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Abstract—Medical transcription (MT) plays a critical role in
clinical documentation, but traditional workflows are labor-
intensive, error-prone, and time-consuming. Artificial intelligence
(AI)—especially automatic speech recognition (ASR) and natural
language processing (NLP)—has transformed transcription into a
fast, scalable, and more accurate process. This paper reviews the
evolution, methodologies, applications, accuracy considerations,
limitations, and future directions of Al-based medical
transcription. The findings show that Al-driven transcription can
significantly reduce documentation time and improve clinical
efficiency, though challenges regarding accuracy, privacy, and
domain adaptation remain.
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IINTRODUCTION

Clinical documentation is essential for patient care, legal
compliance, billing, and communication among healthcare
providers. Historically, medical transcriptionists converted
clinicians’ dictated notes into written records. With increasing
documentation burdens, Al-based automated transcription has
emerged as a promising solution (Artificial Intelligence—
Powered Documentation Systems, 2023). Al systems now
perform tasks such as audio-to-text conversion, semantic
structuring, and extraction of medical terminology . These
systems reduce clinician workload, minimize transcription
delays, and improve record quality [1]

II. BACKGROUND

A. Traditional Medical Transcription Traditional MT involves
dictation, manual typing, and extensive review. Issues include
delayed turnaround, workforce costs, and inconsistent quality

(2]

B. Emergence of Al in Transcription Advances in deep
learning, neural ASR models, and transformer-based NLP have
resulted in real-time transcription systems with enhanced
contextual understanding [3]. Models contain complex medical
terminology.

1. AI TECHNIQUES IN MEDICAL TRANSCRIPTION

A. Automatic Speech Recognition (ASR)
Al-driven ASR uses recurrent neural networks,
convolutional networks, and transformer-based architectures
[4]. Effective clinical ASR must handle

accents, speech variability, and noisy environments [5].
Medical ASR engines have demonstrated strong benchmark
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performance but still vary by specialty (Emergency ASR
Comparative Study, 2022).

B. Natural Language Processing (NLP)
NLP enhances transcription by:

Understanding context,

Structuring documents (e.g., HPI,
ROS, Assessment),

Detecting errors,

Improving readability,

Mapping terms to clinical ontology’s
(ICD-10, SNOMED CT).

C. Large Language Models (LLMs)
LLMs can:

Auto-format clinical notes,
Summarize patient encounters,
Distinguish speakers,

Identify key clinical entities,
Generate high-quality structured
documentation.

IV .APPLICATIONS OF AI-BASED MEDICAL
TRANSCRIPTION

A. REAL-TIME SCRIBING

Al “virtual scribe” systems capture conversations during patient
encounters and instantly produce documentation.

B. POST-VISIT TRANSCRIPTION

Recordings are uploaded, and Al systems generate transcripts
for clinician review.

C. RADIOLOGY AND PATHOLOGY REPORTING

Specialized ASR models
structured dictations.

efficiently handle repetitive,

D. INTEGRATION WITH EHR SYSTEMS

Al transcription tools integrate directly with electronic health
record (EHR) platforms, automatically populating fields.
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V. BENEFITS
A. INCREASED EFFICIENCY
Al reduces transcription time from hours to seconds.
B. CoST REDUCTION

Automated transcription reduces dependency on human
transcriptionists.

C. IMPROVED ACCURACY

Modern ASR systems exceed 90-95% accuracy in controlled
environments, approaching human-level transcription.

D. REDUCED CLINICIAN BURNOUT

Al-based documentation reduces administrative burden—a
key contributor to clinician burnout.

VI CHALLENGES AND LIMITATIONS
A. Speech Variability

Accents, speed, and background noise still degrade ASR
accuracy.

B. Medical Terminology Errors

Rare diseases, new drugs, and abbreviations may be mis-
transcribed.

C. Data Privacy &amp; Security

Compliance with HIPAA, GDPR, and local regulations is
essential. On-device or encrypted processing is often required.

D. Need for Human Oversight

Human review ensures correctness, especially for legal and
medico-legal documentation.

E. Bias and Domain Adaptation

Models may underperform for certain populations or specialties
without specific training data.

VII. EVALUATION METRICS

Common metrics used to evaluate Al transcription
performance:

A. Word Error Rate (WER) —

standard metric for ASR accuracy.

B. Character Error Rate (CER) —

useful for short utterances.

C. Concept Error Rate —

checks accuracy of key medical concepts.
D. Semantic Similarity Scores —

measure overall clinical correctness.
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VIII. FUTURE DIRECTIONS
A. Multimodal Al

Combining audio, clinical notes, and patient context to
enhance accuracy.

B. Personalized ASR

Models trained on individual clinicians’ voice patterns and
vocabulary.

C. Fully Autonomous Documentation

LLMs will generate structured notes without explicit dictation.
D. On-device and Edge Computing

Improves privacy by eliminating cloud transmission.

E. Regulatory Frameworks

Standards for safe deployment of Al-driven clinical
transcription systems.

IX. CONCLUSION

Al-driven medical transcription significantly enhances clinical
documentation with faster processing, improved accuracy, and
reduced clinician workload. While technological and regulatory
challenges remain, continued advancements in ASR and NLP
are rapidly transforming Al transcription into a reliable,
mainstream clinical tool. Integration of AI with EHRs,
enhanced domain adaptation, and improved privacy models
will define the next stage of evolution in this field.

REFERENCES

[1] LeeTY,LiCC, Chou KR, Chung MH, Hsiao ST, Guo SL, Hung LY, Wu
HT. Machine learning-based speech recognition system for nursing
documentation - A pilot study. Int J Med Inform. 2023 Oct;178:105213.
doi: 10.1016/j.ijmedinf.2023.105213. Epub 2023 Sep 9. Erratum in: Int J
Med Inform. 2024 Jul;187:105471. doi: 10.1016/j.ijmedinf.2024.105471.
PMID: 37690224.

[2]1 NgJIW, Wang E, Zhou X, Zhou KX, Goh CXL, Sim GZN, Tan HK, Goh
SSN, Ng QX. Evaluating the performance of artificial intelligence-based
speech recognition for clinical documentation: a systematic review. BMC
Med Inform Decis Mak. 2025 Jul 1;25(1):236. doi: 10.1186/s12911-025-
03061-0. PMID: 40598136; PMCID: PMC12220090.

[3] Adedeji, A., Joshi, S., & Doohan, B. (2024). The Sound of Healthcare:
Improving Medical Transcription ASR Accuracy with Large Language
Models. ArXiv, abs/2402.07658.

[4] Hinton, G., Deng, L., Yu, D., Dahl, G. E., Mohamed, A., Jaitly, N., Senior,
A., Vanhoucke, V., Nguyen, P., Kingsbury, B., &amp; Sainath, T. N.
(2012). Deep neural networks for acoustic modeling in speec recognition.
IEEE Signal Processing Magazine, 29(6), 82-97.
https://doi.org/10.1109/MSP.2012.2205597

[5] Hou SY, Wu YL, Chen KC, Chang TA, Hsu YM, Chuang SJ, Chang Y,
Hsu KC. Code-Switching Automatic Speech Recognition for Nursing
Record Documentation: System Development and Evaluation. JMIR
Nurs. 2022 Dec 7;5(1):¢37562. doi: 10.2196/37562. PMID: 36476781;
PMCID: PMC9773023.

Page 2

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



