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ARTICLE INFO ABSTRACT

Keywords: Background & Objective: Documentation in electronic health records
Ambient Al . S : .

Large Language increases clinician workload and burnout. Ambient Al scribes may re-
Model duce this burden by generating draft notes, but challenges remain. This
Speech-to-text . . . . .
C%i?erszftio?sal Al study investigates how ambient Al scribes affect documentation work
Al scribe in clinical practice.

D tati . . .
oeHmentation Methods: A mixed-methods explanatory sequential design was used.

Two clinicians, a psychologist and a nurse, participated. Quantitative
data included documentation time and error rates, analysed using
Mann-Whitney U tests and Pearson’s and Spearman’s correlations.
Qualitative data included a semistructured interview, analysed themat-
ically following Braun and Clarke.

Results: Quantitative analyses showed increased documentation time
for the nurse (7.5 vs. 21.5 min, p = 0.024), while no difference was
found for the psychologist (62.0 vs. 86.4 min, p = 0.190). A learning
effect was observed only for the psychologist (p = —0.689, p = 0.040,
95 % CI [-0.932, —0.022]). Mean error rates were higher for the psy-
chologist (34.11 (SD 12.33)) than the nurse (9.33 (SD 3.50). Error rate
was not associated with documentation time or number of sessions.
Qualitative analyses indicated that ambient Al was intuitive and helpful
for structuring draft notes, however frequent errors, missing infor-
mation, and hallucinations limited trust and prevented time savings.
Conclusion: Ambient Al did not improve documentation efficiency,
was associated with ambivalent user satisfaction, and did not demon-
strate sufficient effectiveness. Further research is necessary due to
study limitations.
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1. Introduction

Documentation in electronic health
records (EHRs) constitutes a central factor
contributing to clinician burnout, stress, and
overall workload [1-13]. This documentation
burden is primarily driven by time consuming
documentation requirements, complex work-
flows, and limited system usability [2,8,11—
17]. To address these challenges, several stud-
ies have explored ambient artificial intelli-
gence (Al) scribes as a potential solution to re-
duce documentation burden [5,12,18-27].

Ambient Al scribes are Al-driven
speech-to-text systems, often leveraging gen-
erative Al based on large language models
(LLMs), that automatically capture, transcribe,
and structure clinical consultations into draft
notes for review and editing by clinicians (27).

Several studies have found that ambi-
ent Al can significantly reduce the time clini-
cians spend on documentation
[18,21,22,24,26,27], and some studies also re-
port additional benefits, including reduced
workload, lower burnout, and improved job
satisfaction [18,23-26].
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While ambient Al is promising in alle-

viating the documentation burden, challenges
remain. These include variability in individual
outcomes, the need for post-editing of Al-gen-
erated draft notes, potential language barriers,
and required adjustments to workflows and
staff training to ensure effective implementa-
tion [18,19,21,25].
Given these potential benefits and remaining
challenges, this study aims to investigate how
ambient Al affects documentation work in
clinical practice.

2. Methods
2.1 Study design

A mixed-methods design using an ex-
planatory sequential approach was applied to
investigate how ambient Al affects documen-
tation work in clinical practice. The quantita-
tive phase assessed documentation errors and
time usage during clinical consultations, fol-
lowed by a qualitative phase that explored user
satisfaction through an individual interview
(Fig. 1). Data were collected from November
14 to December 10,

Qualitative phase =

Quantitative phase =

00

Nov 26th Dec 2th Dec 10th Dec 17th: End

of study

of study

Data collection
for the
psychologist
started

Baseline

Data collection
collection
for the nurse

Intervi ith Data collection

interview wi

for the nurse the for both
clinicians

started psychologist ended

Fig. 1: Study timeline showing key milestones and the periods for the qualitative (red) and quantitative (blue)
phases, including clinician entry, data collection, and the interview.



