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Abstract

Background: Clinical reasoning is an essential skill, yet physicians receive limited feedback. Artificial intelligence holds
promise to fill this gap.

Objective: We report the development of both named entity recognition (NER), logic-based and large language model
(LLM)-based assessments of CR documentation in the electronic health record (EHR) across two institutions.

Methods: Two note sets were retrieved from the EHR at each institution (NYU Grossman School of Medicine (NYU) and
University of Cincinnati College of Medicine (UC)): 1) retrospective dataset comprised of internal medicine resident admission
notes from July 2020-December 2021 (n=700 NYU notes, n=450 UC notes) and 2) prospective validation dataset from July
2023-December 2023 (n=155 NYU notes, n=92 UC notes). Using a validated human gold standard for assessment of CR
documentation, the R-DEA tool, clinicians rated notes for D (differential diagnosis) and EA (explanation of reasoning) quality,
each on 3-point scales (D0, D1, D2 and EA0, EA1, EA2). Model training occurred accordingly on the retrospective datasets: 1)
NYU development of NER, logic-based model with validation at UC, 2) NYU fine tune training of LLM NYUTron (a BERT-
like (Bidirectional Encoder Representation with Transformer) LLM with about 110 million parameters that has been pre-trained
on 7.25 million clinical notes), 3) NYU fine tune training of LLM GatorTron (an open source LLM with 345 million parameters
that was pre-trained on over 82 billion words of de-identified clinical text), 4) UC fine tune training of NYU fine-tuned
GatorTron, and 5) UC fine tune training of GatorTron. The best performing models were validated with the prospective datasets
and performance assessed with F1 scores for the NER, logic-based model and AUROC and AUPRC for the LLMs.

Results: At NYU, the NYUTron models were the best performing. The D0 and D2 models with an AUROC 0.87, AUPRC 0.79
and AUROC 0.89, AUPRC 0.86, respectively. The D1 model did not have sufficient performance for implementation. The EA0
and EA1 models also did not have adequate performance so the approach pivoted to create a binary EA2 model (i.e. EA2 vs not
EA2) which had excellent performance with an AUROC 0.85 and AUPRC 0.80. 

At UC, the NER, D-logic-based model was the best performing D model. The F1-scores for the D model on the UC dataset were
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0.80, 0.74, and 0.80 for D0, D1, D2, respectively. The UC fine tuning of NYU fine-tuned GatorTron EA2 model had an AUROC
0.75 and AUPRC 0.69.

Conclusions: This is the first study to our knowledge to demonstrate the use of LLMs for assessment of CR documentation
quality in the EHR across two institutions. Lessons learned can help promote implementation of these technologies across
institutions with ranges of technical resources and enhance feedback on the essential skill of CR.
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Abstract

Background

Clinical reasoning is an essential skill, yet physicians receive limited feedback. Artificial intelligence
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holds promise to fill this gap. We report the development of both named entity recognition (NER),

logic-based  and  large  language  model  (LLM)-based  assessments  of  CR  documentation  in  the

electronic health record (EHR) across two institutions.

Methods

Two note sets were retrieved from the EHR at each institution (NYU Grossman School of Medicine

(NYU) and University of Cincinnati College of Medicine (UC)): 1) retrospective dataset comprised

of internal medicine resident admission notes from July 2020-December 2021 (n=700 NYU notes,

n=450 UC notes) and 2) prospective validation dataset from July 2023-December 2023 (n=155 NYU

notes, n=92 UC notes). Using a validated human gold standard for assessment of CR documentation,

the  R-DEA tool,  clinicians  rated  notes  for  D  (differential  diagnosis)  and  EA (explanation  of

reasoning)  quality,  each  on  3-point  scales  (D0,  D1,  D2  and  EA0,  EA1,  EA2).  Model  training

occurred accordingly on the retrospective datasets: 1) NYU development of NER, logic-based model

with validation at UC, 2) NYU fine tune training of LLM NYUTron (a BERT-like (Bidirectional

Encoder Representation with Transformer) LLM with about 110 million parameters that has been

pre-trained on 7.25 million clinical notes), 3) NYU fine tune training of LLM GatorTron (an open

source  LLM with  345 million  parameters  that  was  pre-trained on over  82 billion  words  of  de-

identified clinical text), 4) UC fine tune training of NYU fine-tuned GatorTron, and 5) UC fine tune

training of GatorTron. The best performing models were validated with the prospective datasets and

performance assessed with F1 scores for the NER, logic-based model and AUROC and AUPRC for

the LLMs.

Results

At NYU, the NYUTron models were the best performing. The D0 and D2 models with an AUROC

0.87,  AUPRC 0.79 and  AUROC 0.89,  AUPRC 0.86,  respectively.  The  D1 model  did  not  have
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sufficient performance for implementation. The EA0 and EA1 models also did not have adequate

performance so the approach pivoted to create a binary EA2 model (i.e. EA2 vs not EA2) which had

excellent performance with an AUROC 0.85 and AUPRC 0.80. 

