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Abstract

Introduction: In competency-based medical education (CBME), specifically entrustable professional activities
(EPAs), timely feedback is essential because delays can distort assessor recall and performance documentation.
Prior work links longer timelag to reduced feedback quality, but its effects across thresholds and outcomes
remain unclear. This study examines these relationships using statistical analyses, incorporating artificial in-
telligence (Al) tools to standardize extraction of narrative feedback metrics.

Methods: We performed a retrospective cross-sectional study of internal medicine resident EPA assessments,
each including two narrative sections (‘General Feedback,” ‘Next Steps’), entrustment scores (0-4), and comple-
tion dates. Pretrained transformer-based models estimated sentiment positivity (0-1) and Quality of Assessment
for Learning (QuAL) scores (0-5). We manually refined outputs, subsequently fitting datapoints for ordinal
logistic, binary logistic, and linear regression. Exploratory analyses identified timelag thresholds linked to
changes in feedback metrics.

Results: 301 assessors evaluated 1,147 EPAs for 111 residents, with a 7-day median timelag (IQR: 21). Longer
timelag was associated with lower QuAL (OR=0.997/day; p < 0.05), fewer words (-0.07words/day; p<0.05), and
higher odds of empty comments (OR=1.003/day; p < 0.01). Effects emerged sequentially: transient increases in
entrustment around seven days, followed by dose-dependent declines in quality from 14 days and reductions
in feedback length thereafter. Beyond 100 days, comments became uniformly brief with higher positivity and
entrustment, suggesting reduced specificity and recall.

Conclusion: Delayed completion meaningfully affects feedback quality, completeness, and tone. Findings sup-
port 7-14 day completion targets and flagging EPA assessments beyond 100 days as unreliable. Al-assisted ex-
traction of narrative metrics may support standardized, scalable EPA assessment analysis in CBME.
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Quantification du délai : modélisation de I'impact de la rapidité de
la rétroaction narrative dans les évaluations des activités
professionnelles confiables au cours de la formation en médecine
interne a l'aide de l'intelligence artificielle

Résumé

Introduction : Dans la formation médicale axée sur les compétences, en particulier les activités profession-
nelles confiables (EPA), une rétroaction rapide est essentielle, car les retards peuvent fausser la mémoire des
évaluateurs et la documentation de la performance. Des travaux antérieurs associent un délai plus long a une
rétroaction de moindre qualité, mais ses effets selon différents seuils et résultats demeurent incertains. Cette
étude examine ces relations au moyen d’analyses statistiques, en intégrant des outils d’intelligence artificielle
(IA) pour standardiser I’extraction de mesures issues de la rétroaction narrative.

Méthodes : Nous avons mené une étude rétrospective transversale d’évaluations EPA de résidents en médecine
interne, comprenant chacune deux sections narratives (« Commentaires généraux », « Prochaines étapes »),
des scores de confiance (0-4) et des dates de réalisation. Des modeles préentrainés fondés sur des transformeurs
ont estimé la positivité du sentiment (0-1) et les scores de qualité de I’évaluation pour I'apprentissage (QuAL)
(0-5). Nous avons affiné manuellement les résultats, puis ajusté les données au moyen de régressions logistique
ordinale, logistique binaire et linéaire. Des analyses exploratoires ont permis d’identifier les seuils de délai as-
sociés a des changements dans les mesures de rétroaction.

Résultats : 301 évaluateurs ont évalué 1 147 EPA pour 111 résidents, avec un délai médian de 7 jours (IQR : 21).
Un délai plus long était associé a une QuAL plus faible (OR=0,997/jour ; p<0,05), a moins de mots (-0,07 mot/jour
; p<0,05) et & une probabilité plus élevée de commentaires vides (OR=1,003/jour ; p<0,01). Les effets sont apparus
de facon séquentielle : augmentation transitoire de la confiance autour de sept jours, suivie d’'une baisse dose-
dépendante de la qualité a partir de 14 jours, puis d’'une réduction de la longueur de la rétroaction. Au-dela de
100 jours, les commentaires devenaient uniformément brefs, avec une positivité et une confiance plus élevées,
suggérant une diminution de la spécificité et du rappel.

Conclusion : Les retards de réalisation affectent de fagon significative la qualité, I’exhaustivité et le ton de la
rétroaction. Les résultats appuient des cibles de réalisation de 7 a 14 jours et le signalement des évaluations EPA
dépassant 100 jours comme non fiables. L’extraction assistée par IA de mesures narratives pourrait soutenir
une analyse standardisée et évolutive des évaluations EPA dans la formation médicale axée sur les compétences.




Introduction

Competency-based medical education (CBME) is
the curriculum model used in resident education in
Canada. For specialty programs, as guided by the
Royal College of Physicians and Surgeons of Can-
ada (RCPSC), there is a focus on entrustable profes-
sional activities (EPA) as the basis to assess compe-
tence through frequent, task-specific, and low-
stakes assessments.!™ EPAs are discrete clinical
tasks evaluated by assessors to determine the level
of entrustment granted to a resident, first proposed
in 2005° and adopted in Canada around 2017. EPA
assessments represent a key outcomes-based tool to
monitor resident progression through training in
CBME.

Narrative descriptive feedback plays an essential
role within EPA-based assessments to clarify per-
formance, provide guidance for growth, and inform
program decisions on resident progress.*® How-
ever, while the introduction of EPAs aimed to in-
crease the quality and quantity of narrative feed-
back available to residents, multiple studies identi-
-ied improvements are still required in areas related
to quality, frequency, and actionability.}+7:8

Timeliness is a critical determinant of feedback ef-
fectiveness.” Residents consistently report that
timely completion of feedback improves event re-
call, actionability, and perceived usefulness.!0-12
Yet, in postgraduate medical education (PGME),
feedback is often delayed after the clinical event.”!3
One survey found 58% of residents describing their
assessments as rarely or never timely,!° while an in-
terview study noted 70% of EPAs took over two
weeks.!* Reasons may include limited time®! or
competing workloads for assessors.!¢

Untimely feedback affects not only residents’ ability
to apply it, but also the overall quality and strength
of feedback itself. Extended time delays had a sig-
nificant association with lower feedback quality
scores after 14 days!’ or one month,® and also with
greater frequencies of empty feedback.!”-1® Feedback
given after seven days had significantly less action-
ability in recommendations than before.*

When delayed, feedback reliability and accuracy
could be implicated, with concerns of memory de-
cay, recall bias, halo effects, and central tendency
errors.1%723 Assessors could default to more positive
perceptions with movement towards the mean.
Feedback post-14 days contained significantly less
item-to-item variation,'® more global unspecific
feedback,'® and less reliability in evaluated scores.?*
Though, some studies found insignificant trends be-
tween timeliness with scoring,'®?> quality,?¢ or
positivity,* thus warranting further investigation.

