical Feedback Dataset

We used a dataset of real-world intraoperative feedback collected during robot-assisted
surgeries, as introduced by Wong et al. [8]. Audio was recorded via wireless micro-
phones worn by the surgical team, and synchronized endoscopic video was captured
from the da Vinci Xi surgical system [25], providing a first-person surgical view. Using
an external recording setup, audio and video streams were aligned and stored.

Utterances constituting surgical feedback—defined as trainer statements intended
to modify trainee thinking or behavior—were manually identified and transcribed
by surgical residents. Only utterances meeting this definition were included; other
conversational content was excluded. The resulting dataset includes 4,210 feedback
instances (Table 3).

Each instance was further annotated for two categories of behavioral outcomes.
Trainee Behavior annotations captured whether the trainee responded to the feed-
back, including: (i) Verbal Acknowledgment, defined as a verbal or audible reaction
confirming that the feedback was heard, and (ii) Behavioral Adjustment, defined as
a behavioral change directly corresponding to the preceding feedback. Trainer Reac-
tion annotations captured the trainer’s response to the observed trainee behavior: (i)
Approval, where the trainer verbally indicated satisfaction with the trainee’s response,
and (ii) Disapproval, where the trainer verbally demonstrated that they were not yet
satisfied with the observed trainee behavioral change. The frequency, per-case preva-
lence, and average feedback length for each dimension are summarized in Table 3.
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All annotation procedures followed standardized guidelines, and further details are
available in the original dataset publication [8].

4.3 Automated Discovery of Feedback Quality Criteria

Our Al-based framework extracts interpretable feedback quality dimensions from
surgical training data, designed to be scorable on a Behaviorally Anchored Rating
Scale (BARS) [26, 27]. Inspired by prior tools for surgical skill assessment, such
as OSATS (28], EASE [29], and DART [30], these criteria facilitate both human
interpretation and automated scoring using LLMs. An overview is shown in Figure 1.

Domain-Guided Initiation

We initiate criteria discovery by injecting domain-specific knowledge into the prompt.
Following in-context learning [31], GPT-4o is provided with formal definitions of key
surgical feedback outcomes [8]—Behavioral Adjustment, Verbal Acknowledgment, and
Trainer Approval—as well as a definition of feedback: “Dialogue intended to mod-
ify trainee thinking or behavior.” These definitions are accompanied by 50 randomly
selected unlabeled feedback examples (<1% of the dataset), enabling the LLM to infer
relevant evaluative dimensions through analogical reasoning [32, 33]. Although LLMs
are pre-trained with general language capabilities [34, 35], recent work indicates that
the domain-specific information provided during prompting can help LLMs perform
better by allowing them to reason appropriately within the context of the task [36].
Domain-specific information is especially important in specialized domains such as
clinical natural language processing [37].

Multi-Agent Criteria Generation

We implemented a multi-agent setup where five GPT-40 instances independently
propose candidate criteria. Each agent received a distinct random subset of 50 unla-
beled feedback samples and was prompted to identify generalizable, abstract quality
dimensions predictive of the defined outcomes. To encourage creative diversity, agents
were configured with a high temperature (7' = 1.0), which promotes variability in
outputs—a key benefit in exploratory tasks like criteria discovery. Prior work has
shown that higher temperatures enhance idea generation and reduce output homog-
enization, albeit at the cost of reduced determinism [38, 39]. Here, we prioritized
discovering novel feedback qualities over reproducibility.

Critically, the prompt specified that each proposed dimension should: (1) be defin-
able in abstract terms, meaning it must describe a generalizable quality applicable
across feedback lines (rather than context-specific actions or examples), and (2) be
feasibly scorable on a 5-point BARS scale based solely on a single transcribed feed-
back line, without access to surrounding dialogue or video context. Fach agent was
instructed to include behavioral anchors for three key levels: scores of 1, 3, and 5. These
anchors served as representative examples for raters to interpret the quality being
described. Each agent was asked to format its output in a structured tabular layout,
listing the dimension name, its definition, and descriptions or examples of what con-
stitutes a score of 1, 3, and 5. This structured prompting strategy ensured consistency
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across generations and interpretability of the resulting criteria. The prompt wording
is provided in Appendix A as “Prompt Template for Quality-Criteria Discovery”.

