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ABSTRACT 
Recently, digital scribe systems have been gaining popularity as 
a possible work-around solution to the Electronic Medical Record 
(EMR) documentation burden that afects many physicians. The 
proposed system would automate the clinical summary physicians 
take by capturing and extracting the patient-physician conversa-
tion during the consultation. While promising in concept, how 
this system would apply to real-world use and its limitations are 
still not well understood. To examine these issues, we designed 
a digital scribe prototype to generate notes of diferent qualities 
ranging from the reality of current state-of-the-art technology to 
the potential of future implementations. We conducted a "Wizard 
of Oz" study with 24 primary care physicians using our digital 
scribe prototype in 4 simulated medical encounters followed by a 
semi-structured interview. This exploratory study provides an un-
derstanding of physicians’ interaction with digitally scribed notes, 
their perceptions on note quality, their perceived workfow impact 
and several directions for improvements. 

CCS CONCEPTS 
• Human-centered computing → HCI design and evaluation 
methods; Empirical studies in HCI; • Social and professional 
topics → Medical records; • Computing methodologies → 
Natural language processing. 
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1 INTRODUCTION 
The last few decades have experienced a global healthcare move-
ment to transform paper-based documentation to Electronic Medi-
cal Records (EMR) [42, 47]. There are numerous benefts to digitiz-
ing patient records, yet, for many physicians, the use of EMRs has 
resulted in increased documentation demand, and burden [11, 31]. 
Populating the clinical record for a single patient can involve nu-
merous steps and various forms of structured and unstructured data, 
such as patient lab tests, prescriptions, billing codes, and free-form 
text-based clinical notes [2, 35]. Studies have shown that documen-
tation tasks in the EMR can take up to 25-50% of clinicians’ daily 
in-ofce working time; in addition, many physicians spend another 
one to two hours on EMR clerical task outside of the ofce [25, 49]. 
In total, physicians can be seen spending up to four hours each day 
just on EMR documentation, a burden that is contributing to their 
burnout, afecting their mental well-being and impacting patient’s 
quality of care [16, 31, 47]. To ofoad this burden, physicians and 
medical institutions have been employing documentation assis-
tants, also known as medical scribes, to help, however, this efort is 
too economically costly to widely implement [51, 53]. 

Recently, advancements in natural language processing and arti-
fcial intelligence have provided the opportunity to explore the use 
of technology to assist in EMR documentation tasks. This concept, 
known as the digital scribe, has been proposed to replicate the 
roles of medical scribes by generating clinical notes directly from 
physician-patient conversations during the consultation [10]. Most 
of the recent eforts from industry and academia have been focused 
on developing the algorithms and pipeline to create notes in the 
SOAP structure [10, 15, 23, 30], a globally adopted note-taking for-
mat that consists of four sections — the "Subjective" information 
that patients report, the "Objective" information found from ob-
servations or physical exams, the physician’s "Assessment" of the 
diagnosis, and the "Plan" for further care [5, 18]. However, besides 
some speculations, little is known about how this system can afect 
physicians and what steps need to be considered for clinical use 
[40]. 

In this work, we explore the use of digital scribe systems in 
a simulated medical study with 24 primary care physicians. Our 
objective is to understand 1) How physicians would interact with 
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the digital scribe notes, in particular, how they would perceive and 
react to the system’s strengths and limitations. 2) How the digital 
scribe system can impact physicians and their current workfows. 
We implemented the digital scribe system to have three scribe 
conditions — machine, hybrid and human to refect three stages — 
current, intermediary and futuristic implementations of the technol-
ogy. We included the intermediary and futuristic scribe conditions 
to investigate participants’ experience with digital scribes that are 
not hindered by current technical limitations, as there is a general 
understanding that this feld is still in its infancy [40]. This also 
enabled us to understand factors that could infuence the adoption 
of digital scribe systems for clinical use in a progressive manner. 

In this paper, we report a user-centered study on the efects of a 
digital scribe system on physicians which contributes the following: 

(1) Understanding the interactions and reactions that physicians 
have of the notes generated by current digital scribe technol-
ogy (Machine), intermediary human-assisted digital scribes 
(Hybrid), and futuristic, doctor-like medical scribes (Human). 

(2) Understanding the factors that infuence physicians’ percep-
tions of diferent note qualities. 

(3) Understanding the impact of digital scribes on physicians’ 
workfow. 

(4) Directions for improving future digital scribe systems and 
the notes generated. 

2 RELATED WORKS 

2.1 Unintended consequences of EMR 
documentation 

Research on EMR system’s impact has been growing. As we high-
lighted earlier, there is a growing body of literature studying the 
efect of EMR use, specifcally for physicians. There have been many 
positive outcomes since EMRs were introduced, such as documen-
tation standardization, interoperability for information sharing, 
cognitive load reduction, better preventative health, among many 
others [9, 22, 46]. However, the unintended consequences of EMRs 
are also signifcant and only more recently are we learning more 
about them. These include demanding documentation expectations, 
impeding clinical workfow and information reviewing, and distract-
ing notifcation and warning systems [36]. Some studies attribute 
these consequences to the lack of user-experience considerations 
for physicians and other health professionals prior to deployment 
of such systems [6, 24, 45]. Therefore, to minimize the potential 
unintended consequences of the digital scribe, researchers and de-
signers need to understand what these limitations are and how to 
adapt to them before using it in clinics. 