2.2 Setting

The study was conducted at the Steno
Diabetes Center North Denmark (SDCN), lo-
cated at Aalborg University Hospital [28].
SDCN piloted the ambient Al scribe Corti in
semi-structured patient consultations [29].
Corti is an ambient Al documentation tool that
generates structured draft notes based on the
dialogue between clinician and patient.

2.3 Participants

Two clinicians participated in the
study: one psychologist (from September 9™)
and one nurse (from November 20%). Corti
was piloted during the psychologist’s in-per-
son consultations with children and adoles-
cents with type 1 diabetes, as well as in sepa-
rate consultations with their parents. For the
nurse, Corti was piloted during telephone con-
sultations with socially vulnerable adults with
poorly controlled diabetes. All consultations
were semi-structured. Quantitative data were
collected from both clinicians, while qualita-
tive data were collected only from the psy-
chologist.

2.4 Theoretical Framework

The evaluation was grounded in the
concept of usability, as defined by ISO 9241-
11. Usability was assessed across three core di-
mensions [30].
Efficiency: The relationship between perfor-
mance and the resources required to achieve it.
Effectiveness: The extent to which users are
able to achieve their goals accurately and com-
pletely using the system.
Satisfaction: The user’s subjective experience
of the system’s usability and work-related ben-
efits.
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2.5 Assessment of Efficiency and Effective-
ness

Quantitative data were collected to
evaluate efficiency and effectiveness.

Efficiency was assessed by documenta-
tion time per clinical note, both with and with-
out using Corti, including potential learning ef-
fect. For the psychologist, baseline estimates
without Corti were based on two thirds of con-
sultation time typically spent on documenta-
tion, while for the nurse, documentation time
without Corti was measured during November
21% to November 25", Documentation time
with Corti was measured by both clinicians
and noted in the error classification scheme
(Appendix A).

Effectiveness was assessed by identify-
ing errors in Corti-generated draft notes. Two
initial note reviews were conducted in which
the psychologist edited the notes while the au-
thors, acting as non-participatory observers,
documented all errors identified by the psy-
chologist. Two authors attended the first ses-
sion, and two different authors attended the
second. These errors were categorised to de-
velop an internal error classification scheme,
which was refined in collaboration with the
psychologist. Each identified mark was
counted as one error. The scheme (Appendix
A) was piloted in two documentation sessions
with only minor revision therefore, pilot data
were included in the analysis.

2.6 Quantitative Analysis

Normality was assessed using the
Shapiro-Wilk test.

Efficiency was assessed using Mann-
Whitney U tests for documentation time com-
parisons. Learning effects were analysed using
Spearman’s rho and Pearson’s correlation.

Effectiveness was assessed using de-
scriptive statistics of error rates. Associations



between error rate, documentation time, and
session number were analysed using Spear-
man’s tho and Pearson’s correlation.

A significance level of p <0.05 was ap-
plied. All statistical analyses were conducted
using SPSS (version 31.0.0.0(117)), and all
figures were generated in MATLAB (version
24.2.0 (R2024b)).

2.7 Assessment of Satisfaction

Satisfaction was assessed using quali-
tative data. A semi-structured interview was
conducted with the psychologist to explore the
experience using Corti in clinical documenta-
tion. The interview guide was developed de-
ductively with a focus on satisfaction, while
also including questions on efficiency, effec-
tiveness, and workflow. The interview ques-
tions were sent to the psychologist 72 hours in
advance. Questions related to efficiency and ef-
fectiveness were based on preliminary quanti-
tative results and addressed frequent error
types, changes in error rate over time, and time
spent on documentation. A pilot interview was
conducted to refine the guide prior to the inter-
view (Appendix B).

