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Large language models (LLMs) can assist physicians in writing medical notes more efficiently. This study 
evaluates whether using an LLM assistant for writing emergency department discharge notes can reduce 
doctors’ workload and addresses concerns regarding the incorporation of AI in medical practice. Eight 
emergency doctors with an average experience of 12 years participated in our study. We surveyed them 
prior to, post 3 days, and post 5 weeks of their LLM usage. The results showed that doctors’ concerns 
about using LLMs decreased significantly and remained low throughout the study period. Moreover, the 
LLM usage considerably reduced the perceived workload, with the time required to write each discharge 
note reduced by one-third of the original time. These findings demonstrate that doctors readily accept and 
benefit from LLM assistants in their daily practice. Our study provides the first real-world evidence of how 
doctors’ attitudes toward AI assistants change over time in clinical settings, offering valuable insights into 
the future implementation of LLM-based documentation tools in healthcare.
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Large language models (LLMs) have attracted considerable attention as a promising technology for clinical 
documentation owing to their ability to rapidly assimilate, summarize, and rephrase information1–5. An LLM-
based clinical documentation system is expected to enhance the efficiency of medical note writing and reduce 
healthcare professionals’ administrative burden6. Numerous studies have elaborated on the development 
and evaluation of LLM-based clinical documentation technologies6–9, but limited studies have empirically 
investigated the effects of the LLM system on healthcare professionals’ practice and their attitudes toward the 
system in real-world clinical practice.

According to a survey by the American Medical Association in 2024, 40% of 1,183 physicians expressed equal 
excitement and concerns about the increased use of AI in healthcare10. This ambivalence highlights the critical 
role of physicians’ acceptance and attitudes in the successful integration of AI-based systems. Prior studies have 
emphasized that trust and acceptance among healthcare professionals are indispensable prerequisites for the 
widespread implementation of AI in clinical practice11.

We conducted a longitudinal survey study on the “Your-Knowledgeable Navigator of Treatment-Emergency 
department Discharge Note assistant” (Y-KNOT-EDN)—an on-premise LLM-based clinical documentation 
system at Severance Hospital (Seoul, South Korea) implemented in November 2024; this system generates 
discharge note drafts from electronic health record (EHR) data for physician review and finalization12. The 
Y-KNOT-EDN is a fully EHR-integrated, on-premise AI assistant developed based on the emergency department 
(ED) discharge note interface at desktop clinical workstations. Physicians trigger drafting from within the 
EHR by selecting the “AI Note” function, which then generates a draft within seconds from structured and 
unstructured EHR data. The draft is inserted into the discharge note field for physician review, modification, and 
sign-off to ensure full clinician oversight at every documentation stage (see Supplementary Figure S1).
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We aimed to investigate physicians’ perceptions and acceptance of LLM-based clinical documentation 
systems in clinical settings, focusing on ED discharge notes. Specifically, we examined changes in perceived 
workload and concerns related to LLM use, as well as key technology acceptance factors, including perceived 
usefulness, attitude, intention to use, and intention to delegate drafting tasks to the LLM assistant system.

Three surveys were administered to emergency physicians responsible for documenting discharge notes at 
three time points: prior to Y-KNOT-DEN implementation (T1), 3 d after implementation (T2), and 5 weeks after 
implementation (T3) (see Fig. 1).

Results
Eight emergency medicine attending physicians (four men and four women; mean age 39.9 years) with an 
average of 12.1 years of ED experience participated in the surveys. On average, the participants handled 10.9 
discharge notes daily.

Figure 2 shows the responses to eight major concerns regarding the use of LLMs in discharge note writing over 
time. Overall concern, defined as the mean across dimensions, reduced from 3.4 at T1 to 2.7 at T2 and further to 
2.5 at T3 (p = 0.008), showing a 26% reduction from T1 to T3. Pairwise comparisons indicated reductions from 
T1 to T2 (p = 0.023) and from T1 to T3 (p = 0.008), whereas T2 and T3 were comparable (p = 0.202).