Criteria Consolidation and Definition Phrasing Finalization

We applied each agent’s criteria to the full feedback dataset and computed a Spear-
man correlation matrix across all discovered dimensions. Hierarchical clustering (single
linkage, Euclidean distance) revealed convergence patterns across agents. For cluster-
number selection, we cut the dendrogram at successive values of k and computed the
mean silhouette coefficient for each cut; the peak silhouette value occurred at k = 6,
indicating six well-separated, internally cohesive clusters of semantically similar cri-
teria [40]. For each cluster, GPT-40 (in deterministic mode, T' = 0.0) synthesized
a unified dimension definition to ensure reproducibility following [20, 38]. Prompts
emphasized non-overlap, clarity, and applicability to isolated transcribed feedback,
producing a refined set of six interpretable and domain-relevant feedback quality
dimensions [20]. The prompt used is provided in Appendix A as “Prompt Template
for Criteria Consolidation Phrasing per Cluster”.

Wording stability after five repetitions of the consolidation step was quantified
with a cross-seed cosine-distance metric: each rubric definition was embedded using
the al1-MiniLM-L6-v2 sentence-transformer [41], pair-wise cosine distances (1—cos )
were computed between definitions that shared the same cluster index but originated
from different seeds, and the resulting values were averaged. Distances < 0.05 are
widely used as the near-duplicate threshold in large-scale text-deduplication pipelines
[42, 43]; our mean distance of 0.02 therefore indicates negligible lexical drift. To eval-
uate whether conceptual breadth was retained, we tokenized each definition into uni-,
bi- and tri-grams, embedded every term, and deemed a brainstorming term “covered”
if its embedding showed cosine similarity > 0.80 with any term in the consolidated
rubric. This 0.80 cut-off is consistent with thresholds employed for near-duplicate
detection and semantic-match evaluation in recent clinical-NLP studies [44, 45]. Under
this criterion, the final six-dimension rubric covered 61.3% of the vocabulary intro-
duced during brainstorming, demonstrating that consolidation preserved the majority
of the original conceptual space while standardizing phrasing.

To verify that the unified six-dimension rubric retained (or improved upon) the
predictive signal discovered by individual agents, we first applied each set of criteria
to every feedback instance using LLM-as-a-judge approach detailed in §4.4, yielding
a vector of 5-point ordinal ratings—one score per dimension. These ratings were then
used as predictors in a logistic-regression model for each behavioral outcome. We
trained five agent-specific models (each using that agent’s criteria vector) and one
model based on the consolidated six-dimension rubric (Consolidated Criteria). Model
performance was evaluated over three independent, stratified 80/20 train—test splits
generated with three fixed random seeds. As summarized in Table 4, the consolidated
rubric achieved the highest mean AUC across three of the four outcomes, with an
above average AUC for the remaining outcome. These findings empirically support
the hierarchical clustering and synthesis step, demonstrating that consolidation not
only harmonizes terminology but also concentrates predictive signal for downstream
modelling.
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Table 4 Predictive power of quality—score criteria produced by each GPT-40 individual agent
versus the final consolidated score (“Consolidated Criteria”). Values are mean AUC (£ SD)
across the three random-seed folds. Highest AUC for each outcome is bold-faced.

Trainee Reaction Trainer Reaction
to Feedback to Trainee Reaction

Quality Rubric source Behavior Adj. Verbal Ack. Approval Disapproval

GPT-40 Agent #1 0.66 +0.01 0.62 +0.02 0.63 +0.01 0.58 +0.06
GPT-40 Agent #2 0.67 £ 0.01 0.63 + 0.02 0.65 + 0.01 0.64 + 0.02
GPT-40 Agent #3 0.73 +0.02 0.68 +0.01 0.63 +0.01 0.62 +0.01
GPT-40 Agent #4 0.71 +£0.01 0.67 +0.02 0.63 +0.01 0.63 +0.04
GPT-40 Agent #5 0.73 £0.03 0.64 +0.01 0.63 +0.01 0.62 +0.06
Consolidated Criteria 0.74 +0.01 0.71 +£0.02 0.66 + 0.02 0.63 £0.01

4.4 Automated Feedback Scoring Based on Discovered Criteria

To systematically assess surgical feedback quality at scale, we employed a large lan-
guage model (GPT-40) to score real-world transcribed feedback instances using the
rubric developed through our discovery process (Tables Al and A2). This process
follows the LLM-as-a-judge paradigm [19, 46], where the language model acts as a
consistent evaluator applying structured criteria.

