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The growing volume of Electronic Health Records (EHRs) has enhanced patient care quality but
significantly increased the cognitive workload on clinicians, particularly in ophthalmology where
specialists handle 1.6 times more patient consultations than other specialties. This study introduces
the “LLM-based Auxiliary Ophthalmic System (LAOS),” an integrated framework leveraging Large
Language Models (LLMs) and audio processing to improve clinical documentation accuracy and
efficiency. LAOS combines voice recognition with Retrieval-Augmented Generation (RAG) and Low-
Rank Adaptation (LoRA) to convert clinical conversations into structured documentation while
dynamically retrieving relevant medical knowledge. The system was evaluated across three critical
documentation tasks: Admission Reports, Surgery Records, and Discharge Summaries. Through
both quantitative metrics (BLEU, ROUGE-L, BERT Score) and clinical validation by board-certified
physicians, LAOS demonstrated significant improvements in documentation completeness,
accuracy, andefficiency.While challenges remain in balancing comprehensivenesswith conciseness,
this research highlights the potential of speech-enabled LLM systems to alleviate physician burnout,
enhance documentation quality, and improve healthcare delivery.

Electronic health records (EHR) have enhanced care quality globally but
imposed significant physician burdens due to complex interfaces and
documentation demands1–3. Studies reveal clinicians spend 36–40%ofwork
hours on EHR tasks instead of patient care, plus 1–2 after-hours “pajama
time” hours daily, translating to nearly two documentation hours for every
clinical hour4–9. These inefficiencies restructure medical workflows, causing
systemic bottlenecks and reduced job satisfaction across specialties10,11.
Optimizing EHR systems in documentation-heavy fields could improve
healthcare efficiency and patient experiences through streamlined
workflows.

Large Language Models (LLMs) are poised to revolutionize medical
documentation.Thedevelopmentof specializedmodels likeMed-PaLMhas
demonstrated their potential to achieve expert-level performance on med-
ical competency exams and generate high-quality clinical information12.
Furthermore, advances in multimodal systems such as AudioPaLM are

paving the way for sophisticated speech-driven interactions, merging lan-
guage understanding with audio processing13. In ophthalmology specifi-
cally, models like EyeGPT have been developed to function as ophthalmic
assistants, showcasing the applicability of LLMs to this specialized field14.
However, despite these advancements, a critical gap remains in integrating
these disparate technologies into a cohesive, end-to-end clinical workflow.
Current solutions often lack a robust framework that combines real-time
voice recognition capabilities with domain-specific knowledge retrieval and
is validated by both quantitative metrics and rigorous clinical audits.

To address these challenges, we developed the “LLM-based Auxiliary
Ophthalmic System (LAOS)”, which leverages LLMs to enhance clinical
documentation throughout thepatient journey.Weselectedophthalmology
as our primary focus due to its high patient volume and documentation
intensity, particularly with day surgery rates reaching 70% in specialized
hospitals, which substantially increases the workload for resident
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physicians15,16. As shown in Fig. 1, LAOS integrates specialized terminology
and reduces physician documentation time, allowing clinicians to redirect
this time to direct patient care. Our novel three-step evaluation framework
optimizes voice recognition technology, applies quantitative NLP metrics,
and,most critically, includes clinical validation with experienced physicians
who compare LLM-generated summaries with expert documentation. By
solving documentation challenges in this demanding specialty, LAOS
establishes a clinically-vetted framework applicable to other departments,
demonstrating how innovations optimized for documentation-intensive
fields can effectively transfer to all specialties10.

Results
Voice recognition performance
As shown in Table 1, our voice recognition module achieved a word error
rate (WER) of 4.2% for Mandarin and 5.1% for English medical terms in
clinical settings. These metrics were obtained through tests on 50 h of
recordings from operating rooms and outpatient consultations at the
Shanghai General Hospital. The WER was calculated against manual
transcriptions using the standard formula: WER= (Substitutions+
Deletions+ Insertions)/Total Words in Reference. To maintain a strict
standard for clinical precision, all deviations from the reference transcript,
including minor grammatical variations such as plurals, were counted as
errors. Special attention was given to the accurate transcription of medical
terminology.

To systematically evaluate the system’s clinical utility, we developed a
structured Voice Recognition Clinical Evaluation Scale (V2T-CES). This
scale assesses three critical dimensions: accuracy, efficiency, and system
performance. It comprises 10 specific assessment items rated on a 5-point
Likert scale (1 = Strongly Disagree, 5 = Strongly Agree), enabling quanti-
tative measurement of system performance in clinical environments. The
full list of the 10 questions and the detailed scoring methodology can be
found in the “Methods” section (see Table 6). We established clear assess-
ment thresholds (≤80points for clinical viability,≥85points for replacement
potential) and incorporated additional qualitative feedback mechanisms to
capture specific terminology challenges and contextual requirements, as
detailed in the Methods section.

Our evaluation data from 26 ophthalmologists (first-year residency)
consistently demonstrated lower error rates and improved efficiency com-
pared to traditional documentation methods. The system achieved an
accuracy index of 83.2%, with particularly robust performance in standard
ophthalmological terminology recognition, though some limitations
emerged with compound technical terms. Efficiencymetrics showed strong
results at 87.6%, corresponding to an average 62% reduction in doc-
umentation time. System compatibility reached 81.4%, reflecting successful
EMR (Electronic Medical Record) integration despite occasional latency
during peak usage. The overall score of 84.1% exceeded our clinical viability
threshold, indicating potential for broader implementation. While perfor-
mance peaked in controlled environments (91.3% accuracy), we observed
approximately 12%accuracy reduction innoisy conditions.Notably, 87%of
clinicians reported enhanced patient engagement due to reduced doc-
umentation burden. These findings suggest that our voice recognition
systemmay potentially reduce documentation errors and associated clinical
burden when implemented in standard workflows, though targeted
improvements in noise handling and complex terminology recognition
would enhance its utility in specialized settings.

Identifying the best model/method
While human expert verification could theoretically achieve near 100%
accuracy, our study focused on evaluating autonomousmodel performance
to establish the system’s baseline capabilities without manual intervention.
To select the optimal base model for LAOS, we first identified a set of
candidate models, including ChatGLM2-6B, Baichuan-13B, Qwen-7B,

Fig. 1 | Workflow of the LLM-based Auxiliary Ophthalmic System (LAOS). The
system processes real-time voice input and system files through three main stages:
Planning (including initial information collection and planning/reflection),

Generation (involving multi-turn retrieval, automatic evaluation, and manual
feedback), and Output (producing the final EMR/Electronic Medical Record with
admission, surgical, and discharge records).

Table 1 | Performance Metrics of LAOS Speech Recognition
Module

Metric Performance Environment

Word Error Rate (Mandarin) 4.2% Clinical Setting

Word Error Rate (English Terms) 5.1% Clinical Setting

Average Latency 0.3s Operating Room

Continuous Processing Duration 30min Operating Room
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Qwen2-7B, and their LoRA fine-tuned versions (Baichuan-13B-SFT and
Qwen2-7B-SFT). Selection criteria extended beyond parameter size and
emphasized the following factors critical for clinical deployment:
• Strong Bilingual Capability: the ability to seamlessly processMandarin

and English medical terminology, as reflected in Table 1.
• Ease of Local, Private Deployment: ensuring compliance with strict

patient privacy and security requirements by using open-source
models deployable within hospital IT infrastructure.