Four dimensions of concern regarding LLMs—worsening patient care, loss of control, generating impersonal 
drafts, and legal and ethical issues—decreased significantly over time (p = 0.004, 0.002, 0.010, and 0.028, 
respectively). The other four dimensions of concern—false information, data bias, privacy, and worsening 
physician reasoning—declined without statistical significance (p = 0.089, 0.268, 0.143, and 0.156, respectively). 
These findings support our first hypothesis that physicians’ concerns regarding the use of LLMs in clinical 
documentation would be alleviated after implementation, as overall concern scores significantly decreased from 
T1 to T2 and T3. Detailed statistics are provided in Supplementary Tables S1 and S2.

Figure 3 shows the perceived workload scores across dimensions. The overall workload dropped from 11.0 at 
T1 to 8.0 at T2 and further to 6.9 at T3 (p = 0.040), showing a 37% reduction from T1 to T3. Paired comparisons 
indicated comparable reductions between T1 and T2 (p = 0.023), T1 and T3 (p = 0.035); and T2 and T3 (p = 0.402).

The two dimensions of perceived workload—temporal demand and effort required for accomplishment—
significantly decreased over time (p = 0.002 and 0.021, respectively). The three dimensions of perceived 
workload—mental demand, physical demand, and frustration—consistently declined without statistical 
significance (p = 0.381, 0.409, and 0.122, respectively), whereas dissatisfaction with performance remained 
consistently low. Consistent with our second hypothesis, the perceived workload in drafting discharge notes 
markedly decreased over time, particularly in temporal demand and effort, demonstrating the system’s capacity 
to reduce administrative burden. The detailed statistics are provided in Supplementary Tables S3 and S4.

Participants reported that completing a single discharge note manually required 127.5 s at T1, whereas it 
required 42.8 s using the LLM assistant at T3, indicating a time reduction of approximately two-thirds (p = 0.002).

The participants’ perceptions of the LLM assistant at T2 and T3 are shown in Supplementary Figure S1. 
The mean perceived usefulness of the assistant was 3.8 at T2, which increased to 4.2 at T3 (p = 0.038). Attitudes 

Fig. 1.  Timeline of the study and items asked at each phase. The study timeline illustrates three survey phases: 
T1 (before the Y-KNOT-EDN implementation), T2 (3 days after implementation), and T3 (5 weeks after 
implementation). Between T2 and T3, the Y-KNOT-EDN was shut down unexpectedly and restored within a 
week. The survey measures conducted in each phase are indicated below the timeline.
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toward the assistant (T2 mean = 3.7; T3 mean = 3.9), intention to use the assistant (T2 mean = 3.9; T3 mean = 4.0), 
and intention to delegate discharge drafting to the assistant (T2 mean = 4.0; T3 mean = 4.0) remained consistently 
high. Regarding the third hypothesis, although acceptance measures remained consistently high from T2 to T3, 
not all mean scores exceeded 4.0, suggesting partial rather than full support for this expectation.

Fig. 3.  Perceived workload over time (T1, T2, and T3). The mean NASA-TLX workload scores (0–20 scale) 
across six sub-dimensions—mental demand, physical demand, temporal demand, dissatisfaction with 
performance, effort required for accomplishment, and frustration—and the overall workload are shown 
across T1, T2, and T3. The gray lines show individual physicians’ workload trajectories; the large pink circles 
and connecting lines indicate the group means at each time point. Notable decreases in temporal demand 
(p = 0.002), effort (p = 0.021), and overall workload (p = 0.040) suggest a reduced perceived burden over the 
three survey phases. Note. ***: p < 0.001; **: p < 0.01; *: p < 0.05.

 

Fig. 2.  Concerns on using LLM in clinical documentation over time (T1, T2, and T3). The mean scores for the 
eight major concerns regarding the use of the LLM-based documentation system, as well as overall concerns, 
are shown across T1, T2, and T3. Gray lines connect each physician’s individual trajectory; large purple circles 
and solid lines denote group means at T1, T2, and T3. Significant reductions were observed in overall concerns 
(p = 0.008), particularly worsening patient care (p = 0.004), loss of control (p = 0.002), impersonal drafts 
(p = 0.010), and legal/ethical issues (p = 0.028), reflecting increased trust and acceptance of the LLM-based 
documentation system over time. Note. ***: p < 0.001; **: p < 0.01; *: p < 0.05.
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It is noteworthy that the LLM assistant unexpectedly shut down between T2 and T3, and this was quickly 
restored within a week. Among the six participants who were affected, three reported that writing discharge 
notes manually without the aid of the LLM assistant was “Difficult” (score = 4), two found it “Not difficult” 
(score = 2), and one responded “Not at all difficult” (score = 1), indicating varying levels of perceived disruption.

