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ABSTRACT

Objective: We developed a digital scribe for automatic medical documentation by utilizing elements of patient-

centered communication. Excessive time spent on medical documentation may contribute to physician burn-

out. Patient-centered communication may improve patient satisfaction, reduce malpractice rates, and decrease

diagnostic testing expenses. We demonstrate that patient-centered communication may allow providers to si-

multaneously talk to patients and efficiently document relevant information.

Materials and Methods: We utilized two elements of patient-centered communication to document patient his-

tory. One element was summarizing, which involved providers recapping information to confirm an accurate

understanding of the patient. Another element was signposting, which involved providers using transition

questions and statements to guide the conversation. We also utilized text classification to allow providers to si-

multaneously perform and document the physical exam. We conducted a proof-of-concept study by simulating

patient encounters with two medical students.

Results: For history sections, the digital scribe was about 2.7 times faster than both typing and dictation. For

physical exam sections, the digital scribe was about 2.17 times faster than typing and about 3.12 times faster

than dictation. Results also suggested that providers required minimal training to use the digital scribe, and that

they improved at using the system to document history sections.

Conclusion: Compared to typing and dictation, a patient-centered digital scribe may facilitate effective patient

communication. It may also be more reliable compared to previous approaches that solely use machine learning.

We conclude that a patient-centered digital scribe may be an effective tool for automatic medical documentation.
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INTRODUCTION

Patient-centered communication
Patient-centered medical interviewing begins with the provider in-

troducing everyone present and, in nonurgent situations, making

small talk to build rapport.1 The provider then elicits the patient’s

agenda with open-ended questions. After listing and prioritizing all

the patient’s concerns, the provider discusses each item in more de-

tail. These discussions also begin with open-ended questions but

may later be clarified with closed-ended questions. After discussing

a topic, the provider summarizes the relevant information, then

transitions to another topic by signposting. The provider repeats the

process of summarizing and signposting to confirm and obtain im-

portant information.

King and Hoppe2 reviewed multiple studies that support the use

of patient-centered communication. One group of studies showed a

positive association between patient-centered communication and

patient satisfaction.3–13 Another group of studies showed a positive

association between patient-centered communication and patient re-

call, patient understanding, and patients’ adherence to ther-

apy.7,8,14–22 Other studies showed that physicians with higher

malpractice rates had twice as many patient complaints about com-

munication, and physicians with poor communication scores on the

Canadian medical licensing exam had higher malpractice claims;

however, physicians with fewer malpractice claims encouraged

patients to talk, checked patients’ understanding, and solicited

patients’ opinions.23–29 Epstein et al30 demonstrated that patient-

centered communication may be associated with lower diagnostic

testing expenses but also increased visit times. Incorporating

patient-centered communication into a digital scribe may mitigate

longer visit times by reducing documentation times while facilitating

effective provider–patient communication.

System overview
To illustrate how patient-centered communication can facilitate au-

tomatic medical documentation, imagine an adult male patient who

is presenting to his primary care provider with complaints of chest

pain. As the provider talks to the patient, she periodically recaps in-

formation to confirm her understanding and to allow the patient to

correct any mistakes. For example, she says, “To recap, you’ve been

having chest pain for about a month. It feels worse when you walk

and climb the stairs. Is that right?” The digital scribe parses the sum-

mary, expands contractions, and inflects the second person to the

third person so that the note-ready summary reads, “He has been

having chest pain for about a month. It feels worse when he walks

and climbs the stairs.” The digital scribe adds information to the his-

tory of present illness section by default. To document other history

sections, the provider signposts with a section name. For example,

to document family history, she asks, “Could you tell me about your

family history?” Then, after collecting relevant information, she

summarizes, and the digital scribe adds the note-ready summary to

the family history section. Verbal cues for summaries and section

names can be customized by the provider. The digital scribe only

considers the provider’s speech when generating notes. By summa-

rizing and signposting, the provider can specify which information

should be included in a note, where the information should be

added, and how the information should be written. The digital

scribe assumes that providers clearly structure their conversations to

minimize the risk of miscommunication.