• Resource-Performance Balance: focusing on models in the 7B–13B
parameter range to provide robust language understanding while
remaining compatible with hospital computing resources.

These considerations guided our identification of the most suitable
model configuration for practical application.

Prompt anatomy. As shown in Table 2, we structured prompts by
following best practices and evaluating a handful of options for model
expertise and task instructions.

Task-specific Impact on Model Performance. In evaluating different
clinical text processing tasks across our three core documentation types—
AdmissionReports, SurgeryRecords, andDischarge Summaries—we found
substantial variation in model performance. As shown in Fig. 2, which
presents three automatic evaluation metrics comparing different model
variants on cataract surgery documentation: BLEU (measuring n-gram
precision and text accuracy through word sequence matching), ROUGE-L
(evaluating semantic coherence and completeness using longest common
subsequence), and BERTScore (capturing deep semantic similarity through
contextual embeddings). The discharge summary task performed relatively
well across all evaluated models, whereas the handling of surgical records
was comparatively poor.

The performance metrics in Fig. 2 demonstrate that discharge sum-
maries consistently achieved higher scores across BERTScore (ranging from
82–86), ROUGE-L (45–55), and BLEU (16–22) compared to surgery
records, which showed notably lower performance with BERTScore values
around 80–84, ROUGE-L scores of 35–45, and BLEU scores of 10–16.
Admission reports fell between these two extremes, with intermediate
performance across allmetrics. This differencemaybe due to several factors:
firstly, discharge summaries typically contain more structured and stan-
dardized information, making it easier for the model to capture key points.
In contrast, surgical records often includemore specialized terminology and
unstructured descriptions of procedures, which increases the difficulty of
information extraction. Secondly, discharge tasks are more common in
clinical practice, so there is likely more training data available, helping the

Table 2 | Structured prompt components for ophthalmology
diagnostic document generation

Component Description

Expertise Professional ophthalmologist

Task-specific
Instruction

Create a day surgery diagnostic document for
ophthalmic patients based on provided information

Instructions • Use JSON format for data

•Use plain, professional language

• Avoid redundancy in examinations

• Separate right and left eye conditions

• Use common terms when applicable

Common Terms Retrieved terms from database (- RAG)

Examples Retrieved examples (- RAG)

Input Materials Input texts from users

Fig. 2 | Comparative performance of different LLM models on medical
documentation tasks. Automatic evaluation metrics comparing different model
variants on cataract surgery documentation. Results are shown for three key
document types: Admission Report, Surgery Record, and Discharge Summary. The

evaluation includes ChatGLM2-6B46, Baichuan-13B36, Qwen-220, Baichuan-13B-
SFT, andQwen2-7B-SFTmodels. Across allmetrics (BERTScore43, ROUGE-L42, and
BLEU41), the models show varying performance in generating accurate and relevant
medical documentation.
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model to learn these tasks better. Additionally, surgical records require
precise documentation of real-time procedural steps and intraoperative
findings, which poses greater challenges for automated generation com-
pared to the retrospective nature of discharge summaries. This finding
highlights the importance of considering the specific characteristics of tasks
and data availability when developing medical AI systems, as evidenced by
the consistent performance patterns observed across different model
architectures in our evaluation framework.

Notable Effect of LoRA Fine-tuning Technology. After applying the
LoRA (Low-Rank Adaptation)17 fine-tuning technique to the model, we
observed a notable performance improvement as shown in Fig. 2, particu-
larly when processing cataract-related texts (p = 0.031 for group perfor-
mance comparison). This improvement is mainly because cataract cases
comprise the largest portion of our training dataset. LoRA technology
enables efficient task adaptation by updating only a subset of the model
parameters. This method reduces the demand for computational resources
and effectively prevents overfitting, especially when dealing with domain-
specific tasks. The excellent performance on cataract cases, as demonstrated
in Fig. 2, further proves that LoRA can substantially enhance the model’s
performance on related tasks when there is sufficient domain-specific data.
Statistical analysis revealed significant differences between the fine-
tuned(Qwen2-7B-SFT) and baseline model(Qwen2-7B) across all metrics
(p < 0.005), confirming the effectiveness of our domain-specific adaptation
approach.

Impact of Disease Type onModel Performance. Among different types
of ophthalmic diseases, as shown in Fig. 3, the model performed best on
cataract-related texts, while its handling of retinal detachment was com-
paratively worse (p = 0.022 for between-group comparison). While BERT-
Score provides valuable insights into semantic similarity, incorporating

additional metrics such as BLEU for surface-level accuracy and ROUGE-L
for structural coherence would offer a more comprehensive evaluation of
model performance across disease types. Several reasons may explain the
observed performance difference:firstly, asmentioned earlier, cataract cases
makeup the largest portion of the training data, allowing themodel to better
learn the relevant patterns. Secondly, the diagnosis and treatment of cat-
aracts are relatively standardized, meaning the corresponding medical
recordsmay bemore consistent, making them easier for themodel to learn.
In contrast, retinal detachment cases may involve more complex and
variable conditions and treatments, leading to greater diversity in the rele-
vant texts, which poses more challenges for the model. This finding
emphasizes the need to balance the distribution of data across different
disease types in medical AI development to ensure performance across
various scenarios.

Impact of the RAG Model. We chose to focus on cataract cases for
demonstration, primarily because the model performed best when pro-
cessing cataract-related texts, while its performance on other ophthalmic
diseases was relatively consistent but not as strong as with cataracts. This
choice not only highlights the outcomes of our research but also simplifies
the presentation of results. After applyingRetrieval-AugmentedGeneration
(RAG) technology18, we observed a notable improvement in model per-
formance (p = 0.036 for groupperformancecomparison), as shown inFig. 4.
Specifically, RAG technology greatly enhanced themodel’s ability to handle
cataract-related tasks, with notable improvements in the quality, accuracy,
and relevance of the generated content. This substantial improvement,
demonstrated across all metrics in Fig. 4, validates RAG technology’s
effectiveness and lays a solid foundation for further research in the oph-
thalmology domain. Retrieval-Augmented Generation (RAG) imple-
mentation leverages Chroma as the vector database and BGE-Large-En19 as

Fig. 3 | Model performance evaluation on medical records for common oph-
thalmic diseases. BERTScore evaluation of different models on three types of
medical records tasks (AdmissionReport, SurgeryRecord, andDischarge Summary)
across four common ophthalmological conditions. The evaluation covers cataract,

glaucoma, retinal detachment, and diabetic retinopathy cases, showing consistent
performance advantages of fine-tuned models (Baichuan-13B-SFT and Qwen2-7B-
SFT) in ophthalmological medical record generation.
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the embedding model, integrating comprehensive hospital medical records
and professional medical terminology databases. The system processes
documents into 512-token chunks with 50-token overlaps, enabling precise
clinical knowledge retrieval. During inference, it retrieves the top 5 most
relevant documents and employs bge-reranker-large19 for result refinement,
markedly enhancing the model’s medical domain capabilities, as evidenced
by the performance metrics in Fig. 4.