At UC, the NER, D-logic-based model was the best performing D model. The F1-scores for the D

model on the UC dataset were 0.80, 0.74, and 0.80 for D0, D1, D2, respectively. The UC fine tuning

of NYU fine-tuned GatorTron EA2 model had an AUROC 0.75 and AUPRC 0.69. 

Conclusion

This is  the first  study to our knowledge to demonstrate the use of LLMs for assessment of CR

documentation  quality  in  the  EHR  across  two  institutions.  Lessons  learned  can  help  promote

implementation  of  these  technologies  across  institutions  with  ranges  of  technical  resources  and

enhance feedback on the essential skill of CR.

https://preprints.jmir.org/preprint/67967 [unpublished, non-peer-reviewed preprint]
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Introduction

Clinical  reasoning  (CR)  is  a  fundamental  skill  that  requires  incorporating  vast  amounts  of

information into a prioritized differential  diagnosis and treatment  plan and therefore crucial  that

trainees are given feedback to improve.1 Documentation in the electronic health record (EHR) can

provide  this opportunity. Furthermore, poor documentation can reflect lack of refined  CR, and has

been hypothesized to be linked to diagnostic errors.2-4 While there are established methods to provide

feedback, feedback can be limited by variability between faculty and limited time.5-7 

Machine learning (ML),  natural language processing (NLP),  and other artificial  intelligence (AI)

technologies have emerged as avenues  to  augment feedback.8-12 NLP has  been used to  automate

scoring of documentation in simulated scenarios.13-16 AI-augmented assessment of CR documentation

has also been implemented in clinical environments; we have previously reported on an NLP-based

supervised ML model that provides feedback on internal medicine (IM) residents CR documentation.

However, this model was developed using earlier technologies and only provides binary feedback.17

Similarly, Feldman et al published the development of a supervised ML model that provides binary

feedback on CR documentation (quality of prioritized differential in progress notes).18

The more recent advances of generative AI (GAI) and large language models (LLMs) have expanded

the potential of AI as a powerful tool to augment feedback.19,20 However, while there is a building

body of literature demonstrating use of LLMs in CR tasks, the majority of these studies are with

curated medical data at single institutions and do not focus on assessment of human reasoning but on

performance of LLM reasoning as compared to humans.21-24 Navigating the use of LLMs with EHR

data (vs curated data) can be much more complicated. There are the challenges of accessing the right

data  from the  chart,  a  higher  burden  of  accuracy,  privacy  issues,  and  variability  in  EHRs. 25-27

https://preprints.jmir.org/preprint/67967 [unpublished, non-peer-reviewed preprint]
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Additionally, initial studies have shown LLMs do not perform as well digesting the complexity of

information in the EHR to make accurate diagnoses.27 Overall, while the performance of LLMs on

CR tasks is promising, it is far from sufficient to replace humans and it is essential that we continue

to  provide  feedback  on  our  learners’ CR.19,27,28 AI-based  tools  remain  an  important  strategy  to

enhance the amount of feedback we provide.12

Here,  we  report  on  an  expansion  of  our  prior  work  and  describe  the  development  across  two

institutions  of  a  named  entity  recognition  (NER),  logic-based  assessment  and  LLM-based

assessments of resident  CR documentation in the EHR that predicts the quality of  CR across two

domains using a validated human rubric. 

Methods

Setting and Study Population

We  conducted  this  study  at  two  institutions:  NYU  Grossman  School  of  Medicine  (NYU)  and

University of Cincinnati College of Medicine (UC). NYU is a northeastern academic medical center

with  multiple  hospital  sites;  the  NYU IM residency program has  two resident  populations  with

separate recruitment processes and clinical rotations at different hospitals which use the same EHR –

NYU Langone Health Manhattan and NYU Langone Health Brooklyn. NYU residents also rotate at

two other sites with distinct EHRs not included in this study. In terms of technical resources, NYU

has  the  infrastructure  of  both  the  Institute  for  Innovations  in  Medical  Education  which  is  a

multidisciplinary team of clinician educators,  data scientists,  informaticians,  and developers who

apply  the  science  of  education  and  informatics  to  transform teaching,  learning,  evaluation,  and

assessment at NYU and the Division of Applied AI Technologies which focuses on using data and
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modeling to predict health outcomes across NYU Langone Health.29,30 Additionally, both education

and EHR data is stored and easily accessible via a central education data warehouse and there is

access to a distributed-memory, high-performing computing cluster.31,32 

UC is  a  midwestern academic medical  center  within which IM residents rotate  at  University  of

Cincinnati Medical Center (UCMC) and the Veterans Affairs Medical Center; only notes written at

UCMC were included in  the  study.  In  terms  of  technical  resources,  UC has  the  Department  of

Biostatistics, Health Informatics, & Data Sciences (BHIDS) that enables the UC academic healthcare

enterprise to make better use of biomedical data and technology for new discoveries,  innovative

science, and improved health care.33 Although UC has access to many data sources across the health

system, medical school and other education programs, there is not currently a centralized database

for education and EHR data like at NYU. Additionally, UC has some access to high-performing

computing resources, but NYU has a more developed infrastructure for using these tools for both

clinical and educational use than at UC. 