To document the physical exam, the provider verbalizes her find-

ings while examining the patient. For example, during the cardiovas-

cular portion, she says, “I’m going to listen to your heart. Breathe

normally please. Normal S1 and S2. No murmurs, rubs, or gallops.

Can you hold your breath? No carotid bruits. I’m glad you had a

good vacation.” The digital scribe parses the relevant exam findings

by removing imperatives and questions. It also removes small talk

using a classifier trained on medical notes and film scripts. This

pipeline produces the following text for the physical exam: “Normal

S1 and S2. No murmurs, rubs, or gallops. No carotid bruits.” The

provider specifies sections of the exam by using the “section” cue.

For example, she says, “section pulmonary,” so that the digital

scribe adds subsequent findings to the pulmonary section. She begins

and stops documenting the exam by saying, “begin exam” and “stop

exam,” respectively. This method for documenting the physical

exam requires providers be considerate of patients’ feelings when

saying aloud potentially concerning findings. Verbalizing findings is

a routine communication pattern between providers and human

scribes.31

Physician burnout
Burnout is a syndrome characterized by emotional exhaustion, de-

personalization, and a reduced sense of personal accomplish-

ment.32,33 The condition has increased to epidemic proportions

among physicians, with a prevalence of about 50% in national stud-

ies.34–38 It negatively impacts physicians’ health, increasing the risk

Lay Summary

Burnout is affecting physicians at epidemic levels, largely due to excessive time spent documenting patient visits. It has con-

sequences for both physicians and patients. including increased risk of medical errors, malpractice lawsuits, and physician

suicide. To help reduce physician burnout, we developed a digital scribe capable of automatically generating medical docu-

mentation by listening to physician–patient conversations. The system requires physicians use patient-centered communica-

tion, a style of interaction that minimizes miscommunication and improves patient satisfaction. We tested the system with

two medical students, who took turns acting as the physician and the patient. Our study showed that documenting visits

with the digital scribe was at least two times faster than typing and dictation. Both participants required minimal training to

use the digital scribe and improved at using the system over the course of the study. By relying on patient-centered commu-

nication, our system allowed providers to simultaneously talk to patients and document information. Patient-centered com-

munication also enabled our system to overcome the challenges of relying solely on machine learning. We conclude that

the patient-centered digital scribe may be an effective tool for automatic medical documentation.
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of alcohol dependence and suicidal ideation.39–41 It also presents po-

tential consequences for patient care, including increased risk of

medical errors, malpractice lawsuits, and post-discharge recovery

times.42–44 A significant contributor to physician burnout is exces-

sive time spent documenting encounters, which decreases time spent

interacting with patients.45–48 In addition to being a health concern,

physician burnout also has financial consequences. Han et al49 esti-

mated that burnout costs the healthcare industry $4.6 billion each

year due to physician turnover and reduced clinical hours. The ob-

jective of a digital scribe is to decrease time spent on documentation,

increase time spent interacting with patients, and decrease the preva-

lence of physician burnout.

Human scribes, individuals who chart medical encounters in real

time, have reportedly enabled physicians to spend less time on docu-

mentation.50–52 However, human scribes present several challenges:

costly salaries, substantial up-front investment for training, and a

fast turnover rate due to many scribes pursuing full-time medical

studies.53–55 Other considerations include interpersonal compatibil-

ity with physicians and patient comfort when human scribes are pre-

sent during sensitive discussions.56,57 In addition to being present in-

person during medical encounters, human scribes may be present

virtually from an offsite location.55

Our patient-centered digital scribe aims to alleviate the docu-

mentation burden without the drawbacks of an in-person or virtual

human scribe. Because providers can verbalize summaries and physi-

cal exam findings in their own styles of writing, our digital scribe

does not need to be retrained for different providers. It also avoids

problems with turnover and interpersonal compatibility by function-

ing without a human intermediary. In addition, patients may feel

more comfortable without the presence of an additional person.