The interview lasted 92 minutes and
took place in the psychologist’s clinical work-
space. At the beginning of the interview, the
psychologist was briefed on its purpose, struc-
ture and signed informed consent. Two authors
participated: one conducted the interview, and
the other managed timekeeping and ensured
coverage of key questions. The interview
ended with a debriefing, allowing the psy-
chologist to add or clarify points. The inter-
view was audio-recorded and transcribed ver-
batim by the same authors according to prede-
fined transcription guidelines (Appendix C).
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2.8 Qualitative Analysis

Interview data were analysed using
thematic analysis following Braun and
Clarke’s framework [31]. An inductive ap-
proach was adopted, allowing themes to
emerge from the data without reliance on pre-
defined coding categories [31]. Coding and
theme development were carried out by the
two authors who have not participated in the
interview. The analysis proceeded through: (1)
familiarisation with the data; (2) systematic
generation of initial codes; (3) searching for
themes by organising related codes into pre-
liminary thematic clusters; (4) the preliminary
themes were reviewed to ensure clarity. As the
analysis was based on a single interview, the
focus was on interpretation; (5) defining and
naming themes to capture the central patterns
in the psychologist’s experiences, including a
credibility check with the psychologist; and (6)
reporting the final themes in the Results sec-
tion, supported by quotations [31].

3. Results
3.1 Quantitative Results

A total of 16 error classification
schemes were collected: 6 from the nurse and
10 from the psychologist. 1 scheme from the
psychologist was excluded due to Corti not be-
ing activated during the entire consultation, re-
sulting in data from 15 schemes being included

in the analysis. All results are presented in Ta-
ble 1 and 2.

3.1.1. Efficiency
Documentation time with vs. without Corti

For the psychologist, mean documentation
time was 62.0 minutes (SD = 14.83; range 40—80)
at baseline and 86.4 minutes (SD = 38.82; range
45-175) with Corti (p = 0.190) (Fig. 2).

For the nurse, mean documentation
time was 7.5 minutes (SD = 0 at baseline and
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21.5 minutes (SD = 3.83; range 16-26 with
Corti (p = 0.024) (Fig. 2).
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Fig. 2: Mean documentation time with and without
Corti for the psychologist (blue) and the nurse (red).
Bars show mean values, and error bars indicate stand-
ard deviations (SD).

Learning effect
For the psychologist, a significant de-
crease in documentation time across sessions
was observed (Spearman’s p =
—0.689, p =0.040, 95 % CI [-0.932, —0.022]).
For the nurse, no significant associa-
tion between documentation time and session
number was observed (Pearson’s r =—0.655, p
=0.158, 95 % CI [-0.958, 0.334]) (Fig. 3).

3.1.2 Effectiveness
Error rate and error distribution

For the psychologist, mean error rate
was 34.11 errors per draft note (SD = 12.33,
range =18-59) (Fig. 4). The most frequent error
type was “Missing positive statements” (9.11
(SD = 3.48)), while “Failure to distinguish

Mean error rate

For the nurse, mean error rate was 9.33
errors per note (SD = 3.50, range = 6-16) (Fig.
4). The most frequent error type was “Repeti-
tion of the same point" (2.33 (SD =2.06)) and

“Irrelevant information” did not occur in any
session (Appendix D).

Association between error rate and documen-
tation time

No significant association was ob-
served between error rate and documentation
time for the psychologist (Spearman’s p =
0.000, p = 1.000, 95 % CI [-0.677, 0.677]) or
the nurse (Pearson’s r =—0.506, p = 0.305, 95
% CI [-0.934, 0.518]).

Association between error rate and session
No significant association was ob-
served between error rate and session number
for either the psychologist (Pearson’s r =
0.409, p=0.274, 95 % CI [-0.350, 0.844]) or
the nurse (Pearson’s r=0.672, p=0.144, 95 %
CI [-0.308, 0.960]).
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speakers” (0.11 (SD = 0.33)) occurred least
frequently (Appendix D).

Fig. 4: Mean total error per draft note for the psycholo-
gist (blue) and the nurse (red). Bars show mean values,
and error bars indicate standard deviations (SD)
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Fig 3: Documentation time by session for the psychologist (blue) and the nurse (red). The dots represent
observed documentation times, and the lines indicates the linear trend.

