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ABSTRACT

Background: Although discharge summaries in patient-friendly language can enhance 
patient comprehension and satisfaction, they can also increase medical staff workload. Using 
a large language model, we developed and validated software that generates a patient-friendly 
discharge summary.
Methods: We developed and tested the software using 100 discharge summary documents, 
50 for patients with myocardial infarction and 50 for patients treated in the Department 
of General Surgery. For each document, three new summaries were generated using three 
different prompting methods (Zero-shot, One-shot, and Few-shot) and graded using a 
5-point Likert Scale regarding factuality, comprehensiveness, usability, ease, and fluency. We 
compared the effects of different prompting methods and assessed the relationship between 
input length and output quality.
Results: The mean overall scores differed across prompting methods (4.19 ± 0.36 in Few-shot, 
4.11 ± 0.36 in One-shot, and 3.73 ± 0.44 in Zero-shot; P < 0.001). Post-hoc analysis indicated 
that the scores were higher with Few-shot and One-shot prompts than in zero-shot prompts, 
whereas there was no significant difference between Few-shot and One-shot prompts. The 
overall proportion of outputs that scored ≥ 4 was 77.0% (95% confidence interval: 68.8–85.3%), 
70.0% (95% confidence interval [CI], 61.0–79.0%), and 32.0% (95% CI, 22.9–41.1%) with  
Few-shot, One-shot, and Zero-shot prompts, respectively. The mean factuality score was 4.19 ± 
0.60 with Few-shot, 4.20 ± 0.55 with One-shot, and 3.82 ± 0.57 with Zero-shot prompts. Input 
length and the overall score showed negative correlations in the Zero-shot (r = −0.437, P < 0.001) 
and One-shot (r = −0.327, P < 0.001) tests but not in the Few-shot (r = −0.050, P = 0.625) tests.
Conclusion: Large-language models utilizing Few-shot prompts generally produce acceptable 
discharge summaries without significant misinformation. Our research highlights the 
potential of such models in creating patient-friendly discharge summaries for Korean 
patients to support patient-centered care.
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INTRODUCTION

Discharge summaries serve as a communication medium between hospitals and primary care 
providers.1 Although no fixed format exists, discharge summaries typically comprise details of 
significant findings and provided treatments.1 A discharge summary can also be provided to 
patients upon request; however, English medical terminology makes it difficult for patients to 
understand the document,2 especially for those unfamiliar with English medical terminology.

Medical record documentation contributes to a high workload for clinicians. In a study 
by Gaffney et al.,3 58.1% of US office-based physicians disagreed that the time spent 
documenting electronic health records (EHRs) was appropriate. In a study by Tajirian et al.,4 
74.5% of physicians and trainees (residents or fellows) in Canadian hospitals identified EHR 
as a contributor to burnout. As most hospitals in South Korea have adopted EHRs (97.3% of 
tertiary teaching hospitals and 91.4% of general hospitals5), clinicians in South Korea are 
expected to experience a significant burden of documentation.

Recently, ‘ChatGPT’ (GPT-3.5),6 an artificial intelligence-based large language model (LLM) 
of ‘OpenAI’ (San Francisco, CA, USA), has gained considerable interest from medical 
researchers. Three weeks after its release, ChatGPT demonstrated its ability in the medical 
field by passing 2 out of the 3 steps of the United States Medical Licensing Examination.7 
In the study by Sarraju et al.,8 84% of the ChatGPT responses to cardiovascular disease 
prevention questions were graded as appropriate unanimously by clinicians. In another study 
evaluating ChatGPT responses to patient questions,9 78.6% of healthcare professionals 
preferred ChatGPT responses to physician responses and rated ChatGPT responses as of 
higher quality than those of physicians. ChatGPT has also shown potential for medical 
documentation tasks. In the study by Nayak et al.,10 the history of present illness summaries 
generated by ChatGPT were graded similarly to those written by senior residents.

Providing a discharge summary written in patient-friendly language can enhance patients’ 
understanding and satisfaction,2,11 and inappropriate understanding may lead to various 
adverse outcomes.12 However, writing an additional detailed document increases the burden 
on clinicians. Given its potential as an assistant in the medical field, as suggested by Patel and 
Lam,13 ChatGPT could be used to help clinicians write discharge summaries. Therefore, this 
study aimed to develop a ‘Patient-Friendly Discharge Summary-Generating Software’ using 
ChatGPT and assess the feasibility of the software with actual clinical data.