2.2 Studies on speech documentation for EMR 
Several works have looked at clinical usage of speech documen-
tations. Zheng et al. [57] compared the linguistic diferences in 
voice-dictated versus typed clinical entries and found that while 
the vocabulary is similar, the length of the record is shorter and the 
usage of acronyms a lot higher in typed documentations. Although 
they did not look at the context of the notes, their result potentially 
speaks to the time constraint clinicians have with typed entry as 
well as the possibility of missing information. Mamykina et al. [33] 

conducted a time-and-motion study of clinicians interacting with 
EMR systems, from which they argued that typing should not be 
replaced because it helps clinicians to synthesize diagnoses. Instead, 
they suggested that in order to improve efciency and workfow, 
tools should be implemented to reduce work fragmentation and 
provide clinicians with uninterrupted documentation [33]. While 
the study was thorough in capturing the documentation process, it 
did not address the constraints clinicians have with time and the 
pressure to see more patients; therefore, an uninterrupted docu-
mentation session may not be practical. A recent study by Willis 
and Jarrahi [55] looked at the possibility of having automation in 
clinical documentation. From their observations and interviews, 
they suggested that the best form of interaction is when clinicians 
would make sense of patient context, and the agent would assist 
with decision support and text entry [55]. However, that idea has 
not been tested in a simulated or real environment. 

2.3 Medical scribes 
Medical scribes are trained personnel hired by physicians to help 
with EMR documentations [48]. While their roles may vary de-
pending on the clinic and setting, generally, their job is to generate 
real-time, free-text, clinical notes based on conversations in the 
exam room during patient consultations [7, 51]. These notes would 
then be reviewed by physicians at a later time before being saved 
into the patient’s chart [48, 56]. The beneft of medical scribes in-
cludes, increased efciency, reduced documentation burden, and 
improved physician-patient interaction and patient’s quality of 
care [20, 34, 48, 56]. As a result, the demand for medical scribes is 
increasing. However, there are also growing concerns on the sus-
tainability of this workaround solution [7, 48]. One concern is that 
medical-scribes can be very costly to employ. Their wage, in addi-
tion to other costs, such as recruitment, training, and management, 
can become cost-prohibitive for smaller clinics and institutions 
[53]. Another concern is the lack of standards in training and job 
regulations. Depending on the physician they are assisting, medical 
scribes can be given additional responsibilities, such as retrieving 
information from patient records, assisting in clinical procedures, 
providing patient education and generating order entries on the 
physician’s behalf [17, 48]. These tasks blur the boundary between 
an assistant and a licensed health care practitioner, which can put 
patients’ privacy and safety at risk. 

2.4 Digital scribes 
The concept of digital scribes, as described by Coiera et al. [10], 
involves the use of advances in artifcial intelligence, speech recog-
nition and natural language processing to automatically enter parts 
of the EMR documentation for clinicians during the clinical encoun-
ters. Like the variety of medical scribe roles, there is a range in 
ideas for how digital scribes should assist physicians. These can 
broadly be categorized into human directed systems, machine di-
rected systems, and a mix of human and machine directed systems 
[10, 50]. Human directed systems provide physicians with the high-
est level of control and often involves physicians dictating summary 
notes or EMR interaction orders through speech recognition ser-
vices that they would later correct afterwards [10, 26]. This strictly 
speech-based dictation-like interaction has been widely studied 
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and implemented in the medical feld for its improved efciency 
[26, 37, 52]. However, studies have found this type of interaction 
is prone to higher error rates because EMR interfaces were tradi-
tionally designed for keyboard and mouse input modality and not 
suitable for voice-interaction [21]. In contrast, machine directed 
systems are entirely autonomous and require minimum input from 
users [50]. These are generally adept at well-structured and defned 
tasks, such as medication alert systems or structured form-like en-
tries, but will struggle in contexts where there is a high degree of 
variability [40]. The process of generating clinical notes however, 
requires the system to be both precise and consistent in its informa-
tion capturing to meet the medical-legal expectations and to adapt 
to physicians’ style, situation, and variety of medical encounters 
[28, 29]. This requirement outlines the human-machine directed 
initiative, where human scribes or physicians can provide some 
instructions for what is expected in the generated output, but the 
system is intelligent enough to understand and learn the process 
independently [10, 29]. Several recent projects have explored the 
technical aspects of building such systems. For example, Enarvi 
et al. [13] implemented a sequence-to-sequence model with recur-
rent neural networks to generate notes from orthopedic surgery 
transcripts that contains four sections — history of illness, physical 
examination, assessment and plan, and diagnostic imaging results. 
Their implementation relieves the burden of annotating transcript 
data to train the model but is restrictive in its application for highly 
specialized medical felds that often have more structure to their 
notes. Another method which was used in Autoscribe [23, 27] is 
to train the machine model on medically annotated transcripts 
to extract clinical entities such as anatomical location, diagnosis, 
symptoms, medications, reason for visit, etc., which then gets clas-
sifed into the SOAP sections of a generated note. This method is 
more suitable for primary care applications because the system 
can be pre-trained with a variety of knowledge resources to aford 
better versatility. Finely et al. [15] described a similar process but 
included an audio speech recognition service to the medical entity 
extraction model for a more "end-to-end" implementation of a digi-
tal scribe. However, because information on the note generation 
process is fairly sparse and difcult to validate in the work by Finely 
et al, we decided to use Autoscribe’s model and integrated a third 
party audio to speech recognition service, Otter.ai [1], to create our 
own end-to-end digital scribe system to explore physician user’s 
interactions and perceptions of the system. 