Efficiency
Analysis Participant Baseline Mean | W/ Corti Range P-value
(SD) Mean (SD)
Documentation time with | Psychologist 62 (14.83) ™ 86.4 (38.82) ™ 45-175 p=.190™
vs. without Corti (min) Nurse 7.5 (0) ™ 21.5(3.83) ™ 16-26 p=.024Mx
Effectiveness
Error rate Psychologist - 34.11 (12.33) 18-59 -
Nurse - 9.33 (3.50) 6-16 -
Table 1: Overview of results for documentation time (baseline vs. w/) and Error rate.
™ = Mann-Whitney U-test; * = significant.
Efficiency
Analysis Participant 95% CI Correlation P-value
Coefficient
Learning effect Psychologist [-0.932,-0.022]® | p=-.689 p=.040 %
Nurse [-0.958, 0.334] ® r=—655® p=.158®
Effectiveness
Error rate vs. documentation | Psychologist [-0.677,0.677] ® p=.000" p=1.000%
time Nurse [-0.934,0.518] ® r=-0.506 ® p=.305®
Error rate vs. session number | Psychologist [-0.350, 0.844] ® r=.409® p=.274®
Nurse [-0.308, 0.960] ® r=0.672® p=.144®

Table 2: Overview of results for correlations tests.

®) = Pearson’s correlation test; ¥ = Spearman’s rho correlation test; * = significant.




3.2 Qualitative Results

The qualitative analysis identified five
themes that described the psychologist’s satis-
faction using Corti for clinical documentation.

3.2.1 Satisfaction
Time Uzalition

Corti generated draft notes rapidly,
which was appreciated, but this did not reduce
overall documentation time. The draft notes re-
quired thorough review and editing, especially
when information was missing, and therefore:

“...things go a bit slowly.”

Satisfaction was ambivalent, as the rapid gen-
eration of draft notes was valued, but the need
for thorough review limited overall satisfac-
tion. With increased experience and more
complete draft notes, the process could have
become more efficient, ideally allowing the
psychologist to focus on removing irrelevant
content rather than adding information:

“I would much rather that it [Corti] writes
more, so my task becomes more of a dele-
tion task.”

An additional consideration regarding time us-
age was that a single error in the error classifi-
cation scheme did not necessarily reflect the
time required to edit it, as it could range from
a minor edit to several lines of text:

“I only add one mark [in the error classi-
fication scheme], but it [Corti] rarely cor-
responds to just a single missing line in the
draft note. It's a lot.”

Workflow and Trust
Corti was considered highly usable and
intuitive:
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’

“It [Corti] is very intuitive...”.

Corti had not changed existing workflows, and
the psychologist continued to write personal
notes during consultations as an essential sup-
plement:

“I don’t write fewer of them [notes], be-
cause I don’t trust it [Corti] enough.”

The built-in prompting feature was not used,
although the psychologist saw its potential:

“I haven't tried prompting, but it might
make it [Corti] better. Probably.”

Limited trust in Corti, due to frequent errors,
contributed to the fact that Corti had not yet re-
duced documentation time.

Consultation Complexity
Corti performed best in one-to-one
consultations with children and adolescents:

“It [Corti] works better when you are just
sitting with one other person.”

In consultations involving multiple partici-
pants, such as consultations with parents who
held different perspectives or consultations in-
volving psychoeducation, the draft notes be-
came less accurate:

“When several viewpoints are introduced,
1 think it [Corti] sometimes gets a bit con-
fused.”

These complex consultations create challenges
for Corti’s ability to distinguish between indi-
vidual speakers and to capture the professional
nuances involved, such as those associated
with psychoeducation.



Content, Structure and Stability

Corti sometimes failed to include both
positive and negative information and basic
formalities such as “date” or “headings”,
which required editing. More serious errors oc-
curred when the system hallucinated:

“The most unfortunate is when it [Corti]
completely makes something up that we
haven'’t talked about at all.”