Input for Scoring

Each feedback instance was independently annotated by GPT-40, which was prompted
with (a) the full set of six scoring criteria along with their definitions and represen-
tative examples (Tables A1, A2), and (b) the specific feedback text to be rated. This
structured input format enabled the model to interpret and apply the rubric defini-
tions grounded in a behaviorally anchored rating scale (BARS). The prompt structure
used for this task is detailed in Appendix A as “Prompt Template for Multi-Criteria
Feedback Scoring”.

LLM-as-a-judge Scoring

The LLM assigned a score from 1 to 5 for each of the six criteria, returning a structured
list of numerical ratings per feedback instance. All instances were scored individually
in separate API calls, without batching, to minimize potential cross-instance contam-
ination and data leakage [47]. This approach is consistent with recent methodological
best practices in judgment elicitation with LLMs [12].

To ensure reproducibility and reduce variance in scoring, we set the model’s tem-
perature to 0.0, encouraging deterministic outputs. To evaluate scoring consistency, we
conducted a repeated annotation of each feedback instance using the same model and
prompt configuration, enabling calculation of inter-rater agreement for each quality
dimension.

Human-AI Alignment Calibration

To assess the alignment between LLM-based and human judgment, we conducted a
calibration study on a stratified sample of 30 LLM-scored feedback instances. For each
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of the six discovered feedback quality dimensions, we selected five examples spanning
the full BARS scoring spectrum: two instances with high scores (4 or 5), one with
a mid-range score (3), and two with low scores (1 or 2). This stratification ensured
representative coverage across the rating scale for every dimension.

Two human raters with surgical domain knowledge independently evaluated these
instances, using the original LLM-discovered definitions and applying the same 5-point
BARS scoring system. Raters were blinded to the LLM-generated scores to prevent
bias. Following the initial rating phase, any disagreements of two or more points
on the BARS scale were discussed collaboratively, allowing the raters to reconcile
interpretations and establish a consensus score for each instance.

Importantly, in cases where both human raters independently agreed on a score
that differed from the LLM’s original rating, these instances were incorporated as new
illustrative examples into the scoring rubric (up to two new examples per anchor).
This iterative grounding process reinforced the behavioral anchoring of each quality
dimension and aligned with rubric refinement practices recommended by prior work
on human-AT collaboration in alignment tasks [48].

4.5 Comparison to Existing Automated Criteria Extraction

Most prior approaches to discovering evaluative dimensions from text rely on unsu-
pervised topic modeling (e.g., LDA, BERTopic) or black-box LLM scoring frameworks
like LLM-as-a-judge. While topic models can surface latent themes, they do not
yield actionable, interpretable evaluation criteria aligned with domain-specific out-
comes such as behavioral adjustment or trainer approval. Similarly, LLM-based scorers
often replicate pre-defined preferences or rubrics without uncovering novel dimensions.
Moreover, these systems typically do not provide explanations for their decisions unless
paired with post hoc interpretability methods that generate human-understandable
rationales or explanations [49]. These methods fall short in safety-critical domains like
surgical education, where human-verifiable, domain-grounded criteria are essential for
both evaluation and training.

Our method addresses this gap through a two-stage, LLM-assisted pipeline. In
the first stage, we initiate domain-grounded criteria discovery using a multi-agent
prompting strategy, where separate LLM agents generate candidate evaluation crite-
ria informed by clinical definitions and feedback examples. These outputs are then
consolidated into a set of interpretable, BARS-compatible rating dimensions. In the
second stage, we leverage these discovered criteria to score new feedback instances
using a structured LLM-as-a-judge approach. This enables transparent, repeatable
evaluation aligned with domain outcomes, bridging the strengths of human-centered
scale development and LLM-based automation. A comparison of the properties of our
method against prior approaches is presented in Table 5, illustrating its unique abil-
ity to support interpretable discovery, domain-grounded scoring, and dual usability by
both humans and LLMs.
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Table 5 Comparison of existing methods for automated evaluation dimension
discovery and scoring. Our method uniquely combines interpretable criteria discovery with
scoreability and dual usability by humans and LLMs. Unlike topic modeling or direct LLM scoring
approaches, it enables domain-grounded, BARS-compatible dimension induction and structured
evaluation.