At each site two note sets were retrieved from an integrated EHR (Epic Systems, Verona, WI): 1)

retrospective  dataset  comprised  of  IM resident  admission notes  from July  2020-December  2021

(n=700  NYU  notes,  n=450  UC  notes)  and  2)  prospective  validation  dataset  from  July  2023-

December 2023 (n=155 NYU notes, n=92 UC notes). The datasets at NYU were larger because the

initial plan was for primary development and model fine tuning occurring at this institution.

Human Note Rating 

We  used  the  DEA components  of  the  R-IDEA tool  as  our  human  rating  gold  standard.6 We

maintained the original D (differential diagnosis) score whether a note has an explicitly prioritized

differential diagnosis with specific diagnoses (e.g. not diagnostic categories such as cardiac), scored
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as D0, D1, or D2. We discovered early in training experiments that discerning the E (explanation of

lead diagnosis) and A (alternative diagnosis explained) would be difficult with available AI models,

and  iterated  to  create  an  overall  explanation  of  reasoning EA score  combining  the  E  and  A

components (i.e., EA0, EA1, or EA2) (Figure 1). Six faculty (clinician educators with expertise in

CR, assessment,  and psychometrics),  one resident,  and one medical  student  reviewed admission

notes to create the new EA score. 

On the NYU retrospective dataset, raters also annotated spans of text using Prodigy (an annotation

tool for creating training data for ML models). Annotations included five entity types for NER: three

components of the D score (diagnosis (Dx),  diagnostic category (DC), prioritization of diagnosis

language (Prior)) and two components of the EA score (data (Data) and linkage terms (Link)). 

To demonstrate interrater reliability, two raters labeled 76 notes from the NYU retrospective set for

NER, D, and EA scores. For the UC notes, one rater from NYU and two raters from UC rated 20

notes for D and EA scores. Intraclass correlation (ICC) using a two-way ANOVA with mixed effects

was calculated to assess rater consistency. The remainder of the notes at each institution were rated

by one rater for D and EA scores. The remainder of the retrospective set at NYU was also rated by

one rater for NER.

Note Preprocessing

We aimed to isolate the section of the assessment that concentrates on the differential diagnosis and

the explanation of reasoning for the primary presenting problem. We iterated on prior truncation

strategies outlined by Schaye et al17 and different approaches were required at each institution given

different note writing styles (details in the Supplementary Methods).

https://preprints.jmir.org/preprint/67967 [unpublished, non-peer-reviewed preprint]
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Model Development

Model training occurred with several approaches: 1) NYU development of NER, logic-based model

with subsequent validation at UC, 2) NYU fine tune training of LLM NYUTron34, 3) NYU fine tune

training of LLM GatorTron35, 4) UC fine tune training of NYU fine-tuned GatorTron, and 5) UC fine

tune training of GatorTron. We were not able to validate NYUTron at UC pending contract execution

for data sharing and will ideally do so in the future.

NER, Logic-Based Model Approach

We used a large, NLP word embedding model trained on scientific texts from the scispaCy library

(en_core_sci_lg)  with  more  than  700k  vocabulary  and  600k  word  vectors.  We  adjusted  model

weights with backpropagation using the human-annotated labels of the five entity types (Dx, DC,

Prior, Data, Link).36 

We calculated the predicted D scores (i.e. D0, D1, D2) using logic-based relationships between the

extracted entities and the rating scale: D0, fewer than 2 unique diagnoses (Dx entity counts); D2, 2

unique diagnoses (Dx entity counts) and explicit prioritization (Prior entity counts); D1, everything

else. We attempted ML models to predict EA score from the named entities, however, due to poor

model performance, we abandoned further attempts to develop NER, logic-based EA scores.

