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Received:

We fine-tune Whisper-small (244M parameters) on 8.5 hours of in-domain medical audio and evaluate
with word error rate (WER). Compared to an unadapted Whisper-small baseline, our fine-tuned model
reduces WER from ~63% to ~32%. While the relative gain is substantial, this accuracy is not suitable
for unsupervised clinical use; we position the system as a clinician-in-the-loop assistant. We also describe
deployment as an on-premise microservice and report latency/throughput considerations.

Povzetek: Studija pokaze, da fino-uglasevanje Whisper-small na omejenem medicinskem zvoku obcutno
zniza WER, vendar ostane primerno predvsem za virtualnega pomocnika z lokalno mikroservisno uvedbo.

1 Introduction

Healthcare professionals still face difficulties in organizing
massive patient data, managing administrative tasks, and
making sure that bills are handled accurately. Inefficien-
cies, lost time and errors can result from manual entries and
the wrong management of data and patient records which
can eventually affect communication and standard care.
Furthermore, it can be challenging and time-consuming to
assess financial performance and spot trends without the
right tools for data visualization[[l]. However, deploying
speech recognition in clinical practice is challenging due to
technical accuracy requirements and domain-specific vo-
cabulary. Previous studies of automatic speech recogni-
tion (ASR) in clinical contexts have reported widely vary-
ing accuracy (WER ranging from 18% up to 63% in dif-
ferent systems and environments[|l]]). This variance stems
from differences in audio quality, medical jargon, and
speaker accents, underlying the need for tailored STT so-
lutions in healthcare. Recent advances in deep learning
have led to powerful general-purpose speech models; for
example, OpenAl Whisper was trained on 680,000 hours
of multilingual audio (65% English, the rest spanning 98
languages)[2]. Whisper’s transformer-based architecture
has demonstrated robust performance across languages, ac-
cents, and noisy inputs [3]. These characteristics make it a
promising candidate for medical transcription, where audio
conditions and dialects can vary.

This study presents a software platform for medical prac-
tice management, which includes multiple microservices
(user management, patient records, data visualization, etc.).
Within this platform, we developed a dedicated Speech-to-
Text microservice to handle transcription of recorded con-
sultations. Figure [If illustrates the overall architecture. The

STT microservice operates alongside others behind a com-
mon API Gateway, enabling independent development and
scaling of the transcription component.
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Figure 1: Global architecture of the medical software sys-
tem, highlighting the Speech-to-Text (STT) microservice
and its interactions. The client application sends audio
recordings via an API Gateway, which routes requests
through a Load Balancer to the STT microservice. The
STT service registers with a Discovery Service for ser-
vice lookup, and works in parallel with other microservices
(User management, Patient management) within the plat-
form.

API Gateway

In this paper, we focus on the design and implementa-
tion of the STT microservice using the Whisper model for
medical speech recognition. In the next section, we re-
view related STT solutions in healthcare, including com-
mercial systems and recent research, to position our ap-
proach. We then detail our system methodology, wrapping
the microservice design, model integration, and fine-tuning
procedure. The dataset used for training (a public medical
speech corpus from Kaggle) is described, along with the
preprocessing steps undertaken to improve audio quality.
We present experimental results evaluating the fine-tuned
model’s performance (using WER as the metric) and dis-
cuss how it compares to baseline models and human-level
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performance. Finally, we address challenges encountered,
such as limited training data and domain-specific errors,
and suggest future improvements (e.g., larger models, more
data, and error correction mechanisms) before concluding
the study.

Research questions:
questions:

We structure our study around four

1. RQ1: What is the baseline WER of an unadapted
Whisper-small model on our in-domain medical au-
dio?

2. RQ2: To what extent does full fine-tuning reduce
WER on this dataset?

3. RQ3: Under which conditions is the system suitable
for clinician-in-the-loop use, and where does it fail?

4. RQ4: How can a microservice deployment meet prac-
tical constraints (latency, throughput, scaling)?

Contributions:

— A fine-tuned Whisper-based clinical ASR microser-
vice with a WER reduction from 63% to 32%.

A clear positioning of the system as human-in-the-
loop for safe clinical workflows.

A practical discussion of deployment trade-offs (inter-
face, scaling) and a roadmap to robustness and gener-
alization.

— Reproducible implementation details to ease adoption
in healthcare settings.

2 Literature review

Speech recognition technology for healthcare applications
has advanced significantly, evolving from early dictation
systems to modern end-to-end deep learning models. His-
torically, products like Nuance Dragon Medical [4] have
dominated clinical dictation by offering specialized vo-
cabularies for physicians and demonstrating high accu-
racy. A recent pilot study found that a fine-tuned Whis-
per model performed comparably to Dragon for dictating
neurosurgery reports. The Whisper model achieved a mean
Word Error Rate (WER) of 1.75%, while Dragon recorded
a WER of 1.54%, indicating that Whisper’s performance
is statistically non-inferior. Furthermore, Whisper outper-
formed Dragon in some linguistic aspects, with a WER
of 0.50% compared to Dragon’s 1.34% when excluding
formatting differences. This suggests that, with appropri-
ate tuning, open models can achieve accuracy levels sim-
ilar to established proprietary systems in controlled envi-
ronments. Additionally, cloud-based speech-to-text (STT)
services from companies like Google, Amazon, and Mi-
crosoft have also been utilized for medical transcription.
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For instance, Google’s Speech-to-Text API offers a ded-
icated healthcare model, with studies reporting WERs of
approximately 8-12% for typical clinical recordings under
ideal conditions. However, accuracy may decline when
faced with accents or noisy environments. Concerns about
data privacy and cost are also driving a preference for on-
premise or open-source alternatives.

