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Abstract
Purpose  Feedback is a cornerstone of medical education. However, not all feedback that residents receive is high-quality. 
Natural language processing (NLP) can be used to efficiently examine the quality of large amounts of feedback. We used a 
validated NLP model to examine factors associated with the quality of feedback that general surgery trainees received on 
24,531 workplace-based assessments of operative performance.
Methods  We analyzed transcribed, dictated feedback from the Society for Improving Medical Professional Learning’s 
(SIMPL) smartphone-based app. We first applied a validated NLP model to all SIMPL evaluations that had dictated feedback, 
which resulted in a predicted probability that an instance of feedback was “relevant”, “specific”, and/or “corrective.” Higher 
predicted probabilities signaled an increased likelihood that feedback was high quality. We then used linear mixed-effects 
models to examine variation in predictive probabilities across programs, attending surgeons, trainees, procedures, autonomy 
granted, operative performance level, case complexity, and a trainee’s level of clinical training.
Results  Linear mixed-effects modeling demonstrated that predicted probabilities, i.e., a proxy for quality, were lower as 
operative autonomy increased (“Passive Help” B = − 1.29, p < .001; “Supervision Only” B = − 5.53, p < 0.001). Similarly, 
trainees who demonstrated “Exceptional Performance” received lower quality feedback (B = − 12.50, p < 0.001). The specific 
procedure or trainee did not have a large effect on quality, nor did the complexity of the case or the PGY level of a trainee. 
The individual faculty member providing the feedback, however, had a demonstrable impact on quality with approximately 
36% of the variation in quality attributable to attending surgeons.
Conclusions  We were able to identify actionable items affecting resident feedback quality using an NLP model. Attending 
surgeons are the most influential factor in whether feedback is high quality. Faculty should be directly engaged in efforts to 
improve the overall quality of feedback that residents receive.
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Introduction

Residents receive a large volume of feedback during their 
medical training. However, not all feedback is high qual-
ity [1, 2]. Experts agree that high-quality feedback should 
be specific, action-oriented, and given in a timely manner 
[3–5]. Residents have indicated that they desire more direct 
and actionable feedback in their training to increase learning 
and skill development [6–8]. To improve resident learning, 
it is important to understand factors affecting the quality of 
feedback residents receive [9, 10].

While there is a large volume of literature examining resi-
dent feedback in medical education, a few studies have ana-
lyzed feedback quality across multiple institutions. Assess-
ing feedback quality on a large-scale has proven challenging 
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due to difficulties with both data collection and analysis. For 
example, programs often have individual systems for col-
lecting and storing resident feedback. Even if feedback data 
were successfully aggregated across institutions, efficiently 
analyzing large volumes of narrative data can be challeng-
ing. These factors make it challenging to identify general-
izable factors influencing feedback quality. Standardized 
workplace-based assessments (WBAs) offer a potential solu-
tion for assessing resident feedback [11, 12]. WBAs that are 
administered across multiple programs provide an important 
source of data for examining what factors are associated with 
high-quality feedback.

Natural language processing (NLP) can be used to evalu-
ate large amounts of feedback data in a short amount of time 
[13, 14]. Previous studies have demonstrated that an NLP 
model could be trained to reliably classify whether feedback 
provided to general surgery residents was “relevant” and 
“specific” and/or “corrective.” [13, 14] To understand fac-
tors affecting the quality of feedback that residents received 
across multiple general surgery programs, we applied an 
NLP model to a large corpus of dictated and transcribed 
feedback from the Society for Improving Medical Profes-
sional Learning’s (SIMPL) smartphone-based app [15–18]. 
Analyzing feedback from a large educational registry with 
a validated NLP model provides one of the first opportuni-
ties to identify potentially generalizable factors affecting the 
feedback trainees receive.

Methods

Study cohort

SIMPL evaluations were collected from September 2015 to 
September 2021. Evaluations were included from 70 gen-
eral surgery programs in the United States for categorical 
trainees across post-graduate year (PGY) 1–5. Incomplete 
SIMPL evaluations were excluded.