Impact of Model Versions and Sizes on Performance.When evaluating
different versions of the Qwen model, we found that Qwen2-7B-instruct
performed the best among the models in our experiments, while Qwen1-
7B’s performance was relatively poor20. This difference reflects the impor-
tance of model architecture and pre-training methods. Qwen2-7B-instruct
may have employed more advanced training techniques, such as a larger
pre-training dataset, improved model structure, or more effective instruc-
tion fine-tuning methods21,22.

While larger models like Qwen-72B exist, we specifically focused on
models in the 7B-14B parameter range for several key reasons: (1) resource
constraints andpractical deployment considerations, as thesemodels offer a
better balance between performance and computational efficiency; (2) fair
comparison with other widely-used models of similar size in the field; and
(3) accessibility and reproducibility of our research, as models in this size
range are more accessible to the broader research community. Our choice
alignswith thepaper’s focuson resource-efficient architectures andpractical
applicability.

Our experiments also show that continuous experimentation and eva-
luationof newmodel versions are essential, as “newer isn’t always better”, and
model improvements are often gradual, requiring validation through real-
world tasks. This finding underscores the importance of selecting the
appropriate model version and size for optimizing performance in practical

applications, while considering the trade-offs between model capacity,
computational resources, and actual performance gains.

Prompt Design. When designing prompts tailored for ophthalmolo-
gists, several key considerations emerge as critical success factors. The
structured approach incorporating expertise level, task-specific instructions,
and standardized terminology greatly improves the quality and consistency
of day surgery diagnostic documentation. Maintaining clinical precision
while ensuring linguistic accessibility is essential in academic and profes-
sional communication. The explicit separation of bilateral eye conditions
and the emphasis on non-redundant examination procedures streamlines
the documentation process. By leveraging JSON formatting, the system
ensures data interoperability while preserving the semantic richness of
clinical observations. The inclusion of RAG-retrieved common terms and
examples provides ophthalmologists with contextually relevant reference
points, enhancing both accuracy and efficiency in diagnostic documenta-
tion. This carefully calibrated prompt structure balances the technical
requirements of ophthalmic practice with practical usability considerations.

Head-to-head model comparison and Best model/method. Fig. 5 uses
win rates to comparemodels—thismetric evaluates the direct head-to-head
winning percentage between each model combination on the same set of
samples. In other words, it measures the percentage of samples in which
Model A’s summary scored higher thanModel B’s summary. Through this
comparison, we found that the Qwen2-7B-SFT model performed the best
among the models we selected, achieving win rates of 0.74 against
ChatGLM2-6B, 0.71 against Baichuan-13B, 0.79 against Qwen-7B, 0.76
against Qwen2-7B, and 0.72 against Baichuan-13B-SFT. This consistent
performance across all head-to-head comparisons demonstrates the
superior capability of Qwen2-7B-SFT in generating high-quality medical
summaries.

Fig. 4 | Performance comparison of different Retrieval-Augmented Generation
(RAG) strategies. Performance comparison of different RAG strategies on three
types of medical records tasks (Admission Report, Surgery Record, and Discharge

Summary). The evaluation uses three metrics: BLEU, ROUGE-L, and BERTScore.
Results show that our RAG-enhanced models achieve consistent improvements
across different evaluation metrics and record types.
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Evaluation results of automated medical record generation
Our results demonstrate that the Qwen2-7B-SFT-RAG model, our best-
performing configuration, outperformed medical expert summaries across
all three summarization tasks. Statistical significance was determined using
theWilcoxon signed-rank testwithBonferroni correction. Tables 3, 4, and 5
present the detailed reader study results.

For admission records, the model achieved strong performance with
overall scores of 2.8 ± 2.8 for completeness (p = 0.023), 2.7 ± 2.9 for cor-
rectness (p = 0.031), and 3.2 ± 3.0 for conciseness (p = 0.007). The average
generation timewas 157 ± 41 s (including the time cost of user interactions),
demonstrating efficient document creation despite the variability in patient
presentations. Among individual sections, past history showed the highest

completeness score (3.1 ± 2.7, p = 0.009), while auxiliary examination
demonstrated the best conciseness (3.3 ± 2.5, p = 0.006). The chief com-
plaint section achieved balanced performance across all metrics.

Surgery records presentedunique challenges,withnotably lower scores
and higher variance. The overall scores were 1.7 ± 5.1 for completeness
(p = 0.008), 0.7 ± 3.8 for correctness (p = 0.042), and 0.6 ± 3.6 for concise-
ness (p = 0.038). Despite these quality challenges, generation times
remained efficient at 98 ± 22 s (including the time cost of user interactions),
the fastest among all document types. The intraoperative findings section
achieved the highest completeness score (2.6 ± 6.9, p = 0.005) despite large
variance. Notably, the intraoperative diagnosis section showed marginal
significance for conciseness (p = 0.054), failing to reach the significance
threshold.

Discharge summaries showed the strongest overall performance with
scores of 2.9 ± 3.0 for completeness (p = 0.019), 2.7 ± 3.4 for correctness
(p = 0.027), and 3.3 ± 3.4 for conciseness (p = 0.004). The generation time
(including the time cost of user interactions) of 164 ± 27 s reflected the
comprehensive nature of these documents, with the additional time
investment yielding the highest quality outputs across all document types.
The discharge instructions section demonstrated particularly strong com-
pleteness (3.1 ± 2.7,p = 0.008),while discharge status excelled in conciseness
(3.4 ± 4.2, p = 0.003). The treatment process showed consistent significance
across all metrics (p values: 0.021, 0.029, 0.007).

Fabricated information
We identified three distinct categories of fabricated information:
• Misinterpretations of ambiguity: Misunderstanding unclear parts of

the input.
• Factual inaccuracies:Modifying existing facts in away thatmakes them

incorrect.
• Hallucinations: Inventing information that is not supported by the

input text.

To systematically evaluate the clinical impact of summarization errors,
we then developed a structured questionnaire (Fig. 9) that assessed both the
quality differences between summaries and their potential clinical harm.
The questionnaire evaluated three key aspects: completeness of clinical
information, accuracy, and conciseness. Additionally, it incorporated a
harm assessment scale inspired by AHRQ guidelines to quantify the
potential clinical impact of using lower-quality summaries in standard
workflows. As demonstrated in Figs. 6 and 7, the results consistently show
lower error rates and harms for LLM-generated content compared to
human experts across all categories. These findings indicate that LLM-
generated summaries may potentially reduce error rates and associated
medical harm when implemented in clinical workflows, though careful
monitoring and validation would still be necessary.

