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ABSTRACT Accurate clinical speech recognition remains challenging because rapid pronunciation,
domain-specific terminology, and background noise often degrade automatic speech recognition and sub-
sequent medical record generation. This study proposes a multi-stage intelligent documentation framework
that integrates a 12-layer Conformer architecture, BERT-BiLSTM-CRF semantic modeling, and BART-
based structured text generation. The Conformer encoder captures both local acoustic characteristics and
long-range contextual dependencies, while the semantic module performs medical entity recognition and
normalization to enhance terminology consistency. The extracted information is subsequently incorporated
into a BART generator with clinical knowledge prompts to produce standardized SOAP-compliant medical
records. Experimental results demonstrate a word error rate of 6.3%, medical term accuracy of 95.8%,
low response latency of approximately 940-960 ms, and generation quality approaching physician-written
records. Beyond clinical documentation, the proposed framework illustrates the effectiveness of deep
time-frequency feature extraction and contextual sequence modeling for complex noisy signals, offering
methodological insights for electromagnetic signal interpretation, antenna measurement data processing,
and intelligent information extraction in propagation-related applications.

INDEX TERMS clinical speech recognition, conformer architecture, intelligent medical record genera-

tion, semantic feature extraction, electromagnetic signal processing

I. INTRODUCTION

LINICAL speech capture is vital for improving doc-
C umentation efficiency in smart healthcare [1,2]. How-
ever, traditional ASR systems [3,4], trained on general cor-
pora, struggle in clinical settings due to dense terminology,
rapid speech, colloquial expressions, noise, and accents [5].
These challenges lead to high error rates in recognizing key
medical entities, undermining the accuracy and usability of
generated records [6,7]. The high-precision and robust clin-
ical speech processing framework developed in this study
possesses significant potential for cross-domain transfer. In
the context of intelligent upgrading in the industry, scenarios
such as noise control in production environments, verbal
instruction delivery for complex processes, and rapid voice
input of quality inspection results face similar challenges to
the clinical environment—namely, the need to accurately
identify technical terms and generate structured records
under noise interference. The Conformer architecture em-
ployed in this system, with its keen ability to capture local
features and its backend semantic understanding and gener-
ation process that integrates domain knowledge, provides a
feasible technical paradigm for developing intelligent voice
interaction and automated report generation systems suitable
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for workshops. This offers important reference value for
promoting the digitalization and intelligentization of the
industry.

This paper presents a clinical speech-to-medical-record
system based on the Conformer architecture to address
inaccurate terminology recognition and semantic distortion
in medical ASR. The Conformer-Transducer model serves
as the acoustic front-end, leveraging convolutional modules
and self-attention with relative position encoding to capture
local acoustic patterns and improve discrimination of con-
fusable medical terms. A multi-stage integration pipeline
then integrates BERT-BiLSTM-CRF for medical entity
recognition and UMLS terminology normalization, while
a BART-large model generates SOAP-compliant records
using learnable clinical knowledge prompts and template-
driven constraints. By converting SOAP structures into
sequence constraints, the system ensures compliance with
electronic medical record standards. The proposed approach
demonstrates Conformer’s superiority in local feature sensi-
tivity and contextual modeling, offering a reusable technical
paradigm for intelligent clinical documentation.
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Il. RELATED WORK

Automatic speech recognition technology has evolved over
the past few decades from the traditional GMM (Gaussian
Mixture Model)-HMM (Hidden Markov Model) system to a
deep, multi-stage integration architecture [8]. Early systems
[9] relied on a cascade structure of acoustic, pronunciation,
and language models, with limited modeling capabilities
and inconsistent optimization goals. With the rise of deep
neural networks, deep belief networks, and recurrent neural
networks [10,11], these models have been widely used
for acoustic modeling to improve recognition performance.
In recent years, multi-stage integration models based on
attention mechanisms have become mainstream, and the
Listen-Attend-Spell [12] and Transformer [13] architectures
have achieved direct mapping of speech sequences to text.
However, pure attention mechanisms exhibit high computa-
tional complexity when processing long speech sequences,
and their ability to model local time-frequency features
is limited, which can easily lead to the misrecognition
of short-term phonemes. To address this shortcoming, the
Conformer model [14,15] combines the local perception
characteristics of convolutional neural networks with the
global context modeling advantages of the Transformer. It
enhances frame-level feature extraction by utilizing convo-
lutional modules. It uses multihead self-attention of relative
position encoding to capture long-distance dependencies,
achieving leading performance on benchmark datasets such
as LibriSpeech. Conformer-Transducer [16] further supports
streaming recognition and expands its application in real-
time scenarios.