At the same time, Corti provided a standard-
ised structure that made it clear to both the psy-
chologist and colleagues where certain patient
information can be found. Although errors and
missing information reduced satisfaction, the
standardised structure was seen as an ad-
vantage. Corti generally operated reliably and
remained stable during the sessions:

“It [Corti] doesn’t disturb.”

Some technical issues still occurred, such as
recordings stopping when the computer be-
came inactive, resulting in gaps in the draft
notes. There was still room for improvement:

“I still think it [Corti] can be improved
quite a lot.”

Overall, Corti was generally viewed posi-
tively.

Learning and Adaptation to Clinical Practice

Initially, documentation was ineffec-
tive due to the absence of guidelines on how to
provide feedback to Corti. As the psychologist
became familiar with the system’s structure,
feedback became more targeted, improving the
quality of the draft notes:

“The clearer I was about what I wanted in-
cluded, the easier it became for Corti.”
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With repeated use, the psychologist began to
recognise frequent error patterns:

“It’s [Corti’s] getting better [...] I now
have a sense of which errors will appear.”

This reflects a learning effect. Increased famil-
iarity with the system and more precise feed-
back led to noticeable improvements in the
draft notes. Initially, Corti had a strong medi-
cal focus that did not align with the psycholo-
gist’s needs:

“My guess is that it [Corti] works well for
physicians, for more diagnostic consulta-
tions. When I start talking about their [the
patients’] experience of something [...], it
[Corti] becomes a bit more challenging.”

Following more targeted feedback to Corti, the
medical focus was reduced, and the draft notes
became more aligned with psychological prac-
tice, which enhanced satisfaction:

“I also think it [Corti] has removed the
medical focus [...] it has become a bit

’

less.’

3.2.1.1 Summary of Satisfaction

Overall, the findings showed that the
psychologist’s satisfaction with Corti was am-
bivalent. Corti was valued for its ability to rap-
idly generate draft notes, its usability, technical
stability, and standardised structure, all of
which contributed to a more manageable doc-
umentation process. However, satisfaction was
limited by errors, missing information, halluci-
nations, and challenges in handling multiple
speakers and capturing professional nuances.
The limited trust in the draft notes, combined
with the fact that the number of errors did not
consistently correspond to time required for
editing, means that Corti, in its current form,



does not reduce documentation burden, despite
ongoing adjustments based on feedback that
had improved the quality of the draft notes.

4. Discussion

This study aimed to investigate how
ambient Al affects documentation work in
clinical practice, focusing on efficiency, effec-
tiveness and satisfaction. Overall, the findings
indicate ambivalent satisfaction with the use of
ambient Al-scribes, which partially contrasts
with previous studies reporting increased work
satisfaction following the implementation of
ambient Al-scribes [18,20,23-25]. Lukac et
al.[18], Stults et al.[24], and Shah et al.[20]
demonstrated a significant increase in work
satisfaction, while this study points to a more
ambivalent experience due to errors, missing
information, and time-consuming post-editing.
This ambivalence aligns more closely with
findings reported by Shah et al.[25], where
more mixed user experiences were described.

The quantitative results showed that
the nurse had a significantly increased time
spent on documentation with Corti. The psy-
chologist also demonstrated increased docu-
mentation time, although this was not statisti-
cally significant. These findings differ from
previous studies [18,21,22,24,26,27], in which
ambient Al is associated with reduced docu-
mentation time.

One possible explanation relates to the
context of use in this study. The nurse’s con-
sultations were conducted by telephone, which
may challenge Corti’s ability to accurately
capture spoken content during the consulta-
tion. This may result in incomplete draft notes
and time-consuming post-editing. According
to the psychologist, another challenge was pre-
sent in the psychologist’s consultations involv-
ing multiple participants. The increased con-
sultation complexity places high demands on
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Corti’s ability to capture spoken content and
distinguish between individual speakers, a
challenge that has also been reported in studies
of similar technologies [32,33]. In both cases,
Corti’s ability to generate comprehensive and
accurate draft notes is challenged. However,
despite the psychologist’s perception that dis-
tinguishing between speakers constituted a
major challenge, quantitative findings showed
that this error type was the least frequent in the
psychologist’s consultations. This may indi-
cate that the complexity of multi-participant
consultations heightens the clinician’s aware-
ness of potential errors.

