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Abstract Automated Speech Recognition (ASR) systems can reduce cognitive load and improve efficiency in
medical documentation. This study evaluates Whisper and Wav2Vec2 PT for transcribing medical histories in
Brazilian Portuguese. Using real audio-text pairs recorded by specialists and nonspecialists, we assess model
performance across speaker profiles. We explore decoding with n-gram language models and post-processing with a
BERT-based classifier to correct common spelling errors. Additionally, we apply large language models (LLMs)
for text style transfer (TST), converting transcriptions into structured medical anamneses through prompt-based
methods. Results show that Whisper outperforms Wav2Vec2 PT overall. The BERT-based correction model
improves transcription accuracy, especially when applied after normalization. Among the LLMs tested, Mistral
produced the most consistent and structured outputs. These findings demonstrate the potential of combining ASR
with language model enhancements for medical documentation, while also highlighting ongoing challenges in clinical

ASR.
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1 Introduction

The conventional approach to medical history collection is
a time-consuming task that places a considerable burden on
healthcare professionals [Chiu ef al., 2017]. According to
Hapvida NotreDame Intermédica!, documenting a patient’s
medical history can take up to half of the total consultation
time. Despite the effort invested, these records may still
lack essential details, increasing the risk of incomplete or
inaccurate diagnoses.

Additionally, medical histories often exhibit variations in
format, structure, and content, making it challenging to stan-
dardize and share information among different healthcare
providers. Another difficulty is that, during consultations, pro-
fessionals may find it hard to retain all critical details shared
by patients. These issues emphasize the need for solutions
that enhance efficiency, standardization, and accessibility in
the medical history documentation process.

To mitigate these challenges, automatic speech recognition
(ASR) stands out as a promising alternative. ASR technology
enables the conversion of spoken language into written text
through computational models, leveraging techniques such as
pattern recognition and artificial intelligence [Reddy, 1976].
While pre-trained audio encoders like Wav2Vec2 [Baevski
et al., 2020; Schneider ef al., 2019] and Jasper [Li et al.,
2019] have demonstrated their ability to capture high-quality
speech representations, their general-purpose training often
necessitates fine-tuning for specialized applications, such
as medical history transcription. However, this fine-tuning
process can be intricate, requiring domain expertise and a

"https://www.hapvida.com.br/site/

sufficiently large dataset containing audio-text pairs relevant
to the specific language and field. In the case of medical
histories in Brazilian Portuguese, the scarcity of such datasets
makes this adaptation particularly challenging.

Ideally, ASR models should generalize effectively across
multiple domains without requiring supervised fine-tuning
for each deployment scenario. To investigate this capability
in the medical context, we establish a benchmark focusing
on real audio and text data from medical histories. We use
two datasets, one recorded by nonspecialists and another by
specialist medical science students, with a more precise pro-
nunciation. This benchmark enables us to evaluate ASR
models in different scenarios, including advanced language
models like Whisper.

Our study identified several challenges in Portuguese med-
ical transcription, particularly issues arising from phonetic
similarities (e.g., “SS” vs. “S”) and silent letters such as
“H,” which contribute to transcription errors in ASR models.
The presence of medical abbreviations (e.g., “FC” for fre-
quéncia cardiaca—heart rate) and measurement units (e.g.,
“bpm” for batimentos por minuto—Dbeats per minute) further
complicates the task. Additionally, while a doctor might ver-
bally state, “the patient presents a heart rate of 90 beats per
minute,” it is common for medical records to document this
information in a more concise format, such as “HR: 90 bpm”.

These challenges highlight the importance of accurate de-
coding by ASR models or post-processing of transcriptions
for Brazilian Portuguese in the clinical field, where precise
documentation of medical histories is essential for legal ad-
herence. To tackle issues stemming from complex medical
terminology and improve the transcription of patient history
recordings, we perform a comparative analysis of Whisper
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and Wav2Vec2. Additionally, to ensure the transcription
of clinical terms is both accurate and contextually meaning-
ful, we improve the decoding process of the ASR models by
incorporating language models to refine and correct the tran-
scriptions. We also explore post-processing strategies using
language models to enhance the accuracy and refinement of
ASR transcriptions. There is a difference between decoding
and post-processing strategies. The decoding strategy is in-
corporated into the ASR model, while the post-processing
strategy is applied after the model’s execution.

Another challenge mentioned before in using ASR models
is the lack of consistency in the transcriptions. To the best
of the authors’ knowledge, there is no universal standard for
medical reports. However, doctors generally prefer transcrip-
tions that detail a patient’s disease history, medical exami-
nations, and related information. Therefore, in addition to
exploring strategies to improve the decoding/post-processing
phase, we also investigate how to transform the transcription
style produced by ASR models into a format similar to struc-
tured anamneses. This is a well-known challenge in Natural
Language Processing (NLP) known as Text Style Transfer
(TST), which seeks to convert text from one style to another
while preserving the original content and ensuring the fluency
of the transformed text [Lai et al., 2024].

This work significantly extends our previous study
[Gongalves et al., 2024] with the following contributions:
(1) In addition to exploring decoding techniques using lan-
guage models, such as n-gram, we investigate an alternative
post-processing approach using a BERT-based model for to-
ken classification. This model specifically targets common
ASR transcription errors involving digraphs, like “SS,” “RR,”
“SC,” and silent “H” at the beginning of words. Consequently,
the model is trained to predict these spelling errors classes:
“SS,” “RR,” “SC,” and “H”; (2) We evaluated the use of
LLMs through prompt engineering to convert ASR-generated
transcriptions into well-structured anamneses, encompassing
comprehensive details of patient conditions, diagnostic exam-
inations, and treatment plans; (3) We expanded the related
work section; (4) And finally, we conducted more compre-
hensive experiments to validate our approach.