In order to provide an impartial and dependable evaluation of the model's performance, we used ten-

fold  cross-validation.  We calculated  the  Type  NER (which  demands  some  overlap  between  the

system tagged entity and the gold standard annotation) evaluation metric, as suggested in SemEval-

2013 Task 9, at each k-fold (details in the Supplementary Methods).37 We report F1-score over ten-

fold runs for each D score entity type (Dx, DC, and Prior) and D score prediction. The F1-score is

crucial  for  evaluating  NER-based  models  because  it  balances  precision  and  recall,  providing  a

comprehensive measure of a model's ability to correctly identify entities while minimizing both false

https://preprints.jmir.org/preprint/67967 [unpublished, non-peer-reviewed preprint]
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positives and false negatives. This balance is essential for handling the often imbalanced nature of

entity distributions in text, ensuring a more accurate assessment of model performance. We shared

the best performing NER, logic-based D model with UC via a docker container and validated the

model on the UC retrospective set.

LLM Approaches

NYUTron,  developed  by  NYU,  is  a  BERT-like  (Bidirectional  Encoder  Representation  with

Transformer)  LLM with about  110 million parameters that has been pre-trained on 7.25 million

clinical notes (4.1 billion words, notes through May 2020).34 We fine-tuned the model to classify D

and EA scores. We applied a one-versus-rest approach, which resulted in the development and testing

of six distinct models, each corresponding to a different D and EA score category (i.e., D0, D1, D2,

EA0, EA1, and EA2 models). However, EA0 and EA1 models did not have adequate performance so

we pivoted our approach to create a single binary EA2 model (i.e. EA2 vs not EA2). To evaluate

model performance,  we employed ten-fold cross-validation,  with AUROC and AUPRC averaged

over the ten runs. We chose AUROC and AUPRC as our primary metrics for all LLM-based models

because these metrics  are  favored over  F-scores  for binary classification tasks,  particularly with

imbalanced datasets. They assess model performance across all possible thresholds, offering a more

detailed  understanding  of  trade-offs  between  true  positives,  false  positives,  and  precision-recall

dynamics, thereby aiding in the identification of the optimal decision-making threshold, which a

single F-score cannot provide.

Unlike NYUTron, GatorTron is an open source LLM with 345 million parameters that was pre-

trained on over 82 billion words of de-identified clinical text.35 To enhance generalizability using an

open source LLM, the same experiments described above for NYUTron were taken with GatorTron

at NYU.

https://preprints.jmir.org/preprint/67967 [unpublished, non-peer-reviewed preprint]
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The NYU fine-tuned GatorTron EA2 model was shared with UC and further fine-tuned following a

similar process. Due to the smaller set of notes and hardware limitations, particularly a relatively

small Video Random Access Memory (VRAM) size of 16GB, some modifications were applied. A

runtime text augmentation was implemented during training with the following settings: 15 words of

synonym replacement, random word insertion, and random swap each, and finally, a random word

deletion of 15% probability. Lastly, we applied random minority oversampling using inverse class

frequency during training.38 Additionally, given these limitations, we did not attempt to fine-tune the

three  separate  NYU fine-tuned  GatorTron  D models  at  UC.  Instead,  we fine-tuned the  original

GatorTron model to predict all three possible D Scores with a single model at UC using the same

training process and hyperparameters as the EA2 model. Further details on model hyperparameters

and packages used at NYU and UC can be found in the Supplementary Methods.

Prospective Validation

As a final step of validation, we ran each of the best performing models selected for implementation

on the site’s prospective validation sets and assessed performance using F1-score for the NER, logic-

based model and AUROC and AUPRC for the LLM models.  

 

The study was approved by the NYU and UC institutional review boards.

RESULTS

Human Note Rating

At NYU, ICC was 0.83 (95% CI 0.74-0.89) and 0.77 (95% CI 0.65-0.85) for the D and EA scores,

respectively, indicating substantial interrater agreement. Interannotator agreement across all 5 entity

types averaged F1 score=0.81 (range 0.71-0.87 by entity type), indicating strong annotator overlap

https://preprints.jmir.org/preprint/67967 [unpublished, non-peer-reviewed preprint]
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(Figure 2). At UC, ICC was 0.83 (95% CI 0.68-0.92) and 0.84 (95% CI 0.70-0.93) for the D and EA

scores, respectively.

In the both datasets at each institution there was a range of human-rated D and EA scores, diagnoses,

and patient demographics (Table 1).

Model Performance

NER, Logic-Based Model

In the NYU retrospective dataset, the NER F1-score for the entity types used to compute the D score

(Dx, DC, Prior) was 0.66. The NER model performed the best in extracting Prior and Dx entities

with an F1-score of 0.75 and 0.68, respectively, but struggled with DC entities, achieving a 0.37 F1-

score. 

The NER, D logic-based model performed well at both sites with F1-scores of 0.83, 0.78, and 0.75

for D0, D1, and D2 scores, respectively at NYU and F1-scores of 0.75, 0.71, 0.76 for D0, D1, D2

scores, respectively at UC. At UC, the NER, D-logic-based model was the best performing D model

overall selected for implementation and run on the UC prospective validation set with F1-scores of

0.80, 0.74, and 0.80 for D0, D1, D2 scores, respectively.  