The increasing awareness of timeliness in PGME
feedback has led to frameworks with expiry thresh-
olds ranging from 72 hours?’ to 14 days,?8 represent-
ing important steps toward promoting prompt as-
sessment completion. However, existing studies
guiding these thresholds examine only a narrow
subset of factors per study and often pool diverse
assessment types or tasks, risking confounding fac-
tors. For instance, complex EPA tasks could warrant
both greater feedback quality and urgency for com-
pletion. Timeliness has multidimensional impacts
beyond feedback quality, influencing evaluation
scores, sentiment, and detail, and also varies by EPA
assessment initiator and evaluation modality. Ro-
bust thresholds should therefore account for these
multiple factors simultaneously to remain meaning-
ful and adaptable to program needs.

This study builds on existing medical education
work on delayed assessment completion,*8:17:18.24-26
extending it to examine the impact of timelag
through multiple dimensions together. Using a large
single-task EPA cohort to minimize confounding
variables, we comprehensively analyzed associa-
tions between timeliness and feedback characteris-
tics. To support consistent and scalable measure-
ment of narrative feedback features, we further ap-
-ly artificial intelligence (AI) methods as a tool to
help extract sentiment and quality metrics from
written comments, which we then incorporated into
statistical analyses. Key objectives for this study in-
cluded 1) characterizing patterns of delayed narra-
tive feedback, 2) modeling different timeliness
thresholds on feedback quality and traits, and 3)
drawing on multiple metrics to inform more robust
guidelines for timely, meaningful assessment.



Methods

Study design and setting

We performed a single-centre retrospective cross-
sectional study analyzing a single Core of Discipline
(C1) EPA assessment over 3 years (July 1%t 2020 to
June 9t 2023) for internal medicine residents at a
Canadian university. The C1 EPA assesses the task
of assessing, diagnosing, and managing patients
with complex or atypical acute medical presenta-
tions. We chose to analyze only one EPA type to
limit inter-assessment variability. Each EPA in-
volved a clinical encounter assessed by direct obser-
vation, case discussion, or both. Assessors included
faculty, attending physicians, clinical fellows, or
senior residents. All assessors underwent training
to ensure consistency, including routine depart-
mental PGME workshops and faculty development
sessions. Following completion of the clinical task,
the resident, assessor, or program management sys-
tem (automatically based on scheduled require-
ments) triggered the EPA assessment form. When
triggered, Elentra™, an integrated online clinical ed-
ucation platform,”® notified and delivered EPA
forms to the assessor. The assessor could complete
the form online on Elentra™ at any time, with a
template viewable in this weblink
(https://drive.google.com/file/d/1u1VAMZ24tj0Go
60rwDh0BGgesQCuhhvyh/view?usp = sharing).
Once submitted, Elentra™ would return the filled
form to the resident, and the residency program
would also regularly review feedback to inform res-
ident progression, remediation, and intervention
decisions.

Assessors scored entrustment on a 6-level rating
scale (scored 0-4) developed by the Queen’s Univer-
sity Internal Medicine program (Table 1), based on
the 5-point scale from Chen and colleagues. an-
chored on the level of supervision required by the
assessor.’® While some institutions use alternative
scales, like the 5-point Ottawa scale, which anchors
on the level of intervention required instead,?! the
Internal Medicine program developed this scale as
it better aligned with the spectrum of supervision
provided to residents in training.

This study received approval from the university’s
Health Sciences and Affiliated Teaching Hospitals
Research Ethics Board (File #6029081, 6035804).

Table 1. EPA entrustment scoring scale on resident performance

Score Resident Performance

0 Supervisor actively performs the
EPA with resident
Supervisor intermittently assists res-

0 EPA. not ider;t to perform the EPK

achieved - : : :

Supervisor outside room, immedi-

1 ately available, double-checks find-
ings
Supervisor outside room, immedi-

2 ately available, checks only key find-
ings

3 E(I:}ﬁeve d Supervisor offsite, available by
phone, checks only key findings

4 Distant supervisor, post-hoc debrief
available as needed

Data collection

Following form submission, Elentra™ stored assess-
ment data in a secure database. Each form record
consisted of the EPA initiator role, date of EPA en-
counter and feedback submission, entrustment
score, and narrative feedback under two comment
sections (‘General Feedback’ and ‘Next Steps’). We
collected EPA data from Elentra™ as a spreadsheet,
de-identified to maintain confidentiality. Timelag
represented the number of days between EPA task
encounter and EPA assessment completion. We de-
fined empty comments as those that were blank or
contained placeholders like “-,” “NA,” “see below,”
or “see above.”

Feedback analysis

We analyzed four metrics: entrustment score, senti-
ment positivity, feedback quality, and word count,
with entrustment as the main metric of study as it
directly reflects supervisor assessment and clinical
competency decisions. Assessors scored entrust-
ment on an established zero to four point scale, with
=2 denoting successfully achieving the EPA (Table
1).32 We calculated word count separately for each
feedback section. We used natural language pro-
cessing (NLP) AI models on our local system to sys-
tematically analyze narrative comments and cap-



ture patterns within language or terminology, pre-
dicting measures of positivity and feedback quality.

Sentiment positivity estimation used a pretrained
DistilBERT transformer model, fine-tuned for senti-
ment prediction on the SST-2 Stanford Sentiment
Treebank corpus.?3-3> The SST-2 comprises 215,154
distinct phrases derived from 11,855 individual sen-
tences in movie reviews, each annotated by three
human adjudicators.>* The output positivity score
ranged from 0 (negative) to 1 (positive), imputed
separately for each feedback section.