METHODS

Development of the software
We developed a ‘Patient-Friendly Discharge Summary-Generating Software’ (Fig. 1), which 
generates new summaries in plain Korean with minimal medical jargon for patients based on the 
submitted original discharge summary. The software uses the OpenAI API to access ChatGPT. 
The software is built as a graphical user interface for user convenience so that users can obtain 
outputs by simply clicking buttons without knowledge of coding or prompting. This software has 
2 key functions: summarization and replacement. The ‘Summarization’ function summarizes 
input text using simple terminologies, while the ‘Replacement’ function replaces medical 
terminologies of input text with simple terminologies while retaining the original format.  
The ‘Replacement’ function is useful when medical jargon remains in summarization outputs.
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Prompt engineering
Since the software uses the OpenAI API, the experiments for this study were also conducted 
using the API. In addition, using the API eliminated the bias that could result from ChatGPT’s 
ability to reference previous requests. We used the gpt-3.5-turbo,14 the most capable GPT-3.5 
model powering ChatGPT as of June 11, 2023 (the date of our experiment). The instructions 
for summarization and replacement were written in Korean. To minimize the randomness of 
the outputs, the temperature15 was set as 0.

There are 3 ways to prompt engineering: Zero-shot, One-shot, and Few-shot.16 In the Zero-
shot prompting method, the model is given natural language instructions without examples 
or demonstrations. In the One-shot prompting method, the model is provided instructions 
using a single example. The model is provided with instructions and multiple examples in the 
Few-shot prompting method. In this study, the model was provided with 2 examples in the 
Few-shot prompting method. Details of the instructions and examples used in this study are 
provided in Supplementary Table 1.
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Fig. 1. Example of ‘Patient-Friendly Discharge Summary-Generating Software.’



Data collection
Our study’s target sample size was 246, calculated by G*Power 3.1.9.6, aiming for 80% power at 
a 5% significance level to detect an effect size of .20 among Zero-shot, One-shot, and Few-shot 
prompts using one-way analysis of variance (ANOVA). The discharge summary documents 
of patients diagnosed with myocardial infarction (MI) and those treated at the Department 
of General Surgery (GS) were collected from Severance Hospital (Seoul, Korea). From 11,698 
documents generated between March 1, 2022, and February 28, 2023, 100 documents (50 each  
from MI and GS) were randomly sampled. All documents were de-identified by masking 
personal information to protect privacy. Each document comprised past medical history, 
examination findings, and treatment outcomes (Supplementary Table 2) and underwent 
consecutive steps of summarization and replacement (Fig. 2). Example outputs of each step are 
provided in Supplementary Table 3. Three responses were generated for each document using 
3 different prompting methods (Zero-shot, One-shot, and Few-shot), resulting in 300 output 
samples (a new summary). All responses were generated on June 11, 2023.

Evaluation design
The outputs were evaluated by 4 medical (2 doctors and 2 nurses) and 2 non-medical 
personnel. Medical personnel were provided with original documents and 3 outputs (with 
Zero-shot, One-shot, and Few-shot prompts), while non-medical personnel were provided 
only with outputs. The outputs for each document were randomly ordered to prevent the 
evaluators from identifying the prompting method used. Medical personnel were instructed 
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Response for Example #1

Response for Example #2

Summarize the following text using
simple terms for patients.

Example #1

Replace the medical terms in the
following text with simple terms.

Example #1

Summarize the following text using
simple terms for patients.

Example #2

Replace the medical terms in the
following text with simple terms.

Example #2

Summarize the following text using
simple terms for patients.

{Input Text}

Replace the medical terms in the
following text with simple terms.

{Input Text}

Summarized text Final output

Step 1: Summarization Step 2: Replacement

Original text

Response for Example #1

Response for Example #2

Fig. 2. Prompt design. The actual prompts were typed in Korean, as instructions in English resulted in English output in some cases. Supplementary Table 1 
shows details of the instructions and examples of each step.



to grade the outputs in terms of factuality (whether the original document supported the 
contents), comprehensiveness (whether the essential contents were well included), and 
usability (whether the output was good enough to be provided to the patient). Non-medical 
personnel graded the outputs regarding ease (whether non-medical people could easily 
understand the output) and fluency (whether the sentences were linguistically acceptable). All 
metrics were graded using 5-point Likert Scales, with higher scores indicating better output 
quality. The specific criteria for each metric are listed in Supplementary Table 4. Intraclass 
correlation coefficient (ICC) estimates of medical personnel evaluations were calculated using 
SPSS statistical package version 27 (IBM Corp., Armonk, NY, USA) based on a mean-rating  
(k = 4), consistency, 2-way random-effects model. Additionally, all evaluators were instructed 
to choose their preferred one among the 3 outputs of each original document.