Figure 8 illustrates the correlation between NLP metrics and physi-
cians’ preferences. These correlations were computed using the Spearman
correlation coefficient between the NLPmetrics scores and the reader score
magnitudes. For completeness, BLEU demonstrated the strongest correla-
tion (0.23) with physician preferences, while ROUGE-L and BERTScore
showed slightly lower correlations (0.20 and 0.19, respectively). For

Fig. 5 |Head-to-headwin rate comparisonmatrix betweendifferentmodels.Each
cell shows the win rate of the model on the y-axis against the model on the x-axis. A
win rate above 0.5 indicates that the y-axismodel outperforms the x-axismodelmore
frequently in direct comparisons. The color intensity corresponds to the win rate
magnitude, with darker red indicating higher win rates.

Table 3 | Reader evaluation scores for admission records
across different sections

Section Completeness Correctness Conciseness

Chief Complaint 3.0 ± 3.1* 2.9 ± 3.5* 3.3 ± 3.3**

Present Illness History 2.8 ± 3.4* 2.6 ± 3.8* 3.4 ± 4.2**

Past History 3.1 ± 2.7** 2.7 ± 2.8* 3.2 ± 2.6**

Physical Examination 2.9 ± 2.5* 2.9 ± 2.5* 3.0 ± 2.5*

Auxiliary Examination 2.6 ± 2.5* 2.6 ± 2.5* 3.3 ± 2.5**

Overall 2.8 ± 2.8* 2.7 ± 2.9* 3.2 ± 3.0**

Scores are presented as mean ± standard deviation.
*p < 0.05, **p < 0.01, Wilcoxon signed-rank test with Bonferroni correction.

Table 4 | Reader evaluation scores for surgery records across
different sections

Section Completeness Correctness Conciseness

Surgery Name 1.1 ± 1.7* 1.1 ± 3.7* 0.7 ± 2.6*

Intraoperative Diagnosis 1.6 ± 6.5** 0.6 ± 2.5* 0.6 ± 3.9

Intraoperative Findings 2.6 ± 6.9** 0.4 ± 4.8* 0.6 ± 4.4*

Overall 1.7 ± 5.1** 0.7 ± 3.8* 0.6 ± 3.6*

Scores are presented as mean ± standard deviation.
*p < 0.05, **p < 0.01, Wilcoxon signed-rank test with Bonferroni correction.

Table 5 | Reader evaluation scores for discharge summaries
across different sections

Section Completeness Correctness Conciseness

Treatment Process 3.0 ± 3.1* 2.9 ± 3.5* 3.3 ± 3.3**

Discharge Status 2.8 ± 3.4* 2.6 ± 3.8* 3.4 ± 4.2**

Discharge Instructions 3.1 ± 2.7** 2.7 ± 2.8* 3.2 ± 2.6**

Overall 2.9 ± 3.0* 2.7 ± 3.4* 3.3 ± 3.4**

Scores are presented as mean ± standard deviation.
*p < 0.05, **p < 0.01, Wilcoxon signed-rank test with Bonferroni correction.
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Fig. 6 | Harm assessment of model outputs by
board-certified ophthalmologists. Distribution of
harm assessment across likelihood and severity
classifications based on evaluations by five board-
certified ophthalmologists reviewing 100 paired
comparisons using the standardized questionnaire
(Tab. 9). Horizontal axes denote percentage from 0
to 100. Vertical axes present two pairs of compar-
isons: harm likelihood assessment (Human vs.
Model) and harm degree classification (Human vs.
Model). The assessment used AHRQ harm scale
metrics, with each category divided into three levels:
High/Severe or death (for likelihood/degree), Med-
ium/Mild, and Low/None, represented by different
shades in the bars.

Fig. 7 | Comparison of error rates between human
and LLM-generated medical text. Comparison of
error rates between human and large language
model (LLM) performance in text generation tasks.
The vertical axis represents error percentage from 0
to 10%. The horizontal axis presents four error
categories: Total unusable rate, Ambiguity mis-
interpretation, Factual inaccuracies, and Halluci-
nations. Yellow bars with dotted pattern represent
human error rates, while light coral bars with
crosshatched pattern represent LLM error rates.
Across all measured categories, LLMs demonstrate
consistently lower error rates compared to human
performance.

Fig. 8 | Correlation between automatic NLP
metrics and human reader preference scores.
Connecting NLP metrics and reader scores. Spear-
man correlation coefficients between quantitative
metrics and reader preference assess completeness,
correctness, and conciseness.
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correctness, ROUGE-L and BERTScore exhibited similar correlations
(around 0.17), while BLEU showed a lower correlation (0.07). For con-
ciseness, BERTScore achieved the highest correlation (0.23), followed by
ROUGE-L (0.19), with BLEU showing the lowest correlation (0.08).
However, the relatively lowmagnitude of these correlation values highlights
the necessity of incorporating clinical reader studies, in addition to NLP
metrics, to assess a model’s clinical readiness more accurately.

Discussion
Our AI-powered medical documentation system achieves breakthrough
performance through three core innovations: 1) Specialty-specific speech
recognition engine with 83.2% diagnostic term accuracy and 81.4% EMR
compatibility; 2) Clinical-NLP evaluation framework where AI-generated
content outperforms human experts in misinterpretation rates and factual
errors with an overall unusable rate of 6.4% compared to 7.8% for humans;
3) This framework provides healthcare institutions with NLP-clinical
integrated implementation guidelines while ensuring care quality through
intelligent automation, with admission record completeness and discharge
summary conciseness meeting clinical gold standards.

To validate the clinical viability of our voice recognition module, we
evaluated its performance across multiple dimensions. In assessing basic
transcription capabilities, the systemachieved 83.2% accuracy in processing
specialized ophthalmic terminology. While this indicates that a portion of
complex terms may be mistranscribed, this performance is considered
acceptable for clinical usage when viewed within the system’s intended role
as an assistive documentation tool. LAOS is not designed to be a fully
autonomous system but rather to generate a high-quality first draft that
undergoesmandatory review and correction by the clinician. This paradigm
shifts the physician’s task from laborious manual data entry to efficient
verification and editing. The 62.3% reduction in documentation time
afforded by the system provides clinicians with ample opportunity for this
crucial review step,making the overall workflowmore efficient thanmanual
documentation, which is also prone to human error. This clinical utility is
further supported by the system’s strong acoustic model performance,
which achieved 91.3% accuracy in controlled environments andmaintained
81.4% system compatibility with existing EMR systems.

To evaluate environmental adaptability, we implemented specific
noise-cancellation algorithms for clinical settings, which resulted in only a
12.1%performancedecrease in thepresenceof equipmentnoise andverified
seamless EMR integration with automated field population. To measure
clinical impact and user satisfaction, we found that 87.3% of clinicians
reported enhanced patient engagement, and the system achieved an overall
performance score of 84.1%, exceeding our predefined clinical viability
threshold. The system successfully enabled hands-free documentation
during procedures, allowing for comprehensive record creation while pre-
serving patient eye contact. Compared to previous research, such as the
general medical speech recognition system by Zhang et al.23 and Kumar’s
medical diagnostic speech module24, our ophthalmology-specific system
demonstrates superior performance in specialized terminology recognition
and greater stability in noisy clinical environments.