The rest of this article is organized as follows. Section 2
presents the main related works. Section 3 explains the data,
evaluation metrics, and methods used. Section 4 discusses
our experimental results. Finally, Section 5 summarizes this
work and proposes future directions.

2 Related Work

We organize this section into two main topics: ASR models
and methods for decoding and post-processing (after ASR
models) enhancements, and approaches using LLMs for text
style transfer.

ASR models and methods for decoding/post-processing
enhancements. This section presents an overview of key
studies that align with our research. Various ASR techniques
have been examined within the medical field, such as the
study by [Lee et al., 2023], which evaluated the effectiveness
of a machine learning-based speech recognition system in
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reducing the documentation workload for nurses in a psychi-
atric ward. Conducted at Cheng Hsin General Hospital in
Taiwan, the study compared documentation time and error
rates between speech recognition and keyboard-based input.
The results demonstrated that the system processed 30,112
words in 32,456 seconds, with recognition accuracy improv-
ing from 87.06% to 95.07% over four sessions. Despite these
advancements, errors persisted, highlighting the need for fur-
ther refinement to enhance the system’s reliability in clinical
environments.

Similarly, [Paats ef al., 2018] investigated the impact of
different language models on an Estonian ASR system used
in clinical settings. Initially, the system relied on a Gaussian
Mixture Model (GMM) for acoustic modeling but later tran-
sitioned to a Deep Neural Network (DNN) approach. The
adaptation process involved training the acoustic model with
domain-specific data and fine-tuning the language model
using spoken data. Testing with 11 radiologists dictating
219 reports showed notable improvements, reducing the av-
erage word error rate (WER) from 18.4% to 5.8%. While
these findings demonstrate a significant enhancement in ASR
performance, they also emphasize the continued need for
domain-specific adaptation and error reduction.

Enhancing ASR transcription accuracy remains a critical
concern due to the risks associated with errors in clinical
speech recognition, as noted in studies such as [Chiu ef al.,
2017; Kar et al., 2021; Sullivan et al., 2022]. Beyond fine-
tuning, researchers have explored additional techniques, in-
cluding integrating language models to refine ASR outputs—a
strategy that aligns with our approach in this work.

For instance, [Chiu ef al., 2017] examined two method-
ologies for developing speech recognition models: one uti-
lizing recurrent neural networks with connectionist temporal
classification (CTC) and another based on Listen, Attend,
and Spell (LAS) models. The CTC-based system employed
context-dependent phoneme outputs, n-gram language mod-
els, and pronunciation dictionaries, with decoding performed
via a finite-state transducer (FST). Both unidirectional and
bidirectional CTC models were trained, yielding a WER of
20.1%, while the LAS model achieved a slightly lower WER
of 18.3%.

Further, [Kar et al., 2021] proposed an approach for extract-
ing medical information from audio recordings in critical care
scenarios. Their method incorporated multi-style training and
noise reduction techniques while integrating medical termi-
nology into the ASR system to improve recognition accuracy.
Using MetaMap—an NLP tool designed to map text to clini-
cal concepts within UMLS ontologies—the authors enhanced
medical term recognition, ultimately reducing WER by up to
52.27% compared to the baseline model.

[Baevski et al., 2020] proposes wav2vec 2.0, also known
as Wav2Vec2, adopting a self-supervised learning strategy,
simultaneously acquiring discrete speech units and contex-
tualized representations. Its architecture includes a feature
encoder that processes raw waveform signals through lay-
ers of temporal convolution, layer normalization, and GELU
activation. The resulting embeddings are then fed into a
Transformer-based context network to capture dependencies
over time. The authors’ results using a one-hour labeled sub-
set of LibriSpeech for training show the feasibility of ASR
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models using limited amounts of labeled data.

Another relevant study, [Sullivan et al., 2022], focused on
optimizing ASR output by incorporating a 4-gram language
model into Wav2Vec2’s decoding process. This approach
helped mitigate spelling mistakes and unrealistic word se-
quences, increasing the likelihood of correctly predicting
domain-specific terms. An advantage of this method is that it
enables probability calculations based solely on text corpora,
eliminating the need for additional audio data, as required in
fine-tuning strategies.

Whisper [Radford et al., 2023] is designed to enhance
speech processing by addressing the limitations of unsuper-
vised pre-trained models such as Wav2Vec2. While previ-
ous models effectively extract speech representations, they
often require fine-tuning for specific ASR tasks due to the
absence of a robust decoding mechanism. Whisper employs
an encoder-decoder Transformer architecture [Vaswani ef al.,
2017], utilizing sequence-to-sequence modeling to directly
generate transcriptions. Beyond ASR, it is also capable of
language identification and English translation. With training
spanning 680,000 hours of multilingual speech data across 96
languages, Whisper demonstrates strong generalization, re-
ducing the need for dataset-specific fine-tuning and making it
a versatile solution for multilingual and multitask applications.
However, a notable limitation of Whisper is its fine-tuning
process, which only supports audio inputs of up to 30 sec-
onds in duration, restricting its applicability for longer audio
recordings.

[Sunkara et al., 2020] presents a postprocessing frame-
work for joint prediction of punctuation and truecasing in
the medical domain, aiming to allow transcription of clinical
dictations and doctor-patient conversations without the need
to explicitly say commands like “period” or “add a comma.”
Their proposed model uses pre-trained masked models, such
as BERT, along with linear layers to output two predictions,
regarding casing and punctuation. The authors reported an ap-
proximated 5% absolute improvement for ground truth texts
and an approximated 10% improvement for ASR outputs over
their BLSTM baseline model under the F1 metric.