Statistical analysis
Factuality, comprehensiveness, and usability scores were averaged across the evaluations by 
medical personnel, and ease and fluency scores were averaged across the evaluations by  
non-medical personnel. The overall score was calculated by averaging the scores of all 5 metrics. 
A one-way ANOVA and post-hoc analysis (Tukey’s test) were performed on each metric to 
compare the effects of the different prompting methods on output quality.

Moreover, because some studies assert that a longer input leads to a lower performance of 
ChatGPT on the summarization task,17,18 we computed the Pearson correlation coefficient to 
assess the relationship between the token count of the original document and the scores for 
each metric. Tokens are chunks of characters broken down from the input text so language 
models can process the prompts.19 The token count of each discharge summary was 
computed using tiktoken (Python package) version 0.3.0. One outlier was removed, and a 
square root transformation was applied to normalize the distribution of the token counts.

Finally, we compared the mean scores of the MI and GS outputs using two-tailed t-tests. 
Since MI and GS were randomly selected from various medical departments, we did not 
anticipate significant differences between them. Furthermore, as all the examples with the 
One-shot and Few-shot prompts were data from patients with MI, we wanted to examine 
whether they biased the results. All statistical analyses except ICC calculation were performed 
using Python version 3.10.5 with Numpy version 1.24.2, Pandas version 1.5.3, SciPy version 
1.11.1, Statsmodels version 0.14.0, and Pingouin version 0.5.3.

Ethics statement
This study was approved by the Institutional Review Board (IRB) of Severance Hospital  
(IRB approval number: 4-2023-0441) on June 8, 2023. The requirement to obtain written 
consent was waived because this study used de-identified patient data.

RESULTS

The total number of output samples was 300, including 50 MI and 50 GS discharge 
summaries, which were rewritten using Zero-, One-, and Few-shot prompts. For each output, 
4 medical personnel graded factuality, comprehensiveness, and usability, and 2 non-medical 
personnel graded ease of use and fluency. There were no missing data. ICC estimates of 
medical personnel evaluations were 0.565 (95% confidence interval [CI], 0.479–0.640;  
P < 0.001) in factuality, 0.694 (95% CI, 0.634–0.747; P < 0.001) in comprehensiveness,  
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0.693 (95% CI, 0.632–0.746; P < 0.001) in usability, and 0.709 (95% CI, 0.651–0.759; P < 0.001) 
for averaged score of the three metrics. In addition, all 6 evaluators chose 1 of 3 different 
outputs for each discharge summary, resulting in 600 of the most preferred outputs.

Evaluation of software
The mean overall score for outputs was 3.73 ± 0.44 with Zero-shot prompts (Factuality: 3.82 ± 
0.57; Comprehensiveness: 3.68 ± 0.70; Usability: 3.36 ± 0.65; Ease: 4.04 ± 0.58; Fluency: 3.77 
± 0.73), 4.11 ± 0.36 with One-shot prompts (Factuality: 4.20 ± 0.55; Comprehensiveness: 4.08 
± 0.64; Usability: 3.93 ± 0.59; Ease: 4.25 ± 0.49; Fluency: 4.11 ± 0.51), and 4.19 ± 0.36 with 
Few-shot prompts (Factuality: 4.19 ± 0.60; Comprehensiveness: 4.18 ± 0.59; Usability: 3.97 
± 0.59; Ease: 4.39 ± 0.45; Fluency: 4.22 ± 0.58) (Table 1). The output with the highest overall 
score was generated from Few-shot prompts, scoring 4.90, and the output with the lowest 
overall score was generated from Zero-shot prompts, scoring 2.70 (Supplementary Table 5).

One-way ANOVA for method comparison
One-way ANOVA revealed a statistically significant difference in output scores among 
the different prompting methods for all metrics (Factuality: F = 14.56, P < 0.001; 
Comprehensiveness: F = 16.43, P < 0.001; Usability: F = 31.38, P < 0.001; Ease: F = 11.58,  
P < 0.001; Fluency: F = 14.57, P < 0.001; Overall: F = 39.38, P < 0.001). Post-hoc comparisons 
using Tukey’s test indicated that the outputs from Few-shot and One-shot prompts were 
graded higher than those from Zero-shot prompts in all metrics. Output scores were not 
significantly different between the Few-shot and One-shot prompts (Table 1).