We measured feedback quality by Quality of As-
sessment for Learning (QuAlL) scores, a validated
metric (zero to five) shown to correlate with feed-
back utility.3¢-37 QuAL consisted of three subscores:
1) evidence of resident performance (zero to three),
2) presence of suggestions to improve (‘Sugges-
tions’), and 3) presence of connections supporting
the suggestion with evidence (‘Connections’).3¢:3
QuAL analysis adopted a pretrained Bio-Clinical
BERT transformer model, fine-tuned on two million
clinical notes from the MIMIC-III v1.4 database33°
and subsequently trained on 2,500 EPAs for emer-
gency medicine residents in Ontario and Saskatch-
ewan by Spadafore and colleagues.*’ The model em-
ployed an ensemble of three submodels, each corre-
-ponding to one QuAL subscore, and processed each
feedback section separately. While tested in a simi-
lar CBME setting, because of its training on emer-
gency medicine data, we acknowledge it may not
have fully captured program-specific feedback
trends in internal medicine.

Separately, for each comment, an independent rater
(E.Y.) scored sentiment on a 5-point scale
(0/0.25/0.5/0.75/1) and QuAL scores by their subdo-
mains. We manually corrected model predictions
when the sentiment score differed by >0.25 from hu-
man ratings, or if we found the predicted QuAL sub-
domain to be clearly incorrect upon further review.
This integration of manual review helped ensure
high data fidelity, providing refined model outputs
that we used for subsequent analysis.

Statistical analysis

We summarized feedback characteristics using de-
scriptive statistics, followed by subgroup analysis
using established timelag thresholds from prior lit-
erature (48hrs, 7d, 14d, 30d).4317.18 We assessed dif-
ferences across ordinal timelag groups using trend
tests (Cochran-Armitage test, Spearman correla-
tion), and across EPA initiators using group tests
(Chi-squared test for independence, Kruskal-Wallis
test). Follow-up analyses comparing individual var-
iables used two-sample independent t-tests for
means and two-proportion Z-tests for proportions.

Associations between timelag and ordinal outcomes
underwent ordinal logistic regression and fit using
the Broyden-Fletcher-Goldfarb—Shanno (BFGS) al-
gorithm. Bootstrapping with 300 resampled datasets
estimated 95% confidence intervals (CI). We mod-
elled binary outcomes over timelag with binary lo-
gistic regression, and continuous outcomes with
linear regression using a least-squares approach. A
Pearson correlation matrix summarized the overall
relationships among feedback variables and time-
lag.

To identify potential timelag thresholds, explora-
tory analyses mapped mean differences in feedback
metrics before and after successive candidate
thresholds. We validated selected thresholds that
showed notable shifts using two-sample independ-
ent t-tests, with a false discovery rate (FDR) correc-
tion via the Benjamini-Hochberg procedure to con-
trol for multiple comparisons.

Sensitivity analyses assessed the robustness of re-
sults to extreme delays by excluding outlier EPAs
using Tukey’s method (Q1 - 1.5"IQR; Q3 + 1.5*IQR)
and repeating correlation and threshold analyses.
We applied a threshold FDR adjustment collectively
for all total comparisons, with and without outlier
exclusion combined. We evaluated heteroscedastic-
ity using the Breusch-Pagan test to detect changes
in feedback variance over timelag.



All analyses used Python 3.114!42 and Microsoft Ex-
cel, using Matplotlib** and Seaborn** for plotting,
and using SciPy,* scikit-learn,* and statsmodels*’
for statistical testing.

Results

Baseline characteristics of feed-
back

Over the three-year period, 301 distinct assessors
completed 1,147 EPA-based assessments for the C1
task across 111 distinct residents (Figure 1). Resi-
dents initiated most assessments (n = 1079; 94.1%),
with 53 (4.6%) initiated by attending physicians and
15 (1.3%) by the program management system. All
records contained entrustment and timelag data.
However, 243 (21.2%) lacked comments in ‘General
Feedback’ and 543 (47.3%) lacked comments in ‘Next
Steps.” The median entrustment score was 3 (IQR 1),
indicating consistently high confidence in resident
performance. Assessors completed assessments
with low delay, at a median of 7 days (IQR 21) with

positive skewing. Nearly half (n =548, 47.8%) of
submissions occurred within 7 days (Table 2), while
one-fifth (n = 229) after 30 days. Program-initiated
assessments had a longer median timelag (24 days,
IQR 24) than resident-initiated EPAs (7 days, IQR
22). Assessors completed assessor-initiated assess-
ments most promptly (median 0 days, IQR 1).

Among assessments containing comments, the me-
dian word count was 33 (IQR 39) in ‘General Feed-
back’ and 25 (IQR 33) in ‘Next Steps,” with both dis-
tributions positively skewed. On refinement of Al
model outputs, 80.0 to 96.4% of comments did not
require manual correction. 13.9% (n=126) and
20.0% (n =121) of comments were manually cor-
rected for sentiment positivity, for ‘General Feed-
back’ and ‘Next Steps’ respectively, often due to
conflation of poor patient status with resident per-
formance. This was lower for QuAL subcategories,
at 7.9% (n = 71) and 3.6% (n = 22) for level of detail,
6.4% (n = 58) and 17.7% (n = 107) for presence of sug-
gestions, and 4.1% (n =37) and 11.8% (n =71) for
presence of suggestions connected to feedback.

EPA C1 assessments for all internal medicine
residents at the university (2020-2023)

Basis of Assessment:

!

* case presentation

EPA initiator: the resident (n=1079, 94.1%),
attending physician (n=53, 4.6%), or program  [——
management system (n=15, 1.3%)

(n=922, 80.4%),

« direct observation
(n=193, 19.8%)

¢ note review (n=17,

!

