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Abstract 
Objectives: We describe an automated transcription system that addresses many documentation problems and fits within scheduled clinical 
hours.
Materials and methods: During visits, the provider listens to the patient while maintaining eye contact and making brief notes on paper. Imme
diately after the visit conclusion and before the next, the provider makes a short voice recording on a smartphone which is transmitted to the 
system. The system uses a public domain general language model, and a hypertuned provider-specific language model that is iteratively refined 
as each produced note is edited by the physician, followed by final automated processing steps to add any templated text to the note.
Results: The provider leaves the clinic having completed all voice files, median duration 3.4 minutes. Created notes are formatted as preferred 
and are a median of 363 words (range 125-1175).
Discussion: This approach permits documentation to occur almost entirely within scheduled clinic hours, without copy-forward errors, and with
out interference with patient-provider interaction.
Conclusion: Though no documentation method is likely to appeal to all, this approach may appeal to many physicians and avoid many current 
problems with documentation.

Lay Summary 
Doctors spend a long-time writing notes summarizing office visits. Sometimes they take shortcuts to save time so they don’t have to type as 
much, which can cause errors. We created a system to quickly use voice to create notes in a way they can squeeze between visits. The doctor 
dictates into a smartphone, and then the secured dictation is sent to a system we developed called Elliott where the voice file is converted to 
text, and then formatted nicely. The doctor then reviews the note, makes any needed corrections, puts it in the patient’s electronic record, and 
sends the corrected note back to Elliott so Elliott can learn from its mistakes. This process is sort of like dictation but with a “secret sauce”: 
Elliott continuously learns to make fewer errors. This is done with 2 “language models”: One that works for all doctors and one that is specific 
to the doctor using it. It is different from Dragon in that it not only converts voice to text but also creates an accurate, formatted, and professio
nal note. Because Elliott is so accurate, the doctor avoids busy work correcting mistakes and spends less time finishing notes in the evening.
Key words: documentation; electronic health records; physicians. 

Background and significance
Documentation burden is an important contributor to clinician 
dissatisfaction and may lead physicians to reduce clinical time 
or retire early.1 Using commercial electronic health records 
(EHRs) to create notes contributes to this burden.2,3 Resulting 
notes are criticized for excessive length,4 high percentage of 
preserved content from one note to the next,5,6 inaccuracy,7,8

and declining quality.9 These problems are partly the result of 
efforts to speed note writing such as copy-forward and auto- 
populating templates.10 Use of scribes and voice-to-text tech
nologies have been proposed to address these problems, but 
cost and privacy concerns limit scribe use,11 and speech recog
nition workflow in commercial EHRs has not been associated 
with a decline in documentation time.12–14 New approaches 
that incorporate multiple microphones and remote transcrip
tion, with proposed future replacement by artificial intelligence 
methods (“ambient clinical documentation”) are touted as 
possible future solutions.15

Objectives
We describe an automated transcription system (Elliott) we 
developed that one of us (T.P.), a primary care internal medi
cine physician, uses that addresses many current documenta
tion problems, and fits within scheduled clinical hours.

Methods
Workflow
In the exam room, the provider faces and actively listens to 
the patient while maintaining eye contact and making brief 
notes on a blank piece of paper. Immediately after the visit 
conclusion and before seeing the next patient, while in the 
exam room or nearby, the provider makes a short voice 
recording on a smartphone (Figure 1), reading in relevant lab 
results, any outside records, and pertinent information. The 
recording is made where it is most convenient to do so and 
does not require the use of a workstation, special micro
phone, or office, saving the time required to walk to the 
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workstation and back to the next exam room. Recordings do 
not contain protected health information and are identified 
by the time stamp and first 2 letters of the patient’s last name. 
At the end of the clinic day, these completed voice files for 
each visit which are then compressed, encrypted, and sent via 
ftp to Elliott.

Technology
Elliott is speech-to-text software that attempts to fit the note 
and templating requirements to the doctor instead of the doc
tor to the template. It has two stages. The first stage (TRAN
SCRIBE) is an open-source speech-to-text model with some 
moderate tuning to medical vocabulary. The second stage is 
made up of a combination of preconfigured rules (FORMAT
TING) and a highly adaptable model (HYPERTUNE) to 
adapt the output of the global model to the preferred tem
plate of the provider. This idea is similar to how applications 
such as GitHub’s CoPilot quickly adapt to the nuances of the 
specific developer to generate code. The key difference here is 
instead of text generation (which can create realistic but ficti
tious text [“hallucinations”]), Elliott generates the template 
and formatting for the content provided by the doctor. To 
ensure accuracy a human reviews the output.