Some work has adopted dictionary weighting or pro-
nunciation dictionary expansion strategies to enhance the
recognition ability of drug names and disease names; how-
ever, it is challenging to address unregistered words and
pronunciation variations [17]. Another method type utilizes
transfer learning [18,19] to fine-tune pre-trained models
on medical speech data, achieving progress on multiple
datasets. However, the model structure is not optimized for
the high term density and short-term acoustic changes of
medical speech, resulting in a high error rate in key entity
recognition. In recent years, a small number of studies
have attempted to apply Transformer [20] or Conformer
architectures to process speech, but have not conducted
an in-depth analysis of the collaborative mechanism of
convolution and attention modules in medical terminology
modeling. In addition, most systems only output raw text,
lacking semantic understanding and structured processing of
recognition results, making it difficult to generate documents
that meet electronic medical record standards directly [21].
In the area of intelligent medical record generation [22,23],
early systems relied on template filling and rule engines,
resulting in limited flexibility. Recent research has employed
Seq2Seq (Sequence-to-Sequence) models [24,25] for multi-
stage integration generation; however, these systems often
rely on human-generated text as input and lack a deep
coupling with the speech recognition frontend, resulting in
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error propagation.

lil. METHOD
A. OVERALL SYSTEM ARCHITECTURE
Figure 1 shows the overall system architecture.

Figure 1 illustrates the multi-stage integration workflow
of the Conformer architecture-based system for generating
intelligent medical records from clinical speech. The sys-
tem input is the physician’s spoken clinical speech. After
audio preprocessing, an 80-dimensional Mel-spectrogram is
extracted and fed into a Conformer-Transducer model for
speech recognition. This model utilizes a 12-layer stack
of Conformer blocks, combined with a multi-head self-
attention mechanism and depthwise separable convolutions,
to jointly model the short-term acoustic features and long-
range semantic dependencies of medical terms, and outputs
preliminary ASR text.

The semantic understanding layer performs multi-level
processing on the ASR [26,27] text: first, a spelling correc-
tion module based on Levenshtein distance is used to correct
terminology misrecognition; then the BERT-BiLSTM-CRF
model is used to perform medical named entity recognition,
covering 12 types of clinical entities such as diseases,
drugs, and dosages, and standardized mapping is performed
through the UMLS and ICD-10 terminology systems to
generate structured semantic representations.

B. CLINICAL SPEECH RECOGNITION BASED ON
CONFORMER-TRANSDUCER

The multi-head self-attention mechanism uses relative po-
sition encoding to enhance the model’s ability to model
the temporal relationships between phonemes in speech
sequences. Let the input sequence be x € R7*4, where T is
the time step and d is the feature dimension. The attention
output is:

KT T
Attention(Q, K, V) = softmaX<M> vV o

Vdy,

The convolution module uses a depth-wise separable one-
dimensional convolution with a kernel size of 15 and a
gated linear unit activation function to enhance the ability
to extract local speech patterns. Its calculation form is:

ConvModule(X) = (X * Weony) @ 0(X * Waate) (2)

In formula (2), ® represents element-by-element multi-
plication, and o is the sigmoid function, which implements
the gating mechanism. The feedforward network adopts a
two-layer fully connected structure, with a hidden layer
dimension of 2048 and an activation function of Swish,
which is in the form of:

FFN(X) = SWISh(XWl + b1)W2 + by 3)

All submodules are trained using residual connections and
layer normalization to stabilize the training process:
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FIGURE 1. Overall architecture of this system

Xout = LayerNorm(X + Dropout(Sublayer(X))) (4)

The entire model uses the RNN (Recurrent Neural
Network)-Transducer loss function to achieve multi-stage
integration alignment of the input acoustic frame sequence
and the output symbol sequence without forced synchro-
nization. The Transducer loss is defined as:

L1vansducer = — IOg Z p(Z | {E) (5)
2€2* (z,y)

In formula (5), Z* is the set of all alignment paths
corresponding to the target sequence y, and p(z | x) is
determined by the conditional probability output by the joint
network:

Py | 1575 $5754) = Sofemae (W; 1" 521 + ;) (©)

u—1 u—1

In formula (6), h{" represents the encoder hidden state,
and sgrf'f represents the state of the prediction network at

the previous moment.