Related works
Related works focus on training machine learning models to struc-

ture, parse, and convert provider-patient conversations. Park et al58

trained models on 279 encounters to classify talk-turn segments,

achieving 67.42–78.37% F-score. Example topics included patient

history, physical exam, and small talk. Rajkomar et al59 trained a

model on 2547 encounters for extracting symptoms, achieving

73.6% F-score. Du et al60 trained models on 2950 encounters for

extracting symptoms, achieving 50–80% F-score depending on the

model and medical condition. However, they also reported low

inter-labeler agreement between scribes due to ambiguous and infor-

mal discussions of symptoms. In a separate paper, Du et al trained

models on the same dataset for extracting relations with symptoms

and medications. They achieved 34–57% F-score depending on the

entity and relation.61 Selvaraj and Konam62 trained models on 6692

encounters for extracting medication dosages and frequencies,

achieving 89.57% and 45.94% F-scores, respectively. Shafran et

al63 trained models on about 6000 encounters for extracting medica-

tions at 90% F-score, symptoms at 72% F-score, and conditions at

57% F-score. However, inconsistent and incorrect annotations com-

plicated the calculation and interpretation of these scores. Enarvi et

al64 trained transformer models on approximately 800 000 orthope-

dic conversations and notes. Depending on the note section, they

achieved 19.2–65.4% improvement in ROUGE-L score compared

to baseline; however, they did not report the performance of their

baseline model. Note repetitions also decreased the quality of their

generated notes. Despite significant progress in automatically inter-

preting provider–patient conversations, to the best of our knowl-

edge, there have been no published evaluations of an end-to-end

system in either real or simulated patient encounters.

Several challenges may affect the performance of machine learn-

ing for a digital scribe.65 One challenge is the highly nuanced and

potentially ambiguous nature of provider–patient conversations.66

This characteristic complicates the annotation process for a large

corpus of medical encounters. It also complicates the review process

for notes generated with sequence-to-sequence learning. Another

challenge is the limited availability of medical transcripts and notes

due to strict privacy protections.60,67 Manually deidentifying a large

corpus of protected health information is time-consuming and ex-

pensive.68 A third challenge is the absence of a reliable metric for

note quality. Different providers, specialties, and practices may have

different expectations for how notes should be written. Our digital

scribe side-steps these issues by using patient-centered communica-

tion to write the history sections of a note and verbalized findings to

write the physical exam sections.

The main advantage of our digital scribe is that it does not re-

quire annotated transcripts or notes for training. It uses patient-

centered communication, specifically summarizing and signposting,

to allow providers to simultaneously talk to patients and document

history. Moreover, summarizing information is already a routine

part of healthcare workflows. For example, medical students in the

United States are required to orally summarize information during

their medical licensing exam, and providers orally summarize infor-

mation when presenting patient cases.69,70 Our digital scribe also

uses publicly available, unannotated data sets to distinguish medi-

cally relevant sentences from small talk. This model allows providers

to simultaneously perform and document the physical exam by ver-

balizing observations, a routine aspect of human scribe work-

flows.31 In addition, unlike regular dictation, our system allows

providers to focus on talking to patients. By using existing commu-

nication patterns, we demonstrate an approach for a digital scribe

that avoids the challenges of relying solely on machine learning.

MATERIALS AND METHODS

System architecture
Audio recordings of simulated patient encounters were captured

with an earset microphone. They were transcribed, diarized, and

punctuated using an automatic speech-to-text service. Transcript

preprocessing involved identifying providers by counting verbal

cues, converting numbers to written form, and removing certain dis-

fluencies (Supplementary Tables A1 and A2). Certain medical

homophones were also replaced. History summaries and physical

exam findings were parsed from the providers’ preprocessed tran-

scripts and synthesized into notes. To help providers efficiently edit

Table 1: Completion speed for each note section and writing

method

Section Method WPM

�x s

History Scribe 207.37 39.01

Typing 75.88 11.14

Dictation 76.41 10.95

Physical Exam Scribe 110.16 24.77

Typing 50.75 8.54

Dictation 35.22 6.47

JAMIA Open, 2021, Vol. 00, No. 0 3



notes, an interface was developed to automatically format edited

punctuations.