In the FORMATTING stage, the format of the note is 
refined and sections are put in the correct order. For example, 
if the voice file says, at the conclusion of the exam section 
“Please add to SOCIAL that the patient has a new job in high 
tech,” this will be added to the SOCIAL section in the correct 
order. Section headers are changed according to the physi
cian’s preference (in my case, major headers such as EXAM 
are capitalized and bolded).

The note formatting produced by Elliott places the text in 
the appropriate sections (eg, PAST MEDICAL HISTORY, 
EXAM), the sections are placed in the correct order, section 

headers are formatted (all capitalized, bolded text), punctua
tion and capitalization of the text and headers accomplished, 
and required compliance text is added to the note. No EHR 
template is needed because Elliott provides the section and 
subsection headers in the correct location rather than requir
ing the physician to do this manually as is required when 
Nuance/Dragon is used in the EHR. Within hours, formatted 
notes in an encrypted file are sent to the provider to be 
reviewed. The output of Elliott—a completed, properly for
matted note—is then pasted (Cntl-C, Cntl-V) into each 
patient’s EHR record as the clinic note. When the note is in 
the EHR, sometimes EHR dot phrases are used to enter cur
rent medications, vital signs, and the problem list.

Figure 2 shows Elliott’s design. Each note produced by 
Elliott is reviewed and edited by a physician before it is 
pasted into the EHR. The edited version is sent back to Elliott 
where it is compared with the note that Elliott produced. Dif
ferences—edits to spelling, correction of proper nouns such 
as a physician’s name or medication name—are called ‘deltas’ 
and are stored within Elliott. For example, early in the use of 
Elliott, the phrase “a bitter old” was corrected by the physi
cian to “albuterol.” Once this was “learned” by Elliott, 
future corrections were not needed. The differences between 
the produced and edited notes (delta detection) are used to 
further tune the provider-specific language model. As a result, 
the system produces highly accurate, formatted notes that 
require little editing time by the physician.

Results
With the 142 most recent voice recordings, median duration 
is 3.4 minutes. It is always completed between scheduled 
patient visits. The provider leaves clinic having completed all 
voice files, and the next morning spends less than an hour for 
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Figure 1. Workflow. Clinic schedule showing when documentation occurs relative to patient visits.
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10-20 notes finishing billing, administrative tasks (click on 
problem/med list review, enter “copy to” providers), and 
pasting in completed notes. Created notes (Figure 3) are for
matted as preferred and are a median of 363 words (n¼ 393, 
range 125-1175). As Figure 4 shows, there is a broad range 
of note length.

To demonstrate the effect and speed of adaptation of the 
provider-specific stage of Elliott, we randomly sampled 100 
notes to be the test dataset and randomly partitioned the rest 
of the notes to be the “training” dataset in batches of 11 (a 
typical number of notes generated in each clinic visit).  

Figure 5 shows the improvement in the average number of 
fewer corrections needed (removal/addition/replacements of 
words) with each additional training dataset batch.

Discussion
The process for creating clinic notes should result in accurate, 
complete, concise notes, finished during scheduled clinic 
time, and should not impair physician-patient experience 
during a visit. Physicians should be proud, or at least satis
fied, with the notes they create; as Deming observed, pride in 
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Figure 2. (A) Sequence of Elliott system steps in processing voice file to produce edited note that is placed into EHR. Elliott is iteratively tuned using 
differences between output of formatted note and note from physician edits. (B) Detail of Elliott architecture showing phonetic and formatting 
corrections. Delta detection finds differences between the General Language Model output and the formatted note after manual corrections by the 
physician.
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workmanship is important.16 If we fall short of these objec
tives, we risk adding to patient dissatisfaction and physician 
burnout. After-hours EHR work, including documentation, 
is an important contributor to burnout17—spending more 
than 60 minutes in after-hours clerical work further increases 

burnout risk.18 The note-writing method described here 
achieves these objectives because it permits connection with 
the patient during the visit,19 permits recording the content 
of the note early to avoid forgetting pertinent details, and 
avoids after-hours documentation work. The completed 

Figure 3. Example note (deidentified) produced using system described. Three asterisks indicate where patient data may optionally be inserted using a 
“dot phrase” when note is copied into EHR.
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notes are nicely formatted and have a professional appear
ance, which is important to clinicians.20 By reading relevant 
lab results, we avoid using EHR macros that lengthen notes 
with long lists of irrelevant results Copying forward notes is 
not needed, and so the risks of this process, including inac
curacy, are avoided.