C. MEDICAL TEXT POST-PROCESSING AND SEMANTIC
UNDERSTANDING

Medical terminology error correction based on Levenshtein
distance. ASR output text often misrecognizes medical
terms due to similar pronunciations. To this end, we con-
structed a medical terminology dictionary, Dy,eq, Which
contains approximately 15,000 standard terms, including
ICD-10, generic drug names, and commonly used clinical
abbreviations. For each word w in the ASR output that does
not match in the dictionary, we calculate its Levenshtein edit
distance with all candidate words ¢ in Dy,eq:

LD(wy:i—1,c1:5) + 1, deletion

LD(w,c) = min ¢ LD(wy.4,¢1.5-1) + 1, insertion
LD(w1:5—1,c¢1:5—1) + I(w; # ¢;), substitution
(7

In formula (7), a candidate set with similar LD(w, c)
lengths is selected, and the maximum probability item is
selected as the correction result in combination with the
n-gram language model, effectively reducing the misrecog-
nition rate of homophones and near-phones.
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A BERT-BIiLSTM-CRF hybrid architecture is used for
fine-grained medical entity recognition [28-29]. The input is
the corrected text, which is then segmented by WordPiece
and fed into the Chinese clinical pre-trained model BERT-
wwm-ext-med to obtain the contextualized word vector
representation H = [hy,...,h,] € R™ < Then it is fed
into the BiLSTM to further extract sequence features:

— —
h t = LSTMforward(hta h tfl) (8)
— —
h t = LSTMbackward (ht7 h t+1) (9)
—
St:[ht; ht] (10)

The label transfer relationship is modeled through the
conditional random field layer, and the optimal label se-
quence is output:

y* = argm?jlxz (Ayt_l,yt + Wytst) an
t=1

Distance similarity is edited:

LD(m,c)

Sedit(m, ¢) =1 — max(|m|, |c])

12)

Semantic similarity: Using the medical semantic encoder
trained with SimCSE (Simple Contrastive Learning of Sen-
tence Embeddings) to calculate the cosine similarity:

E(m)TE(c)

ECIEE] )

Ssem (ma C) =

Comprehensive score:

Sﬁnal(ma C) = aSedit(my C) + (1 - O‘)Ssem(my C) (14)

D. INTELLIGENT MEDICAL RECORD GENERATION
MODEL BASED ON BART

The model input is an enhanced representation that com-
bines the original speech recognition text with medical
semantic annotations. The input sequence is constructed as
follows:
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Tinput = [[CLS]] + tasr + [SEP] + exgr + [SEP] (15)

In formula (15), taggr is the text word sequence output
by ASR, and enggr is the corresponding NER annotation
sequence. The modal information is isolated by special
separators, enabling the encoder to jointly model the original
speech text and structured semantic features.

During the generation phase, the model organizes output
according to the standard SOAP template [30,31] to ensure
that the generated medical records meet the structural re-
quirements of the Electronic Medical Record Application
Management Specifications. To enhance the clinical compli-
ance and structural consistency of the generated text, a clin-
ical knowledge prompt mechanism is applied. A learnable
text prompt is added to the front end of the input sequence.
This prompt is embedded in the input as a task instruction,
guiding the model to activate relevant knowledge pathways
and improve compliance with medical logic, terminology
usage, and format constraints. During the fine-tuning phase,
a teacher forcing strategy is adopted, that is, a left-shifted
version of the true target sequence is used at the decoder
input to maximize the conditional log-likelihood:

T
Lgcn - — Z IOgP(yt ‘ Y<t, Tinput; 9) (16)
t=1
The output of the last layer of the BART [32-33] decoder
is linearly projected and calculated with Softmax:

p(y:) = Softmax(Wy hiec) (17)

In formula (17), h{ is the decoder’s hidden state at step
t, and Wy € RV*? is the vocabulary projection matrix.