The present study builds on the strategies outlined in pre-
vious research. Initially, inspired by the work of [Paats ef al.,
2018], the aim was to adapt the model to the medical domain
and the Brazilian Portuguese language. However, fine-tuning
the ASR models proved to be unfeasible due to three primary
constraints: audio-length limitations, infrastructure limita-
tions, and segmentation limitations. These challenges, which
will be further explored later in the study, ultimately prevented
the successful fine-tuning of the models.

Similarly, in line with [Kar ef al., 2021], while creating an
ontology of medical terms may seem appealing, it presents
significant challenges, such as development complexity and
the difficulty of finding Portuguese-language databases for
the clinical domain. Therefore, this approach was also not
pursued.

Therefore, we experiment with language models to enhance
decoding, as suggested by [Chiu et al., 2017] and [Sullivan
et al., 2022]. Furthermore, we compare different language
models to assess which are most effective for Portuguese.
This approach was chosen due to the wide availability of
these pre-trained models and their flexibility. Lastly, we use
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a similar approach to [Sunkara et al., 2020] to detect and
correct errors in the transcription of words containing silent
“H” and digraphs such as “RR” and “SC”.

LLMs for Text Style Transfer. LLM prompting has
emerged as a highly promising approach in TST applica-
tions [Liu et al., 2024]. Despite the ongoing debate about
the effectiveness of LLMs, their application often demands a
significant amount of labeled training examples, particularly
in multilingual and stylistically diverse contexts. Nonethe-
less, there remains substantial potential to further explore and
expand the use of LLMs in TST.

[Mukherjee et al., 2024] highlights that while some open
LLMs demonstrate promising results, they do not outper-
form the previous state-of-the-art methods. Although the per-
formance of open LLMs on prompting is relatively weaker,
fine-tuning leads to significant improvements. The authors
experimented with zero-shot prompts, few-shot prompts, and
fine-tuning but focused solely on base models for fine-tuning,
excluding chat-based and instruction-tuned models. Their ex-
periments were conducted on TST tasks for sentiment transfer
and text detoxification.

[Lai ef al., 2024] proposes a novel framework to guide
LLMs in performing TST by leveraging style-specific neu-
rons. The process begins by inputting both source- and target-
style texts into the LLM to identify neurons uniquely activated
by each style, based on their activation values. Neurons acti-
vated by both styles are labeled as overlapping neurons, and
their exclusion during style-specific neuron selection is essen-
tial, as their presence may hinder the generation of text in the
target style. [Lai et al., 2024] demonstrates that deactivating
neurons exclusive to the source style—while excluding over-
lapping neurons—enhances style transfer accuracy, albeit
with some impact on sentence fluency.

In this paper, we follow a different line of investigation
by focusing on instruction-tuned LLMs and domain-specific
style transfer, rather than base models or neuron-level inter-
ventions. Specifically, we evaluate the efficiency of different
LLMs in the task of formatting medical anamneses, a highly
structured and sensitive form of text. Our work expands on
the prompting strategies explored by Mukherjee et al. [2024],
but diverges by applying them to instruction-based models
and to a specialized domain rather than general TST tasks.
While we do not explore internal activations as in Lai et al.
[2024], we contribute to the understanding of how prompt en-
gineering and model choice affect reliability and consistency
in a critical application.

3 Data and Methods

To address our research questions, we followed a multi-step
methodology, summarized in Figure 1. The process begins
with data preprocessing, which consists of two key stages:
audio standardization and text processing. Next, we use two
ASR models, Wav2Vec2 and Whisper, to transcribe the audio
inputs into text. To improve transcription accuracy, we intro-
duce an additional step that enhances ASR model decoding
by incorporating language models, aiming to reduce syntactic
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errors, given the crucial role of precise medical histories. Ad-
ditionally, a text style transfer step is performed to format the
transcription according to the expected patient history struc-
ture. Finally, we assess the performance of the ASR models
using various evaluation metrics, including WER, Cosine
Similarity, and BLEU. We also evaluate the effectiveness
of the TST step using a Likert scale, based on assessments
by three domain specialists. From these evaluations, we ex-
tract descriptive metrics and calculate inter-rater agreement
using correlation measures such as Kendall’s Tau and Fleiss’
Kappa.

Data Input  ——>

Text Normalization Evaluation Metrics Metrics
Output
Audio / Output Output Style 3
{ Standardization TR '";:B > Normalization H Transfer Evelatcn Metice
) N { ) { l ) l Z
Decoding/
Post-processing
Enhancement

Formatted Metrics
Figure 1. Methodology Overview

Transcription Output

3.1 Data source and preprocessing

Due to the lack of a dedicated Brazilian Portuguese medical
corpus, we created two datasets of audio-text pairs based on
real patient anamneses sourced from Hapvida NotreDame
Intermédica’s private database. The first dataset, recorded
by nonspecialists (two males and one female), consists of
224 pairs representing general patients and was used for ASR
model evaluation. The second dataset, recorded by specialists
medical science students (two females and one male), con-
tains 382 pairs with longer, more detailed anamneses, precise
pronunciation, and validated technical terms. This dataset
supports both evaluation and future work, such as fine-tuning.

These datasets allow for performance comparisons between
nonspecialist and specialist speakers, as well as between
shorter and longer audio recordings. While the specialist
recordings show potential for fine-tuning models to better
handle Brazilian Portuguese in the medical domain, their ex-
tended duration presented challenges. Models such as Whis-
per are limited to processing 30-second audio segments, and
longer audios require significantly more computational re-
sources during training. Therefore, excessively long record-
ings can hinder both inference and training efficiency.