1.5%)

1147 EPA C1 evaluations for 111 distinct
residents completed by 301 distinct assessors

e other (n=15, 1.3%)

v v v v
Entrustment score: Time delay: Section 1: General Section 2: Next
3.02 (0.74) 23.63d (51.75) Feedback Steps
I |
v v
No No
comments comments
(n=243) (n=543)
¥ v ¥ v v +
‘Word count: 5%225 Positivity: Word count: chgi:E Positivity:
40.10 (35.94) 2.89 (1.10) 0.93 (0.16) 37.64 (38.57) 3.59 (1.39) 0.52 (0.43)

Figure 1. Flow of EPA C1 assessments and assessor/task details.”*n indicates the number of data points, v(v) denotes mean (standard
deviation), and d denotes days. Positivity scores range from 0 (negative) to 1 (positive). QUAL scores range from 0 (no feedback) to 5

(feedback with suggestions that link to behavior described).



Table 2. Descriptive statistics and trend tests of EPA characteristics across groups of different completion time delay™

Full Cohort | <48hrs 2-7d 7-14d 14-30d >30d Trend
(n=1147) (n = 260) (n = 288) (n=177) (n=193) (n =229) Testing
Time Delay (days) | 23.63 (51.75) | 0.37 (0.48) 3.88 (1.47) 9.41 (2.13) 20.41 (4.73) 88.58 (89.03)
Entrustment Score 3.02 (0.74) p=0.09,
(0-4) e 2.88(0.80) | 3.03(0.69) | 3.06(0.68) | 3.15(0.69) 3.03(0.78) | p =0.001
General Feedback (n = 904) 225 229 141 143 166
X*=533.00,
Empty Feedback 243 (21.2%) | 35 (13.5%) 59 (20.5%) 36 (20.3%) 50 (25.9%) 63 (27.5%) p =0.000
) p=0.01,
QuAL Score (0-5) | 5 g9 (4.10) 276 (1.16) | 3.01(1.13) | 2.94(1.05) | 3.08 (1.04) 270 (1.05) | p=0.759
with suggestions x'=219.00,
&8 136 (15.0%) | 32 (14.2%) | 45 (19.7%) 19 (13.5%) | 24 (16.8%) 16 (9.6%) p=0.144
with connections x'=202.00,
124 (13.7%) | 29 (12.9%) | 39 (17.0%) 19 (135%) | 23 (16.1%) 14 (8.4%) p=0.221
Sentiment Positi- p=-0.06,
vity (0-1) 0.93(0.16) | 0.94(0.16) | 0.93(0.16) | 0.94(0.15) | 0.92(0.18) 0.93(0.17) | p=0.072
p=0.00,
Word Count 40.10 (35.94) | 35.66 (34.87) | 42.66 (36.28) | 40.74 (32.15) | 45.78 (44.74) | 37.16 (30.46) | p = 0.086
Next Steps (n = 604) 170 147 87 87 113
X*=1103.00,
Empty Feedback 543 (47.3%) | 90 (34.6%) 141 (49.0%) | 90 (50.8%) 106 (54.9%) 116 (50.7%) | p<0.001
] p=0.02,
QuAlL Score (0-5) | 5 59 (4 39) 3.49(1.42) | 355(1.46) | 3.94(1.27) | 3.57(1.33) 3.52(140) | p=0.553
with suggestions X'=741.00,
&8 441 (73.0%) | 123 (72.4%) | 110 (74.8%) | 69 (79.3%) | 63 (72.4%) 76 (67.3%) | p =0.386
with connections X'=548.00,
312 (51.7%) | 79(46.5%) | 76 (51.7%) | 56 (64.4%) | 44 (50.6%) 57 (50.4%) | p=0.444
Sentiment p=-0.07,
Positivity (0-1) 052(043) | 058(0.43) | 048(0.43) | 048(0.43) | 0.53(0.42) 0.50 (0.43) | p =0.092
p=0.01,
Word Count 37.64 (38.57) | 38.51(42.83) | 33.56 (31.41) | 54.61(51.22) | 36.08 (34.82) | 29.77 (26.41) | p =0.818

*mean (SD) for continuous variables, n (%) for binary variables. Timeliness intervals were left-inclusive and right-exclusive. We conducted tests for trend
using the Cochran—Armitage test (binary variables) and Spearman correlation (continuous variables) across ordinal timeliness classes. *QuAL score sub-
components included ‘with suggestions’ (suggestions for improvement) and ‘with connections’ (connections from suggestions to evidence). We defined

sentiment positivity as 0 (negative) to 1 (positive).

Sentiment positivity was higher in ‘General Feed-
back’ at a median of 0.99 (IQR 0.02) than ‘Next Steps’
with a median of 0.39 (IQR 0.95), suggesting a more
critical tone (Appendix A). Positivity showed a bi-
modal pattern in ‘Next Steps,” clustering toward
both extremes. QuAL scores demonstrated a similar
bimodal distribution, with a median score of 3 (IQR
0) in ‘General Feedback,” where 15.0% (n = 136) in-
cluded suggestions and 91.2% (n =124) of those
linked the suggestions to evidence. ‘Next Steps” had
a higher median score of 4 and greater variability in
QuAL scores (IQR 3), with 73.0% (n = 441) of assess-
ments having suggestions and 70.7% (n =312) of
those suggestions connected to provided evidence.

Subgroup analyses of feedback by
time delay and initiator

Subgroup analysis by timelag groups revealed that
entrustment increased modestly with longer delays,
with a mean entrustment of 3.15 (14-30 days) com-
pared to 2.88 (<48 hours) (Table 2). This trend was
significant (p =0.001). The proportion of empty
comments also rose in a dose-dependent manner,
increasing from 13.5% (n=35/260) to 27.5%
(n =63/229) in ‘General Feedback’ and from 34.6%
(n =90/260) to 50.7% (n = 116/229) in ‘Next Steps,’
between <48 hours and >30 days (both p<0.001 for
trend). Although QuAL scores and the presence of
suggestions or connections showed no consistent



temporal trend, they tended to peak around 2-7 days
post-task. We observed no strong associations for
sentiment or word count, though word count
dropped markedly after 30 days in both sections.

In EPA assessments of extended timelag, such as af-
ter 100 days, ‘General Feedback’ sentiment became
almost uniformly positive with limited negative
comments, while ‘Next Steps’ entries remained
more balanced (Appendix A). At these extreme de-
lays, word counts also shifted toward brevity. All
comments given post-100 days were <100 words
and <50 words in ‘General Feedback’ and ‘Next
Steps,’ respectively.