Method Discovers Scoreable Domain Inter- Human +
Dimensions Criteria Grounded pretable LLM Scoring

LDA / BERTopic v X X X

LLM-as-a-Judge X v X

Our Method v v v v v

4.6 Predictive Modeling of Behavioral Outcomes

We evaluated the predictive utility of LLM-discovered feedback quality criteria by
modeling four behavioral outcomes annotated by human experts in [8]: Trainee
Behavior Change, Verbal Response, Trainer Approval, and Trainer Disapproval. We
implemented a fivefold stratified cross-validation procedure to ensure that each fold
preserved the original class distribution for the respective outcome. Within each train-
ing fold, we performed nested hyperparameter tuning using an inner fivefold stratified
cross-validation loop. Random Forest classifiers were tuned via grid search over the
following parameter ranges: number of estimators [200, 300, 400, 500, 1000],
maximum number of features [10, 25, 50], maximum tree depth [20, 501, and
minimum samples per leaf [5, 20]. The Gini impurity index was used as the splitting
criterion, and the best hyperparameters were selected based on AUROC performance
on the validation folds. To further address the effects of class imbalance during model
training—particularly for less frequent outcomes such as Trainer Disapproval—we
applied class weighting using King’s method [50], which adjusts model estimation to
reduce bias in rare event prediction.

We compared models using three types of features: (1) our Al-derived quality
scores, (2) previously published topic modeling features [10], and (3) previously pub-
lished human-defined feedback categories [8], both individually and in combination.
Feature matrices were constructed accordingly, and the same cross-validation protocol
was applied across all feature configurations.

Each fold’s predictions were evaluated using standard classification metrics, includ-
ing Area Under the Receiver Operating Characteristic Curve (AUROC), accuracy,
precision, and recall. We report AUROC with 95% confidence intervals calculated using
the DeLong method [51] over the pooled held-out predictions. Model performance
across feature configurations and behavioral outcomes is presented in Table 1.

4.7 Model Comparison and Statistical Significance Testing

To assess the independent predictive contributions of Al-derived quality scores and
previously published feedback annotations, we conducted a comparative analysis of
model performance using DeLong’s test for correlated receiver operating characteristic
(ROCQ) curves. Specifically, we built three models for each behavioral outcome: (1) a
full model incorporating both Al-derived quality scores and prior annotation features
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Behavior Outcome Full Model Without AI Quality = Without Prior
AUC 95% CI AAUC 95% CI AAUC 95% CI

Compared to Topic Modeling [10]

Beh. Adjustment 0.77 (0.76,0.79) —0.08* (-0.09,-0.07)  —0.02* (-0.03, -0.01)
Verb. Acknowledge 0.73 (0.71,0.74) —0.06* (-0.07,-0.05)  —0.02* (-0.03, -0.01)
) (- ) )

(- )

Trainer Approval 0.69 (0.67,0.71) —0.02* 0.04, -0.00 —0.03* (-0.04, -0.01
Trainer Disapproval 0.63 (0.58, 0.69) —0.07* 0.13, -0.00 0.03 (-0.09, 0.02)

Compared to Human Categories (8]

Beh. Adjustment 0.78 (0.77,0.80) —0.08* (-0.10,-0.07) —0.03* (-0.04, -0.02)
Verb. Acknowledge 0.74 (0.73, 0.76) —0.06* (-0.08, -0.05) —0.03* (-0.04, -0.02)
Trainer Approval 0.69 (0.67,0.71) —0.06" (-0.08,-0.04) —0.03* (-0.04, -0.01)

Trainer Disapproval 0.62 (0.56, 0.68) —0.03  (-0.09, 0.03) —0.02 (-0.07, 0.03)

Table 6 AUROC values for models using both AI Quality Ratings and Prior Work
Categories, and the respective drops in AUROC when either feature set is removed. Rows are
grouped by comparison baseline. Statistically significant drops (A AUC 95% CI excluding 0) are
underlined.

(topic modeling [10] and human-defined categories [8]), (2) a reduced model without
AT quality scores, and (3) a reduced model without prior annotation features.

All models were trained using Random-Forest classifiers with class-weight bal-
ancing to account for outcome imbalance. Hyper-parameters were tuned by nested
cross-validation: a fivefold stratified outer loop estimated generalization performance,
while a threefold stratified inner loop executed a grid search over the number of trees
[200, 300, 400, 500, 1000], the number of features considered at each split [10,
25, 50], the maximum tree depth [20, 50], and the minimum samples per leaf [5,
20]. The hyper-parameter set that maximized AUROC within the inner loop was
refit on the full outer-training fold and then evaluated on its corresponding held-out
outer-test fold. AUROC scores were computed on these outer-test sets, and DeLong’s
method provided 95 % confidence intervals (CIs) both for each individual AUROC and
for the difference in AUROC (AAUROC) between full and reduced models.