The interface of the clinical speech-to-intelligent medical
record generation system is shown in Figure 2. This clinical
knowledge prompting mechanism is essentially a "soft-
guided" method based on a continuous vector space. The
specific generation and injection logic of the prompt vectors
is as follows: First, based on the NER results in the current
input text, the system retrieves UMLS Metathesaurus to
obtain the SNOMED-CT unique identifiers and semantic
types of relevant concepts. Then, these discrete, standardized
concepts are encoded into learnable continuous vectors,
which are concatenated with the input sequence as prompt
prefixes. During model training and inference, these prompt
vectors are not immutable hard constraints, but rather
dynamically guided by the BART model’s cross-attention
mechanism to favor activating the semantic space related to
the prompt concepts when generating corresponding para-
graphs. Specifically, during generation, the model calculates
the attention weight between the decoder’s hidden state
and the prompt vector. This weight implicitly adjusts the
probability distribution of the output words, shifting them
towards a subset of terms related to the prompt concepts,
thus achieving structured and standardized generation while
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maintaining a certain degree of generation flexibility. This
method is optimized through supervised fine-tuning after
pre-training, ensuring a balance between the effectiveness of
knowledge guidance and the fluency of model generation.

IV. EXPERIMENTAL SETUP

A. DATASET CONSTRUCTION AND DIVISION

The data used in this study are collected through a multi-
center collaboration across five Class-A tertiary hospitals.
It encompasses physician spoken speech from real-world
clinical settings and the corresponding standard electronic
medical record text. This study was approved by the Ethics
Committee of The First Affiliated Hospital of Hebei North
University, and was performed in accordance with the
principles of the Declaration of Helsinki. All eligible par-
ticipants signed an informed consent form. The data totals
1,200 hours of raw speech data, collected using standard
hospital-issued directional microphones with a uniform sam-
pling rate of 16 kHz, 16-bit quantization, and monophonic
storage. The recordings are collected from eight core clini-
cal departments: Cardiology, Respiratory and Critical Care
Medicine, Gastroenterology, General Surgery, Orthopedics,
Emergency Medicine, Obstetrics and Gynecology, and Neu-
rology. The speech duration is evenly distributed across
departments, ensuring the model’s generalizability to diverse
terminology and speech patterns.

All speech and text data are de-identified in strict compli-
ance with the Measures for the Ethical Review of Biomed-
ical Research Involving Human Subjects and the Personal
Information Protection Law. Direct identifiers such as pa-
tient names, ID numbers, and phone numbers are removed,
and physician identities are anonymized. Speech engineers
and medical quality control personnel then conducted a
joint quality screening process, excluding recordings with
a signal-to-noise ratio below 5 dB, severe distortion, in-
termittent speech, or non-monologue speech. Ultimately,
1,000 hours of high-quality, aligned speech-to-text paired
data are retained. The dataset is divided into a training set
(800 hours), a validation set (100 hours), and a test set
(100 hours) in an 8:1:1 ratio based on time independence
to ensure objectivity and generalizability of the evaluation
results.

The sample information of the dataset is shown in Table
1.
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Cardiology | Attending Physician °

Patient male, 65 years old, presenting with " recurrent chest pain for 2 weeks, worsened over the past day". The pain is located in the

precordial area , described as pressing in nature.

Structured Medical Record Generation (SOAP Format)

Subjective

Patient is a| 65year-old male |, presenting with *| recurrent che
worsened over the past day". The [ pain | is located in the | precordial area |,
described as | pressing | in nature, lasting s-10minutes  per episode,

associated with physical activity, and relieved by rest. Denies symptoms
such as fever Or cough

for 2 weeks,

ment Auto-generated 2 seconds ago

Objective Auto-generated 2 seconds ago
T365C , P78bpm , R18breaths/min , BP145/90mmHg . Alertand oriented ,

clear breath sounds bilaterally , N0 dry orwetrales  detected.

Cardiac dullness within normal limits , heart rate 78 bpm , regular thythm ,

o murmurs heard over any valve areas

Plan
1. Diagnostic Tests: | Electrocardiogram (ECG) |, | Cardiac Enzyme Panel |,

Coronary CTA

2. Medications:

3. Follow-up: Retum to cardiology clinic in 1 week

FIGURE 2. System interface

TABLE 1. Distribution of medical record entity data samples

Entity Training set Validation set Test set Total
Disease 42,150 5,269 5,268 52,687
Symptoms 38,760 4,845 4,842 48,447
Signs 29,840 3,730 3,730 37,300
Medication 33,680 4,210 4,210 42,100
Surgery 18,560 2,320 2,320 23,200
Test 31,240 3,905 3,905 39,050
Anatomic Site 26,720 3,340 3,340 33,400
Time 24,800 3,100 3,100 31,000
Dose 19,360 2,420 2,420 24,200
Frequency 16,480 2,060 2,060 20,600
Route 14,720 1,840 1,840 18,400
Negative 12,480 1,560 1,560 15,600