3 METHODS 

3.1 Study overview 
We designed a "Wizard of Oz" digital scribe prototype that is in-
tegrated with an EMR. The prototype generates notes of three 
conditions, Machine, Hybrid and Human, that would refect the 
range of output from current state-of-the-art technology to futuris-
tic implementations of the system. We then evaluated the use of 
this prototype in a simulated medical environment with 24 primary 
care physicians. Each physician was placed in either Note-Taking or 
Non-Note-Taking groups and experienced three to four simulated 
medical scenarios that were each randomly paired with one of the 
three note conditions as shown in Table 1. These notes were gener-
ated "live" behind the scene of the simulated consultation. We then 

asked physicians to review and edit the notes before concluding 
with a semi-structured interview. 

Figure 1: Exam room setup. From the left, A: one-way mirror 
looking into the room with researchers sitting on the other 
side, B: physician participant, C: laptop running OscarEMR, 
D: microphone capturing the consultation, E: standardized 
patient. 

3.2 Study setup 
We designed the study to refect an actual patient encounter to test 
our digital scribe prototype in an environment that would be as 
natural as possible. The study was conducted in an exam room at 
a local teaching hospital to provide participants with a familiar 
environment. The exam room also had a one-way mirror and audio 
streaming that allowed researchers, the "wizards", to observe and 
run the digital scribe system from the outside without interfering 
with the consultation, as shown in Figure 1. A second-year med-
ical resident on the research team designed the four scenarios to 
follow the format of the Objective Structured Clinical Examina-
tion (OSCE), a qualifying assessment taken by medical students in 
Canada, to ensure the scenarios contain the depth and complex-
ity of a typical patient visit [19, 43]. We employed standardized 
patients (SPs), who are professionally trained actors for medical ed-
ucation simulation, and prepared them with these scenarios so that 
the simulated patient interaction would be realistic and consistent 
across participants. The digital scribe system was pre-confgured 
to generate clinical notes in the standard Subjective (S), Objective 
(O), Assessment (A), and Plan (P), the "SOAP" format that most 
physicians are familiar with [5]. We also pre-loaded background 
information from these scenarios (such as name, age, gender and 
primary concerns) into OscarEMR, an open-sourced EMR system, 
for the participants to preview and use during the consultation [8]. 

3.3 Study conditions 
3.3.1 Note taking variable. We assigned participants to one of two 
conditions: 1) Note-Taking, where they were asked to take notes in 
OscarEMR as they normally would during or after each consultation. 
2) Non-Note-Taking, where they were asked to not take notes, 
instead, to only converse with the SPs as they would with their 
own patients. These conditions allowed us to compare the impact 
Non-Note-Taking may have on physicians because most of our 
participants did not have prior experience working with scribes or 
dictation services. 

https://Otter.ai
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Participant ID Note Taking Order Scenarios Digital Scribe Condition 

1, 7, 13, 19 Yes 

First Anne Brown Hybrid 
Second Jane Robertson Machine 
Third Marsha Morris Human 
Fourth Jenny Osborne Human 

2, 8, 14, 20 No 

First Jane Robertson Hybrid 
Second Marsha Morris Machine 
Third Jenny Osborne Machine 
Fourth Anne Brown Human 

3, 9, 15, 21 Yes 

First Marsha Morris Hybrid 
Second Jenny Osborne Hybrid 
Third Anne Brown Machine 
Fourth Jane Robertson Human 

4, 10, 16, 22 No 

First Anne Brown Hybrid 
Second Jane Robertson Machine 
Third Marsha Morris Human 
Fourth Jenny Osborne Human 

5, 11, 17, 23 Yes 

First Jane Robertson Hybrid 
Second Marsha Morris Machine 
Third Jenny Osborne Machine 
Fourth Anne Brown Human 

6, 12, 18, 24 No 

First Marsha Morris Hybrid 
Second Jenny Osborne Hybrid 
Third Anne Brown Machine 
Fourth Jane Robertson Human 

Table 1: Participant condition assignment 

3.3.2 Clinical scenario variable. The scenarios were written by 
a second-year family medicine resident, supervised by a senior 
family medicine physician on our team for realism and validness. 
Each scenario contains the complexities of a typical patient, such 
as their family history, health history, detailed symptom develop-
ment and emotional concerns. Of the four scenarios, three were 
designed to be straight-forward singular symptom cases, such as 
coughing, abdominal pain and chest pain. The fourth scenario was 
more complicated and had two symptoms, insomnia and amenor-
rhea, which could be related but lacked a clear diagnosis. A full 
description of the scenarios can be found in the Supplementary 
Files. We named each scenario after the character the SP portrays, 
Ms. Brown (coughing), Ms. Morris (abdominal pain), Ms. Osborne 
(chest pain) and Ms. Robertson (insomnia and amenorrhea). The 
order of the scenarios for each participant was counterbalanced 
across the study population and most participants received all four 
scenarios, unless prevented by time. 