Data source

The SIMPL app provides attending surgeons with the 
opportunity to rate resident autonomy, resident operative 
performance, and case complexity, as well as provide nar-
rative feedback data within 72 h of case completion [15, 16]. 
Autonomy was rated using the Zwisch scale: 1 = “Show and 
Tell,” 2 = “Active Help,” 3 = “Passive Help,” or 4 = “Supervi-
sion Only.” [19] Operative performance was rated using the 
SIMPL Performance Scale: 1 = “Unprepared/Critical Defi-
ciency,” 2 = “Inexperienced,” 3 = “Intermediate,” 4 = “Prac-
tice-Ready,” or 5 = “Exceptional Performance.” Complex-
ity of the case relative so similar procedures could be rated 
as 1 = “Low Complexity,” 2 = “Medium Complexity,” or 

3 = “High Complexity”. Narrative feedback was dictated 
and then transcribed using Google Cloud Speech-to-Text. 
Transcribed feedback were then scored using a validated 
NLP model [13, 14]. This study was deemed exempt by the 
University of Michigan Institutional Review Board.

Statistical analysis

The NLP model used in the current was trained on text that 
was coded using the classification scheme and method devel-
oped by Ahle et al. [18] This classification scheme catego-
rizes feedback as relevant or irrelevant, specific or general, 
and corrective and/or encouraging. The process for develop-
ing the NLP model and example text aligned to a label of rel-
evant and specific and/or corrective can be found in Solano 
et al. [13]. The result of applying the trained NLP model 
to an instance of transcribed feedback from SIMPL was a 
predicted probability that the feedback was relevant and spe-
cific and/or corrective. We used the predicted probabilities 
as the dependent variable in a linear mixed-effect model 
where faculty rater, trainee, procedure, and program were 
modeled as random effects and autonomy, performance, 
case complexity, and PGY level of a trainee were modeled 
as fixed effects. Reference levels were set at “Active Help” 
for autonomy, “Unprepared/Critical Deficiency” for opera-
tive performance, “Low” for case complexity, and “PGY 1” 
for PGY. For autonomy, “Active Help” was used, because 
trainees who receive an autonomy rating of “Show and Tell” 
are not given an opportunity to receive a performance rating. 
To determine how much variation in the quality of narrative 
feedback was explained by different factors, intraclass cor-
relation coefficients (ICC) were calculated for the random 
effects included in the model.

Results

We examined 24,531 SIMPL evaluations from 70 general 
surgery programs using a validated NLP model. Study 
cohort characteristics are shown in Table 1. Feedback qual-
ity scores by PGY, case complexity, autonomy rating, and 
operative performance are shown in Fig. 1. The box plots 
for PGY illustrate limited variation between levels. Case 
complexity, likewise, showed limited variation across rating 
levels. Both autonomy and performance ratings, however, 
showed demonstrable differences as autonomy and perfor-
mance ratings increased, respectively.

Linear mixed-effects results are shown in Table 2. Infer-
ential patterns largely match descriptive patterns for auton-
omy, performance, and complexity scales whereby predicted 
probabilities decreased as operative autonomy increased 
(“Passive Help” B = − 1.29, p < 0.001; “Supervision Only” 
B = −  5.53, p < 0.001), and trainees who demonstrated 
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“Exceptional Performance” received lower quality feed-
back (B = -12.50, p < 0.001). For random effects, we found 
small effects for the role that individual trainees, different 
procedures, or programs played. We observed that approxi-
mately 36% of the variation in feedback quality was attribut-
able to the individual attending surgeon providing narrative 
feedback.

Discussion

This study suggests that despite the many factors that could 
influence the quality of feedback faculty provide to general 
surgery residents, the most important factor is the attending 
surgeon—regardless of the specific resident or procedure. 
This means that despite the trainee and his or her perfor-
mance, individual attending surgeons provide consistently 
high- or low-quality feedback. Deviations from this high-
level takeaway can be observed when a trainee, on average, 
is granted the highest level of autonomy and/or performs 
to an exceptional standard. At these highest levels, trainees 

are likely to receive the lowest quality of feedback, meaning 
that the feedback is not likely to be relevant, specific, and/
or corrective. This could be due to faculty triaging the more 
detailed feedback they give toward lower-performing resi-
dents, while providing lower quality feedback (for example, 
“Good job!” or “Nice work!”) to higher performers. The 
robustness and potential generalizability of these findings 
is enhanced by the scale at which we were able to examine 
feedback in this paper.