LLM-based Models

At NYU, NYUTron overall had better D and EA model performance on the retrospective set than

GatorTron and were the best performing models overall (Table 2). However, while the D0 and D2

NYUTron  models  performed  well,  the  D1  model  was  not  performant  on  the  retrospective  set

(AUROC 0.57 (CI  0.53-0.69),  AUPRC 0.33  (CI  0.26-0.43))  and  therefore  was  not  suitable  for

implementation. As such, a stepwise approach was taken for the D1 model by taking advantage of
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the more performant D0 and D2 models (Table 2). The D0 and D2 NYUTron models had excellent

performance on the prospective dataset as follows: D0 model, AUROC 0.87 and AUPRC 0.79 and

D2 model, AUROC 0.89 and AUPRC 0.86 (Figure 3a). 

Both the NYUTron EA0 and EA1 models had insufficient performance for implementation therefore

the approach pivoted to create a single binary EA model – EA2 vs not EA2 (i.e., EA0 or EA1) (Table

2). The binary NYUTron EA2 model achieved sufficient performance for implementation with an

AUROC 0.85 and AUPRC 0.80 on the prospective dataset (Figure 3b). 

At UC, the NER, D logic model performed better than the D GatorTron models and were the D

models implemented as described above (Table 2). The GatorTron EA2 model did reach sufficient

performance for subsequent prospective validation with an AUROC 0.75 and AUPRC 0.69 (Table 2,

Figure 3c).  

A final step in optimizing performance was selecting thresholds for all LLM models implemented

(details in the Supplementary Results).

Discussion

We developed both NER, logic-based and LLM-based assessments of CR documentation in the EHR

across two institutions with different residency training cultures, expectations for documentation, and

technical resources. This builds upon prior work of Schaye et al’s supervised ML model to assess CR

documentation,  generating more specific  feedback across  two domains of the R-DEA tool.17 We

developed high performing D models that can provide feedback on a three-point scale and an EA

model that can provide feedback on a two-point scale. To our knowledge this is the first study to

apply LLMs to human CR in EHR data across institutions (rather than LLM reasoning on curated
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medical data).17,18,21-24,27 Furthermore, despite the advances in LLMs, these technologies are not yet

performant to replace human reasoning. AI-based tools such as the ones we developed can help

ensure we are continuing to give our trainees feedback on the essential human skill of CR.12,19,27,28

Next steps are to implement feedback generated from these AI-based assessments. We will iterate on

dashboards  implemented  with  our  prior  supervised  ML model.17 After  implementation,  we  will

collect data on impact on CR documentation practices of IM residents.

While we were able to navigate successfully some of the challenges of working with LLMs and EHR

data such as accessing the right data from the chart  and privacy issues,25-27 we were not able to

achieve  sufficient  performance  of  all  the  models  at  both  sites.  At  NYU,  we  hypothesize  that

NYUTron  performed  better  than  GatorTron  as  NYUTron  was  developed  on  NYU EHR data.34

Although, this also could lead to the potential of overfitting of the model. At UC we were not able to

obtain adequate performance on the D GatorTron models but were able to with the D NER, logic-

based model  demonstrating  that  smaller  NLP models  can  sometimes  perform better  than  BERT

models for specific tasks. It might not always be the newest technology needed to solve the task at

hand and comparison of performance of different technologies can be a helpful strategy. Of note

when this work initially began, GAI models such as ChatGPT were not readily available in HIPPA

compliant instances at either institution but will be technology we integrate into future work.

We also learned a lot of lessons working across two institutions on how AI technologies can be

adapted and successfully implemented at sites with different resources. Some key takeaways include:

1) experimenting with different LLMs including ones that are openly available34,35; 2) performing

primary development at an institution with more resources and creating a HIPAA-compliant pipeline

to share code 3) developing variations on truncation methods to account for different note writing

styles; and 4) creating adaptable approaches to different degrees of computing power such as using
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text  augmentation  to  prevent  overfitting  at  UC.38 We  will  take  these  lessons  learned  about

generalizability to the next phases of the work and develop strategies to implement more advanced

technologies across institutions while maintaining HIPAA compliance working with EHR data.

Limitations

While the models developed have high performance, they are not perfect. However, the intent is for

use in formative and not high-stakes summative assessment which would have a higher threshold for

implementation.39 Another limitation is the LLMs used in this study only give a prediction of D and

EA scores  without  explainability.  As  noted  above,  we  will  experiment  further  with  newer  GAI

models  in  next  phases  of  the  work  that  can  help  address  this  limitation.  Lastly,  like  our  prior

supervised ML model, these models only assess documentation of CR and not accuracy. Next phases

of this work will include exploring accuracy and creating AI-based diagnostic performance feedback

systems using newer GAI technologies.40

Conclusions

This is  the first  study to our knowledge to demonstrate the use of LLMs for assessment of CR

documentation quality in the EHR across two institutions. Lessons learned from this study can help

promote implementation of these technologies across institutions with ranges of technical resources.