3.3.3 Digital scribe variable. Our "Wizard of Oz" digital scribe pro-
totype takes as input the conversation between physician and SP 
during consultation and outputs a text-based clinical note sum-
mary in the SOAP format. All conditions involved some form of 
human ’wizardry’, as researchers were involved in "activating" and 

"deactivating" the digital scribe recording, as well as copying the 
generated notes back into the OscarEMR for a seamless, integrated 
experience. However, the components and steps involved can vary 
depending on whether it is Machine, Hybrid, or Human, refer to 
Figure 2. 

In the Machine note condition, notes are purely machine-
generated. The system followed the design proposed by Quiroz 
et al.[40]. It used a conference microphone that was placed in the 
middle of the exam room to stream audio to Otter.ai, an speech 
to text transcription service equipped with an interface for man-
ual edits [1]. Researchers corrected errors in the transcript before 
running it through Autoscribe, an extraction and summarization 
process to generate medical notes [23, 27]. All Machine scribe con-
ditions followed this process consistently, and a detailed summary 
of the Autoscribe pipeline, which takes as input a transcript of the 
consultation and outputs a SOAP note can be found in the fourth 
fgure of the work by Jeblee et al. [23]. 

In the Hybrid note condition, a second-year medical resident on 
our team modifed the machine-generated note. They were specif-
cally instructed to reorder text to relevant sections of SOAP, remove 
any unrelated content, correct for inaccurate descriptions, and add 
details such as date, duration and severity to content that had al-
ready been captured by the machine notes. As an example, if the 

https://Otter.ai
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Machine note captured "patient has stomach pain", the Hybrid note 
would extend it to "patient has stomach pain for past 3 days", if 
"3 days" was mentioned in the consultation but was missed in the 
machine notes. 

In the Human note condition, the notes were entirely generated 
by the same medical resident. The resident was instructed to write 
the notes based on what they hear from the conversation in the 
consultation room. We also asked that they try to consistently 
document at the standard of a medically trained professional for 
all participants. 

For an example of the diferent scribe conditions, please see Sup-
plementary Files for a sample of the Machine, Hybrid, and Human 
scribe notes generated from the study. For every participant, the 
order was Hybrid, Machine and Human. This was due to limita-
tions involving the lengthy amount of time required by the text 
extraction and summarization algorithms used in our digital scribe 
prototype. The Hybrid condition was placed frst because it required 
a pass from the Machine and then the resident, which took more 
time. The Human note condition was placed last because these 
were generated live by the resident and took less time. 

3.4 Participants 
In total, we recruited 24 participants from the Greater Toronto 
Area using a mixture of convenience sampling through word-of-
mouth and random sampling from a social media advertisement. 
The 24 participants include 20 practicing primary care physicians 
and 4 family medicine residents. In a survey prior to the study, 
all participants had described themselves as daily and profcient 
EMR users with the average experience being 6.2 +/- 2.7 years. We 
received written consent from all participants prior to the study 
and provided compensation of $300 CAD per session for practicing 
physicians and $150 CAD for medical residents; an amount that 
was equal to their typical hourly wage as recommended by the 
medical professionals on our team. 

3.5 Study procedure 
In the 2-hour simulation-based user study, participants were pre-
sented with four medical scenarios, one at a time. They were asked 
to treat this session as a walk-in clinic and interact with SPs as they 
normally would with real patients. They were also told that they 
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had approximately 15-25 minutes with each scenario before they 
would hear a knock signalling for them to wrap up. Participants 
were given a dummy interface to "activate" and "deactivate" the dig-
ital scribe system but were not told it was managed by researchers, 
the "wizards", behind the one-way mirror. After completing all pa-
tient scenarios, participants were asked to review the digital scribe 
notes. Participants were not told of the diferent scribe conditions, 
only that they were reviewing notes generated by a system from 
their SP consultations earlier. The generated notes were presented 
to participants in OscarEMR and we asked each participant to di-
rectly edit the generated notes to the standards of their own while 
they followed a think-aloud procedure to voice their thoughts and 
reasoning for the changes they made. For each note they reviewed, 
we also asked them to provide a score on a scale of 1 to 10, with 
1 being completely unacceptable, and 10 being on-par with their 
own notes. After the participant has reviewed all generated notes, 
we conducted a semi-structured interview asking them to refect 
on their experience with the digital scribe. 

4 RESULTS 

4.1 Interaction with digital scribe notes 
The 24 participants in the Note-Taking and Non-Note-Taking 
groups each reviewed and scored three to four digital scribe notes 
that were generated from their simulated consultations, for a total 
of 91 notes reviewed and scored across the Machine, Hybrid and 
Human digital scribe note conditions. When we calculated the av-
erage score that participants gave for the diferent note conditions, 
we found that Machine notes ranked the lowest (median of 2/10) 
followed by Hybrid (median of 3/10) and Human (median of 8/10). 
We employed a linear mixed model to account for the repeated 
sampling of an unbalanced design of four scenarios (which our 
medical professionals recommended for greater variety) with three 
plus one repeated scribe conditions. Results show that there is sig-
nifcant diference across scribe conditions with p-value « 0.01, and 
no interaction efect from note-taking and scenario factors. Refer 
to the Supplementary Files for more details. 

4.1.1 How physicians interacted with the notes. To understand what 
infuenced these scores, we looked at how physicians interacted 
with these notes and the factors that afected their interaction. With 
a document dif tracker [39], we analyzed the changes participants 
made to each of the notes they reviewed. The percentage of identical 
lines is the lowest in Machine notes (median of 8%), followed by 
Hybrid (median of 31 %) and Human (median of 74%). Refer to 
Supplementary Files for a table breakdown. As shown in Figure 3, 
we found a strong correlation between percent identical lines and 
the scores participants gave to the notes across all scribe conditions. 
A Pearson correlation score of 0.870 also confrms this. 