To ensure consistency and compatibility with ASR models,
we applied a text normalization process to all transcriptions
and original texts. This process included:

Converting all text to lowercase and removing leading
and trailing whitespace;

Converting the written form of punctuation to their re-
spective character. E.g., “virgula” to «,”;

Converting “°C” to its written form, i.e., “graus celsius”;
Adding spaces between numbers and letters. E.g,
“HIN1” becomes “H 1 N 17;

Converting divisions into their written form. E.g., “2/3”
to “2 por 3”;

Converting number separators, eliminating digit group-

ing, and using “.” to separate decimals. E.g., “1.234,56”
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to “1234.56”;

+ Converting numbers into their written form. E.g., “42.3”
to “quarenta e dois ponto 3”;

 Eliminating characters not present in the Wav2Vec2
vocabulary. E.g., “!1”.

These steps were essential to maintaining uniformity across
the dataset and aligning the text with the vocabulary con-
straints of the ASR model.

3.2 Decoding/Post-processing Enhancement

We observe that ASR decoding can introduce errors, making
corrections essential for ensuring text accuracy. To address
this, we explore two approaches, both leveraging language
models, which capture the fundamental structure and depen-
dencies of language to enhance comprehension and genera-
tion. Our investigation focuses on two distinct strategies: the
first integrates ASR with an n-gram model, representing a de-
coding approach. The second employs a BERT-based model
specifically designed to correct common ASR transcription
errors, such as those involving digraphs and silent “H” from
the Portuguese language.

Decoding. The n-gram models calculate the likelihood of
word or character occurrences based on preceding context,
utilizing extensive textual datasets for training. With nearly
5,000 medical records from Hapvida NotreDame Intermédica,
we utilize these texts in our experiments to train the n-gram
models. While integrating Wav2Vec2 + n-gram has been
previously investigated by [Sullivan et al., 2022], it hasn’t
been explored in the medical domain. In our experiments, we
apply this strategy by leveraging KenLM?, departing from
decoding audio without a language model and enabling the
processor to directly receive the model’s output logits. This
approach, rooted in the decoding process with a language
model, enables the processor to consider the probabilities of
potential output characters at each time step, thus rectifying
any character errors made by the ASR model.

Post-processing.  After the transcription, we apply a post-
processing step to detect and correct spelling errors encom-
passing silent “H” and digraphs “SS”, “SC” and “RR” from
the Portuguese language. The model used for the detec-
tion consists of a pre-trained masked language model and
a linear layer for token classification. We use BioBERTpt
[Rubel Schneider et al., 2020] as the masked language model
and align IOB labels accordingly after tokenization, respect-
ing the maximum length of 512 tokens. Following [Sunkara
etal.,2020], we only finetune the first 6 layers of BloBER Tpt?
to reduce complexity.

We train the model on a Wikipedia dataset, with 1.28M gen-
eral texts in Portuguese for training and 160K for validation.
Texts have a maximum of 300 words, each automatically pro-
cessed to, when possible, introduce one of the spelling errors
and annotate its presence. We remove the silent “h” from the

[T L} [P INT3

beginning of the words, change “rr” to ‘r’,

[IP1]

ss” to “s”, and

’https://github.com/kpu/kenlm
3https://huggingface.co/pucpr/biobertpt-all
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[T3%3]

from “sc” if it is immediately followed by “e

[T L)
S

remove the
or “1”.

We train the model for 2 epochs, choosing the best re-
sult regarding cross-entropy loss on the validation set. Once
the model is trained, we use it to submit transcriptions, and
correct detected errors following the Portuguese-Language
Orthographic Agreement of 1990. For each class, the rules to

correct the detected error are as follows:

€9

+ H: if the word begins with “a”, “e”, “1”, or “u”, the
letter “h” is added at the beginning. E.g., “o0je” becomes
“hoje”;

+ SS: every “s” immediately preceded and succeeded by
“a”, “e”, “1”, or “u” is duplicated. E.g., “resecado” be-
comes “ressecado”;

+ SC: if there is a letter “c”, immediately succeeded by the
letters “e” or “i”, and not already preceded by an “s”, an
“s” is added before the “c”. E.g., “crecimento” becomes
“crescimento”;

* RR: every “r” immediately preceded and succeeded by
“a”, “e”, “i”, or “u” is duplicated. E.g., “derame” be-

comes “derrame”.

The spelling correction step can be performed either before
(Scenario A) or after (Scenario B) the normalization of the
transcription. Figure 2 shows the placement of the spelling
correction within the pipeline in both cases. In the example,
the transcription of the word “ultrassonografia” is corrected
by duplicating the “s” and, as part of the normalization step,
the punctuation “:” is removed.

We evaluate this strategy in two aspects. First, we analyze
the model’s ability to detect spelling errors by checking the
performance on a test set containing 160K texts extracted
from Wikipedia. Like the training and validation sets, the
test set is automatically processed to introduce errors in the
text. We consider the standard token classification metrics:
precision, recall, and F;-score.

After that, we analyze whether using the model to correct
transcriptions from the medical domain improves their relia-
bility. We consider both actual and simulated transcriptions of
anamnesis. These artificial transcriptions are made by editing
the ground truth text to introduce errors, simulating an ASR
model that only fails by committing the spelling errors we aim
to correct with our model. This ensures that any difference in
performance is due to orthography and not other errors ASR
models may commit, such as mistaking homophones. We
consider both pipeline configurations depicted in Figure 2.