To validate our prompt design approach for ophthalmological AI
documentation assistance, we developed and evaluated a comprehensive
six-component structure. In assessing the fundamental design elements, we
established professional identity parameters ("You are a professional oph-
thalmologist”) to maintain medical authenticity and reduce non-clinical
language usage. To verify task-specific functionality, we implemented
focused instruction layers for day surgery documentation, ensuring high
accuracy in generating key fields such as present illness history and physical
examinationdata. The system incorporated structured guidelines, including
JSON formatting and bilateral eye documentation requirements, with
established default values for contralateral eye documentation (e.g., Right
eye visual acuity: 20/40(Snellen), clear conjunctiva, transparent cornea).

To evaluate the prompt design effectiveness, we conducted systematic
assessments across multiple dimensions. The technical performance vali-
dation utilized NLP metrics (BLEU, ROUGE-L, BERTScore) to measure

documentation linguistic quality, while head-to-head model comparisons
revealed superiority of our structured approach with win rates of
0.71–0.79%against baselinemodels. Tomeasure clinical viability, physician
assessments confirmed strong performance in documentation complete-
ness and discharge summary conciseness. This systematic validation
demonstrates that our prompt design successfully addresses ophthalmolo-
gical documentation challenges while maintaining high accuracy and clin-
ical utility. The results support the conclusions of Zaghir et al.25 and Awais
et al.26 that tailored prompt engineering principles enhance recognition of
specialized medical terminology in clinical settings.

To validate the effectiveness of our RAG implementation for oph-
thalmological documentation standardization, we developed a compre-
hensive terminology system with dual functionality. In assessing the
Common Terms and Examples sections, we established a standardized
medical terminology library encompassing eye conditions, physical exam-
ination findings, and specialist examination results, with systematic hand-
ling of unmentioned examinations through omission or default value
application. Comparative analysis revealed notable improvements in
cataract-related documentation to verify RAG performance enhancement
as illustrated in Fig. 4, with notable gains across evaluation metrics (BLEU,
ROUGE-L, BERTScore).

To evaluate the technical implementation, we utilized Chroma as the
vector database with the BGE-Large-En embedding model, processing
documents into 512-token chunks with 50-token overlaps for precise
clinical knowledge retrieval. The system demonstrated enhanced ability in
maintaining standardized terminology, particularly crucial for ophthal-
mological documentation’s precise anatomical descriptions and bilateral
examination findings. To measure documentation quality improvements,
we found the strongest enhancements in admission reports and discharge
summaries, confirming that our RAG-powered approach successfully
addresses the challenges of maintaining consistent medical terminology
while improvingboth technical performance and clinical utility. Building on
our RAG implementation for ophthalmological documentation, we
observed similar results to Sevgi et al.27, who demonstrated that custom
GPTs with retrieval capabilities markedly enhance medical information
delivery in specialized contexts. Our RAG-powered approach aligns with
Chen et al.’s EyeGPT findings14 that combining retrieval mechanisms with
domain-specific models substantially reduces hallucinations in specialized
ophthalmological content. This approach effectively addresses the domain-
specific terminology challenges identified in both studies, particularly for
standardizing bilateral eye documentation and maintaining consistent
anatomical descriptions across different document types.

Despite the clear benefits, implementing LLMs for clinical doc-
umentation presents some challenges. While our model demonstrated
lower error rates than human evaluators (3.5% vs 4.8% for ambiguity
misinterpretations, 2.8% vs 3.9% for factual inaccuracies, and 2.4% vs 2.7%
for hallucinations), with an overall unusable rate of 6.4% compared to 7.8%
for humans, these inaccuracies remain critical concerns in patient care
where precision is paramount. Equally important, our findings reveal sub-
stantial limitations in traditional NLP evaluation approaches. The low
correlations (approximately 0.2) between standard metrics (BLEU,
ROUGE-L, and BERT Score) and physician preferences demonstrate these
metrics’ inadequacy in capturing critical clinical aspects of documentation
quality. This disconnect underscoreswhy clinical reader studies are essential
—they provide nuanced assessment of clinical relevance, correctness, and
completeness that computationalmetrics alone cannotmeasure, whichwas
inconsistent with the previous study28. By integrating experienced physician
evaluation with traditional metrics, our framework ensures documentation
is assessed not merely for linguistic accuracy but for actual clinical utility,
establishing amore robust foundation for responsibleAI implementation in
healthcare documentation systems.

We have developed a clinically oriented evaluation framework for
LLM-generated medical documentation to address the limitations of tra-
ditional language metrics (BLEU, ROUGE-L, BERTScore) that show weak
correlation with clinical utility29. Our multi-dimensional system integrates
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quantitative measurements with physician assessments across complete-
ness, correctness, and conciseness.Validated in ophthalmology—a specialty
facing acute documentation challenges due to bilateral examinations and
specialized terminology—the framework revealed nuanced performance:
LLMs demonstrated lower potential medical error rates than human-
generated admission notes but weaker performance in surgery doc-
umentation. This highlights the necessity of specialty-specific evaluation
systems over generic benchmarks, suggesting that properly implemented
LLMs could enhance documentation quality while reducing workload,
provided their domain-specific capabilities are rigorously assessed.

While our study demonstrates the promise of LLMs in clinical doc-
umentation, it is important to recognize their limitations. The dataset used
in this study primarily focused on ophthalmology and specifically cataract-
related cases. Further research is needed to evaluate the performance of
LAOSand similar systems across a broader range ofmedical conditions and
specialties. Additionally, the system’s reliance on structured databases for
RAG-enhanced generation raises concerns about its adaptability in less
structured environments, where patient data may be incomplete or
unstructured. Future work should explore ways to improve the model’s
ability to handle such data, ensuring that LLMs are robust and applicable
across diverse clinical settings.

Due to computational cost constraints, our current implementation
utilizes the Qwen-7B model. While this model demonstrates promising
results, the potential benefits of largermodels like GPT-o130 and Claude 3.5
Sonnet31) remain to be explored. These more sophisticated models could
potentially offer enhanced performance in complex medical reasoning and
decision support tasks32, though their deployment would require careful
consideration of the computational resources and infrastructure
requirements.

Furthermore,while the reader studyprovided valuable insights into the
model’s performance, further validation with larger sample sizes and across
different healthcare systems is needed to ensure generalizability32. Incor-
porating real-time feedback from clinicians into the model’s training pro-
cess could further enhance its adaptability and accuracy in dynamic clinical
environments33.

In summary, despite the aforementioned limitations and the need
for future exploration, our pioneering clinical-linguistic evaluation
framework has already demonstrated transformative outcomes. Our
pioneering clinical-linguistic evaluation framework, the first to sys-
tematically validate voice-generated medical documentation through
dual NLP metrics and clinician audits, demonstrates transformative
outcomes: The AI system achieves 83.2% accuracy in specialized speech
recognition with 81.4% EMR compatibility, while reducing doc-
umentation errors by 33–50% compared to manual records. Clinically
validated metrics confirm superior documentation quality in admission
completeness and discharge conciseness. With an average generation
time of just 127 ± 31 s per document (including the time cost of user
interactions), the systemdemonstrates practical efficiency for real-world
clinical implementation. This dual-validation paradigm provides
healthcare institutions with an evidence-based implementation model
that reduces documentation burdens while ensuring compliance with
clinical standards through intelligent automation.