B. MODEL IMPLEMENTATION AND TRAINING
CONFIGURATION

The ASR model [34,35] adopts the Conformer-Transducer
architecture, the Noam optimizer is used as the optimizer,
the initial learning rate is set to 4 x 10™4, and the learning
rate is dynamically adjusted according to Ir = dr_ng'dil .
min(step™05, step-warmup~!-5) with the number of train-
ing steps. The number of steps warmup is 8,000, the batch
size is 32, and the total number of training rounds is 30
epochs. The medical NER model is based on the BERT-
BiLSTM-CRF architecture and uses the AdamW optimizer.
The model has a learning rate of 3 x 1072, a batch size
of 16, a maximum sequence length of 512, and is trained
for 50 epochs. An early stopping mechanism (patience =
10) is applied to prevent overfitting. The BART medical
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record generation model also uses the AdamW optimizer, a
learning rate of 3 x 107>, 20 epochs of training, and a batch
size of 16. In the generation phase, beam search decoding
is used with a beam width of 5, a length penalty factor of
1.0, and a maximum output length limit of 512 tokens to
ensure that the generated medical records are complete and
well-structured.

The detailed hardware configuration of this computing
cluster is as follows: each computing node is equipped
with eight NVIDIA A100 PCle 80GB GPUs, intercon-
nected via a PCle 4.0 bus; nodes are connected via a
high-speed InfiniBand network (HDR 200Gb/s) to support
efficient distributed data-parallel training. All model training
is performed in this environment, ensuring computational
efficiency and stability for large-scale parameter updates.

C. EVALUATION METRICS

For speech recognition, the Word Error Rate (WER) is used
as the core metric to measure the edit distance between
the recognized text and the reference text. The calculation
formula is:

S+D+1

WER = x 100% (18)

In formula (18), S is the number of substitution errors, D
is the number of deletions, I is the number of insertions, and
N is the total number of words in the reference text. MTA
is defined as the ratio of the number of key medical terms
correctly recognized in the ASR output to the total number
of key medical terms in the reference text. It is calculated
based on a predefined term dictionary containing 12 core
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clinical entities, including diseases, drugs, and examinations.
The calculation process involves first performing the same
medical named entity recognition (NER) on the ASR output
and the reference text. Then, the exact match

Number of Correctly Recognized Medical Terms accu-
racy is calculated for only the terms in the dictionary:

MTA — Correctly recognized medical terms

Total medical terms in reference
x 100%.

Compared to the standard NER F1 score, MTA focuses on
assessing the complete and accurate transcription of key
medical entities in the multi-stage integration speech-to-text
process. NER FI1 typically assesses the recognition quality
of entity boundaries and types in plain text. In the medical
named entity recognition task, Precision, Recall, and F1-
score are used for evaluation:

.. TP
Precision = m (19)
TP
l= ——-— 2
Reca TPLFN (20)

Pl 2 - Precision - Recall

21
Precision + Recall @D

In the term normalization task, the top-1 accuracy and
top-3 accuracy are used to evaluate the normalization effect.
In the quality assessment of medical record generation, the
automatic evaluation metrics ROUGE-L (Recall-Oriented
Understudy for Gisting Evaluation - Longest Common Sub-
sequence), BLEU-4 (Bidirectional Encoder Representations
from Transformers), and METEOR (Metric for Evalua-
tion of Translation with Explicit Ordering) are used. The
ROUGE-L calculation formula is:

(1+ 3% - LCS(X,Y)
m-n

In formula (22), LCS(X,Y) is the length of the longest
common subsequence between the generated text and the
reference text, and m and n are their respective lengths.