Scenario A:

"Ultrasonografia: Spelling
normal" Correction

"Ultrassonografia
normal”

"Ultrassonografia

normal"

——> Normalization —

Scenario B:

Ultrasonografia: Normalization Ultrasonografia

" r Spelling "Ultrassonografia
normal normal >

Correction normal’

Figure 2. Spelling correction step placement

3.3 Text Style Transfer

Aiming to evaluate the efficiency of different LLMs in the
task of formatting medical anamneses, a benchmark was con-
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ducted initially. This step allows for a direct comparison of
each model’s performance, identifying the one capable of
producing the clearest and most consistent formatting while
avoiding hallucination given the need for reliability and the
sensitive nature of the problem’s scope.

To ensure standardization in the evaluation of the mod-
els, a specific prompt was designed, instructing the model
to format transcriptions according to a predefined structure.
This prompt was applied to three different models: Llama
3.2, Mistral Nemo, and Phi3, chosen for their characteristics
and natural language processing capabilities. Each model re-
ceived the same instructions and was evaluated on formatting
70 real transcriptions, ensuring a consistent comparison. An
example of the translated standardized prompt used in this
evaluation is presented next, where "ANAMNESE_DEF" corre-
sponds to the definition and format of a patient record, and
"transcript" represents the transcription to be formatted.

### Prompt:

<|system|>

You are a formatter for medical records and
anamneses in Portuguese. <|end|>

<|user|>

{ANAMNESE_DEF} Format the following text in
the anamnesis format. If there is not enough
information for a topic, insert ~“No information''
or ~“Not provided'': <{transcript}>

<lend|>

<|endoftext|>

### End

The formatted anamneses were then evaluated by three
healthcare students, who rated them from 1 (poor) to 5 (excel-
lent). They could also provide comments on errors, such as
missing or misplaced information. To analyze the results, we
computed metrics such as mean, minimum, maximum, and
standard deviation of the ratings. Kendall’s Tau and Fleiss’
Kappa were applied to assess the consistency and agreement
among evaluators, ensuring the reliability of the evaluation.

3.4 Evaluation Metrics

Various metrics are employed to assess the performance of
ASR models, including Word Error Rate (WER), Cosine
Similarity, and BLEU. These measurements play a crucial
role in improving models and optimizing their accuracy.

WER is the most widely used metric for evaluating ASR
systems. It quantifies transcription errors by computing the
proportion of incorrect words relative to the total words in the
reference text. Errors considered in WER include insertions,
deletions, and substitutions within the generated transcription.
The metric is formally expressed in Equation 1.

I+R+D

WER =4 +R+D O
where I is the number of inserted words, R denotes re-
placed words, D accounts for deleted words, and H corre-
sponds to correctly transcribed words. Despite its extensive
use, WER focuses strictly on word accuracy and does not

account for contextual coherence.
Unlike WER, the BLEU metric [Papineni et al., 2002]
evaluates whether the transcription maintains the structure
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and meaning of the original sentence. Originally developed
for machine translation, BLEU has shown strong correlation
with human evaluations. It relies on the precision of n-grams,
comparing overlapping n-grams between the reference text
T and the generated transcription 7". The n-gram precision
P, is calculated by Equation 2.

b _ NG, 1) N NG, T)
"= NG(n,T)

2

BLEU is computed as the geometric mean of P, for n =
1,2, 3, 4, adjusted by a brevity penalty to discourage overly
short transcriptions. The penalty factor, bleupenaqiry, €quals
1 when |T'| > |T*| and is otherwise defined as e(*~17"1/I7])
The BLEU score is defined by Equation 3:

BLEU = /P P,P3Py X bleupenaity 3)

Cosine Similarity, another evaluation metric, measures the
semantic similarity between two sentences by representing
them in a vector space. This approach allows comparison
beyond surface-level word accuracy. Word embeddings or
sentence embeddings [Li ef al., 2020] (such as the Universal
Sentence Encoder used in our experiments) can be applied to
compute this metric. Cosine Similarity is defined as:

AB
AB)=——
cos(AB) = s

Z?:l AiB; @
VL (A, (By)?

where A and B are sentence vectors, with A; and B; rep-
resenting their components, and || A || their Euclidean norms.

To assess the consistency of rankings given by differ-
ent evaluators to LLM-generated transcriptions,we used
Kendall’s Tau Correlation Coefficient [Kendall, 1938], a non-
parametric measure of ordinal association that quantifies the
degree of agreement between two rankings. The coefficient
7 is computed based on the number of concordant (¢) and
discordant (d) pairs, as shown in Equation 5. When ties are
present in the data, a corrected version is applied (Equation 6),
which accounts for the number of tied pairs in each ranking.
The resulting 7 value ranges from —1 (perfect disagreement)
to +1 (perfect agreement), with 0 indicating no correlation.

c—d S 25

_c—l—d:(nZ):n(n—l) ®)
o S
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In addition to Kendall’s Tau, Fleiss’ Kappa [Fleiss, 1971]
was employed to measure inter-annotator agreement when
multiple evaluators assessed the quality of LLM-generated
transcriptions. Unlike Cohen’s Kappa [Cohen, 1960], which
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is limited to two evaluators, Fleiss’ Kappa generalizes to sce-
narios involving three or more raters. It is computed from an
N x k matrix, where each entry n;; indicates how many raters
assigned the i-th item to the j-th category, as shown in Equa-
tion 7. The final coefficient, given by Equation 8, compares
the observed agreement (P,) to the agreement expected by
chance (P,). The resulting « ranges from —1 (complete dis-
agreement) to +1 (perfect agreement), with values between
0.40-0.60 indicating moderate, 0.61-0.75 good, and above
0.75 excellent agreement.
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4 Experimental Evaluation

4.1 Experimental setup

To guide this section, we have formulated the following key
research questions. In what follows, we study each research
question separately.