Further analysis confirmed that empty narrative
feedback had an association with longer completion
delays. Assessments lacking ‘General Feedback’ had
a mean timelag 10.3 days longer than those with
comments (31.8 vs 21.4 days; 95%CI: 1.68,18.98;
p =0.019), which was significant. The difference
was also significant in ‘Next Steps’ at 6.43 days (27.0
vs 20.6 days; 95%CI: 0.37,12.48; p = 0.038).

Regression modeling of timelag

To evaluate timeliness more granularly and over ex-
tended durations, we conducted regression analyses
using timelag as a continuous predictor across feed-
back metrics. For feedback quality, ordinal regres-
sion showed significantly lower quality scores with
increasing delay in both sections (p<0.01 for ‘Gen-
eral Feedback’; p<0.05 for ‘Next Steps’) (Figure 2).
The model estimated an odds ratio (OR) of 0.997 per
day, indicating every 10 additional days of delay
corresponded to 3% lower odds of receiving higher-
quality feedback. Increases in empty feedback (score
0) primarily drove this decline, accompanied by a
reduction in detailed comments without sugges-
tions (score 3) in ‘General Feedback’ or a reduction
in detailed comments with suggestions and connec-
tions (score 5) in ‘Next Steps.’

Examining QuAL subsections, binary logistic re-
gression confirmed that longer timelag predicted a
higher likelihood of empty ‘General Feedback’ (OR
1.003 per day, p =0.009), equivalent to 3% greater

odds of missing comments for every 10 days of de-
lay. We observed a similar significant trend for
‘Next Steps’ (OR 1.003 per day; p =0.041). Con-
versely, increased timelag associated with fewer
suggestions in ‘Next Steps’ (OR 0.996 per day,
p =0.017) and ‘General Feedback’ (OR 0.994 per day,
p =0.054), equivalent to 4% or 6% decreased odds of
a suggestion per 10 days delayed. The presence of
evidence-connected suggestions likewise dropped
when the presence of suggestions dropped, with no
significant trends. For entrustment scores, ordinal
regression revealed no significant association over-
all, though with an upward shift in the highest en-
trustment level (score 4) at extreme delays (Figure
2). Follow-up analysis identified that 37.7%
(n =20/53) of assessments completed at or after 100
days received a score of 4, compared with 23.6%
(n =258/1094) before 100 days, suggesting
overrepresentation of high-end scores at extended
timelag (14.1% mean difference; two-proportion z-
test: Z=2.35, p = 0.019).

Linear regression models examining continuous
outcomes (Figure 3) showed that longer timelag pre-
dicted shorter comments in ‘Next Steps’ with ap-
proximately seven fewer words per 100 days
(95%CI; 13.6,0.5; p < 0.05). In contrast, the trend for
‘General Feedback’” was balanced and insignificant;
however, with inclusion of invalid feedback, we
identified a significant negative trend in both sec-
tions. Sentiment analysis showed a weak, non-sig-
nificant trend toward increased positivity in ‘Gen-
eral Feedback’ at higher timelag. Analyses identified
no associations between sentiment and timelag in
‘Next Steps.’

Across all metrics, Pearson correlations between
timelag and feedback features were weak (all |H <=
0.10; Appendix B). The only significant correlations,
of lower word count being associated with longer
timelag in both sections, became non-significant af-
ter outlier exclusion of n = 123 EPAs (upper-bound:
54.5 days). This suggested a small subset of extreme
delays likely led to the observed effect. When ex-
cluding outliers, lower sentiment had a significant
correlation to longer timelag; the initial analysis in-
cluding outliers did not observe this



General Feedback QuAL Next Steps QUAL

1.0

(OR (per day)=0.997 [0.994, 0.999], p=0.003] (OR (per day)=0.997 [0.995, 1.000], p=0.027]
.. 087 QUAL Score - 084 QUAL Score
£ -0 £ —_0
Q Q
e —% o — D
S 0.4 1 ® 0.4
'g —_— g 0.4 —)
° — 5 ° — 5
(9] @
£ 0.2 — a 0.2

—_

0.0 1 0.0 1 :

0 100 200 300 400 500 600 0 100 200 300 400 500 600
Timelag (d) Timelag (d)

Entrustment Level

0.8 [OR (per day)=1.001 [0.999, 1.004], p=0.309|

> Score
= —0
= 0.6

3 !
Q

o — D
o

- 0.4 — 3
g —’//— 4
L

@ 0.2

o

o
o
L

0 100 200 300 400 500 600
Timelag (d)
Figure 2. Predicted probabilities of QUAL scores and entrustment over timelag from ordinal regression models. Shaded regions represent
95%CI imputed from bootstrapping (300 rounds). Odds ratios (OR) are interpreted as the outcome change per one-day increase in timelag.

General Feedback (n=904) Next Steps (n=604)
Coefficient: 0.0118%/day (95% CI -0.0001, 0.0003, p=0.299) Coefficient: -0.0266%/day (95% CI -0.0010, 0.0005, p=0.476)
1.0 A o
1.0 4 po . o ,! y
1)
0.8 -
081 &g ™
) v
0.6 0.6
»

Sentiment Positivity (0-1)
o
>
Sentiment Positivity (0-1)
. o
S

o

o

1

o o
o N
L 1

’ )

L

0 100 200 300 400 500 600 0 100 200 300 400 500 600

Timelag (d) Timelag (d)
Coefficient: -0.0258words/day (95% CI -0.0749, 0.0233, p=0.303) Coefficient: -0.0705words/day (95% Cl -0.1361, -0.0049, p=0.035)
400 A
200 1
= 300 A = 150 4
> >
S S
2001 5 1001
o o
= = 50
100 A
o -
01 -50
0 100 200 300 400 500 600 0 100 200 300 400 500 600
Timelag (d) Timelag (d)
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Exploratory threshold testing and
comparisons

To identify potential thresholds where timelag may
correspond to meaningful changes in outcomes, we
conducted exploratory analyses comparing mean
differences in each metric before and after succes-
sive timepoints. This revealed several transition
zones, or intervals where thresholding led to large
differences in outcome. For entrustment, assess-
ments completed after three to seven days had
higher scores than those completed sooner, with a
secondary zone around 100 days. For feedback qual-
ity, assessments completed after 14-150 days
showed lower QuAL scores in ‘General Feedback’
than those before, and 70-90 days for ‘Next Steps’
(Appendix C). In sentiment, transition zones for
higher positivity appeared after around 50 and 150
days in ‘General Feedback,” and between 80-100
days in ‘Next Steps’ (Appendix D). Feedback length
had transition zones of lower word count within the
40-100 day range in both sections. After outlier ex-
clusion, early transition zones in entrustment and
QuAL scores (‘General Feedback’) persisted. No
zones for sentiment positivity, word count, or QUAL
(‘Next Steps’) remained, aside from a mild 35-45 day
transition for lower word count in ‘General Feed-
back.’