Audio capture

Audio was captured using the Countryman H6 earset microphone

and transmitted in the 584–608 MHz frequency range using a Shure

BLX1 Wireless Bodypack Transmitter paired to a Shure BLX4 Sin-

gle Channel Receiver. The receiver was plugged into an Aspire E 15

laptop running Windows 10 with a Tisino XLR-to-3.5 mm adapter

cable and a headset splitter cable. Audio was recorded at a sample

rate of 48 kHz in the Waveform Audio File Format (WAV) using the

Recorder.js plugin. Transmitter batteries were checked for sufficient

charge before each recording using a D-FantiX Battery Tester. Both

the laptop and transmitter were adjusted for maximum gain. The

RealTek HD Audio Manager was used to boost gain by an addi-

tional 20 dB. The microphone was fitted to sit at the corner of the

provider’s mouth, where it was able to capture both the provider’s

and the patient’s speech.

Automatic speech recognition

The Google Speech-to-Text video model was used to transcribe pro-

vider–patient conversations, diarize speakers, and automatically add

punctuations. Selection of this service was motivated by a study that

compared the Google Assistant to Siri and Alexa, which showed

that the Google Assistant was more accurate for both branded and

generic medication names. It also showed that the Google Assistant

was equally accurate for multiple accents.71 These findings sug-

gested that Google Speech-to-Text would be suitable for transcrib-

ing provider–patient conversations.

History documentation

Providers summarized information to document the history sections

of a note. The verbal cues “recap” and “summarize” indicated the

start of a summary. The verbal cues “is that right” and “is that

correct” indicated the end of a summary. Text between the start and

stop cues were processed by replacing contractions and inflecting

second person to third person (Supplementary Tables A3–A5). If a

stop cue was not mentioned, then the entire text between the start

cue and the end of the provider’s talk-turn segment was processed.

String matching without context was used to identify section

names. For example, when a provider signposted with the question,

“Any family history of heart disease,” the phrase “family history”

indicated that subsequent summaries should be added to the family

history section. Similarly, when a provider signposted with the state-

ment, “Now I’d like to ask about your social history,” the phrase

“social history” indicated that subsequent summaries should be

added to the social history section. The following section names

were recognized: “medical history,” “surgical history,” “family his-

tory,” and “social history.” Verbal cues for signposting and summa-

rizing were customizable. For example, a provider could have used

the phrase “personal habits” as a substitute for “social history.”

Summaries were added to the history of present illness section by de-

fault. To avoid manually editing misplaced information, providers

were asked to only mention section names when signposting.

Physical exam documentation

Providers simultaneously performed and documented the physical

exam by verbalizing findings. They used the verbal cues “begin

exam” and “stop exam” to indicate when the exam was being per-

formed. To isolate relevant information, a rule-based approach was

used to remove questions and imperatives. A text classifier was used

to remove small talk. To specify which part of the physical exam to

document, providers used the “section” cue. For example, saying

“section musculoskeletal” indicated that subsequent findings should

be added to the musculoskeletal section. A list was used to identify

multi-word section names immediately after the “section” cue. If a

multi-word section name was not found, then the first word after

the “section” cue was used as the section name.

Questions and imperatives are typically used to provide patient

instructions. For example, the sentences “Could you take a deep

breath,” “Kick your leg out,” and “Please turn your head” instruct

the patient but do not convey relevant information for a note. Ques-

tions were identified by the presence of question marks automati-

cally added by Google Speech-to-Text. To complement Google’s

automatic punctuation insertion, which may have performed poorly

on physical exam findings due to uncommon vocabulary and syntax,

periods were inserted for silent pauses of duration greater than 2 s.