How is this different from using Siri or Nuance/Dragon to 
create text? Both of these are commonly used. However, 
these technologies convert voice to text but stop there. It’s up 
to the physician to fit that text into the proper location for a 
medical note within an EHR template. This process takes 
time. Sometimes an EHR template is used and the Dragon 
output is placed within the template by bringing up the tem
plate (this requires logging in to a workstation and using a 
microphone), placing the cursor in the correct section in the 
template, then speaking so that the created text appears in 
the correct location. These additional steps mean the process 
of creating a note extends beyond what can reasonably be fit 
between patient-scheduled visits. A common sight is physi
cians using Dragon at a workstation for one note after 
another at the end of the clinic. In addition, though Nuance/ 
Dragon is remarkably accurate with standard words and 
medical terms, it leaves it to the physician to correct phrases 
and words they use that other clinicians do not, for example, 
names of other physicians and hospitals. It takes a “one-size- 
fits-all approach” whereas Elliott’s second layer is tailored to 
the individual, also with remarkable accuracy and achieves 
this while training itself using corrected notes. Thus, Elliott 
automates almost all of this scut work.

The frustration and sense of resignation experienced by 
doctors today with regards to note documentation has little 
to do with their abilities or the limits of technology. It is sim
ply that current design thinking about the interaction 
between the health record and the provider has the side effect 
of forcing the provider to adapt their thinking to the tem
plate, instead of the other way around. This cognitive burden, 
along with the extra clicks required to make note edits and 
have consistent formatting in a visually pleasing manner, is a 
major reason many doctors feel frustrated with writing notes.

With Elliott, the physician creates text with rough indica
tions of what the sections are and Elliott converts that into a 
finished note. No template is needed; it is not necessary to log 
in to a workstation. The template is fitted to the content, not 
the other way around. This critical difference means that this 
can be done easily between patient visits. Corrections and 
edits are fewer and faster each clinic day because Elliott 
learns from past edits.

How is our approach different than dictation? Dictation is 
extremely useful for many physicians and is their preferred 
method. However, it doesn’t learn from prior notes. It isn’t 
continuously improving. And the turnaround time means 
that the dictation process may delay the availability of the 
note. There is also a cost for transcription that may be a bar
rier. Table 1 summarizes these differences.

Most important is that physician time devoted to documen
tation is short enough to fit between scheduled patient visits. 
The physician does not need fit the note content into an EHR 
template and so is not tied to a workstation, which reduces 
unnecessary travel time from the exam room and repetitive 
workstation login and reduces likelihood the physician will 
forget key details of the patient’s history which may occur if 
the note is created later. Because recordings occur between vis
its, notes don’t “pile up” until the end of the workday.

Most importantly the workflow does not interfere with the 
human connection so crucial to preventing burnout.21,22

Reduced eye contact while typing during a visit may impair the 
physician-patient relationship during the visit.23–27 There is 
evidence that patients are less active participants in consulta
tions in which physicians engage in more keyboard activity.28

Nevertheless, some physicians may use workflows that also 
maintain human connection despite being different from ours.

No single documentation method will appeal to all physi
cians because habits, aptitudes such as typing speed, practice 
composition, and workflow vary widely.29,30 However, the 
workflow described here, with patients scheduled every few 
minutes, and the provider moves from one room to the next, 
is common. The Elliott tool could be used in other work
flows, for example in an urgent care clinic, hospital rounding, 
or the emergency room. The ambulatory care workflow used 

Figure 4. Histogram of length of notes created using Elliott. Median length is 363 words.
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in this report is common: Patients every 10-30 minutes and 
the provider moves from one room to the next. Our approach 
is inexpensive, does not require a scribe nor room micro
phones. Ambient dictation may raise privacy concerns for 
some patients because it is not clear where recordings travel 
and are stored.31 Moreover, the thinking of the physician 
that appears in the note Assessment section may not be part 
of the digital scribe recording. Ambient dictation may require 
infrastructure and expense not available to many physicians.

Disadvantages to our approach include that it is not 
directly supported by EHR vendors (recommendation 3 of 
the 25 � 5 report addresses this need32) and so at present is 
manually pasted into the EHR record. Prompts provided by 
EHR-based template tips aren’t seen, and turnaround time 
may be longer than other methods. And yet—though clinic 
days are busy and intense, the author (T.P.) is not burned out 

and documentation does not contribute to stress. If it works 
for this author (T.P.), perhaps it may help others.
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Table 1. Differences between current method, dictation, commercial EHR voice to text, and typing in the exam room during the visit.

Current method Dictation EHR voice recognition Type during visit

Full attention devoted to patient during visit

Turnaround time Hours Days Hours Minutes

Documentation accomplished between patients during clinic

Not tied to workstation

Automatic formatting, grammar correction, spell checking Possibly

Improves accuracy over time
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