1. RQ1. What are some descriptive statistics from the
testing data?

2. RQ2. Which are the pre-trained ASR models most ef-
fective for assisting with medical history?

3. RQ3. What decoding or post-processing strategies lever-
aging language models are most effective in improving
the accuracy and reliability of ASR transcriptions?

4. RQ4. Which LLM is most effective in transferring the
style of ASR transcriptions to align with structured pa-
tient record format?

4.2 Study on the results of RQ1

To explore the effects of automated transcription tools on
cognitive load and efficiency in healthcare settings, this study
analyzes recordings from specialists, comprising 382 audio
clips of real patient interactions. Examination of these record-
ings provided key insights into their duration: the clips av-
eraged 61.37 seconds, ranging from 3.24 to 104.30 seconds,
with a standard deviation of 24.13 seconds.

According to Hapvida NotreDame Intermédica, medical
consultations typically span around 15 minutes, with approxi-
mately half of this time — between 7 and 8 minutes — dedi-
cated to manually inputting medical information into digital
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systems. Given that the average recording duration in this
dataset is significantly shorter than a full consultation, auto-
mated transcription tools such as ASR models could facilitate
verification and re-recording when needed. This approach has
the potential to reduce cognitive strain on healthcare profes-
sionals while improving workflow efficiency. Additionally,
it may allow physicians to dedicate more time to direct patient
interaction. These findings emphasize the importance of fur-
ther research into the practical integration and effectiveness
of automated transcription within medical environments.

4.3 Study on the results of RQ2

This study evaluates two pre-trained ASR models designed
for Brazilian Portuguese: Wav2Vec2 PT* and Whisper®. The
models were tested on a dataset of 606 transcribed audio
recordings, which consists of recordings from both specialists
and nonspecialists.

Using the WER metric, Whisper achieved an overall WER
of 0.26, while Wav2Vec2 PT recorded 0.28. However, when
analyzed separately, performance differences emerged be-
tween the two speaker groups. For nonspecialist recordings,
Whisper obtained a WER of 0.37, a cosine similarity of 0.83,
and a BLEU score of 0.43, whereas Wav2Vec2 PT achieved
a WER of 0.24, a cosine similarity of 0.88, and a BLEU
score of 0.55. In contrast, for specialist recordings, Whisper
performed better with a WER of 0.19, a cosine similarity of
0.95, and a BLEU score of 0.67, compared to Wav2Vec2 PT,
which obtained a WER of 0.30, a cosine similarity of 0.92,
and a BLEU score of 0.51. These comparative results are
summarized in Table 1.

Table 1. Performance Results for Whisper and Wav2Vec2 PT

Speaker Type | ASR Model | WER (IE;Z&) Sifn"i::;;y
Overall Whisper 0.260 0.95 0.67
Wav2Vec2 PT | 0.280 | 0.88 0.55
Nonspecialist Whisper | 0370 | 0.43 0.83
Wav2Vec2 PT | 0.240 0.55 0.88
Spocialist Whisper | 0.190 | 0.67 0.95
Wav2Vec2 PT | 0300 | 0.51 0.92

We conducted the Wilcoxon signed-rank test [Wilcoxon,
1992], a non-parametric statistical test that is preferable in
this case because it does not assume normality in the data.
The null hypothesis (Hy) posits that there is no difference in
the WER performance between the Whisper and Wav2Vec?2
PT models. The results of the test indicated significant differ-
ences between the models, with a p-value of 2.074e-05. These
findings provide strong evidence to reject the null hypothesis,
confirming that the models’ performances are statistically
distinct. Specifically, Whisper outperformed Wav2Vec2 PT,
particularly with the specialist-recorded dataset.

Our evaluation also highlighted challenges faced by the
ASR models, especially with medical terminology like “thy-
roid nodule (nddulo tireoidiano),” “sialosis (sialose),” and
others listed in Table 2. We observed recurring errors in

4https://huggingface.co/jonatasgrosman/
wav2vec2-xls-r-1b-portuguese
Shttps://huggingface.co/openai/whisper-large-v3
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Brazilian Portuguese transcriptions due to phonetic similar-
ities, such as between “SS” and “S” (ultrassonografia), “S”
and “C” (sialose), and the silent “H” in words like “halitose.”
These observations emphasize the difficulties in accurately
transcribing specialized medical vocabulary, revealing the
limitations of widely used ASR models in handling complex
healthcare terminology.

4.4 Study on the results of RQ3

We explored two strategies using language models to en-
hance ASR transcription corrections. The first involved train-
ing an n-gram model on nearly 5,000 medical reports from
Hapvida NotreDame Intermédica, testing different values of
n € {3,5,7}. The approach integrated Wav2Vec2 PT with
an n-gram model via KenLM. Despite variations in n, per-
formance remained similar across models, as confirmed by
Wilcoxon tests (p > 0.05, with p around 0.4), indicating no
statistically significant differences. Given space limitations,
we focus on presenting results for Wav2Vec2 PT+5-gram®,
which stood out in correcting transcription errors.

On the nonspecialist recorded dataset, the Wav2Vec2
PT+5-gram model achieved a WER of 0.18, a cosine similar-
ity 0£0.91, and a BLEU score of 0.65. However, performance
declined on the specialist-recorded data, with WER rising to
0.37, while the cosine similarity remained at 0.91, and the
BLEU score dropped to 0.42. Overall, the Wav2Vec2 PT+5-
gram model obtained a WER of 0.30, a cosine similarity of
0.91, and a BLEU score of 0.50, slightly worse than the origi-
nal model. These findings suggest that while the model adapts
well to nonspecialist speech, it struggles more with special-
ist recordings, possibly due to variations in pronunciation,
terminology, or speaking patterns.