We further found that the digital scribe note conditions can be 
characterized by the types of changes that were made. When we 
analyzed the number of inserted lines, deleted lines, and changed 
lines (which would include within-line replacements), we found 
that Machine notes on average had the most deletions (median 
of 30), Hybrid notes had the most insertions (median of 12.5) and 
Human notes with the least in both insertion (median of 5) and 
deletions (median of 1). But the overall number of changes is still 

Figure 3: Correlation between the scores and percent identi-
cal of the three note conditions 

Digital Scribe Condition Section Change Delete Insert Total 

Machine 

S 1 3 12 16 
O 0 4 3 7 
A 0 5 3 8 
P 0 8 4 12 

Hybrid 

S 1 1 11 13 
O 0 1 3.5 4.5 
A 0 1 2 3 
P 0 1 3 4 

Human 

S 0 0 2 2 
O 0 0.5 3.5 4 
A 0 0 1 1 
P 0 0 1 1 

Table 2: Median number of changes per scribe conditions 
and note section across all notes 

the lowest in Human notes (median 6.0), followed by Hybrid notes 
(median 17.0), and Machine notes (median 48). The diference in 
the number of insertions, deletions and changes are also signifcant 
among the three note conditions (p-value « 0.01 for all). Refer to 
Supplementary Files for more details. 

We then analyzed the screen-recordings of the note review to 
determine the parts of the notes (i.e., Subjective, Objective, Assess-
ment, and Plan) where diferent types of changes (i.e., insert, delete, 
and change) were made. Table 2 provides an outline of the median 
number of modifcations for every note that was edited, broken 
down into the respective S, O, A, P sections. The Subjective section 
is where most of the "Total" changes occurred for both the Hybrid 
and Machine scribe conditions, as both required a signifcant num-
ber of insertions. Both insertions and deletions were the highest for 
Machine in the Assessment and Plan sections compared to Hybrid 
and Human. The number of insertions in the Objective sections 
appears consistent across all scribe conditions, with more deletions 
in the Machine notes than the other two. In Figure 4, we show 
a time-series example of the Machine, Hybrid and Human note 
review process through participant 10. We found that participants 
interacted with the notes mostly in a linear way, always starting 
from the Subjective and working down towards the Plan. We also 
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(a) Machine notes for Robertson (b) Hybrid notes for Brown 

(c) Human notes for Osborne (d) Human notes for Morris 

Figure 4: Examples of a note review process from P10 for all three note conditions and four scenarios 

found that participants sometimes jumped back and forth between 
diferent sections, particularly in the Machine and Hybrid notes, 
indicating that they were trying to align the changes they made to 
the earlier sections with the ones they wrote in the later ones. 

4.1.2 Factors that influenced physicians’ interaction with the notes. 
We applied open coding on the think-aloud recordings from partici-
pants’ note review sessions with no prior themes. Three researchers 
were involved and coded the frst 5 participants together to develop 
the codes, and the remaining participants were coded by two re-
searchers each. We then organized the codes into four categories: 
accuracy, completeness, relevance and comprehensibility. Accuracy 
can be described as how correct the content was perceived to be. 
Usually, this refers to the correctness in documenting pertinent pos-
itives and negatives from the encounter. Completeness describes 
how well the note’s content captures the expected information. 
This includes having all SOAP sections flled, and details related 
to the symptom’s "o, p, q, r, s, t" (onset, provocation, quality, radi-
ation, severity, and time) documented. Relevance describes how 
applicable the information is for the encounter. The content should 
refect what was discussed in the consultation and organized into 
the appropriate SOAP sections. Comprehensibility describes how 
easily the information can be interpreted and understood. Related 

information is expected to be grouped together and written con-
cisely with the proper medical terminologies and abbreviations. 
Refer to Table 3 for examples of quotes and the factors for each 
note type. 

When participants reviewed Machine notes, they found accuracy, 
completeness, relevance, and comprehensibility to all be lacking. 
They reported the system erred in places where information was 
clearly and specifcally articulated during the encounter. These may 
include inaccurate labelling of pertinent information, incomplete 
description of overtly discussed symptoms, repetitive, non-relevant 
or incoherent writing, and disorganized content that made it dif-
cult to follow and understand what happened during the encounter. 
Participants stated that they would have no tolerance for and would 
not trust a system if important fndings were incorrect or incom-
plete because that could mislead them in their diagnosis and treat-
ment plans, putting patients at a greater health risk. To a lesser 
degree, they also emphasized the importance of comprehensibil-
ity, mentioning they prefer notes to be ‘point form’ because they 
do not want to use their limited time ‘reading long sentences’ or 
‘deciphering’ the meaning behind the notes. At the minimum, 

The system should at least function as a form of a re-
minder, to help me complete my notes more quickly. -
P2 
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Digital Scribe Conditions General Sentiment Strengths & Flaws Examples quotes

Machine

"This is just not 
helpful, there's a lot I 
would add. I feel like 
it's not going to 
capture the correct 
information. I would 
prefer to write my 
own notes, it would 
have been faster than 
editing"

Flaws

Accuracy

"Some of the negatives were put as pertinent 
positives and positives as negatives. It's unsafe. If I 
miss something and then it says something I didn't 
intend, that could change my management of the 
patient".