Based on these exploratory trends, we selected three
thresholds: seven days (entrustment), 14 days
(QuAL scores, empty feedback), and 45 days (QuAL
scores, word count). Higher thresholds such as 150
days may capture more pronounced changes in
word count or sentiment, but we considered them
too delayed to be practical. To validate these thresh-

olds, we performed t-tests with FDR multiple com-
parisons correction (Table 3). The seven-day thresh-
old showed significantly higher entrustment in
EPAs completed after the delay; this effect persisted
after outlier exclusion but lost significance. QuAL
scores showed a dose-response trend in ‘General
Feedback’ and had greater reductions in quality at
higher thresholds, with or without outlier exclu-
sion. EPAs completed after 14- and 45-day thresh-
olds had significantly lower quality in ‘General
Feedback.” ‘Next Steps’ showed a similar directional
trend without reaching significance. Word counts
also exhibited a dose-response pattern, with pro-
gressively shorter feedback at longer delays. We ob-
served significant reductions at 14- and 45-day
thresholds in ‘Next Steps,” and only 45-day in ‘Gen-
eral Feedback.” These effects remained consistent
but insignificant post-outlier exclusion, except for
the 14-day threshold in ‘Next Steps.” Sentiment pos-
itivity did not significantly change across tested
thresholds.

Tests for heteroscedasticity revealed a mild but sig-
nificant variance decrease in positivity and word
count in ‘Next Steps’ with increasing timelag, but
this effect disappeared after outlier exclusion (Ap-
pendix E).

In summary, delays beyond roughly two weeks had
an association with a noticeable drop in feedback
quality and length, with extreme delays beyond
three months resulting in uniformly brief feedback
with higher entrustment levels and, for ‘General
Feedback,” a greater positive skew.



Table 3. Mean differences in feedback outcomes after versus before timelag thresholds”

All Data Outliers Excluded
Threshold | 7d 14d 45d 7d 14d 45d
o 0.12 (95% CI: 0.10 (95% CI: 0.06 (95% CI: - 0.11 (95% CI: 0.09 (95% CI: - -0.08 (95% CI: -
trustment 0.04, 0.21; 0.02, 0.19; 0.07, 0.20; 0.02, 0.20; 0.01, 0.19; 0.39, 0.24;
0-4) p =0.005, p=0.021, p =0.344, p=0.013, p =0.063, p =0.633,
FDR=0.030) FDR=0.078) FDR=0.482) FDR=0.059) FDR=0.168) FDR=0.732)
General Feedback
-0.22 (95% CL: - | -0.27 (95% CI: -0.48 (95% CL: - | -0.14 (95% CI: - | -0.19 (95% CL: - | -0.63 (95% CI: -
QuAL 0.39, -0.04; 0.46, -0.09; 0.73, -0.23; 0.33, 0.05; 0.40, 0.02; 1.23,-0.02;
Score p=0.017, p =0.004, p =0.000, p=0.137, p =0.082, p =0.042,
FDR=0.075) FDR=0.025) FDR=0.002) FDR=0.271) FDR=0.189) FDR=0.116)
-0.01(95% CL: - | -0.01 (95% CI: 0.02 (95% CI: - -0.02 (95% CL: - | -0.03 (95% CI: - | -0.06 (95% CI: -
Sentiment 0.03, 0.01; 0.04, 0.01; 0.01, 0.05; 0.04, 0.01; 0.06, -0.00; 0.18, 0.05;
Positivity | p = 0.434, p =0.204, p =0.200, p=0.133, p =0.025, p =0.266,
FDR=0.545) FDR=0.334) FDR=0.334) FDR=0.271) FDR=0.084) FDR=0.402)
-1.64 (95% CL: - | -2.33(95% CI: 774 (95% CL: - | -0.35(95% CL: - | -0.56 (95% CL: - | -11.29 (95% CI: -
Word 5.80, 2.52; 6.71, 2.05; 12.71, -2.77; 4.87,4.17, 5.80, 4.67; 20.99, -1.59;
Count p =0.439, p =0.29, p =0.002, p =0.879, p=0832, p =0.024,
FDR=0.545) FDR=0.427) FDR=0.019) FDR=0.899) FDR=0.872) FDR=0.083)
Next Steps
-0.28 (95% CL: - | -0.33 (95% CI: -0.26 (95% CL: - | -0.23 (95% CL: - | -0.29 (95% CI: - | 0.07 (95% CI: -
QuAL 0.52, -0.04; 0.58, -0.09; 0.60, 0.08; 0.49, 0.02; 0.56, -0.02; 0.66, 0.81;
Score (0-5) | p =0.021, p =0.008, p=0.132, p=0.071, p =0.039, p=0.837,
FDR=0.078) FDR=0.041) FDR=0.271) FDR=0.182) FDR=0.110) FDR=0.872)
-0.03 (95% CI: - -0.01 (95% CI: -0.03 (95% CI: - -0.02 (95% CI: - 0.01 (95% CI: - 0.05 (95% CI: -
Sentiment 0.10, 0.04; 0.08, 0.07; 0.13, 0.08; 0.10, 0.05; 0.07, 0.09; 0.15, 0.25;
Positivity | p = 0.382, p =0.838, p=0.637, p =0.530, p =0.835, p =0.604,
FDR=0.515) FDR=0.872) FDR=0.732) FDR=0.648) FDR=0.872) FDR=0.727)
-2.16 (95% CL: - | -6.99 (95% CI: -7.88 (95% CL: - | -0.45 (95% CL: - | -5.67 (95% CL: - | -4.73 (95% CL: -
Word 6.07, 1.75; 10.69, -3.29; 11.62, -4.13; 4.78, 3.87, 9.93, -1.40; 12.93, 3.47,
Count p=0.279, p =0.000, p =0.000, p=0.837, p =0.009, p =0.249,
FDR=0.413) FDR=0.002) FDR=0.001) FDR=0.872) FDR=0.045) FDR=0.387)

*Mean difference (95%CI; raw p-value, FDR-adjusted p-value). Positive differences indicate higher values in EPAs completed at or after the
delay threshold, than before the threshold. We calculated the False Discovery Rate-adjusted p-value using the Benjamini—Hochberg proce-

dure across all comparisons.