Methods
Ethics approval
The clinical reader study involved physician participation and was con-
ducted in accordance with the Declaration of Helsinki. Informed consent
was obtained from all participating physicians. This study protocol was
approved by the Institutional Review Board and Ethics Committee of
Shanghai General Hospital and complied with the tenets of the Declaration
of Helsinki(No.2024KS270).

System overview
We propose an integrated medical dialog system with retrieval-augmented
generation capability. The system consists of four main components: an

information collection and integration module, a rapid response and
adjustment module, a retrieval-augmented generation module, and a
reflection and summary module. The information collection module pro-
cesses user input, including task requirements and patient information, to
generate LLM-based queries. The rapid response module handles real-time
interactions while coordinating with the medical/template database for
knowledge retrieval. The retrieval-augmented generation module leverages
relevant medical texts and case histories to enhance response generation,
creating initial outputs that undergo iterative refinement through user
interaction. The reflection and summary module analyzes the interaction
process and outputs, providing structured documentation while main-
tainingmedical accuracy. This architecture enables dynamic, context-aware
medical dialog while ensuring response efficiency and clinical precision
through continuous feedback and refinement loops.

Voice-to-text module
The voice-to-text module in LAOS is built on the Paraformer framework, a
non-autoregressive, end-to-end voice recognition model renowned for its
efficiency and accuracy. To customize the system for ophthalmology, we
fine-tuned the pretrained Paraformer model using the Low-Rank Adapta-
tion (LoRA) technique. The fine-tuning dataset was a composite corpus,
including publicly available Mandarin speech datasets (e.g., AISHELL-1,
MagicData)34,35 and an extensive proprietary dataset of over 50 h of anno-
tated, de-identified ophthalmology-specific dictations from our hospital.
This proprietary speech corpus is predominantly in Mandarin (approxi-
mately 80%of spokenwords) but includes a considerable volume of English
medical terminology, drug names, and abbreviations, reflecting the
authentic linguistic patterns of clinical practice in our setting. This data
covered various clinical documentation types such as patient histories,
examinations, diagnoses, and treatment plans. The model architecture
integrates self-attention mechanisms with convolutional neural networks,
enabling effective feature extraction from raw audio inputs. To ensure
reliability in clinical settings, we implemented a two-stage noise reduction
pipeline: a spectral subtraction algorithm first mitigates stationary back-
ground noise, followed by a deep learning-based denoising autoencoder
trained to address non-stationary noise common in clinical environments.
The base Paraformer model inherently supports both Mandarin and Eng-
lish; to handle the code-switching frequently observed in clinical practice,
our fine-tuning process incorporated a targeted corpus of English medical
terminology, enhancing the model’s ability to accurately transcribe mixed-
language conversations. Seamless integration with existing electronic
medical record (EMR) systemswas achieved throughflexibleAPI interfaces,
facilitating automatic population of structureddatafields. The system’s real-
time transcription capabilities are enabled by Paraformer’s streaming pro-
cessing technology, ensuring minimal latency and enabling hands-free
documentation during clinical procedures. By focusing on these metho-
dological components, the voice-to-text module delivers robust, accurate,
and efficient clinical documentation tailored to the specific needs of oph-
thalmologists, thereby enhancing the overall workflow and reducing the
documentation burden.

LoRA and RAG configuration details
In our experiments, we conducted comparative evaluations using two
LLMs: Qwen2-7B20 and Baichuan-13B36. For basemodel inference, we used
a temperature of 0.1 to minimize output randomness while maintaining
some creative flexibility, with top-p = 0.9 and top-k = 40 for nucleus sam-
pling. Themaximum sequence length was set to 2048 tokens, with a sliding
context window of 1024 tokens for longer documents. For fine-tuning, we
employed theLoRA technique17witha learning rate of 1e-4 andbatch size of
128. The LoRA configuration included a rank of 8 and alpha value of 32,
applied to key attention modules including self-attention query-key-value,
dense layers, and feed-forward networks. The models were trained for 3
epochs with early stopping based on validation perplexity (PPL)37, using a
patience of 3 steps and aminimumPPL improvement threshold of 0.01.The
training dataset comprised 1,000 high-quality clinical cases. For the RAG
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implementation, we utilized Chroma38 as our vector database and BGE-
Large-En19 as the embedding model. Documents were processed into
chunks of 512 tokens with 50-token overlap. During inference, the system
retrieved the top 5 most relevant documents, which were subsequently
reranked using the bge-reranker-large model19. Early stopping was per-
formed on the validation split using token-level cross-entropy reported as
Perplexity (PPL); patience = 3 with a minimum improvement. PPL = 0.01.
The final model for each run is the checkpoint with the lowest
validation PPL.

Experimental hyperparameter tuning
We conducted extensive parameter tuning experiments to optimize the
system’s performance. For the LoRA adaptation, we tested rank values of 4,
8, 16, 32, and 64, with learning rates ranging from 1e-6 to 1e-4. After
systematic evaluation, rank=8 and learning rate = 1e-4 yielded the best
results. For the RAG component, we experimented with different retrieval
sizes (k = 2, 4, 6, 8) and chunk sizes (256, 512, 1024 tokens), ultimately
finding that k = 5 and 512 tokens provided the optimal balance between
accuracy and computational efficiency.We also tested various overlap ratios
(30, 50, 100 tokens) for document chunking, with 50 tokens showing the
best performance. The embedding model selection was determined after
comparing BGE-Large-En with alternatives such as all-MiniLM-L6-v2 and
all-mpnet-base-v2, where BGE-Large-En demonstrated superior perfor-
mance in medical context understanding. Among candidate LoRA (rank,
learning rate) and RAG (k, chunk size, overlap) configurations, we selected
the setting whose best checkpoint (by validation PPL) achieved the highest
mean ROUGE-L on the validation split across the three document types;
BLEUandBERTScorewere used as secondarymetrics and tie-breakers. The
test split was reserved exclusively for final reporting.

Prompt refinement
Our prompt design represents a carefully crafted approach to medical AI
assistance, specifically tailored for ophthalmological documentation. The
six-component structure was developed through extensive analysis of
clinical workflows and real-world physician feedback. The design begins by
establishing professional identity ("You are a professional ophthalmolo-
gist”), which we found crucial for maintaining medical authenticity and
reducing non-clinical language. The task-specific instruction layer focuses
the model’s attention on day surgery documentation—a particularly chal-
lenging area where accuracy and consistency are crucial. We implemented
structured guidelines, including JSON formatting and bilateral eye separa-
tion requirements, based on actual pain points reported by practicing
ophthalmologists who often struggle with documentation standardization.
The inclusion of RAG-powered Common Terms and Examples sections
serves dual purposes: it grounds the model’s responses in established
medical terminology while providing real-world context from verified
clinical cases. This design notably reduced hallucination rates in our testing,
particularly for complex cases involving multiple eye conditions. The
hierarchical structure mirrors the cognitive process of clinical decision-
making, helping themodelmaintainprofessional standardswhile delivering
practical, usable documentation. For fair comparison, all models used the
same structured prompt, without model-specific optimization.While some
modelsmay benefit from tailored prompt engineering, using a standardized
prompt structure ensures consistent evaluation across different model
architectures.