The psychologist’s experience of in-
sufficient draft notes was supported by quanti-
tative findings, with missing positive infor-
mation being the most frequent error type. This
aligns with findings from previous studies re-
porting frequent omission of information and
the need for manual post-editing in similar sys-
tems [34,35].

This may be explained by Corti’s use
of the FactsR agent [36], which is designed to
filter information and generate short, medi-
cally focused draft notes.

Guo et al.[21], Shah et al.[25], and
Stults et al.[24] reported that ambient Al-
scribes generate longer draft notes than manu-
ally written notes. However, none of the stud-
ies explicitly mention functionality similar to
the FactsR agent, making it uncertain whether
comparable features were used. Differences in
system design may therefore contribute to var-
iation in note length. An alternative explana-
tion may be differences in professional docu-
mentation needs, as the cited studies mainly in-
volve physicians, who may prefer short and di-
agnostic draft notes, while psychologists may
require more detailed descriptions.

Although this study does not demon-
strate a time increase for either clinician, this



is not unusual. A scoping review by Tsai et
al.[37] shows that new EHR initiatives often
lead to an initial increase in time use, with time
savings emerging later. This is supported by
the quantitative findings of this study, where
both clinicians demonstrated a positive learn-
ing effect over time, although this was only
statistically significant for the psychologist.
This indicates

that increased familiarity with Corti may po-
tentially reduce documentation time in the long
term.

A positive but non-significant associa-
tion between error rate and session number
was observed for both clinicians. The quantita-
tive results showed a tendency towards in-
creasing error rates over time, which contrasts
with the psychologist’s qualitative experience
that errors appeared to decrease. This lack of
alignment may be explained by a learning ef-
fect, whereby errors are experienced as less
challenging over time and therefore not re-
flected in a reduced error rate. This interpreta-
tion is supported by general learning effect the-
ories described by Waldman et al. [38], sug-
gesting that efficiency increases as individuals
repeatedly perform the same task over time.
The psychologist reported becoming faster at
identifying and managing errors with in-
creased experience. Finally, methodological
factors may have influenced error registra-
tions. It cannot be ruled out that the error clas-
sification scheme may have been applied less
consistently throughout the study period, or
that feedback to Corti could have influenced
the types and frequency of errors.

The findings indicate that ambient Al
scribes are likely to remain a developing tech-
nology in the near future. The significance for
clinical documentation work is not yet clearly
defined. In clinical practice, the findings sug-
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gest that ambient Al scribes cannot be used in-
dependently of existing documentation prac-
tices. Future research should prioritize longitu-
dinal studies with larger sample sizes across
multiple clinical contexts to evaluate how am-
bient Al affects clinical documentation work
over time.

4.1 Limitations

This study has limitations, including
the possibility that the error rate may have been
influenced by variation in how participants ap-
plied the error classification scheme. Because
the error classification scheme was not stand-
ardised, it may have limited measurement va-
lidity, while its use by multiple individuals and
potential inconsistency over time may have af-
fected inter- and intrarater reliability. During
data collection, participants also spent time en-
tering data into the scheme, which introduces a
bias in relation to the efficiency outcomes.

This study is further limited by a small
sample size, restricted data, and a short data-
collection period, why these findings should be
interpreted cautiously. The qualitative inter-
view was conducted only with the psycholo-
gist, as the nurse joined the study later. Conse-
quently, due to the limited time frame of the
study, it was not possible to include an inter-
view with the nurse, and her satisfaction could
not be evaluated.