Further use of LLMs in the EHR for assessment and feedback can be transformative for medical

education and patient care.
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Figure 1: Explanation of Reasoning Score (Integrating the E score and A score from the original Revised-
IDEA rubric)*

Explanation of Reasoning:

Explains the reasoning behind the differential diagnosis, including supporting epidemiology and key features.
There is clear linkage of supporting data to the diagnoses in the differential.

0: No explanation of reasoning 

1: Explanation of reasoning includes at least 1 data point clearly linked to at least one 

diagnosis/diagnostic category on the differential

2: Explanation of reasoning includes at least 1 data point clearly linked to each of at least two of the
diagnoses/diagnostic categories on the differential

*D score remained unchanged from the original Revised-IDEA rubric6  

Figure 2. Example Note With Prodigy Labeling of D and EA Scores and Named Entity Recognition*

(Note has been modified to protect patient privacy)

*Overall  F1-score for  NER annotation of  the 76 notes  rated by two NYU raters  was F1=0.81. NER interannotator
agreement by entity type was as follows: F1-score for Diagnosis (Dx)=0.87, for Diagnostic Category (DC)=0.74, for
Prioritization of Diagnosis Language (Prior)=0.87, for Data=0.80, and for Linkage Terms (Link)=0.71.

Table 1. Descriptive Statistics of Human-Rated Note Quality and Patient Characteristics
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NYU Retrospective
Note Set (n=700)

NYU Prospective
Note Set (n=155)

UC Retrospective
Note Set (n=450)

UC Prospective
Note Set (n = 92)

D Score n (%)

0 109 (15.6) 55 (35.5)  120 (26.7) 17 (18.5)

1 154 (22.0) 46 (29.7) 155 (34.4) 31 (33.7)

2 437 (62.4) 54 (34.8) 175 (38.9) 44 (47.8)

E Score n (%)

0 73 (10.4) 19 (12.3) 96 (21.3) 27 (29.3)

1 255 (36.4) 74 (47.7) 171 (38.0) 21 (22.8)

2 372 (53.1) 62 (40.0) 183 (40.7) 43 (46.7)

Patient age,y n
(%)

<= 54 142 (20.3) 29 (18.7) 147 (32.7) 25 (27.2)

55 - 68 181 (25.9) 35 (22.6) 184 (40.9) 37 (40.2)

69 - 80 236 (33.7) 45 (29.0) 86 (19.1) 20 (21.7)

>= 81 141 (20.1) 33 (21.3) 33 (7.3) 10 (10.9)

NA 0 (0.0) 13 (8.4) 0 (0) 0 (0)

Patient Sex n (%)

Female 340 (48.6) 67 (43.2) 215 (47.8) 52 (56.5)

Male 360 (51.4) 75 (48.4) 234 (52.0) 40 (43.5)

NA 0 (0.0) 13 (8.4) 1 (0.2) 0 (0)

Primary Diagnosis
by ICD-10, n (%)

Cardiac 134 (19.1) 38 (24.5) 42 (8.8) 12 (12.6)

Dermatologic 13 (1.9) 3 (1.9) 18 (3.8) 4 (4.2)

Endocrine 26 (3.7) 7 (4.5) 27 (5.7) 3 (3.2)

Gastrointestinal 68 (9.7) 15 (9.7) 56 (11.8) 8 (8.4)

Genitourinary 49 (7.0) 14 (9.0) 39 (8.2) 10 (10.5)

Hematologic/
Oncologic

61 (8.7) 7 (4.5) 35 (7.4) 5 (5.3)

Infectious 117 (16.7) 21 (13.5) 10 (2.1) 2 (2.1)

Musculoskeletal 19 (2.7) 3 (1.9) 17 (3.6) 7 (7.4)

Neurologic 21 (3.0) 1 (0.6) 12 (2.5) 4 (4.2)

Other 54 (7.7) 11 (7.1) 149 (31.4) 30 (31.6)

Psychiatric 5 (0.7) 7 (4.5) 13 (2.7) 2 (2.1)

Pulmonary 72 (10.3) 10 (6.5) 47 (9.9) 7 (7.4)

NA 61 (8.7) 18 (11.6) 10 (2.1) 1 (1.1)

Table  2.  Large  Language  Model  (LLM)  Performance  On  Retrospective  Note  Sets  For  All  NYUTron  and
GatorTron Experiments 

LLM Site D/EA Score
Classification

AUROC
Retrospective
Validation (CI)

AUPRC
Retrospective
Validation (CI)