Providers were asked to pause at sentence boundaries when verbaliz-

ing findings. Imperatives were identified by the presence of an infini-

tive verb at the start of a sentence or by the presence of “please” at

the start or end of a sentence.

In addition to removing questions and imperatives, small talk

was removed using a text classifier trained on a corpus of unanno-

tated medical notes and film scripts. A total of 2 083 180 medical

notes were downloaded from the MIMIC-III project and 142 255

film scripts were web scraped from the Springfield website.72,73 Sen-

tence tokenization produced about 41 million sentences from medi-

cal notes and about 99 million sentences from film scripts. To

reduce class imbalance, each medical sentence was duplicated at

least once. About 22% of medical sentences were duplicated twice.

With oversampling, a total of about 92 million medical sentences

were collected. The data was split so that 80% of sentences were

used for training, 10% for testing, and 10% for validation. Senten-

ces were pre-processed to replace slashes, hyphens, and other nonal-

phanumeric characters with spaces; replace symbols and

abbreviations for “positive,” “negative,” and “normal” with their

full spellings; and insert spaces between digits in multidigit numbers.

Several classification models were trained using the Scikit-learn

library, including naive Bayes, logistic regression, and support vec-

tor machine (SVM).74 Logistic regression achieved 98.9% F-score

for medical sentences, outperforming both naive Bayes at 97.13% F-

score and SVM at 98.85% F-score. Because all medical sentences

identified by the classifier were included in physical exam documen-

tations, providers were asked to avoid discussing unrelated medical

information, such as explaining exam findings, collecting additional

history, and discussing treatment options. If providers needed to

have these discussions, they could pause the exam with the “stop

exam” cue and later resume with the “begin exam” cue. The use of

a text classifier for identifying medical information avoided the need

to use start and stop cues for each finding.

Note editor

To help providers efficiently edit notes, an interface was developed

to automatically format edited periods and commas. For example, if

a user inserted a period at the end of a word, then the first character

of the next word was capitalized. If a user inserted a period at the

beginning of a word, then the first character of the edited word was

capitalized, and the period was moved to the end of the preceding

word. Comma insertions were treated similarly except the first char-

acter of the next word was lowercased. The first character of the

4 JAMIA Open, 2021, Vol. 00, No. 0



next word was also lowercased when a user deleted a period. Re-

moving unnecessary keystrokes for editing periods and commas

aimed to reduce editing time if punctuations were inaccurately

inserted by Google Speech-to-Text. The Google Chrome Web

Speech API was used to allow providers to dictate notes. The editor

automatically monitored the amount of time providers spent editing

history sections and physical exam sections.

Study design
To evaluate the digital scribe, simulated encounters were conducted

with two medical students at the University of Rochester Medical

Center (URMC). Each participant took turns acting as a provider

and as a standardized patient. They were trained to use the digital

scribe with a 10-min presentation and a practice encounter. After

training, each provider completed 32 encounters based on cases

from First Aid for the USMLE Step 2 CS, a review book for the clin-

ical skills portion of the United States Medical Licensing Exam.69

Psychiatric and pediatric cases were excluded. Case information was

available as a paper chart. Student providers obtained information

for the history sections supported by the digital scribe, including his-

tory of present illness, past medical history, past surgical history,

family history, and social history. They also performed and docu-

mented a focused physical exam. They were given a list of suggested

history and physical exam elements to investigate based on the

patient’s chief complaint. After each encounter, student providers

edited a digital scribe note by typing, including any information

missed by the digital scribe. They then typed and dictated copies of

the edited digital scribe note. They were not observed when interact-

ing with patients or when editing notes. The times required to finish

notes were captured automatically in the note editor. Participants

were native English speakers between the ages of 25 and 34. They

had experience typing notes for their clinical clerkships, but minimal

experience dictating notes. They were already trained in patient-

centered communication as part of their medical curriculum. The

study was approved by the Institutional Review Board at URMC.