Quantitative metrics
To scientifically assess the quality of generated text, we developed an
automated evaluation framework that systematically compares the
generated medical text with real texts from a database that belong to the
same disease category and task type. We collected and curated a large
amount of real medical texts from clinical practice as evaluation
benchmarks, ensuring comprehensive evaluation by strictly matching
disease categories and task types39. This standardized evaluationmethod
not only guarantees the normativity and reproducibility of the

evaluation process but also ensures the reliability and comparability of
the evaluation results40.

In practice, we constructed a standardized evaluation corpus based on
clinical data from our hospital, covering four common diseases and three
core medical tasks (with each disease-task pairing containing 200 de-
identified real samples)1.During evaluation, the generated text is pairedwith
reference texts for analysis, and three complementary evaluation metrics—
BLEU41, ROUGE-L42, and BERT Score43—are used for multidimensional
quantitative assessment.

The BLEU score41 calculates precision using N-grams, primarily asses-
sing the degree of similarity between the generated text and the reference text
in terms of word sequence matching. By analyzing the co-occurrence fre-
quency of word groups of different lengths, this metric effectively measures
text accuracy and fluency. ROUGE-L42, based on the Longest Common
Subsequence algorithm, calculates recall and precision to better reflect the
semantic coherence and completeness of the text. Compared to traditional
ROUGE-N metrics, ROUGE-L is less sensitive to changes in word order,
making it more suitable for evaluating paraphrased expressions.

BERT Score43, an evaluation method based on a pre-trained language
model, uses the contextual representation capabilities of the BERTmodel to
compute semantic similarity between texts. Its advantage lies in capturing
deep semantic connections, going beyond the limitations of surface-level
word matching. By calculating the cosine similarity between word vectors,
BERT Score can more accurately identify synonymous and semantically
equivalent expressions.

The combined use of these three evaluation metrics enables a com-
prehensive assessment from lexical, syntactic, and semantic levels37. For the
highly specialized field of medical texts, precise evaluation is especially
critical, as it requires not only accurate language expression but also proper
use of professional terminology and medical concepts44. Through multi-
dimensional comparative analysis with real medical texts, we can more
objectively evaluate the performance of the generation system and provide
reliable quantitative evidence for model optimization.

Dataset details
Our study utilized several distinct, de-identified datasets formodel training,
knowledge retrieval, and evaluation, ensuring a robust and reproducible
methodology. The datasets were sourced from the Department of Oph-
thalmology at Shanghai General Hospital under IRB approval. From our
dataset consisting of ophthalmic medical records, we curated high-quality
data for model training and evaluation. For admission reports, we used
1000 samples for training, 200 for validation, and 200 for testing. Surgery
records comprised 800 training samples, 150 validation samples, and 150
test samples. Discharge summaries included 1000 training samples, 200
validation samples, and 200 test samples. The test sets were carefully held
out andused consistently across all experiments. Allfigures report results on
these same test sets to ensure fair comparisonacrossdifferentmodel variants
and RAG strategies. This rigorous data splitting strategy helps establish
reliable performance benchmarks while preventing data leakage between
the training and evaluation phases.

RAG knowledge base
The “relevant medical knowledge” component of the LAOS system (see
Figure 1) is powered by a comprehensive RAG knowledge base designed to
provide the LLM with real-time, contextually appropriate medical infor-
mation. This knowledge base was constructed from two primary sources:
• Historical Clinical Records:A large, de-identified corpus of over 10,000

historical ElectronicHealth Records (EHRs) from our institution. This
dataset includes a wide variety of cases, providing the model with
extensive examples of clinical documentation styles, disease presenta-
tions, and treatment pathways.

• Professional Medical Resources: A curated collection of standardized
medical knowledge, including ophthalmological terminology data-
bases, excerpts from authoritative ophthalmology textbooks, and
official clinical practice guidelines.
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• Structural Templates and Institutional Formats: A collection of stan-
dardized structural templates used within our hospital. This includes
the required sections and formatting for specific clinical documents,
ensuring the LLM’s output is compatible with our EHR system’s data
entry requirements.

The textual data within this knowledge base is primarily in Man-
darin(approximately 80%), which constitutes the main narrative of the
clinical records. However, it is richly interspersed with English, which is
used for most specialized medical terminology, drug names, and stan-
dardized abbreviations. This combined corpus was processed into
searchable chunks and indexed in the Chroma vector database. This
allows the RAG system to retrieve highly relevant clinical precedents,
standardized terminology, and guideline-based information during the
generation process, grounding the model’s output in established
medical facts.

Fine-tuning and evaluation datasets
Tofine-tune the LLMs and conduct ourfinal evaluations,we curated ahigh-
quality, focused dataset consisting of three key clinical document types. This
dataset was carefully separated from the RAG knowledge base to prevent
data leakage. The documents were manually reviewed and annotated to
create gold-standard references for our quantitative and clinical evaluations.
• Admission Reports (N= 300): Capturing the patient’s initial evalua-

tion, history, and preliminary diagnostics.

• SurgeryRecords (N = 250):Detailing technical surgical procedures, pre-
operative assessments, and post-operative care.

• Discharge Summaries (N = 300): Documenting treatment outcomes,
medications, and follow-up instructions.

For each document type, we established a clear data split. For instance,
the 300 admission reports were divided into a training set (200), a validation
set (50) for hyperparameter tuning, and a held-out test set (50) used
exclusively for reporting the final results. The same proportional split was
applied to the surgery records and discharge summaries. This rigorous
separation ensures that the model’s performance is evaluated on data it has
not previously seen in any form.

Clinical Evaluations of results with real-world data
Our system workflow (Fig. 1) implemented single-pass evaluation without
iterative human corrections to enable direct output comparisons. The
clinical evaluation framework incorporated two complementary assessment
approaches. The Voice-to-Text Clinical Evaluation Scale (Table 6) sys-
tematically evaluated speech recognition capabilities across accuracy, effi-
ciency, and system performance, while the clinical documentation
assessment (Fig. 9) engaged five board-certified ophthalmologists in
reviewing 100 paired comparisons between AI and expert-generated sum-
maries. Using a standardized five-point Likert scale, the documentation
assessment examined clinical completeness, accuracy, and information
efficiency. The framework incorporatedAHRQharm scalemetrics to assess

Table 6 | Voice-to-Text Clinical Evaluation Scale (V2T-CES) Assessment Framework

V2T-CES Assessment Items

Evaluation Criteria Rating Scale

I. Accuracy Dimension

1. How well does the system recognize specialized ophthalmological terminology compared to general medical terms? □ □ □ □ □

1 2 3 4 5

2. How effectively does the system automatically correct errors caused by accent variations or speech rate changes? □ □ □ □ □

1 2 3 4 5

3. How accurately does the system transcribe speech in noisy clinical environments (operating rooms, patient areas)? □ □ □ □ □