NYUTron NYU D0 0.91 (0.85-0.93) 0.72 (0.58-0.76)
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NYUTron NYU D1 0.57 (0.53-0.69) 0.33 (0.26-0.43)

NYUTron NYU D2 0.81 (0.80-0.87) 0.89  (0.85-0.93)

NYUTron NYU D1 Stepwise Approach*  N/A  N/A

NYUTron NYU EA0 0.83 (0.72-0.86) 0.36 (0.23-0.47)

NYUTron NYU EA1 0.74 (0.67-0.78) 0.63 (0.54-0.68)

NYUTron NYU EA2 0.84 (0.80-0.87) 0.84 (0.81-0.89)

NYUTron NYU EA2 Binary Model** 0.84 (0.81-0.85) 0.82 (0.80-0.87)

GatorTron NYU D0 0.92 (0.84-0.94) 0.72 (0.48-0.75)

GatorTron NYU D1 0.54 (0.5-0.59) 0.31(0.24-0.37)

GatorTron NYU D2 0.73 (0.78-0.85) 0.80 (0.82-0.92)

GatorTron NYU D1 Stepwise Approach*  N/A  N/A

GatorTron UC D0 0.75 (0.54-0.96) 0.51 (0.23-0.79)

GatorTron UC D1 0.61 (0.44-0.78) 0.46 (0.22-0.70)

GatorTron UC D2 0.72 (0.61-0.83) 0.63 (0.46-0.79)

GatorTron NYU EA0 0.80 (0.73-0.89) 0.42 (0.25-0.53)

GatorTron NYU EA1 0.75 (0.62-0.78) 0.63 (0.48-0.67)

GatorTron NYU EA2 0.83 (0.76-0.87) 0.83 (0.79-0.90)

GatorTron NYU EA2 Binary Model** 0.81 (0.76-0.87) 0.80 (0.79-0.90)

GatorTron UC EA0 N/A N/A

GatorTron UC EA1 N/A N/A

GatorTron UC EA2 N/A N/A

GatorTron UC EA2 Binary Model** 0.72 (0.51-0.93) 0.63 (0.41-0.85)

*The D1 model ultimately did not have sufficient performance for implementation while the D0 and D2 had excellent
performance so a stepwise approach was taken for the D1 score: 

1) If D0 model predicts D=0, then D=0
2) If D2 model predicts D=2, then D=2
3) Else D=1

The  NYU D1  Stepwise  Approach  achieved  precision  of  0.79  while  the  GatorTron  D1  Stepwise  Approach  achieved
precision of 0.73.
**Both the EA0 and EA1 models had insufficient performance for implementation therefore the approach pivoted to
create a single EA model EA2 vs not EA2 (i.e., EA0 or EA1)

Figure 3: Performance of Large Language Models on Prospective Note Sets Selected for Implementation

Figure 3a: NYUTron D0 and D2 Models
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Figure 3b: NYUTron EA2 Binary Model

Figure 3c: UC GatorTron EA2 Binary Model
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Supplementary Appendix

Supplementary Methods on Note Preprocessing and Truncation

The truncation strategy implemented at NYU was beginning with a start keyword and ending 321

tokens after the start keyword. A list of start keywords such as "presents with", "found to have", or

"transferred" (phrases commonly used at the beginning of the assessment and plan) were compiled

by human reviewers.1 The termination after 321 tokens represented the median count of tokens in the

truncated sections following the start keyword in our retrospective dataset.

At UC, truncation used the same start keyword approach with one additional start keyword “medical

problems being addressed.” Similarly to NYU, optimal token length following the start keyword was

determined through expert  annotation  of  notes  to  identify  the  portion  showing reasoning of  the

primary presenting problem.  However,  we found that  the expert  annotated  optimal  token length

varied significantly between notes at UC and tended to be relatively short. We found that a ratio of

the original length serves as a more accurate estimate of the optimal length, leading us to adopt a

ratio-based approach. The truncation strategy implemented, which involved truncating down to 35%

of the token length after the start keyword, winsorized between 86 and 283 tokens, the first quartile,

and the maximum optimal length, showed a promising improvement. The mean absolute error was

reduced to 67.60, a significant improvement compared to the fixed length of 321, which yielded

191.85. 

Supplementary Methods on Type NER Evaluation Metric 

The evaluation of system errors can be broken down into five distinct metrics, each representing a
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different type of error:

1. Correct (COR): This occurs when the system's output and the golden annotation are identical.

For  instance,  if  the system identifies "Aspirin"  as a drug and the golden annotation also

identifies "Aspirin" as a drug, it is considered Correct (COR).

2. Incorrect (INC): This signifies a discrepancy between the system's output and the golden

annotation.  For  example,  if  the  system  identifies  "Aspirin"  as  a  brand,  but  the  golden

annotation identifies "Aspirin" as a drug, it is considered Incorrect (INC).