Proportions of score intervals and preferred methods
The proportion of each score interval was calculated to assess the general performance of 
the model (Fig. 3A). The overall proportion of outputs that scored ≥ 4 was 77.0% (95% CI,  
68.8–85.3%) with the Few-shot, 70.0% (95% CI, 61.0–79.0%) with the One-shot, and 32.0% 
(95% CI, 22.9–41.1%) with the Zero-shot prompts. Meanwhile, the proportion of outputs that 
scored < 3 overall was 0% with both Few-shot and One-shot and 2.0% (95% CI, −0.7–4.7%) 
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Table 1. Comparison of output qualities among different prompting methods (N = 300)
Metrics Methods Mean ± SD 95% CI F P value Post-hoc Tukey’s test
Factuality Zero-shota 3.82 ± 0.57 3.70–3.93 14.56 < 0.001*** b > a***

One-shotb 4.20 ± 0.55 4.09–4.31 c > a***

Few-shotc 4.19 ± 0.60 4.07–4.31
Comprehensiveness Zero-shota 3.68 ± 0.70 3.54–3.82 16.43 < 0.001*** b > a***

One-shotb 4.08 ± 0.64 3.95–4.21 c > a***

Few-shotc 4.18 ± 0.59 4.06–4.29
Usability Zero-shota 3.36 ± 0.65 3.23–3.49 31.38 < 0.001*** b > a***

One-shotb 3.93 ± 0.59 3.81–4.04 c > a***

Few-shotc 3.97 ± 0.59 3.86–4.09
Ease Zero-shota 4.04 ± 0.58 3.92–4.16 11.58 < 0.001*** b > a*

One-shotb 4.25 ± 0.49 4.15–4.35 c > a***

Few-shotc 4.39 ± 0.45 4.30–4.47
Fluency Zero-shota 3.77 ± 0.73 3.62–3.92 14.57 < 0.001*** b > a***

One-shotb 4.11 ± 0.51 4.01–4.21 c > a***

Few-shotc 4.22 ± 0.58 4.10–4.34
Overall Zero-shota 3.73 ± 0.44 3.65–3.82 39.38 < 0.001*** b > a***

One-shotb 4.11 ± 0.36 4.04–4.19 c > a***

Few-shotc 4.19 ± 0.36 4.12–4.26
The overall score was calculated by averaging the factuality, comprehensiveness, usability, ease, and fluency scores.
SD = standard deviation, CI = confidence interval.
*P < 0.05, **P < 0.01, ***P < 0.001.



with Zero-shot prompts. As a result of the evaluators choosing the output they preferred, 
Few-shot prompting method was chosen as the most preferred output in 44.3% (95% CI, 
40.4–48.3%) of the 600 evaluations. The preference for One-shot prompting method was 
39.0% (95% CI, 35.1–42.9%), and that for Zero-shot prompting method was 16.7% (95% CI, 
13.7–19.6%) (Fig. 3B).

Effect of input length
The tokens for each original discharge summary were calculated as text length indicators. 
The mean token count was 375 ± 245. After normalizing by removing an outlier and applying 
square root transformation, the new mean value was 18 ± 5. Pearson’s correlation coefficient 
showed a negative correlation between normalized token count and overall output score with 
Zero-shot (r = −0.437, P < 0.001) and One-shot (r = −0.327, P < 0.001). There was no significant 
correlation between token counts and output quality with Few-shot prompts (r = −0.050,  
P = 0.625). More specifically, scores of factuality, comprehensiveness, usability, and ease with 
Zero-shot prompts and comprehensiveness, usability, and fluency with One-shot prompts 
showed negative correlations with the normalized token count. None of the metrics in the 
Few-shot test showed a significant correlation with normalized token count (Table 2).
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Fig. 3. Proportions of score intervals and preferred methods. (A) Proportions of score intervals. (B) Proportions of preferred methods.