Furthermore, this study does not fully
align with a traditional explanatory sequential
mixed-methods design, as only six of the nine
quantitative observations had been collected
from the psychologist before the qualitative
phase commenced.

5. Conclusion

The implementation of Corti did not re-
sult in increased efficiency and was associated

10



with ambivalent user satisfaction. Effective-
ness was not perceived as sufficient at the cur-
rent stage of implementation.

These findings should be interpreted
cautiously due to study limitations. Future re-
search should therefore prioritize longitudinal
studies across multiple clinical settings to eval-
uate the impact of ambient Al on clinical doc-
umentation work.
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Appendix A: Error Classification Scheme

Error classification scheme

Date:

Conversation complexity (low, medium, high):
Time spent correcting the Corti note:

Rephrasing / Corrections

Words

Sentence(s)

Entire paragraph(s)

Missing information

Lack of positive or non-problematic statements (e.g.,
related to sleep or diet) that are still important
information

Lack of negative or problematic statements (e.g.,
related to sleep or diet) that are still important
information

Missing formalities and factual details (date,
participants, headings, sections, etc.)

Misinterpretations and false conclusions

Factual errors (e.g., incorrect weekday) and
hallucinations (e.g., the patient has never been
hospitalized)

Concluding / Diagnostic

Errors in language

Sentences without meaning

Repetition of the same point

Does not distinguish between individuals (e.g., mixes up
different statements)

Relevance

Irrelevant information, e.g., an overemphasis on
equipment/technology instead of psychological aspects

Other
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Appendix B: Interview guide

Briefing

”Thank you for agreeing to participate in this interview.

The purpose of the interview is to gain insight into your experiences with using Corti in your work.
We are interested in hearing about both the positive experiences and any challenges you may have
encountered in connection with the use of the system.

If, during the interview, we ask a question that you cannot immediately answer, it is completely okay
to take time to think about the answer. If you still do not know what to answer, it is better that you
say so rather than make up an answer. It is important that you feel comfortable with the situation and
answer the questions honestly. Before we move on to a new question during the interview, we will
try to ask whether you have anything to add before moving on to the next question. If at any point
during the interview you feel that you are left with something important, please feel free to say so.

Before we begin, we would like to ask for your consent for the interview to be recorded. We use a
mobile phone as well as a voice recorder to record the conversation. The recording is used exclusively
to ensure accuracy when your answers are subsequently reviewed and analyzed. I may note a few
keywords during the interview to remember to follow up on some of your statements. All information
is treated confidentially and anonymized before being included in the project.”

The consent form is signed.
“Is it okay that we begin?”

Theme 1: Satisfaction

Research question Interview questions

How is the use of Corti experienced and | 1. How would you describe your overall experience of
how is the experience of satisfaction af- | working with Corti?
fected? 2. Which aspects of Corti do you experience as the most
helpful or valuable?
3. In which situations do you experience frustrations or
dissatisfaction when using Corti?
4. How does Corti affect your experience of presence and
contact in conversations with patients and/or relatives?
5. How has Corti affected your motivation or job satisfac-
tion in everyday work? (e.g. experience of calm, work-
flow, or documentation burden)
6. If you were to describe your ideal version of Corti, what
would it be able to do differently?
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Theme 2: Effectiveness

Research question

How is the use of Corti experienced in
relation to the quality of the technol-
ogy’s output?

Theme 3: Efficiency

Research question

How is the use of Corti experienced in
relation to efficiency and time con-
sumption?

Theme 4: Workflows

Research question

Intended for Artificial Intelligence in Medicine, 2025

Interview questions

7. How do you experience the quality of what Corti pro-
duces in relation to your professional standards?

8. Which types of errors do you experience as the most
serious?

9. Which errors occur most frequently? (Descriptive data)
10. How do you handle errors when you discover them,
and how does this affect your work?