To answer whether the post-processing step to correct
spelling errors improves the accuracy and reliability of the
ASR transcription, we evaluate the proposed model in mul-
tiple datasets. First, we evaluate the capacity of the model
to identify spelling errors in general text, using a test dataset
extracted from Wikipedia. Considering the micro-average of
all classes, the model obtained an overall precision of 0.95,
an overall recall of 0.94, and an overall F-score of 0.95. As
such, we conclude that the model correctly detects the spelling
errors we aimed to correct.

After that, we also evaluated the model in our medical
domain datasets to assess whether its usage improves the reli-
ability of the transcriptions. Table 3 shows the results for the
nonspecialist dataset, with the best value of WER highlighted
in bold. Overall, using the correction model improved the
results, especially regarding scenario B, where correction is
performed after normalization. We also compared the results
without using correction to both scenarios where correction is
applied. The Wilcoxon signed-rank test yielded a p-value of
0.11 for Whisper in scenario A, which was the highest among
all comparisons. While this p-value does not indicate a statis-
tically significant difference, it suggests weaker evidence of
improvement for Whisper compared to the other ASR models,
which all had p-values below 0.05.

Table 4 shows the results for the specialist dataset. The

Shttps://huggingface.co/medtalkai/wav2vec_kenlm5
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Table 2. Examples of medical histories generated by the ASR pre-trained models.

Model Original Transcription WER BLEU Cosine
Score (n-gram) Similarity
Wav2Vec2 paciente fez ultrasonografia 0.31 0.32 0.92
PT ) PT: que
paciente fez ultrassonografia que acusou o nédulo tireoidiano.
acusou nddulo tireoidiano. fez nova ultrassonografia com
fez nova ultrassonografia com o surgimento de um novo
surgimento de um novo nédulo. nodulo.
EN:
Whisper patient underwent ultrasound paciente fez ultra sonografia 0.50 3.88e-78 0.91
which que
accused of thyroid nodule. acusou o noéluo tiréoediano.
Performed another ultrasound fez hova ultra sonografia com
with emergence of a new nodule. o surgimento de um novo
noluo.
Wav2Vec2 PT: nega dor cialose, 0.25 0.41 0.93
PT nega dor sialose halitose, alitose, pigarro
pigarro ou outras queixas. ou outras queixas.
EN:
Whisper denies pain, sialosis, mega doc§ Se arose, 0.62 0.29 0.60
halitosis, throat clearing alitosse, pigarto, ou
or other complaints. outras queixas.

model improved the results of every ASR model, except for
Whisper. As expected, the simulated ASR model had the
smallest WER, with scenario B being the best. Leveraging
the fact that the simulated ASR model only fails in the cases
we aim to correct with the model, with the tokens perfectly
aligned with ground truth, we obtained the token classification
metrics. We found that the model also obtained good results
in the medical domain, with an overall precision of 0.81, recall
0of 0.77, and F;-score of 0.79.

Comparing actual ASR models, Whisper, with no correc-
tion, had the best result. This suggests Whisper already deals
well with the spelling errors considered by the model and
has other orthography challenges. Accordingly, analyzing
the results, we found other spelling errors, like transcribing
“hipotireoidismo” as “hipotireuidismo” and “submetido” as
“submetida”. Also, albeit rare, there are some wrong spelling
error predictions, like “halitose” being incorrectly changed to
“halitosse”. In the nonspecialist dataset, Whisper, in scenario
A, was also the only case where we found a p-value greater
than 0.05 after conducting the Wilcoxon signed-rank test.

Table 3. Results on the nonspecialist dataset

ASR Model | Correction | WER BLEU .C({sm?
(n-gram) | Similarity

No 0.3705 | 0.4265 0.8367

Whisper Scenario A | 0.3695 0.4283 0.8370

Scenario B | 0.3690 0.4293 0.8375

No 0.2413 | 0.5520 0.8848

Wav2Vec2 PT | Scenario A | 0.2365 | 0.5644 0.8859

Scenario B | 0.2365 0.5644 0.8860

Wav2Vec2 PT No 0.1794 | 0.6544 0.9123

+ Scenario A | 0.1770 | 0.6585 0.9132

5-gram Scenario B | 0.1770 | 0.6585 0.9132

Table 4. Results on the specialist dataset

ASR Model Correction | WER BLEU .C(Tsmf?
(n-gram) | Similarity

No 0.0454 0.8904 0.9890

Simulated Scenario A | 0.0101 0.9756 0.9972

Scenario B | 0.0064 0.9845 0.9976

No 0.1981 0.6769 0.9541

Whisper Scenario A | 0.1983 0.6767 0.9540

Scenario B | 0.1987 0.6756 0.9538

No 0.3095 0.5197 0.9281

Wav2Vec2 PT | Scenario A | 0.3087 0.5212 0.9283

Scenario B | 0.3087 0.5212 0.9284

Wav2Vec2 PT No 0.3725 0.4238 09175

+ Scenario A | 0.3711 0.4261 09174

5-gram Scenario B | 0.3711 0.4261 0.9174

4.5 Study on the results of RQ4

The following pre-trained LLMs were used for the TST task
of formatting medical anamneses in Portuguese: Llama-3.2-
1B-Instruct’, Mistral-Nemo-Instruct-2407%, and Phi-3-mini-
4k-instruct’. The evaluation process consisted of 70 transcrip-
tions formatted by each model, which were then assessed by
three healthcare students. The assessment focused on clarity,
structural consistency, and adherence to medical formatting
guidelines.