Table 2. Correlation between the token count of input text and output quality (N = 297)
Metrics Tokens

Zero-shot One-shot Few-shot
Factuality −0.198* −0.096 0.095
Comprehensiveness −0.457*** −0.307** −0.074
Usability −0.451*** −0.278** −0.096
Ease −0.377*** −0.153 −0.037
Fluency −0.022 −0.203* −0.056
Overall −0.437*** −0.327*** −0.050
The overall score was calculated by averaging the factuality, comprehensiveness, usability, ease, and fluency 
scores.
*P < 0.05, **P < 0.01, ***P < 0.001.



Comparison of patient groups
A two-tailed t-test was conducted to compare the mean overall scores of the MI and GS 
groups for each prompting method. There was no significant difference in the mean overall 
scores between MI and GS with Few-shot (MI = 4.26 ± 0.33, GS = 4.12 ± 0.38; t = 1.89,  
P = 0.062), One-shot (MI = 4.07 ± 0.38, GS = 4.16 ± 0.34; t = −1.30, P = 0.198), and Zero-shot 
prompts (MI = 3.65 ± 0.43, GS = 3.82 ± 0.44; t = −1.95, P = 0.054) (Table 3).

DISCUSSION

In this study, we developed a software that generates a patient-friendly discharge summary 
using the GPT-3.5 API and evaluated its performance. The output qualities of the Few-shot 
and One-shot methods were acceptable, achieving mean overall scores higher than 4 out of 5. 
Few-shot and One-shot prompting methods generated significantly better outputs than  
Zero-shot prompting method, and none of the outputs with Few-shot or One-shot prompts 
was graded below 3 for the overall score, indicating a minimal probability of unacceptably 
poor quality. This demonstrates that LLMs, such as ChatGPT, with adequate prompt 
engineering, can assist clinicians by generating patient-friendly discharge summaries. There 
was no notable difference in the performance between patients with MI and those treated in 
GS, which implies the generalizability of our system under various conditions.

This study is pioneering in its exploration of the potential of a LLM for creating patient-friendly 
discharge summaries in Korean, marking the first investigation into its application in routine 
clinical care. It is crucial to provide information to patients and help them understand their 
health in patient-centered care.20,21 With our software, clinicians can easily rewrite new 
discharge summaries in patient-friendly language. The mean ease score for outputs with the 
Few-shot prompts was 4.39 ± 0.45, indicating that new summaries are easily understandable 
for people without knowledge of English medical terminology.

Another significance of this study is the utilization of One-shot and Few-shot prompting 
methods. To the best of our knowledge, this is the first study in Korean medical text to compare 
the differences among Zero-shot, One-shot, and Few-shot prompting methods through a 
statistical analysis. In this study, outputs with Few-shot and One-shot prompts were graded 
significantly higher than those with Zero-shot prompts in all metrics, while there was no 
significant difference in the output scores between Few-shot and One-shot. As both methods 
showed similar performances, the One-shot could be considered more reasonable because it 
requires only one example. However, the overall score showed a negative correlation with the 
token count of the original text in the One-shot, whereas there was no significant correlation 
between the 2 variables in the Few-shot. This indicates that a longer input text can negatively 
affect the performance of the software with the One-shot prompts, whereas a Few-shot 
prompting method shows consistent performance regardless of input length.
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Table 3. Comparison of the mean overall scores of outputs between patient groups (N = 300)
Methods MI (n = 50), Mean ± SD GS (n = 50), Mean ± SD t P value
Zero-shot 3.65 ± 0.43 3.82 ± 0.44 −1.95 0.054
One-shot 4.07 ± 0.38 4.16 ± 0.34 −1.30 0.198
Few-shot 4.26 ± 0.33 4.12 ± 0.38 1.89 0.062
The overall score was calculated by averaging the factuality, comprehensiveness, usability, ease, and fluency scores.
MI = myocardial infarction, GS = general surgery, SD = standard deviation.
*P < 0.05, **P < 0.01, ***P < 0.001.



Hallucination, especially extrinsic hallucination, where statements cannot be verified from 
the input text, is a common problem in the summarization and translation task of language 
models.22,23 Since there is evidence that automatic metrics (such as ROUGE,24 BERTScore,25 
METEOR,26 and BLEU27) cannot effectively evaluate the factuality of text summarization,17,22 
we conducted a human evaluation of the factuality score to assess the level of hallucination 
in our study. The factuality score was ≥ 4 in the majority of cases in Few-shot (67%) and 
One-shot (70%), indicating no notable hallucination. Only 46% of the Zero-shot cases had 
a factuality score of ≥ 4. The mean factuality score was also significantly higher in Few-shot 
(4.19 ± 0.60) and One-shot (4.20 ± 0.55) than in Zero-shot (3.82 ± 0.57), which shows that the 
risk for hallucination can be reduced with more detailed prompt engineering. Nevertheless, 
as the factuality score is not always 5, further techniques should be explored to find a way 
to improve the reliability of our software. For example, more detailed instructions can be 
provided. In a study by Nayak et al.,10 errors in the history of present illness generated by 
ChatGPT were reduced by improving prompt quality. Furthermore, several studies have been 
conducted on detecting hallucination of LLMs.28 Implementing a final review step focusing 
on detecting hallucination could be another solution.