RESULTS

A total of 64 simulated patient encounters were conducted with two

medical students. Note completion speed was measured in words

per minute (WPM). An alpha level of 0.05 was used for statistical

analyses. The digital scribe successfully generated notes using

speaker diarization for all encounters, except one where the stan-

dardized patient spoke very softly to portray a patient with chest

pain. The digital scribe note for this encounter was generated with-

out speaker diarization and was included in study results.

One-way within subjects ANOVA indicated at least one signifi-

cant difference between note completion speeds grouped by writing

method and note section (P< .0001). Post hoc comparisons were

performed using two-tailed pairwise t-tests for paired groups with

Bonferroni correction (Table 1, Figure 1). For history sections, edit-

ing notes generated by the digital scribe (�x ¼ 207.37, s¼39.01) was

about 131.49 WPM faster than typing (�x ¼ 75.88, s¼11.14,

P< .0001) and about 130.96 WPM faster than dictation (�x ¼
76.41, s¼10.95, P< .0001). Typing was not significantly different

than dictation (P¼1.00). For physical exam sections, the digital

scribe (�x ¼ 110.16, s¼24.77) was about 59.41 WPM faster than

typing (�x ¼ 50.75, s¼8.54, P< .0001) and about 74.94 WPM

faster than dictation (�x ¼ 35.22, s¼6.47, P< .0001). Typing was

about 15.53 WPM faster than dictation (P< .0001). Mild outliers

were observed for the digital scribe and dictation. Each writing

method was faster for history sections compared to physical exam

sections: the digital scribe was about 97.21 WPM faster (P< .0001),

typing was about 25.13 WPM faster (P< .0001), and dictation was

about 41.19 WPM faster (P< .0001).

Pearson correlation coefficients were calculated to assess the re-

lationship between the number of completed encounters and note

completion speed (Figure 2). For history sections, the digital scribe

****
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****
****

History Physical Exam

Scribe Typing Dictation Scribe Typing Dictation
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100

200
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Figure 1: Comparison of completion speed for each note section and writing method.

JAMIA Open, 2021, Vol. 00, No. 0 5



showed a positive correlation between the number of encounters

and completion speed (R2 ¼ 0.35, P< .0001), but neither typing (R2

¼ 0.00056, P¼ .85) nor dictation (R2 ¼ 0.025, P¼ .21) showed a

correlation. For physical exam sections, no correlation was observed

for the digital scribe (R2 ¼ 0.029, P¼ .18), typing (R2 ¼ 0.000023,

P¼ .97), and dictation (R2 ¼ 0.015, P¼ .34).

DISCUSSION

Our study suggests that patient-centered communication techniques,

such as summarizing and signposting, can be used to document pa-

tient history. For history sections, the digital scribe was about 2.7

times faster than both typing and dictation. Our study also suggests

that providers can simultaneously perform and document the physi-

cal exam by verbalizing findings. For physical exam sections, the

digital scribe was about 2.17 times faster than typing and about

3.12 times faster than dictation. The performance of the digital

scribe may be underestimated in our study when compared to typing

and dictation. Because typing and dictation speeds were measured

by writing copies of edited digital scribe notes, they did not reflect

the cognitive challenges of organizing and editing information. The

digital scribe may be even more efficient than typing and dictation

in busy clinical settings, where providers have limited time to write

notes between seeing patients. By using the digital scribe to docu-

ment information during patient encounters, providers may more

easily recall encounter events when editing multiple notes. The per-

formance of the digital scribe may be more accurately assessed in a

real clinical setting.