Completeness
"The subjective section actually missed a lot of 
detail, like "it said pain, but didn't say where the pain 
was, I would say 'epigastric pain'"

Comprehensibility
"I had to delete more things, took more time, they're 
all in different lines, made reading through it more 
difficult as well"

Relevence
" 'patient has fever' this doesn't belong in the Plan"
"'patient has burn', 'patient has burn', 'patient 
burning' that doesn't make sense in "

Hybrid

"For the subjective 
section, it wasn't 
bad. but missing 
most of the OAP 
section of a SOAP 
note, and that's a 
huge component of 
the overall picture"

Flaws

Accuracy

"Might be my fault, I said bloodwork, but I wanted to 
do TSH"
"Not just 'Tum's but 'PPI', and not just 'heart attack' 
but like the formal diagnosis names"

Completeness

“It's still missing some of the 'o p q r s t' descriptions 
of the symptom”
“But it's still missing most of the OAP section of a 
SOAP note, and that's a huge component of the 
overall picture”

Strengths
Accuracy & 
Completeness

"it had most of the positives and negatives, to help 
me push towards or away from a diagnosis"

Comprehensibility "this is a lot easier to read, and more succinct"

Human

"That's pretty good. 
That covers a lot a 
lot of what I was 
looking for and looks 
like an actual note 
I'd take. I would use 
this if the system 
consistently 
produced this 
quality"

Flaws

Completeness

"it mainly missed the physical exam section"
"There are things I make observations and would 
write in notes but not say out-loud. Such as, when the 
SP was walking into the room very slowly because 
her character, Marsha Morris, was supposed to be in 
a lot of abdominal pain"

Comprehensilibty

"But it was just the organization piece that was 
missing. I would have made a break here and divided 
it by the number of issues."
“I tend to use more short forms. Like, for example, I 
might use BP for blood pressure? Or I might use like 
RTC as return to clinic instead. I use short forms so 
the notes are not so long."

Strengths

Accuracy & 
Completeness

"I think the fact that it was able to capture a lot of 
the questions I asked, that was really helpful and 
saves me time"

Comprehensibility "this is clear, to the point and looks like an actual 
note I'd take"

Relevance
"the content seems to be in the write sections, despite 
me going back and forth non-linearly with the 
questions"

Table 3: Example quotes from note review session 

When participants reviewed Hybrid notes, all participants found Assessment and Plan parts required further improvements. Partici-
the note to be easier to read and consistent with what they remem- pants found these sections to lack the professionalism they were 
ber discussing during the encounter compared to Machine notes. expecting because the writing was too colloquial. In particular, for 
Although the Subjective section was still missing some details, the the Assessment and Plan sections, they found the content to be 
content was sufcient to remind them of what is missing and needed missing the medical synthesis behind what they told the SPs. 
to be added to the note. However, they indicated that the Objective, 
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These did pick up the keywords, but a lot of what I put 
into my notes is the second order thinking because what 
I am communicating to the patients is diferent, and 
that is missing here - P9 

The Plan part that’s hard, a lot of it happens in your 
head and you tend to fll the rest out after the patient 
has left - P11 

When participants reviewed Human notes, they found the note to 
meet most of their expectations in terms of accuracy, completeness, 
relevance and comprehensibility. They found the Subjective section 
to be mostly complete, and the Assessment and Plan sections to 
have more of the medical synthesis that was missing from the 
Hybrid notes. The Objective section was the only section that was 
still lacking, but participants indicated that it was likely because 
they did not verbalize the exam fndings to the patients and were 
willing to add that information in themselves. 

I can just fll the physical exam information in myself. I 
do it silently now anyways. It would not be a signifcant 
change to how I do things now. - P25 

Participants also thought the Human note was more structured, 
despite their non-linear and fragmented conversation with the SPs 
during the consultation. However, we found 7 of the participants 
became more critical of the writing style and pointed out improve-
ments such as the use of capital letters, line breaks, or specifc short 
form notations for high-frequency words that they are more fa-
miliar with and comfortable with reading. However, this stylistic 
preference for better comprehensibility is less important than the 
other qualities previously mentioned. 

I know this is being neurotic. I like capital letters when 
I’m going to start a sentence - P22 

4.2 Impact of the digital scribe 
4.2.1 Perceived improved patient engagement and documentation 
eficiency. In the interview, we found that 21 of the participants 
were optimistic about the system’s potential to improve their patient 
engagement and documentation efciency from using our digital 
scribe prototype. When asked about their day-to-day interaction 
with patients, participants mentioned that they are aware of the 
distraction that comes from EMR documentation which is afecting 
their interactions with patients. As P15 puts it: 

It’s unfortunate the way encounters are now where you 
have to type while you talk to the patient, or else you’d 
be spending hours doing your notes. Patients don’t like 
it. They would much rather you sit and just have a 
conversation with them. I don’t want to either, but it’s 
to make sure my documentation is complete. 