Since faculty accounted for a large proportion of the 
variation in the quality of feedback that trainees received, 
understanding how faculty chooses to construct and gives 
feedback could uncover opportunities for improving feed-
back quality more generally [20]. Previous studies have 
demonstrated that teaching faculty how to give effective 
feedback can improve the feedback provided [21, 22]. 
Investing in faculty develops programs that address the 
components of effective feedback and strategies for giving 
high-quality feedback could increase the overall quality of 
feedback given to residents [3, 23]. Faculty can also raise 
quality when they receive feedback about their feedback 

Table 1   Descriptive statistics

N = 70 programs

PGY 1 PGY 2 PGY 3 PGY 4 PGY 5

Trainees 740 753 845 803 780
Faculty raters 653 721 805 751 723
Dictated ratings 3411 3868 5586 5398 6268
Mean quality score (SD) 86.6 (20.0) 86.6 (20.0) 86.5 (20.4) 84.1 (22.0) 81.9 (24.0)

Fig. 1   Breakdown of qual-
ity scores by PGY, Case 
Complexity, Autonomy, and 
Performance. Autonomy: 
1 = “Show and Tell,” 2 = “Active 
Help,” 3 = “Passive Help,” 
or 4 = “Supervision Only.” 
[19]. Operative performance: 
1 = “Unprepared/Critical Defi-
ciency,” 2 = “Inexperienced,” 
3 = “Intermediate,” 4 = “Prac-
tice-Ready,” or 5 = “Exceptional 
Performance.” Case Complex-
ity: 1 = “Low Complexity,” 
2 = “Medium Complexity,” or 
3 = “High Complexity”
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[24]. Future efforts to advance quality could build upon 
evidence-based strategies combined with effective audit 
and feedback. [25]

This study is not without limitations. First, only 39% 
of the SIMPL evaluations we examined included narra-
tive feedback. This percentage of evaluations that include 
narrative feedback suggests that we are missing feedback 
instances that are not captured with SIMPL, such as verbal 
feedback given to residents during an operation. While 
this may limit the generalizability of our results to con-
texts outside of the operating room, the robust amount 
of feedback instances that were captured in our analysis 
strengthen our confidence identifying factors associated 
with high-quality feedback. Furthermore, programs that 
utilize the SIMPL application may be skewed toward giv-
ing more feedback, and therefore could overrepresent the 
amount of high-quality feedback that residents receive. 
Finally, while the NLP model provided the opportunity 
examine feedback quality at an unprecedented scale, 
the underlying model itself requires continual analysis 
and maintenance to understand the text-based features it 
attends to in scoring an instance of feedback. We plan 

to build on this study by examining how the NLP model 
could identify feedback quality while accounting for addi-
tional variables, such as PGY.

A key strength of our study was applying a validated 
NLP to assess feedback quality of nearly 25,000 evalua-
tions with narrative feedback. The innovative approach 
used in this paper, while limited in important respects, 
allowed us to identify potentially generalizable factors 
associated with high-quality feedback in general surgery 
training using WBAs.

Conclusions

A highly influential factor in whether residents receive 
high-quality feedback is the attending surgeon. Efforts 
to enhance feedback quality should directly engage with 
faculty to understand their decisions about how to give 
feedback. By partnering with faculty, the overall quality of 
feedback that residents receive could be improved.

Table 2   Linear mixed-effects model results 

p < 0.05 *; p < 0.01 **; p < 0.001. *** based on t value. ICC = intraclass correlation
Reference categories: “Active help” [1]; “Unprepared/critic deficiency” [2]; “Low complexity” [3]; “PGY 1” [4]

Fixed effects B SE t Value

Intercept 78.28*** 4.26 18.36
Autonomy1

 Passive help − 1.29*** 0.33 − 3.93
 Supervision only − 5.53*** 0.49 − 11.20

Performance2

 Inexperienced 3.87 4.20 0.92
 Intermediate 3.12 4.20 0.75
 Practice-ready − 3.01 4.20 − 0.72
 Exceptional − 12.50*** 4.26 − 2.94

Complexity3

 Medium 0.98** 0.36 2.77
 High − 0.05 0.42 − 0.11

PGY4

 2 1.79* 0.51 2.33
 3 1.05* 0.51 2.09
 4 1.55*** 0.54 2.90
 5 1.15* 0.56 2.03

Random effects Variance ICC

Trainee 6.03 0.01
Faculty Rater 183.32 0.36
Procedure 8.09 0.02
Program 18.06 0.04
Residual 194.56
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ing the current study are available from the corresponding author on 
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