In addition, our study suggests that providers may require mini-

mal training to use the digital scribe, and that they may improve at

using the system to document patient history. Study participants

were trained with a short presentation and a practice session. After

32 patient encounters, study participants became significantly more

efficient at documenting history sections. Given that the average

family physician in the United States sees about 19 patients per day,

this finding suggests that providers may improve at documenting

history in as few as 2 days.75 Moreover, because the digital scribe

does not rely solely on machine learning, providers can identify the

reason for an unexpected result. For example, they can identify that

a summary is missing because they did not say “recap” or

“summarize.” By using patient-centered communication, the digital

scribe may facilitate both high-quality patient interaction and effi-

cient medical documentation.

While the digital scribe was faster than typing and dictation in

general, it was slower for physical exam sections compared to history

sections. The difference may be due to increased typing errors for

physical exam sections, as suggested by decreased typing speed. It

may also be due to increased speech recognition errors, as suggested

by decreased dictation speed. In addition, the difference may be due to

increased errors with automatic punctuation insertion since physical

exam findings tend to be described in phrases rather than complete

sentences. Speech recognition and punctuation insertion models spe-

cifically trained for physical exam findings may improve the perfor-

mance of the digital scribe for physical exam sections.

Note completion speed served as an overall metric for digital

scribe performance. It reflected the accuracy of Google Speech-to-

Text and text processing pipelines since participants edited missing

or incorrect information. It also reflected participants’ abilities to

speak clearly, summarize information, and minimize disfluencies. In

general, these elements performed sufficiently for the digital scribe

to be faster than typing and dictation. A noticeable area for im-

provement is speaker diarization, which was disabled for one en-

counter where the standardized patient spoke very softly to simulate

chest pain. This error suggests that providers and patients may be re-

quired to speak above a certain volume for adequate speaker diari-

zation. Despite this error, assessing note completion speed was

prioritized over the performance of individual elements. The digital

scribe may be a useful application as long as it helps providers com-

plete notes faster than typing and dictation.

Our study has several limitations. Simulated encounters with a

small number of medical students may not capture the diversity of

provider–patient interactions, such as psychiatric and pediatric

encounters, or the types of information that providers must docu-

R2 = 0.025 , p = 0.21

R2 = 0.35 , p < 0.0001
R2 = 0.00056 , p = 0.85

R2 = 0.015 , p = 0.34

R2 = 0.029 , p = 0.18
R2 = 0.000023 , p = 0.97

History Physical Exam

0 10 20 30 0 10 20 30

100

200

300

Encounters

W
PM

a a aScribe Typing Dictation

Figure 2: Completion speed for each note section and writing method as providers completed more encounters.
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ment, such as medications, allergies, and the assessment and plan.

Psychiatric and pediatric cases were excluded because they may be

difficult for medical students to portray as standardized patients.

Moreover, simulated patient interactions may not accurately portray

real-life conversations. Medications and allergies were excluded be-

cause this information may be documented as a structured table

rather than narrative text. The assessment and plan section was ex-

cluded because medical students may not have enough clinical expe-

rience to summarize this section while interacting with patients. In

addition, because our study participants typed at an average speed

of 75.88 WPM for history sections, much faster than the average

typing speed of 34.11 WPM for physicians, our results may not gen-

eralize to providers with average or below-average typing speeds.76

Future studies involving practicing physicians in real clinical settings

may provide additional insights into our system.

CONCLUSION

Patient-centered communication helps provide high-quality patient

care. By simulating patient encounters with a small group of medical

students, we demonstrate that providers may use specific elements

of patient-centered communication, such as summarizing and sign-

posting, to simultaneously interact with patients and document the

history sections of a note. We also demonstrate that providers may

verbalize findings to simultaneously perform and document the

physical exam. In addition, we demonstrate that providers may

quickly improve with the digital scribe after minimal training. Be-

cause editing notes generated by the patient-centered digital scribe

was significantly faster than typing and dictation, we conclude that

the system may be an effective tool for automatic medical documen-

tation.

SUPPLEMENTARY MATERIAL

Supplementary material is available at Journal of the American

Medical Informatics Association online.
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