A manual evaluation is conducted by 30 attending physi-
cians with more than 5 years of clinical experience who
performed double-blind scoring (1-5 points) on the gen-
erated medical records. The evaluation criteria included
content completeness, medical accuracy, structural standard-
ization, and language readability. For system performance,
the P95 value of multi-stage integration response latency
is measured to reflect the system’s real-time performance.
The System Usability Scale (SUS) is used to assess user
experience. The SUS consists of 10 questions, each scored
on a scale of 1-5. The total SUS score is calculated by
subtracting 1 from the score of odd-numbered questions and
5 from the score of even-numbered questions. The sum is
then multiplied by 2.5, resulting in a score range of 0-100.

To ensure fairness in the comparison, all baseline models
were evaluated on the same dataset split. Whisper-Large and

ROUGE-L = (22)
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Whisper-Tiny were supervised end-to-end fine-tuned on the
1000-hour Chinese clinical speech training set constructed
in this paper using their official pre-trained models, with a
greedy decoding strategy. XLS-R (0.3B parameter version)
was also fine-tuned using the same training set based on
its multilingual pretrained weights. Google USM (General
Speech Model) was evaluated based on its publicly avail-
able checkpoints pre-trained on medically relevant speech
data, without additional fine-tuning, to test its out-of-the-
box domain adaptability, with decoding using default beam
search (beam size=5). The commercial system Abridge was
called through its official API interface, inputting the same
test set audio to obtain its generated clinical summary text,
representing the current performance level of closed-source
systems in the industry. The word error rate (WER) of all
models was calculated using the same text normalization
process.

V. RESULTS AND ANALYSIS

A. SPEECH RECOGNITION PERFORMANCE ANALYSIS
This paper compares Conformer-Transducer with Deep-
Speech 2, Transformer-Transducer, XLS-R (Self-supervised
Cross-lingual Speech Representation Learning), Whisper-
Tiny, Whisper-Large, and Google USM (Universal Speech
Model) to analyze speech recognition performance. The
results are shown in Figure 3.

The Conformer-Transducer outperformed mainstream
models in clinical speech recognition tasks, achieving a
low WER of 6.3% and an MTA of 95.8%, demonstrat-
ing its superior acoustic modeling and semantic alignment
capabilities in dense medical terminology scenarios. Com-
pared to DeepSpeech 2 (WER 14.9%, MTA 74.2%), this
model’s advantage stems from its deeply optimized multi-
stage integration architecture and precise capture of long-
term context, which avoids the vanishing gradient problem
of RNNs. Compared to the Transformer-Transducer (9.8%,
85.1%), the Conformer’s convolutional modules enhance its
ability to extract short-term acoustic features, effectively
alleviating the problems of pronunciation compression and
connected speech in medical terminology.

The data are grouped and analyzed by department cate-
gory and doctor title, and the generalization ability of speech
recognition is tested using WER. The results are shown in
Figure 4.

From a departmental perspective, Conformer-Transducer
achieved the lowest WER across all departments, demon-
strating excellent cross-disciplinary generalization. The
emergency department had the highest WER (7.2%), due
to its rapid speech rate, fragmented expressions, and high
background noise, which placed the highest demands on
model robustness. Obstetrics and gynecology, cardiology,
and gastroenterology performed the best (6.2%, 6.1%, and
6.0%, respectively), likely due to their relatively stan-
dardized terminology and moderate speech rates. Among
the compared models, DeepSpeech 2 performed the worst
across all departments (>14.4%), demonstrating that RNN
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FIGURE 4. Generalization capability of speech recognition: (a) Department category; (b) Doctor title

architectures struggle to adapt to the high variability of
medical speech. Whisper-Large and Google USM performed
similarly, but Conformer maintained its lead, demonstrat-
ing that specialized architectures can outperform general-
purpose large models with sufficient fine-tuning. The perfor-
mance of each model declined consistently in the emergency
department and general surgery, reflecting the recognition
challenges in surgical and emergency scenarios. Conformer,
leveraging its convolutional module’s sensitivity to localized
acoustic mutations, effectively mitigated recognition bias
caused by differences in pronunciation patterns between
different departmental terms, validating its robustness in
multi-department deployments.

Different signal-to-noise ratio environments are set to
analyze the recognition performance of the model in this
paper. The results are shown in Table 2.