3. Partial  (PAR):  This shows that the system's output  and the golden annotation have some

similarities, but they are not identical. For instance, if the system identifies "Aspirin tablet" as

a drug and the golden annotation identifies "Aspirin" as a drug, it is considered Partial (PAR).

4. Missing  (MIS):  This  means  that  the  system  failed  to  capture  a  golden  annotation.  For

example, if the system fails to identify "Aspirin" as a drug when the golden annotation does,

it is considered Missing (MIS).

5. Spurious (SPU): This occurs when the system generates a response that is not present in the

golden annotation. For instance, if the system identifies "Paracetamol" as a drug when the

golden annotation does not, it is considered Spurious (SPU).

The  Type  evaluation  schema,  in  particular,  is  calculated  by  determining  the  degree  of  overlap

between the system-tagged entity and the golden annotation. For instance, if the system identifies

"Aspirin  tablet"  as  a  drug  and  the  golden  annotation  identifies  "Aspirin"  as  a  drug,  the  Type

evaluation schema would consider this a match because there is some overlap between the system-

tagged entity and the golden annotation.

To calculate precision, recall, and F1-score for each evaluation schema, two additional quantities

need to be calculated:
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1. Possible (POS) = COR + INC + PAR + MIS = True Positive (TP) + False Negative (FN)

2. Actual (ACT) = COR + INC + PAR + SPU = True Positive (TP) + False Positive (FP)

Precision is the ratio of correctly identified named-entities by the Named Entity Recognition (NER)

system, while recall is the ratio of named-entities in the golden annotations that the NER system

correctly retrieved. 

1. Precision = (COR + .5 × PAR) / ACT = TP / (TP + FP)

2. Recall = (COR + .5 × PAR)/POS = COR / ACT = TP / (TP + FN)

For  example,  if  the  system  identifies  10  entities  correctly  (COR=10),  makes  5  incorrect

identifications  (INC=5),  partially  identifies  3  entities  (PAR=3),  misses  2  entities  (MIS=2),  and

identifies 4 spurious entities (SPU=4), the Possible (POS) and Actual (ACT) quantities would be

calculated as follows:

POS  =  COR  +  INC  +  PAR  +  MIS  =  10  +  5  +  3  +  2  =  20

ACT = COR + INC + PAR + SPU = 10 + 5 + 3 + 4 = 22

Then, the precision and recall for exact and partial matches would be calculated as follows:

Precision  =  (COR  +  .5  ×  PAR)  /  ACT  =  (10  +  .5  *  3)  /  22  =  .48

Recall = (COR + .5 × PAR)/POS = (10 + .5 * 3) / 20 = .52

Supplementary Methods on Model Hyperparameters and Model Packages

At NYU, each LLM was fine-tuned using the following hyperparameters: a training epoch number of

50, a training batch size of 64, a learning rate of 0.0001, weight decay of 0.01, and a dropout of 0.1.

Python 3.8.5 was used for all of our data extraction, model development and validation. Several

open-source libraries were utilized: spaCy 3.4.1, scispaCy 0.5.1, scikit-learn 1.0.2, nltk 3.6.5, pandas

1.4.2, HuggingFaceTransformers 4.25.1, torch 1.10.0, and tensorflow 2.5.3. 
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At UC, the hyperparameters were as follows: a training epoch number of 50, a training batch size of

16, a learning rate of 0.000005 for the encoder layers, 0.0005 for the classifier layer, a weight decay

of 0.05, and a dropout of 0.1. Additionally, learning rates were adjusted using an exponential warm-

up of 10 epochs and exponential decrease with a 0.9 gamma afterward.  Python 3.8.10, scikit-learn

1.3.2, nltk 3.8.1, pandas 1.5.1, HuggingFaceTransformers 4.34.1, torch 2.1.0 were used.

Supplementary Results on Selecting Thresholds

When selecting the optimal thresholds for all LLM models, both Positive Predictive Value (PPV) and

Negative  Predictive  Value  (NPV) that  were  greater  than  69% and False  Positives  (FP)  that  are

approximately equal to False Negatives (FN) were the major considerations. Such an approach to

find  the  optimal  threshold  yields  balanced  errors,  which  could  potentially  enhance  resident

acceptability  without  compromising  the  model's  performance.  An  additional  advantage  of  this

threshold  is  its  calibration,  as  the  positive  and  negative  rates  would  closely  mirror  the  actual

prevalence of D and EA scores. This implies that the scores aggregated at the trainee level across

multiple measures would likely reflect the ground truth accurately. On the NYUTron models the

following probability cutoffs were selected for new, unseen data: 0.39 for D0 model, 0.23 for D2

model, and 0.54 for EA2 model, and on the UC EA2 GatorTron model 0.89.
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