Discussion

This study examined how timeliness influences the
quality, content, and tone of narrative feedback in
EPA-based assessments for a large internal medi-
cine cohort. While meaningful assessment takes
time, limited assessor availability for completion re-
mains a persistent barrier in CBME,*4° and delays
in assessment can further diminish written feedback
quality. We show that timelag meaningfully influ-
enced multiple aspects of narrative assessment,
though the strength and timing of effects varied.

Narrative quality was generally high, comparable to
other studies using QuAL scoring.* QuAL scores
decreased in a dose-dependent manner with in-

creasing timelag, particularly in ‘General Feedback’.
Declines emerged at 14 days and continuing to 150
days, consistent with 14 to 30-day thresholds in
prior studies®!® but later than a 7-day actionability
threshold in one study.* In contrast, ‘Next Steps’
was more resilient, showing decreases after 60-80
days, possibly due to the section’s robustness in
containing more suggestions. Regression modeling
estimated roughly a 3% reduction in the odds of
higher-quality feedback every 10 days in both sec-
tions, significant in both sections.

Empty comments largely drove the QuAL decline,
with more empty comments as early as after 48
hours and again at 14 days. Assessors completed
EPA assessments lacking ‘General Feedback’ 10.3
days later on average, supporting prior findings that



delayed entries yield more omissions.!”-!® Logistic
models showed a 2-3% increase in odds of empty
feedback per 10 days. The decline in QuAL scores
was also attributable to shifts from detailed to low-
detail comments in ‘General Feedback’.

Entrustment showed the earliest sensitivity to de-
lay, with scores higher in EPA assessments com-
pleted after seven days than before. This effect re-
emerged at extreme timelags (=100 days), where the
proportion of top-level scores was 14.1% higher
than pre-100 days. Such elevation likely reflected
recall bias and reduced reliability,'® consistent with
rater leniency patterns where assessors may default
to more positive or central-tendency judgments>%->!
when details fade over time. The early increase
could be from this or alternative patterns where as-
sessors considered poor performances more urgent
and completed earlier. Although some studies found
no significant association between entrustment and
timelag,'®%> these often examined shorter durations
or time windows, which may have obscured late ef-
fects.

Sentiment and word count also followed temporal
patterns, with most shifts emerging at extended
timelags. Sentiment positivity rose subtly over time,
with sentiment in ‘General Feedback’ completed af-
ter 100 days being mostly uniformly positive. While
one study found no significant association between
sentiment and timelag,* this may reflect limited ob-
servation windows for delays. The word count of
‘Next Steps’ declined steadily, with only brief feed-
back (<50 words) beyond 100 days. Word count and
positivity also saw less variance at higher timelags,
consistent with anticipated declines in variability
due to loss of recall.!” Regression modeling esti-
mated ‘Next Step’ comments having seven fewer
words per 100 days, with a dose-dependent drop in
length at higher thresholds seen as early as 14 days.
However, significance was lost upon outlier exclu-
sion, suggesting the effect was attributable to outli-
ers of greater delay. This aligns with prior studies
where higher word counts have been indirectly as-
sociated with higher-quality feedback,’** which in
turn has been linked to lower timelag.*%17

When considered collectively, the duration of delay
differentially affected entrustment early with a
transient rise near seven days, followed by a dose-
dependent decline in QuAL beginning around 14
days (‘General Feedback’) and 21 days (‘Next
Steps’). There was a reduction in word count early
after 14 days, with more pronounced feedback brev-
ity and sentiment positivity beyond 100 days. While
timelag showed limited predictive strength overall,
we saw its strongest influences in the rise of empty
feedback and decline in QuAL scores, with less im-
pact on word count and entrustment, then senti-
ment.

These findings raise important questions about the
quality of feedback associated with delayed EPA-
based assessment. Incorporating our results with
prior work, we support the utility of a 14-day
threshold to mitigate empty feedback, QuAL de-
clines, and shortened word counts. Feedback be-
yond 100 days showed consistent bias toward posi-
tivity, brevity, and high entrustment. Given the
growing backlog of pending assessments in many
programs, a 100-day upper limit may serve as a
practical starting point beyond which EPA assess-
ments can be deleted or deprioritized, with a grad-
ual approach toward a 14-day completion target.

Our results offer strong utility for optimizing
timely, high-quality feedback practices. We identi-
fied several timelag thresholds, each associated with
distinct changes in EPA feedback metrics. These
thresholds can be embedded within electronic port-
folios and assessment guidelines to prevent feed-
back degradation and guide timely completion.
These findings also underscore the importance of
complementary strategies, such as targeted educa-
tion initiatives and performance reviews, to pro-
mote timely documentation.?854

The study further demonstrates how artificial intel-
ligence (AI) can be a tool to enhance assessment
analysis in CBME, through both feedback review
and trend identification. We applied pretrained NLP
models to evaluate narrative comments, generating
sentiment and QuAL scores that we subsequently
verified manually. Prior studies have validated these
models, reporting high accuracies of 91.3%>° for sen-



timent classification and 87% (within one point) for
QuAL scores.** Comparably, for our dataset, 80.0%
to 96.4% of feedback did not require manual correc-
tion, which varied depending on the predicted met-
ric. We also integrate these outputs into machine
learning regression models to predict trends and an-
ticipate patterns of feedback degradation. Com-
bined, this approach provides an efficient and scal-
able framework for automated EPA assessment
analysis, which can inform ongoing quality im-
provement processes and prospective feedback
monitoring systems to better identify delayed or
low-quality EPA feedbacks.