11. How do you assess Corti’s ability to capture nuances
and context in conversations?

12. How do you experience that the frequency of errors
changes over time — that is, from session to session? (Ses-
sion Vs. errors)

13. How do any errors affect your trust in Corti?

Interview questions

14. What significance has Corti had for your experience
of efficiency in everyday work?

15. How do you experience that Corti affects your daily
time consumption on documentation?

— Is it better with or without Corti?

— What significance do you experience that it has for the
number of consultations you can complete?

16. In which situations (if any) do you experience that
Corti takes extra time?

— How do you experience the relationship between the
number of errors and the time you spend correcting/docu-
menting?

17. In which situations (if any) do you experience that
Corti has made the work faster for you?

18. How would you describe your development in relation
to the time you spend documenting with Corti, as you do
it more times?

Interview questions
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How is the use of Corti experienced to | 19. How does Corti fit into your daily practice and work-
affect daily workflows and the organi- | flows?
zation of work? 20. Which types of tasks or conversations do you experi-
ence as being best suited for the use of Corti?
— Does the number of people in the room matter?
21. When you think about your consultations before and
after Corti, which differences do you notice in your ap-
proach or preparation?
22. Which adjustments have you made to your way of
working to make Corti function as well as possible?
23. How do you see Corti’s role in your work going for-
ward, as support, relief, or something else?

Debriefing

“These were the questions we had.

Before we finish, we would like to ask if there is anything you would like to add. Is there anything
we have not talked about but that you think is important in relation to Corti and your work?

Thank you for taking the time to participate and share your experiences. Your responses will be an
important part of the analysis in the project.”
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Appendix C: Transcription guidelines

Speaker identification

Speakers are consistently marked using fixed initials:

I1 = Interviewer 1
12 = Interviewer 2
D = Participant
Example:

I1: How did you experience the process?

D: I felt well prepared.

Line breaks when speakers change
Each time a new person speaks, the statement is written on a new line.

Timestamps

Timestamps are added every 2 minutes or at key transitions.

Format: [00:02:00]
Example:

D: It was challenging at the beginning. [00:02:00]

Element

Short pause (under 2 sec.)
Long pause (over 2 sec.)

When the participant interrupts
themself / changes direction
mid-sentence

Filler words (uh, well, mmh)

Repetitions without meaning

Repetitions with meaning

Hesitation, irony, laughter,
sighs, emotional reactions, etc.

Unclear word

Rule

Not noted

Marked with ...

Marked
with (...)

Removed

Removed

Kept

Marked in pa-
rentheses

Noted as [un-
clear]

Example of how it should appear in the
transcript

Hmm ... that is a good question.

Spoken: It was okay, I think. I feel it was
very difficult. — Transcribed: It was okay
(...) I feel it was very difficult.

Spoken: So uh I think uh it was fine — Tran-
scribed: So I think it was fine.

Spoken: it was... it was... it was actually
easy — It was actually easy.

I was really, really stressed.

I was (hesitates) actually unsure.

1 think [unclear] was the reason.
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Guessing a word

Inaudible sequence

Interruption

Intended for Artificial Intelligence in Medicine, 2025

Marked with a | We had that kind of [registration?] in the
question mark | system.

Marked [...]
with [...]
Marked Participant: / experienced— Interviewer: (in-

with (interrupts) | terrupts) Can you explain that?
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Appendix D: Distribution of mean errors per category

Mean errors by category
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Bar plots showing the distribution of mean errors per category for the psychologist and the nurse Bars rep-
resent mean values and error bars indicate standard deviations (SD). Categories: Word = word reformula-
tion; Sentence = sentence reformulation; Paragraph = paragraph reformulation; Missing+ = missing posi-
tive statements, Missing— = missing negative statements; Formal info = missing formal information; Fac-
tual/Hall. = factual errors or hallucinations; Concl./Diag. = conclusive or diagnostic statements; Nonsense
= nonsensical sentences, Repetition = repetition of the same point; Speaker conf. = failure to distinguish
speakers, Irrelevant = irrelevant information; Other = other error
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