The DeLong test accounts for the covariance structure of paired predictions,
enabling statistically principled comparison of correlated ROC curves. A feature set
was deemed to have significant independent predictive value when the 95% CI for
AAUROC excluded zero. AUROC values, AAUROC, and their CIs are summarized
in Table 6; statistically significant drops in AUROC following the removal of a feature
set are interpreted as evidence for its contribution to predictive performance.

4.8 Association Between Feedback Quality and Outcomes

To assess how distinct feedback quality dimensions relate to subsequent trainee behav-
toral adjustments or trainee verbal acknowledgment, we fit a generalized linear mixed
model (GLMM) with a Poisson distribution and log link function. The binary out-
come indicated whether a feedback instance was followed by a behavioral change from
the trainee. Six quality dimensions were entered as fixed effects: Encouraging, Urgent,
Actionable, Timely, Clear, and Reflective. A random intercept for surgical case was
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included to account for clustering across repeated observations within the same case.
We report exponentiated fixed effects as rate ratios, with 95% confidence intervals.

4.9 Human-AI Alignment Evaluation

To evaluate alignment with human judgment, we took the Al-discovered quality rating
definitions and asked two human raters with domain knowledge to apply them to a
stratified sample of 30 feedback instances. These instances were selected to ensure
coverage across the full scoring range (1-5) for each quality dimension. Specifically,
for each of the six feedback quality dimensions, we sampled five examples: two with
high scores (4 or 5), one with a mid-range score (3), and two with low scores (1
or 2). To avoid repetition, already sampled examples were excluded in subsequent
selections using index tracking. This process ensured that the evaluation set reflected
the diversity of scoring scenarios across all criteria.

Prior to annotation, raters participated in a calibration session using a separate set
of 30 feedback examples. Human-human disagreements from this session were used for
discussion among annotators towards reaching interpretation consensus following best
practices in qualitative coding [52, 53], while human-Al disagreements were used as
examples incorporated into the scoring definitions for AI behavior steering following in-
context-learning principle [54], as described in Section §4.4. Final inter-rater agreement
results were computed using the unseen 30-instance evaluation set.

We calculated quadratically weighted Kappa score following best practices
from [16, 55]. Quadratically-weighted k was chosen because Behaviorally Anchored
Rating Scales (BARS) deliberately place the extreme anchors much farther
apart—conceptually and clinically—than adjacent mid-points. Quadratic weights
reflect this by squaring the category distance, heavily penalizing large misclassifica-
tions, whereas linear weights down-weight all disagreements in a strictly proportional
(less discriminating) fashion [56]. Quadratic weighting is therefore recommended for
ordered clinical/ BARS-style rubrics and is the form originally proposed by (author?)
[57].

Data Availability

The datasets generated during and/or analyzed during the current study are available
from the corresponding author on reasonable request.

Code Availability

All GPT-4o interactions were run using standard OpenAl API [58]. The precise
wording of the system and user prompts at each framework stage is provided in Sup-
plementary Materials. Agglomerative clustering analysis has been performed using
a standard scikit-learn implementation [59]. The integration code is available from
the corresponding author upon reasonable request. Feedback effectiveness prediction
analysis has been performed using standard Scikit-learn implementations including
RandomForestClassifier [60], GridSearchCV [61], and StratifiedKFold [62]. Inter-
rater reliability was assessed using standard weighted Kappa implementation from
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Scikit-learn [63]. Association analysis was performed using R implementations of the
generalized linear mixed-effects (glmer) from the lme4 package (v1.1.37) and esti-
mated marginal means were computed with the emmeans package (v1.11.2); we did
not build custom code for machine learning evaluation or association analysis.
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Scale Score 1 (None) Score 3 (Moderate) Score 5 (High)
Encouragement
Definition Neutral or negative Mild affirmations or Explicit, enthusiastic
tone; no observable neutral support encouragement clearly
encouragement. without strong aimed at boosting
reinforcement. confidence.
Examples  “That’s wrong.” “That’s fine.” “Ezcellent work!”
“Yes, it’s to define the “Good.” “Perfect.”
bladder neck...” “Keep going, smiley “Good, I love that.”
“Do you see where the  face”
pelvic bone is now?”
Urgency
Definition  Calm or delayed Prompting language or  Explicit, critical
feedback; no urgency tone suggests some urgency with
communicated. urgency without direct  immediate calls to
commands. action.
Examples  “You might want to “Watch your “Immediately stop!”
adjust that later.” positioning.” “Correct your grip
“This one should have “You go a little more.”  mow!”
been further distal.” “Let’s work distally.” “Don’t coag!!”
“Maybe next time.”
Actionability
Definition No actionable content;  Some guidance, but Highly precise,
vague or evaluative. lacks precision. step-by-step action
that is immediately
executable.
Examples  “That’s not right.” “Adjust your grip.” “Move your needle