This study had several limitations. The proportion
of narrative feedback that was empty may have in-
troduced response bias in entrustment and senti-
ment outcome measures. Although focusing on a
single EPA task minimized inter-assessment varia-
bility and reduced confounding from task heteroge-
neity, it also limited generalizability to other spe-
cialties. It is important to note the current study fo-
-uses on quality of documented feedback associated
with assessments, and does not account for verbal
feedback provided at the time of the activity. It also
remains unknown whether the quality of scores
used for entrustment decisions (assessment of
learning) declines with time in the same way as
feedback (assessment for learning). Multiple other
factors further contribute to observations being
non-independent, such as within-resident or
within-assessor correlations and comparisons
across postgraduate years. Ideally, approaches such
as sandwich-estimators, specifically Huber-White
standard errors, or random-effects models would be
used to evaluate and adjust for clustering. However,
because the research team anonymized all data
prior to analysis for confidentiality, we could not
conduct such subgroup analyses.

Furthermore, we conducted sentiment analysis us-
ing a model fine-tuned on the SST-2 dataset, which
has been validated across settings, including clinical
entrustment and feedback,’~° but its testing in this
resident PGME context remains limited. The SST-2
dataset also has limited representation of neutral
sentiment, contributing to the bimodal sentiment
pattern observed. Similarly, prior researchers fine-

tuned the QuAL scoring model on emergency med-
icine residency data, which may not capture pro-
gram-specific trends and fully generalize to internal
medicine. However, the QuAL scoring criteria itself
is context-independent and applied across other
specialties with success, like anesthesiology®’ or
ophthalmology.>? While the vast majority of model
predictions required no correction following man-
ual rating and review, accuracy was variable across
metrics and up to 20% comments required refine-
ment. This highlighted the importance of cautious
interpretation of outputs and future independent
validation studies to explore prediction patterns, va-
lidity, and acceptable accuracy thresholds for de-
ployment.

Conclusion

The findings of this study highlight timelag as a key
determinant of feedback quality, length, scoring,
and sentiment within EPA-based assessments. We
saw increased delay associated with progressive de-
clines in narrative quality, shorter and more fre-
quently empty comments, and a shift toward uni-
formly positive sentiment, indicating potential loss
of specificity and reliability over time. While trends
were not strong or always consistent, their potential
impact underscores the importance of monitoring
timeliness as part of assessment quality assurance.
Establishing evidence-based timelag thresholds, like
7 and 14 days, may prevent feedback degradation
and promote timely, actionable guidance for learn-
ers. Faculty should aim to complete assessments
within two weeks to preserve feedback quality, and
institutions should consider capping or reconsider-
ing extremely late assessments. Future research
should refine optimal timelag ranges, evaluate in-
terventional strategies, examine effects on resident
development and feedback engagement, and com-
prehensively assess NLP-based methods on their va-
lidity and effectiveness. Integrating timelag moni-
toring into electronic portfolios may ultimately en-
-ance the efficiency and educational impact of as-
-essments in CBME.
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Appendices.

Appendix A. Boxplot descriptive statistics for timelag at different levels of
feedback metrics.

Sentiment and word count displayed only EPAs with non-empty comments. We defined metric intervals as left-
inclusive and right-exclusive.
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Appendix B. Pearson correlation matrix of timelag to feedback characteris-
tics, with sensitivity analysis of outlier removal*

Correlation with n (all n (outliers | coeffi-

Timelag data) coefficient | p-val removed) | cient p-val
Entrustment 1147 r =0.02 0.492 1024 r=0.04 0.156
General Feedback

QuAL Score 904 r =-0.05 0.132 813 r=0.03 0.386
Sentiment Positiv-

ity 904 r=0.03 0.299 813 r=-0.10 | 0.005
Word Count 1147 r =-0.06 0.035 1024 r=-0.04 | 0.257
Next Steps

QuAL Score 604 r =-0.05 0.249 550 r=0.02 0.651
Sentiment Positiv-

ity 604 r =-0.03 0.476 550 r=0.01 0.854
Word Count 1147 r =-0.08 0.006 1024 r=-0.05 | 0.082

*Outliers were computed for timelag based on Tukey’s method with an upper bound of 54.5 days.



Appendix C. Exploratory threshold analysis for mean differences of QUAL and
word count before and after time delay thresholds.

Shaded areas represent 95%Cls (t-distribution) for the mean difference between EPAs after and before or at the
threshold. Right plots represent comparisons across all data, while left plots represent comparisons with outlier
exclusion (Tukey’s method; 54.5d upper bound). Listed dates represent days of time delays with greatest signif-
icance (black dot) or mean difference (red dot).
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Appendix D. Exploratory threshold analysis for mean differences of senti-
ment positivity and word count before and after time delay thresholds.

Shaded areas represent 95%Cls (t-distribution) for the mean difference between EPAs after and before or at
the threshold. Right plots represent comparisons across all data, while left plots represent comparisons with
outlier exclusion (Tukey’s method; 54.5d upper bound). Listed dates represent days of time delays with great-
est significance (black dot) or mean difference (red dot).
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Appendix E. Breusch—-Pagan heteroscedasticity tests for variance over time-
lag

Correlation with n (all n (outliers

Timelag data) LM x? p-val removed) | LM y? p-val
Entrustment 1147 1.36 0.244 1024 0.07 0.795
General Feedback

QuAL Score 904 1.42 0.233 2.62 2.62 0.105
Sentiment Positiv-

ity 904 0.81 0.369 3.42 3.42 0.0643
Word Count 1147 0.54 0.464 0.04 0.04 0.843
Next Steps

QuAL Score 604 2.84 0.092 0.41 0.41 0.521
Sentiment Positiv-

ity 604 4.36 0.037 l 1.73 1.73 0.189
Word Count 1147 4.19 0.041 l 2.01 2.01 0.156

“We computed outliers for timelag based on Tukey’s method with an upper bound of 54.5 days. Arrows signify
direction of variance change in higher time delays, for significant results.