In response to open-ended questions at T3, physicians most frequently cited reduced documentation time as 
the primary benefit of the Y-KNOT-EDN, often linking it to decreased workload and improved convenience. When 
evaluating the generated drafts, participants generally acknowledged high accuracy with fewer hallucinations than 
expected, but noted instances of irrelevant or redundant content and a lack of patient-specific details, particularly for 
complex cases. Most respondents agreed that the system had a positive impact on efficiency, particularly by reducing 
the time spent on nonclinical administrative tasks. For future improvements, physicians requested expanded input 
data sources (e.g., laboratory results, imaging interpretations, and consultation replies), better handling of complex 
and multidisciplinary cases to avoid duplication, inclusion of explanatory notes for abnormal results, functionality 
enhancements such as case-type-specific templates, and more flexible initiation of draft generation. The open-ended 
questions and physicians’ responses are listed in Supplementary Table S5.

Discussion
The key findings of this longitudinal field study are summarized as follows. First, concerns about LLMs were 
significantly alleviated over time (26% reduction from T1 to T3), particularly those concerning worsening 
patient care, loss of control, impersonal drafts, and legal and ethical issues. Second, perceived workload declined 
significantly over time (a 37% reduction from T1 to T3), particularly in terms of temporal demand and effort. The 
recall-based documentation time was reduced by approximately two-thirds. Moreover, the participants reported 
high levels of perceived usefulness, attitude, intention to use, and intention to delegate discharge note drafting 
throughout the study period, indicating that the positive results were not merely driven by a novelty effect but 
reflected genuine acceptance of the system. Despite these positive outcomes, the open-ended feedback indicates 
the need for further system refinement to improve accuracy and provide more physician-tailored content. Taken 
together, these findings supported all three hypotheses proposed in this study, demonstrating that physicians’ 
concerns and perceived workload decreased after implementation while their acceptance of the LLM assistant 
remained consistently high.

The success of AI implementation in healthcare depends not only on technical performance but also on 
how healthcare professionals respond to and interact with these systems11. Lambert et al. identified the key 
barriers to healthcare AI adoption, including concerns about the loss of professional autonomy, difficulties 
with clinical workflow integration, and alert fatigue from oversensitive systems13. This study is among the 
first to examine physicians’ perceptions as potential enablers and disablers to the adoption of an LLM-based 
clinical documentation system, which leverages EHR data extraction and synthesis to automatically generate 
structured medical notes. By capturing how these perceptions evolved from preimplementation to 5 weeks 
postimplementation, we provide valuable insights for future AI integration efforts in healthcare. Our findings 
underscore the necessity of conducting similar pre-post implementation studies when deploying AI systems to 
understand user experiences, address potential barriers to adoption, and optimize implementation strategies.

The primary goal of implementing an LLM assistant is to reduce physicians’ workload14,15. However, a 
previous study reported that AI-powered clinical documentation does not enhance clinician efficiency in 
primary care settings16. Although this study did not measure time using EHRs, our findings demonstrated 
significant reductions in perceived temporal demand and required effort from preimplementation to 5 weeks 
postimplementation. Furthermore, aspects less directly related to discharge note writing, such as physical 
demands and dissatisfaction with performance, showed minimal changes similar to mental demands, suggesting 
that the cognitive aspects of documentation remained relatively consistent. These results are particularly 
meaningful for emergency physicians who must manage multiple patients under time constraints because the 
LLM assistant provided substantial benefits in terms of perceived burden, while preserving the physicians’ role 
in the process. Understanding these nuanced workload changes is critical to guiding the development and 
acceptance of future AI documentation technologies in healthcare settings.