“This one should have
been even further
distal.”

“Be more careful.”

“Keep going, smiley
face.”
“Ok, open that up.”

holder 2 cm forward.”
“Angle it down by 30
degrees.”

“Sweep left and then
buzz.”

Table A1 Al-discovered feedback quality scoring criteria. Each dimension is rated using a 5-point
Behaviorally Anchored Rating Scale (BARS); for clarity, only anchors for scores 1 (Minimal), 3
(Moderate), and 5 (High) are shown. Definitions and representative examples are provided for each

anchor.

Appendix B GPT-40 prompts
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Scale Score 1 (None) Score 3 (Moderate) Score 5 (High)

Timeliness

Definition  Feedback is delayed Moderately prompt; Immediate, real-time
significantly, unrelated  refers to recent action feedback during the
to immediate action. but not immediate. action.

Examples  “This one should have “So you start here.” “It’s still bleeding—you
been even further “This is where I want gotta stop that.”
distal.” you to start.” “Do you see exactly
“Maybe next time.” “You did that too fast.”  where the pelvic bone
“Before you continue, is now?”
let’s review.” “You’re coag’ing

again!”

Clarity

Definition = Confusing or Mostly clear but Exceptionally clear,
ambiguous; unclear includes minor concise, and
what is meant. ambiguities. unambiguous.

Examples  “You know what to “Adjust it a bit.” “Insert the needle at a
do.” “That’s it, that’s all 45-degree angle just
“Good.” you’re gonna get.” above the marked
“Let me see how much “Ok, open that up.” point.”
is bleeding.” “How many knots did

you do there?”
“Mowve the instrument
to the left.”

Reflection

Definition  No reflective element; Occasional reflective Strong, open-ended
purely directive or prompt but lacks reflective guidance
evaluative. depth. fostering deep

evaluation.

Examples  “Before you do the next  “What went wrong “How could you adjust

step, clean your lens.”
“Closer to the
prostate.”

“Push a little further.”

there?”

“Do you see that
periurethral stuff ?”
“Do you see where the
pelvic bone is now?”

your technique to
improve precision?”
“What’s the next
step?”

“Why did you choose
that approach?”

Table A2 Scoring criteria for the final two dimensions, Clarity and Reflection, discovered via
Al-based analysis of surgical feedback. Anchors correspond to scores 1 (Minimal), 3 (Moderate),
and 5 (High) on a 5-point Behaviorally Anchored Rating Scale (BARS).

References

[1] Agha, R. A., Fowler, A. J. & Sevdalis, N. The role of non-technical skills in
surgery. Annals of medicine and surgery 4, 422-427 (2015).

22



Prompt Template for Quality-Criteria Discovery

System Instruction:

You are working in the context of wverbal feedback delivered by a trainer to a trainee in a
live surgery. The goal of the feedback is to modify trainee thinking or behavior. There are
different measures assessing feedback effectiveness, including:

® Trainee Behavior Change — behavioral adjustment made by the trainee that corre-
sponds directly with the preceding feedback (e.g. trainee immediately pulls more tightly
on the suture thread after receiving feedback to cinch tightly);

® Trainee Verbal Acknowledgment — verbal or audible confirmation by the trainee
confirming that they have heard the feedback (e.g. “Okay, I see”, “uh-huh, got it.”);

® Trainer Approval — trainer verbally demonstrates that they are satisfied with the
trainee behavioral change (e.g. “yes”, “mhm”).

Based on these descriptions, propose dimensions that would be predictive of the three out-
comes above. For each dimension, supply a definition such that a rater could score a feedback
instance on the Behaviorally Anchored Rating Scale (BARS) using 5 behavioral anchor levels,
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