If the digital scribe works, with the acceptable note quality, most 
participants believe that this system could allow them to redirect 
their focus back on the patients. When asked about their experience 
as the patient in the room, the SPs agreed that Non-Note-Taking 
participants were more engaged than the Note-Taking ones. They 
describe the Non-Note-Taking participants to be more "present" and 
"listening" than the Note-Taking participants, especially when they 
were ‘typing away in silence’. Along this line, if the digital scribe 
can produce reliable notes, many participants believe that using 

this system can greatly reduce the time they spend documenting 
which could allow them to see more patients. When editing the 
digital scribe’s Human note conditions, P5 said: 

I don’t know what my [reviewing] time was, but it felt 
faster. I just had to type in the physical fndings and 
add in a point to the plan and it was done. That is just 
3 lines as opposed to the entire page. 
In an actual visit, you would need to get the patient on 
the exam table but even if you can get the consultation 
done in 10 minutes instead of 15, that is signifcant. You 
can see more patients. 

4.2.2 Impact on the cognitive load. When observing the behavior 
of Note-Taking and Non-Note-Taking participants, we found that 
Note-Taking participants seemed more confdent during the en-
counter while Non-Note-Taking participants seemed more uneasy. 
They also expressed greater frequencies of pauses and repeated 
questions during the consultation. Although this could be due to the 
unfamiliar conditions Non-Note-Taking participants were asked 
to practice, participants mentioned in the interview that they had 
a more difcult time because of the added mental load. As P16 
describes: 

Sometimes I use the time for typing for actually thinking 
what I want to say or do next. When I didn’t have that 
couple of seconds, I fnd I tend to say "um" a lot more 
than I probably usually would...It [requires] re-training 
of how I currently do my [consultations] 

In our prototype, participants were not given the digital scribe 
notes until the note review stage which is analogous to how physi-
cians interact with medical scribe notes. However, some participants 
mentioned that the Non-Note-Taking process was more difcult 
because they also had a difcult time remembering what was dis-
cussed and some feedback from the system would have been helpful, 
if it was not distracting. As P24 and P2 mentions: 

I do fnd it helpful to have a visual cue, it’s so easy 
to forget things, especially in family practice because 
you’re seeing such a wide variety of problems that it’s 
just impossible to remember. But I am not sure how that 
fts in. 

If things populate the screen as words are coming in, I 
might feel tempted to read what it’s trying to write to 
make sure it caught what was discussed. If [the feedback 
is] like that, it will be distracting and I rather not have 
it. 

4.2.3 Impact on the clinical workflow. We found that participants 
also struggled with interacting with the digital scribe prototype 
from analyzing the screen-capture video of the consultation process. 
Both Note-Taking and Non-Note-Taking participants were asked to 
interact with the prototype’s interface by clicking "start" when the 
patient comes in and "stop" when the patient exits to "activate" and 
"deactivate" the recording. Among all encounters, only 69.14% were 
"started" and "stopped" On time, the rest were either Late, started 
several minutes after the SP has entered or left, or completely for-
gotten and Missed. While familiarity with the digital scribe system 
may have had an efect, as P19 says: 
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I had to remind myself to start and stop. If I am more 
used to it, it might be easier. 

This interaction can also be an added burden to doctor’s current 
workfow. As P20 describes: 

There is a lot going on in the clinic already. It shouldn’t 
be something that I have to personally remember to do. 
Because if I thought I did and I forgot, then that’s the 
whole encounter gone, which I’ll have to rewrite at the 
end of the day. 

However, all participants agree that the system should not be "on" 
all the time and that there should be a mechanism for physicians to 
turn the system "of" easily. This is particularly important, as P24 
explains: 

When patients talk about their mental health, substance 
abuse, domestic violence or marital afairs, these things 
can be sticky and patients would wonder where this 
information gets shared. 

5 DISCUSSION 
In the results section we analyzed the interactions participants had 
with the generated scribe notes. We found that Machine notes had 
the lowest percentage of identical lines, suggesting that participants 
felt a greater need to modify these notes, which can be seen in the 
large number of deletions and insertions that were found through-
out the SOAP sections. In particular, what distinguished Machine 
notes were a large number of deletions that seemed to correspond 
with the increased instances of "irrelevant" or "inaccurate" content 
that participants had also reported, suggesting that the two factors 
are possible explanations for the low score it received. In Hybrid 
notes, we found the percentage of identical lines to be higher than 
Machine notes because fewer lines were deleted, yet, there were 
still a large number of insertions. This suggests the hybrid note 
was still considered "incomplete" by participants and needed them 
to add the missing content which can explain its mediocre score. 
In the Human note we observed the highest percentage of iden-
tical lines, suggesting that participants were most satisfed with 
what was already present in the note. The changes we found were 
largely insertions in the "Objective" section, which participants 
rationalized as themselves not vocalizing physical exam fndings. 
The remaining insertions in the note were usually stylistic prefer-
ences that participants had to increase "comprehensibility", but all 
mentioned this is the lowest of their priorities. These factors, with 
the possibility of fatigue from the order that Machine, Hybrid and 
Human scribes were presented to participants, could explain why 
Human scribes received the highest scores. 

5.1 Improvements for generated notes 
5.1.1 Accuracy and relevance. As we have learned, digital systems 
built from state-of-the-art components are still far from being ready 
for use in practice. From the number of changes physicians had to 
make, the efort needed to modify these notes to the standard physi-
cians fnd acceptable is substantial. The reason was that these notes 
lacked in accuracy, completeness, relevance and comprehensibility. 
Specifcally, when compared to Hybrid notes, Machine notes strug-
gled more with accuracy and relevance, which caused participants 

to make more deletions and changes. This is echoed by the low 
scores participants gave to Machine notes, with some questioning 
the purpose of this system if the content is less dependable and 
requires as much time as their current note-taking process. This 
suggests that at the minimum, digital scribe systems should focus 
on improving the accuracy in speech capturing and context rele-
vance for physicians to trust the system. In this regard, this study 
supports previous works emphasizing the need to greatly improve 
current audio speech recognition, content extraction, summariza-
tion and text generators in the medical domain in order for digital 
scribe systems to work as intended [10, 28, 40]. 