In addition to workload and acceptance, note quality is a prerequisite for safe adoption. In a preimplementation 
evaluation of the Y-KNOT-EDN12, blinded physician ratings of LLM-drafted emergency discharge notes 
demonstrated high performance across quality domains; for consistency, coherence, fluency, relevance, and 
safety, it scored 4.78, 4.60, 4.55, 4.72, and 4.73 on a scale of 1–5, respectively, with a subjective satisfaction score 
of 3.95/5 and usability of 3.32/4, showing that efficiency did not trade off fidelity. Coupled with our longitudinal 
finding that LLM-related concerns dropped within 2–3 days and remained low at five weeks, this suggests that 
brief, real-world exposure to a high-quality, EHR-embedded assistant can rapidly convert ambivalence into 
sustained acceptance. Workload relief, mainly in terms of temporal demand and effort, likely reflects seamless 
integration into existing workflows rather than added features, underscoring the value of minimizing context 
switching. Finally, because some determinants of acceptance change after real-world exposure and others remain 
stable, we emphasize the importance of structured pre- and post-implementation surveys. As demonstrated in 
our study, this framework offers a systematic way to capture evolving perceptions of AI systems and can be 
readily adapted for future AI integration research.

Although quantitative survey results suggested strong physician acceptance, the open-ended feedback 
indicated the need for further improvement in generating more patient-tailored and contextually rich drafts. 
Several improvement requests, such as integrating broader clinical data (laboratory, imaging, and consultation 
records) and refining the output for complex or atypical cases, were directly actionable in the next iteration of 
the Y-KNOT-EDN. Because the current model (Llama-3-8B) has a limited context length and a higher risk of 
hallucinations, planned upgrades to more advanced models (e.g., MedGemma-27B from Google17 and gpt-oss-
20B from OpenAI18 combined with expanded and structured reference inputs are expected to address these 
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concerns. This iterative refinement, guided by structured feedback, will enable future evaluations to measure 
whether satisfaction with and trust in the system will improve in parallel with technical enhancements.

Limitations
Our study had several limitations. First, the sample size was small, with only eight emergency physicians, owing 
to the current shortage of physicians in South Korea following the temporal mass resignation of residents19,20. 
Therefore, further studies with larger sample sizes are warranted. Second, the study was conducted at a single 
institution, which may limit the generalizability of our findings. Third, the reliance on self-reported measures 
introduces subjectivity. Fourth, we developed a measure of concerns regarding LLMs based on the eight 
concerns identified by Spotnitz4, with each concern being represented by a single survey item. However, this 
approach enabled us to directly capture specific physician concerns; the use of single-item measures precluded 
the assessment of psychometric properties, such as validity and reliability. Fifth, although the EHR logs enabled 
the calculation of actual documentation time in the postimplementation phase, no reliable start time marker 
was recorded in the preimplementation phase, precluding a direct comparison between the actual and perceived 
workload across both periods. Finally, the documentation time was assessed using recall-based methods21.

Conclusion
In summary, this study implemented an on-premise LLM system for drafting ED discharge notes in a clinical 
setting and evaluated physician acceptance by comparing perceptions before and after the deployment of the 
system. The survey results revealed strong physician acceptance, as both the initial concerns about using the 
LLM in clinical documentation and the perceived workload of writing a discharge note subsided within days, 
highlighting the practical value of the system. Open-ended feedback highlighted three priorities: improving 
factual accuracy, expanding reference/EHR inputs, and better tailoring complex or atypical cases. These insights 
will guide the next Y-KNOT iteration, integrating richer clinical data and upgrading to more capable LLMs, to 
further reduce the workload and strengthen user trust in future evaluations.

Methods
Participants and data sources
We recruited 15 attending ED physicians at Severance Hospital, Seoul, South Korea, and eight of them 
voluntarily participated in this study. We obtained online informed consent and conducted a survey prior to the 
implementation of the LLM system. They received instructions on the Y-KNOT-EDN system and were required 
to use it to draft discharge notes throughout the study period. Two follow-up surveys were also conducted.