TABLE 2. Effect of signal-to-noise ratio on recognition performance

SNR (Signal-to-Noise Ratio) (dB) WER (%) MTA (%)
-5 15.6 82.3
0 12.1 86.7
5 9.8 89.4
10 7.5 93.1
15 6.6 94.7
20 6.1 95.3
30 6.0 95.6
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The Conformer-Transducer demonstrates good noise ro-
bustness across varying SNR environments. Recognition
performance steadily improves with increasing SNR, main-
taining usable accuracy even under low SNR conditions.
When the SNR is -5 dB (strong noise), the WER is 15.6%
and the MTA is 82.3%, demonstrating that the convolutional
module’s ability to model local acoustic features effectively
suppresses some noise interference. As the SNR increases
to 10 dB, the WER drops rapidly to 7.5%, while the MTA
reaches 93.1%, approaching the recognition performance
achieved in real-world clinical quiet environments.

B. MEDICAL NER AND TERM NORMALIZATION
RESULTS
This paper uses BERT-BiLSTM-CREF to automatically iden-
tify and classify "entities" from medical texts. The entity
recognition performance is shown in Figure 5.
Experimental results show that the BERT-BiLSTM-CRF
model used in this paper achieves optimal performance in
the medical named entity recognition task, achieving an
Fl-score of 0.933, outperforming all competing models.
Its Precision (94.3%) and Recall (92.4%) are both leading,
demonstrating that the model achieves both high accuracy
and coverage in entity boundary identification and category
classification. In comparison, BloBERT (Biomedical BERT)
(F1=0.912) and ClinicalBERT (0.916), while possessing
strong semantic representation capabilities based on do-
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FIGURE 5. Entity recognition performance: (a) Comparison of different models; (b) Confusion matrix of BERT-BiLSTM-CRF

main pre-training, employ a direct Softmax classification
head, which can lead to missed recognition or misclas-
sification when handling nested entities and ambiguous
terms. PubMedBERT performs similarly (F1=0.915), but
lacks sequential dependency modeling and therefore un-
derperforms in modeling the continuity of long entities.
DeBERTa-v3 (Decoding-enhanced BERT with disentangled
attention)+CRF improves to 0.925 by enhancing the atten-
tion mechanism, but still falls short of the proposed model.
This suggests that the application of BiLSTM on top of
BERT further captures the dynamic nature of word order,
while the CRF layer effectively models label transition
constraints, suppressing the output of illegal label sequences.
This cascaded structure leverages the triplet of pre-trained
semantics, sequence context, and label syntax, offering
significant advantages in processing complex semantic com-
binations and contributing to its leading performance.

Terminology normalization maps colloquial expressions
to standard medical concepts. The top-1 accuracy reflects the
accuracy of the preferred match, while the top-3 accuracy
reflects the error tolerance of the candidate. This ensures the
correctness of non-standard expressions, improves semantic
consistency, and enhances the reliability of subsequent clin-
ical decisions. The results of terminology normalization are
shown in Figure 6.

Note: The edit distance of this method is Levenshtein,
and the edit distance is matched with the SimCSE semantic
vector, using a weighted fusion strategy (0.4 x edit similarity
+ 0.6xsemantic similarity). The "edit distance + SimCSE
semantic matching" method outperforms comparable meth-
ods in term normalization tasks, achieving a Top-1 accuracy
of 88.9% and a Top-3 accuracy of 93.6%. Traditional
methods performed poorly due to their inability to han-
dle synonymous expressions and semantic generalization.
MetaMap and ScispaCy rely on rules and shallow semantics,
limiting their ability to handle nonstandard abbreviations
and contextual ambiguity.

C. QUALITY ASSESSMENT OF INTELLIGENT MEDICAL
RECORD GENERATION

The quality of intelligent medical record generation is
evaluated using ROUGE-L, BLEU-4, and METEOR. The
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comparison results of medical record generation quality are
shown in Figure 7.

The BART model comprehensively outperformed com-
peting models in the intelligent medical record generation
task, achieving a ROUGE-L score of 74.3%, surpassing
Seq2Seq (65.4%) and BioGPT (Biomedical Generative Pre-
trained Transformer) (70.9%). This demonstrates the highest
degree of match between the generated text and the refer-
ence medical records in terms of n-gram overlap and longest
common subsequence. Based on a bidirectional encoder-
autoregressive decoder architecture, BART fully models the
contextual semantics of the input speech text and generates
structurally coherent SOAP records. The manual evaluation
results are shown in Table 3.