5.1.2 Completeness of the "Subjective" section. After accuracy and 
relevance, completeness was the most common problem partici-
pants had when they reviewed digital scribe notes. We learned that 
many of the inserts in Hybrid notes were because the note lacked 
details on the "o, p, q, r, s, t" (onset, provocation, quality, radiation, 
severity, and time) that would be expected in the Subjective section 
[32]. The Subjective section is essential because its information, 
along with the Objective fndings, is what physicians use to synthe-
size and justify their Assessments and Plans [5, 38]. In addition, the 
clinical note is a legal document and can be called upon as evidence 
for a court case or be used against physicians in a medical lawsuit 
[4, 12, 41]. Therefore, the information that goes into the Subjective 
section, which helps inform the rest of the clinical documentation, 
is crucial, especially if physicians are busy and need to complete 
their notes at a diferent time [2]. 

5.1.3 Medical synthesis. The medical synthesis in the note is what 
most participants noticed when they reviewed the digital scribe’s 
Human notes. The lack of medical synthesis also explains many 
of the changes participants made in the Assessment and Plan sec-
tions of Hybrid notes. These changes could be as simple as con-
verting the colloquial words used for patients to more medically 
appropriate terminology, or as complicated as documenting the 
physician’s thought process that leads to their Assessment and Plan 
(the latter, which physicians have spent many years in training to 
perfect). Participants perceived this as a more critical barrier than 
the non-verbalized physical exam fndings, because exam fndings 
are usually quick to manually type or are already automatically 
documented through the electronic devices that are connected to 
the EMR [3, 14]. Thus, if the purpose of digital scribes is to gener-
ate an entire clinical note, then, a complete Subjective, Objective, 
Assessment and Plan is necessary. However, if the system’s goal is 
to create notes to help physicians generate SOAP notes, we believe 
a note that is between the output of the Hybrid and Human notes 
could be more practical and sufcient. 

5.2 Designs for future digital scribe systems 
While participants are optimistic about the potential of improved 
efciency and patient engagement through digital scribes, future 
designs should still carefully examine its impact on physician’s 
cognitive load. We designed the digital scribe prototype so that 
physicians did not get to see the generated notes until after the 
consultation. However, in the interview, we found that participants 
preferred to see some visual feedback from the system because 
the notes are sometimes a reminder of what has been discussed 
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and help prompt further questions when needed. But too much 
feedback, which we were concerned about when implementing 
the system, can also be distracting. If physicians are constantly 
checking on the system to see what has been documented, this 
can remove the proposed beneft of improving patient engagement. 
Therefore, some questions that designers of future systems need to 
consider are what kinds of feedback and how much of that feedback 
the system should provide so that physicians can be reassured it is 
documenting as expected. 

Another point for designers to consider is the changes to clinical 
workfow that could be introduced if digital scribes were adopted. 
In our study, we found that if physicians were required to activate 
and deactivate the system, over a quarter of the encounters could 
have missing notes. While this potentially can be improved with 
familiarity to the system, a single missed note could be too many and 
pose signifcant risks to both physicians and patients. The system 
should also not be "on" all the time for ethical and practical reasons. 
Therefore, who, what, where, and when to trigger the digital scribe 
system become questions that still needs to be answered. 

Finally, as exciting as the concept of digital scribes has been pro-
posed to work, from the study, we have learned that we are still far 
from achieving those expectations in reality. As a future direction, 
we would like to explore the possibility of integrating digital scribe 
systems with note templates that have recently become popular for 
commonly seen medical symptoms [44, 54]. These note templates, 
or "macros" referred to by our participants, are pre-generated note 
outlines that could be flled in quickly and function as a check-list 
reminder [44]. If integrated with digital scribe systems, these can 
help structure digital scribe notes to focus on the pertinent medical 
information in the conversation while also providing physicians 
with the visual feedback they are accustomed to having. Although 
more is needed to understand how this would be implemented and 
evaluated, we think this can be a potential solution to bringing 
digital scribes and their benefts sooner to practice. 

6 CONCLUSION 
In this paper, we described an exploratory study on the use of dig-
ital scribe systems in a simulated clinical environment. Broadly, 
our study contributed a better understanding of 1) how physicians 
would interact with digital scribe notes and 2) the impact of digital 
scribe systems on physicians’ workfow. We experimented with 
three levels of note quality, entirely machine generated notes, hu-
man edits of machine notes and entirely human scribed notes, and 
showed the interaction eforts needed for each level. We then pro-
vided four factors, accuracy, completeness, relevance and compre-
hensibility, that can infuence physician’s interaction and percep-
tion of the note. We argued that the limitations of current language 
processing technology make digital scribe systems impractical for 
actual clinical use. However, physicians are optimistic about using 
the digital scribe system in the future to improve patient engage-
ment and documentation efciency. Finally, we suggested a few 
intermediary directions for future developers and designers to con-
sider. 
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