The survey was developed by two researchers (S.L. and J.W.S.) using the SurveyMonkey online survey platform 
(San Mateo, California, USA; http://www.surveymonkey.com). The study was approved by the Institutional Review 
Board of Severance Hospital, Yonsei University Health System (No. 4-2024-1622), and was conducted in accordance 
with the Declaration of Helsinki and all relevant institutional and national guidelines and regulations.

System overview
Y-KNOT-EDN is powered by Llama-3-8B22, which was fine-tuned on 90 GB of medical and 9 GB of general 
Korean–English corpora from nonpatient sources and instruction-tuned with real-world clinical records. The 
model is fully integrated with the hospital’s EHR through fast healthcare interoperability, resource-based data 
exchange, and predefined application programming interfaces. ED discharge draft generation is triggered 
in real time by clicking an “AI note” button embedded within the order communication system accessed on 
physicians’ desktops. The physicians subsequently reviewed and verified the drafts before the final confirmation. 
All processing occurred within the hospital’s secure on-premise environment with no external transmission of 
patient data, thus meeting South Korea’s strict data sovereignty requirements. The detailed system architecture, 
model training process, and evaluation results are described in our previous technical report12.

Survey phases
To conduct a longitudinal evaluation of the clinical application of the Y-KNOT-EDN, we conducted a three-
phase survey-based study (Fig. 1).

 

•	    T1 (Preimplementation): Participants provided baseline data that included their concerns about using LLMs 
in clinical documentation and their perceived workload associated with manually drafting ED discharge 
notes. The measures of concerns related to the use of LLMs in clinical documentation were adapted from 
Spotnitz et al.4 Spotnitz et al. surveyed 30 physicians using open-ended questions regarding their concerns 
regarding LLMs in healthcare and identified eight key dimensions: false information, worsening patient care, 
data bias, loss of human control, impersonal drafts, legal/ethical issues, privacy, and worsening clinicians’ rea-
soning. We used these dimensions as measurement items, which were assessed on a 5-point Likert scale. The 
perceived workload of ED discharge documentation was assessed using the NASA-TLX23, a widely adopt-
ed instrument that evaluates workload across six dimensions: mental demand, physical demand, temporal 
demand, dissatisfaction with one’s performance, effort required for accomplishment, and frustration. Each 
dimension was rated on a scale ranging from 0 to 20. In addition, demographic information was collected, 
including sex, age, work experience in the ED, and the average time required for manual documentation.

•	     T2 (3 d postimplementation): At this point, concerns and workload were reassessed along with system 
acceptance measures—perceived usefulness24, attitude25, intention to use26, and intention to delegate draft-
ing27—by adapting measurement items from prior studies.
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•	     T3 (5 weeks postimplementation): This phase repeated the survey items from T2 with the addition of 
questions related to the documentation time per note when using the system. Initially, the third survey was 
planned to be administered four weeks after the implementation of the Y-KNOT-EDN in the clinical work-
flow. However, an unexpected one-week system shutdown occurred one week after implementation, compel-
ling ED physicians to revert to manual documentation. Consequently, the survey was postponed to 5 weeks 
postlaunch, and additional questions were included to capture the impact of this shutdown. Specifically, par-
ticipants were asked whether they experienced a temporary shutdown of the system during their work period. 
Those who had experienced the shutdown were subsequently asked to rate the difficulty of manually drafting 
discharge notes during downtime on a 5-point scale, with 1 indicating “not at all difficult” and 5 indicating 
“very difficult.” Open-ended feedback was also collected through four verbatim questions designed to explore 
users’ subjective experiences with the system: (1) “What aspects of using Y-KNOT-EDN were most helpful to 
you? (e.g., reduced writing time, decreased workload, system convenience, etc.)” (2) “What were your impres-
sions when reviewing the discharge note drafts generated by Y-KNOT-EDN? (e.g., accuracy, appropriateness 
of expressions, need for revision, etc.)” (3) “In your opinion, how did Y-KNOT-EDN affect physicians’ work 
efficiency and patient care processes?” (4) “What additional features or improvements would you like to see 
in future versions of Y-KNOT-EDN to enhance its effectiveness?”  

 
The full survey questions and the scoring scales are summarized in Table 1.