TABLE 3. Manual evaluation results

Dimensions This paper method Attending physician t value p value

Content completeness 4.32 + 0.58 4.51 + 0.52 2276 0.006
Medical accuracy 4.28 + 0.61 4.47 + 0.55 -2.63 0.009
Structural standardization 4.41 + 0.53 4.49 + 0.50 -1.87 0.063
Language readability 4.15 + 0.64 4.38 + 0.57 -2.94 0.004

This manual assessment was conducted in a double-blind
manner by 30 attending physicians with more than 5 years
of clinical experience. Each physician assessed 50 records
from the system-generated medical records and 50 records
from a reference medical record written by another senior
physician, for a total of 3000 records assessed (1500 from
the system and 1500 from the reference). A 5-point Likert
scale was used for scoring, and the final score was the
mean and standard deviation of all physicians’ scores. Table
3 shows the comparison of scores between the system-
generated and reference medical records across various
dimensions.

Manual evaluation results showed that the proposed
method is close to the writing level of attending physi-
cians in all dimensions, and the differences are clinically
acceptable. In terms of content completeness and medical
accuracy, the system scored 4.32 and 4.28, respectively.
Although slightly lower than manual evaluation (p < 0.01),
the gap is small, indicating that the system can effectively
cover key clinical information and maintain medical cor-
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rectness. There is no significant difference in structural
standardization (p = 0.063), indicating that the BART model
successfully followed the SOAP template and the output
format is standardized. The language readability score is
relatively low (4.15), mainly due to the presence of a
small amount of redundant expressions and terminology
stacking in the text generated by the system, which affected
reading fluency. Overall, the system has good usability while
retaining medical rigor, especially in terms of structured
expression, and can serve as an efficient auxiliary tool for
clinical documents.

D. SYSTEM RESPONSE AND CLINICAL USABILITY

Abridge is a voice summarization system for doctor-patient
conversations. It automatically generates clinical summaries
after consultations, supports mobile devices, and emphasizes
information extraction and readability. The system proposed
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in this paper is compared with the Abridge system, and the
comparison results are shown in Figure 8.

Our system outperformed Abridge across all physician
qualification groups, with a multi-stage integration latency
of 940-960 ms, compared to Abridge’s 1,280-1,320 ms.
This advantage stems from our system’s local deploy-
ment and lightweight model optimization: the Conformer-
Transducer is accelerated through dynamic batching, and
the BART generation model uses a caching and pruning
strategy, significantly reducing inference time. Abridge, on
the other hand, relies on the cloud for voice upload, pro-
cessing, and return, and is affected by network round-trip
latency, server queue scheduling, and multi-tenant resource
competition, resulting in slower responses. Although the
speaking speed and expression complexity of doctors with
different qualifications vary slightly, the latency fluctuation
is less than 20 ms, indicating that the system performance is
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stable and not significantly affected by user characteristics.
The low latency feature supports real-time voice feedback,
improving the fluency of physician use, and has a clear
engineering advantage, especially in time-sensitive scenarios
such as emergency rooms.

VI. CONCLUSION

This study presents a clinical speech-to-structured medical
record system based on the Conformer architecture. The
three-stage pipeline achieves efficient conversion through:
1) the Conformer-Transducer for accurate acoustic model-
ing of medical terminology, 2) terminology correction and
entity recognition using BERT-BiLSTM-CRF for semantic
understanding, and 3) the BART generator with SOAP
templates and knowledge prompts for standardized record
generation. The system achieves a 6.3% WER, accurately
extracts 12 clinical entity types, and generates records com-
parable to physician-level quality. This work establishes a
domain adaptation paradigm for medical speech recognition
and provides a scalable technical framework for intelligent
medical documentation systems.

The multi-stage integrated architecture employed in this
study, while achieving modular decoupling and collaborative
optimization, also carries the potential risk of error propa-
gation along the processing chain. To mitigate the impact
of errors in preceding modules on subsequent tasks, error
correction and enhancement mechanisms were introduced at
key interfaces during system design: a terminology spelling
correction module based on edit distance and a medical
dictionary was set up between ASR and NER; between
NER and generation, UMLS normalization and semantic
similarity matching were used to improve the robustness of
entity mapping; finally, the BART generation model, with its
powerful context modeling capabilities, was able to recover
and generate coherent, structured text from noisy input to
a certain extent. Nevertheless, error propagation remains a
problem that requires continuous attention and optimization
for such serial systems.
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