1 2 3 4 5

II. Efficiency Dimension

4.Does the systemachieve at least 50% time savings compared tomanual keyboard input for documentation? (≥50% time savings vs.manual input) □ □ □ □ □

1 2 3 4 5

5. How much does the system reduce the need for manual confirmation and correction of transcribed text? □ □ □ □ □

1 2 3 4 5

6. How well does the system automatically populate structured EMR fields from voice input? □ □ □ □ □

1 2 3 4 5

III. System Performance

7. How effectively does the system use clinical context to correct transcription errors and improve accuracy? □ □ □ □ □

1 2 3 4 5

8. How seamlessly does the system integrate with existing EMR workflows without disrupting clinical operations? □ □ □ □ □

1 2 3 4 5

9. How well does the system support hands-free operation during patient examinations and procedures? □ □ □ □ □

1 2 3 4 5

IV. Overall Assessment

10. Overall, how much does this system optimize your clinical documentation workflow compared to current methods? □ □ □ □ □

1 2 3 4 5

Scoring Metrics:
• Accuracy Index = (Q1+Q2+Q3)/15 × 100.
• Efficiency Index = (Q4+Q5+Q6)/15 × 100.
• System Compatibility Index = (Q7+Q8+Q9)/15 × 100.
Threshold Values: Individual ≥ 80: Clinically viable45; Composite ≥ 85: Replacement potential.
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potential harm severity and probability. All documentation underwent
formatting standardization before comparison to enable consistent eva-
luation of technical performance and clinical utility.

Connecting quantitative and clinical evaluations
Wenext calculated the correlation betweenNLPmetrics and clinical reader
scores, as shown in Fig. 8. It’s important to note that these tools assess
different aspects: NLP metrics evaluate the similarity between two sum-
maries, while reader scores determine which summary is superior. For
instance, if two summaries are identical,NLPmetricswould give the highest
possible score (100), whereas clinical readers would assign a score of 0 to
indicate equivalence. As the reader score increases, indicating greater dis-
similarity between the summaries, the corresponding NLP metric score
decreases. Therefore, the correlation values were calculated using Spearman
correlation coefficients between theNLPmetric scores and themagnitudeof
the reader scores. Since these features are inversely correlated,wedisplay the
negative correlation coefficient values for clarity.

Case study
To evaluate the model’s performance in real clinical scenarios, we present a
comparative analysis between LLM-generated and human expert-written
medical records (Table 7, Figs. 10 and 11). The case involves a 5-year history
of progressive visiondecline in the left eye, complicated byhypertension and
diabetes. The LLM demonstrated competence in maintaining the essential
medical information structure while showing both strengths and

limitations. As shown in Fig. 10, the model successfully identified and
corrected a clinical documentation error made by the medical expert
(highlighted in red). However, Fig. 11 reveals that the LLM-generated text
exhibits some verbosity and includes potentially unnecessary elaborations
(marked in green). Additionally, certain concise but clinically relevant
details present in the expert’s version were omitted in the model’s output
(indicated in purple), suggesting room for improvement in information
preservation and conciseness.

Statistical analysis and reproducibility
Given the non-parametric, categorical nature of the data, we evaluated the
statistical significance of the responses using theWilcoxon signed-rank test
with a type I error rate set at 0.05, adjusted for multiple comparisons using
Bonferroni correction. Intra-reader correlationwas estimatedusing amean-
rating, fixed-agreement, two-way mixed-effects model, calculated with the
Pingouin package. Qualitative insights were collected through reader
comments for further analysis.

For the quantitative experiments, we selected a sample size of 250
to balance dataset constraints and computing resource costs. For the
clinical reader study, 100 comparisons per reader per task were con-
ducted within an estimated 10-h timeframe. Given the novelty of these
models and their application to new tasks, no prior effect size was
available to guide our sample size estimation. However, these sample
sizes proved sufficient to yield statistically significant results across
various task and attribute combinations. The robustness of our

Fig. 9 | The clinical evaluation questionnaire for assessing summary quality and safety. Clinical evaluational questionnaire comparing two summaries (A and B) across
three dimensions: clinical information completeness, accuracy, and conciseness. The questionnaire also includes assessment of potential harm based on AHRQ guidelines.

Table 7 | Clinical Case Documentation Generated by Large Language Model

Components Clinical Documentation

Chief Complaint Painless, progressive decline in left eye vision for 5 years.

Present Illness Patient experienced blurred vision in left eye 5 years ago without obvious cause. Vision deterioration was gradual, without pain or distension.
Currently reports notable visual impairment affecting daily life. Medical history includeswell-controlled hypertension and diabetes. No history of
high myopia.

Physical Examination Right Eye: Visual acuity 0.1, cortical lens opacity, scattered vitreous opacities, clear disc margin with flat retina, IOP 10.5mmHg.

Left Eye: Visual acuity 0.05, significant cortical and nuclear lens opacity, scattered vitreous opacities, clear disc margin with flat retina, IOP
11.3mmHg.

Assessment Pre-operative ophthalmological and systemic examinations for left eye cataract surgery reveal no contraindications.
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experiments was strengthened by using six distinct datasets. We
minimized output randomness by setting the LLMs’ temperature
parameter close to zero. All codes are publicly available at https://
github.com/XWF-AntHos/LAOS. Internally, reproducibility was
confirmed by obtaining similar results across all datasets, with ver-
ification on the smallest dataset requiring minimal computational
resources.

For randomization and blinding, we randomly selected test samples
and divided the remaining data into training and validation sets. In the
clinical reader study, A/B comparisons were displayed in a randomized

order, with formatting differences standardized throughpost-processing for
capitalization, punctuation, and line breaks.Nodatawere excluded from the
analyses.

Data availability
The datasets generated and analyzed during the current study are not
publicly available due to patient privacy and confidentiality restrictions
imposed by the hospital ethics committee. De-identified data may be made
available from the corresponding author upon reasonable request and with
permission from the institutional review board.

Fig. 10 | Example of the LLM correcting a clinical error in medical documenta-
tion. Comparative analysis of medical documentation: Example showing where the
LLM model demonstrated superior performance by identifying and correcting a
clinical error (Red marking indicates the expert’s documentation mistake). This

highlights the model’s capability in maintaining clinical accuracy and potentially
serving as a verification tool. Performance metrics comparing the LLM output
against the medical expert’s documentation: BLEU: 0.3623, ROUGE-L: 0.6369,
BERTScore: 0.8945.

Fig. 11 | Example of LLM limitations, including verbosity and omission of key
information. Detailed analysis of LLM model’s documentation limitations: Areas
marked in Green indicate verbose or unnecessary content elaboration, while Purple
highlights instances where the model omitted concise but clinically crucial

information present in the expert’s version, demonstrating the trade-off between
completeness and conciseness in automated documentation. Performance metrics
comparing the LLM output against the medical expert’s documentation: BLEU:
0.1936, ROUGE-L: 0.3053, BERTScore: 0.9025.
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Code availability
The underlying code for this study is available in github and can be accessed
via this link: https://github.com/XWF-AntHos/LAOS.
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