Variables (phase) Dimensions Items

Concerns about 
using LLM in 
clinical settings* (T1, 
T2, T3)

False information I worry that using the LLM system for discharge note documentation may generate inaccurate or false information.

Worsening patient 
care I worry that using the LLM system for discharge note documentation may adversely affect patient care.

Data bias I worry that using the LLM system for discharge note documentation may distort content due to low-quality and biased training data.

Loss of control I worry that using the LLM system for discharge note documentation may make it difficult for physicians to control and supervise the 
process.

Impersonal draft I worry that using the LLM system for discharge note documentation may produce impersonal records with low levels of empathy.

Legal/ethical issue I worry that using the LLM system for discharge note documentation may lead to ethical and legal issues.

Privacy I worry that using the LLM system for discharge note documentation may raise privacy concerns.

Worsening 
physicians’ reasoning

I worry that using the LLM system for discharge note documentation may reduce physicians’ opportunities to interpret and 
synthesize data.

Perceived workload† 
(T1, T2, T3)

Mental demand How mentally demanding was the discharge note documentation task?

Physical demand How physically demanding was the discharge note documentation task?

Temporal demand How hurried or rushed was the pace of the discharge note documentation task?

Dissatisfaction with 
performance‡ How successful were you in accomplishing the discharge note documentation?

Effort for 
accomplishment How hard did you have to work to accomplish your level of performance in the discharge note documentation?

Frustration How insecure, discouraged, irritated, stressed, and annoyed did you feel during the discharge note documentation task?

Perceived 
usefulness* (T2, T3) –

The LLM system increases productivity in discharge note documentation.

The LLM system is effective for discharge note documentation.

I believe that the LLM system is useful for discharge note documentation.

Attitude* (T2, T3) –

Using the LLM system for discharge note documentation is a good idea.

Using the LLM system for discharge note documentation is a wise idea.

I like using the LLM system for discharge note documentation.

Using the LLM system for discharge note documentation makes me feel good.

Intention to use* 
(T2, T3) –

I intend to use the LLM system for discharge note documentation.

I have an intention to use the LLM system for discharge note documentation.

I will try to use the LLM system for discharge note documentation.

Intention to 
delegate* (T2, T3) –

I plan to delegate discharge note drafting to the LLM system.

I intend to delegate discharge note drafting to the LLM system.

I have chosen to use the LLM system for discharge note drafting.

Documentation time 
(T1, T3) – How much time does it take to write a single discharge note?

Experience of 
shutdown (T3) –

During your work period, did you experience any downtime or errors that rendered Y-KNOT-EDN unusable? (Yes/No)

(If “Yes”) How challenging was the task during the shutdown?

Table 1.  Measurements. *These items are measured using a 1–5 Likert scale. †Workload is measured on a 0–20 
scale. The actual question was phrased positively; its score was calculated by subtracting the reported value 
from a maximum score of 20.
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Hypotheses
Based on this study design, we formulated three detailed hypotheses: (1) concerns regarding the use of LLMs in 
clinical documentation, which physicians experienced at T1 would be alleviated at T2 or T3; (2) the use of the 
Y-KNOT-EDN would lead to a decrease in the perceived workload of drafting discharge notes when comparing 
T1 with T2 or T3; and (3) the four acceptance measures of the Y-KNOT-EDN would remain high (4-to-5) from 
T2 to T3.

Statistical analysis
The statistical analysis employed a Friedman test to assess changes across the three time points (T1, T2, and T3) 
for both the individual LLM concern items (the overall concern score) and the six workload dimensions (their 
aggregated overall scores). When the Friedman test indicated a significant effect, post hoc Wilcoxon signed-rank 
tests with Holm–Bonferroni correction were conducted to perform pairwise comparisons between time points. 
In addition, a paired t-test was used to compare the time required to complete a note between T1 and T3 and 
the perceived usefulness, attitude, intention to use, and intention to delegate drafting between T2 and T3. All 
statistical analyses and visualizations were conducted using Python version 3.12 (Python Software Foundation, 
Delaware, USA).

Data availability
The raw data are disclosed in Supplementary Table S5 and S6.
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