Besides hallucination, LLMs possess more notable weaknesses. Datasets used for training 
LLMs are normally not domain-specific and lack reliability since unverified internet sources 
are included.29-31 This could lead LLMs to generate inaccurate information in medical 
domain of specific matters.29,32 To address this issue, LLMs can be fine-tuned with medical 
data. ‘MedPaLM’33 and ‘MedPaLM2’34 were built upon PaLM35 and PaLM2,36 respectively, 
trained with medical question answering data by a method called ‘instruction prompt-
tuning,’ resulting in improvement compared to basic PaLM models in answering medical 
questions. Moreover, Li et al.37 fine-tuned GPT-2 with tissue data from cancer and the 
resulting model, ‘CancerGPT,’ achieved the comparable accuracy to GPT-3 in predicting drug 
pair synergy for different tissue types.

Another problem of LLMs is lack of recent information since they are not trained in real-
time.31,38 Therefore, LLMs wouldn’t be able to translate discharge summaries properly 
if coined terms are included in the text. Connecting external data to LLMs using vector 
database could be a key to solve this problem, as it enables semantic search of relevant 
documents through embeddings. Rau et al.39 connected GPT-3.5 to embeddings created with 
radiologic imaging guidelines. The resulting model, accGPT, was superior to GPT-3.5 and 
GPT-4 in providing radiologic imaging recommendation. Using the same method, Russe et 
al.40 proposed ‘FraCChat’ built upon GPT-3.5 and GPT-4 with fracture classification criteria 
and the model outperformed generic GPT models in fracture classification.

This study had several limitations. First, the Few-shot prompting method generally performs 
better than the One-shot and Zero-shot.16 However, in this study, the outputs with Few-shot 
prompts were similar to those with One-shot prompts across all metrics. We provided only 2 
examples of Few-shot prompting that could have contributed to this result. Gpt-3.5-turbo-16k,14 
the new GPT-3.5 model released 2 days after our experiment, had a maximum token limit of 
16,384. Considering that the mean token count of our input discharge summary was 375 ± 
245, we hope that further research will be conducted using more examples. Second, GPT-4,41 
the latest model of OpenAI, or other LLMs such as ‘Bard’42 were not considered in this study. 
Until now, Bard refused to respond to prompts with medical content on our experimental 
data. Furthermore, a recent study reported that the performance of GPT-4 declines in various 
tasks, whereas the performance of GPT-3.5 has been improving.43  
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Third, the evaluation of the model was conducted by human evaluators with Likert Scales, 
which could possibly be affected by subjective views. Following studies should adopt 
additional methods to obtain more objectivity or reliability. Fourth, it is uncertain whether 
similar results would be observed in languages other than Korean, as LLMs perform poorly 
when handling languages with limited resources.44 Fifth, although the temperature was set 
to 0, the reproducibility of this study is not assured as ChatGPT does not always respond 
identically. Finally, there is a risk of patients’ private information being leaked to commercial 
enterprises if LLMs are used in actual hospitals. In the case of ChatGPT, OpenAI retains 
any data submitted through its API for a maximum of 30 days.45 In this study, we used only 
de-identified discharge summaries under IRB approval. Clinicians should avoid submitting 
patient information to LLMs until clear guidelines are established. Nonetheless, our study 
demonstrated the potential of using LLMs to generate patient-friendly discharge summaries.

In conclusion, our software can effectively transform discharge summaries into new texts 
that patients can easily understand. The software performed best with Few-shot prompts, 
and examples from 1 specific specialty seemed to function moderately in other specialties. 
This study demonstrates that LLMs, such as ChatGPT, can be valuable assistants for writing 
patient-friendly discharge summaries and could be a critical factor in patient-centered care. 
We anticipate further studies to be conducted with more various models, methods, and 
sample data to improve the quality of discharge summaries generated by LLMs.
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