The Phi3 model demonstrated moderate performance, with
an average score of 3.22, a median of 3, a mode of 3, and a
standard deviation of 0.96, indicating low variability among
evaluations. Scores ranged from 2.94 to 3.39, with standard
deviations between 0.87 and 0.99. The Kappa coefficient
was 0.179, reflecting low agreement among evaluators, while
Kendall’s correlation coefficients ranged from 0.29 to 0.52,

We conclude that using the correction model improves
the accuracy and reliability of ASR transcriptions. However,
other spelling challenges still need to be addressed and require
a more comprehensive strategy for detection and correction.

"https://huggingface.co/meta-1lama/Llama-3.
2-1B-Instruct

$https://huggingface.co/mistralai/
Mistral-Nemo-Instruct-2407

‘https://huggingface.co/microsoft/
Phi-3-mini-4k-instruct
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suggesting moderate correlation. Main criticisms included
a lack of precision, with partially correct or incomplete re-
sponses, and excessive use of generic language, limiting prac-
tical applicability.

The Llama model performed worse than Phi3, with an aver-
age score of 2.01, a median of 2, a mode of 1, and a standard
deviation of 1.03, indicating greater variability and incon-
sistency in evaluations. The Kappa coefficient was 0.093,
showing very low agreement, while Kendall’s correlations
ranged from 0.20 to 0.55. The model was criticized for fre-
quently generating off-topic or irrelevant responses and for
inconsistent formatting, making results harder to interpret.

The Mistral model achieved the best overall performance,
with an average score of 4.00, a median of 4, a mode of 5,
and a standard deviation of 0.93, reflecting consistently high
evaluations. It had the highest Kappa coefficient (0.266),
indicating moderate agreement, while Kendall’s correlations
ranged from 0.27 to 0.59. Despite its strong results, some
evaluators noted excessive detail in responses, which, while
thorough, sometimes reduced clarity and readability.

Example Input and Model Outputs

Input (Translated): Comes for a neurological
evaluation; his mother is concerned because he is
very restless, does not learn, has poor interaction
with other children, and is set to start school next
month.

Model OQutputs (Translated):

* Phi-3:
Main complaint:

- Reason for consultation: Excessive restless-
ness and difficulty learning interaction with
other children.

¢ Llama-3.2:

**Main Complaint:**

- [Patient] is very restless and has difficulty
learning poor interaction with other children.

¢ Mistral-Nemo:

**Main complaint:**

- Excessive restlessness

- Difficulty interacting with other children
- Concern about the start of school classes

5 Conclusion and Future Works

This paper addressed the critical need for accurate and ef-
ficient transcription of medical histories through the devel-
opment and evaluation of an ASR tool. Given the absence
of a dedicated Portuguese medical history database, we con-
structed a comprehensive benchmark consisting of 224 pairs
of audio and text sourced from authentic medical history doc-
uments recorded by nonspecialists, as well as another one
consisting of 382 longer pairs recorded by specialists. Our
evaluation of established ASR models, including Wav2Vec?2
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and Whisper, revealed notable challenges, particularly in ac-
curately transcribing specific medical terms. The intricate
nature of healthcare-related vocabulary and the nuances of the
Brazilian Portuguese language highlight the limitations inher-
ent in widely used ASR models. Furthermore, we show that
incorporating decoding and post-processing enhancement can
improve transcription accuracy, especially for Wav2Vec2 PT,
offering promising avenues for further research in medical
transcription technology. Other improvements in decoding
may be studied to find more consistent strategies, and the
same goes for more comprehensive methods to detect and
correct spelling errors.

In addition to ASR evaluations, we conducted a study on
the results of the TST task for formatting medical anamneses
in Portuguese using pre-trained LLMs. The models evalu-
ated—Llama-3.2-1B-Instruct, Mistral-Nemo-Instruct-2407,
and Phi-3-mini-4k-instruct—demonstrated varying perfor-
mance levels. The Mistral model achieved the highest overall
scores in clarity and adherence to medical formatting guide-
lines, whereas the Llama model performed the worst, often
producing off-topic or inconsistently formatted responses.
Phi-3 exhibited moderate performance but was limited by its
tendency to use generic language. These results underscore
the potential of LLMs in assisting medical documentation
while highlighting the need for domain-specific optimization
to improve accuracy and consistency.

A key limitation of this study was the inability to perform
fine-tuning of ASR models due to technical challenges. The
dataset contained long audio recordings, which conflicted
with the constraints of models like Whisper, limited to 30-
second inputs for fine-tuning. Additionally, our computa-
tional infrastructure was insufficient for such intensive tasks.
Attempts to segment audios into smaller chunks were hin-
dered by the low precision of forced alignment tools like
Aeneas, making the process unfeasible. These issues pre-
vented fine-tuning and highlight the need for better solutions
to handle long audios and improve alignment accuracy.

In future research, we aim to fine-tune Mistral-7B-Instruct
for the medical domain and explore the possibilities of multi-
modal large language models, such as Phi-4, to both transcribe
audio and format medical case histories directly. We will also
investigate advanced language models like GPT to enhance
transcription accuracy. We also plan to investigate knowledge
graphs and controlled vocabularies, comparing their perfor-
mance to n-gram models or combining them. Additionally,
we intend to address the technical limitations encountered
by developing a robust audio segmentation process for the
specialist dataset, enabling fine-tuning with long audio files.
This will involve improving alignment precision and leverag-
ing more efficient computational resources. These steps will
be critical to advancing medical transcription technology and
achieving more accurate ASR systems.
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