Parallels with adaptive control: Beyond speech recog-
nition, adaptation to uncertainty is a central theme in com-
plex dynamical systems. In adaptive and robust control,
models are updated (or controllers are synthesized) to main-
tain performance under variability and noise (e.g., adap-
tive fuzzy schemes, output-feedback and neural adaptive
control). Our fine-tuning of Whisper plays an analogous
role: the base ASR is specialized to the medical domain
so that decision boundaries reflect domain-specific phonet-
ics and terminology. While these control-theoretic methods
and ASR are not directly comparable in metrics or prob-
lem setting, they share the core idea that targeted adap-
tation to operating conditions yields large performance
gains. See, for instance, representative works on adap-
tive fuzzy control for fixed-time synchronization, projec-
tive lag-synchronization with uncertainties, robust neural
adaptive control for uncertain nonlinear multivariable sys-
tems, adaptive backstepping for SISO nonlinear plants and
flexible manipulators, and nonlinear optimal control in in-
dustrial settings [5, 6, [7, 8, 9, LO].

Open-source and research models

Academic and open-source automatic speech recogni-
tion (ASR) frameworks such as Kaldi[lll], Mozilla
DeepSpeech[|12], and Wav2Vec 2.0[|IL3] have been utilized
to develop medical transcription models. These models of-
ten require a significant amount of domain-specific training
data. The release of OpenAlI’s Whisper in late 2022 marked
a significant advancement in this area by introducing a
pre-trained, general-purpose model equipped with strong
zero-shot transcription capabilities. Whisper was trained
in a fully supervised manner on a vast and diverse dataset,
which gives it robustness against a variety of speech pat-
terns and background noises [|14, [15] . Whisper utilizes a
Transformer encoder-decoder architecture Figurel, which
allows it to not only transcribe speech but also perform
speech translation and language identification using spe-
cial tokens. Notably, Whisper processes audio in 30-second
segments, converting input waveforms into log-Mel spec-
trogram features that the encoder processes, while the de-
coder generates text tokens autoregressively. This single-
model, multitask design simplifies the speech processing
pipeline [[14].

Whisper’s accuracy for medical dialogue can be mod-
erate without fine-tuning. For example, the Word Error
Rate (WER) of Whisper’s small model is about 63% when
evaluated on a general English speech corpus like Common
Voice, which is too high for reliable clinical transcription.
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Figure 2: Whisper model architecture (Transformer-based
encoder-decoder). The 30 s audio input is first converted
into a log-Mel spectrogram, which the Transformer encoder
ingests. The Transformer decoder then generates the tran-
scribed text, autoregressively predicting tokens while at-
tending to the encoder outputs. Whisper uses special to-
kens to handle tasks like language detection and translation
as well. This architecture enables a single model to per-
form robust speech recognition across many languages and
conditions.

To improve the recognition of medical terminology and di-
verse speaker styles, fine-tuning the model on in-domain
data is essential. Recent research has focused on adapt-
ing these models to specific domains. One approach in-
volves generating synthetic medical speech data for train-
ing. For instance, [|15] used real-world home healthcare
recordings to evaluate various Automatic Speech Recogni-
tion (ASR) systems, highlighting performance disparities
among different patient groups. In another study, large-
scale data augmentation created a synthetic medical speech
dataset of approximately 5,486 hours. Models fine-tuned
on this dataset, such as a Conformer RNN-T and a Whisper-
derived model, achieved WERs as low as 3.9% to 4.6% on
medical test sets. These outcomes illustrate that with suffi-
cient domain-specific training, state-of-the-art models can
reach error rates of just a few percent.

Moreover, specialized ASR providers have developed
models tailored for healthcare. For example, Deepgram’s
Nova model, which focuses on medical training, has been
reported to slightly outperform Whisper on healthcare tran-
scription benchmarks [[17]. Despite this, Whisper’s open-
ness and adaptability make it an appealing option for insti-
tutions that prefer an on-site solution without sharing data
with third-party APIs[[18].

To ground our work in the literature, Table |l| contrasts
Dragon, Google STT, Whisper variants, and Wav2Vec 2.0
across dataset scale, WER, domain, and deployment set-
ting.
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In summary, the literature suggests that: (1) achieving
high accuracy in medical speech recognition is possible, but
typically requires either proprietary solutions or extensive
domain training; (2) Whisper serves as a robust foundation
that can be fine-tuned for medical applications, providing
a balance between open-source flexibility and commercial-
level accuracy; and (3) a microservice architecture can fa-
cilitate the integration of such a speech-to-text engine into
healthcare software, allowing for modular deployment and
scaling. Building on these insights, our work fine-tunes
the Whisper model using a moderately sized public med-
ical speech dataset and incorporates it as a microservice in
a telehealth application. The following sections will detail
our methodology and how it addresses the identified chal-
lenges.

3 Methodology

3.1 System architecture and integration

The speech-to-text (STT) functionality is implemented as
an independent microservice within our healthcare applica-
tion. We chose a microservice architecture for its modular-
ity and scalability; each service encapsulates specific func-
tionality and can be developed, deployed, and scaled inde-
pendently. In this case, the STT microservice coexists with
user management and patient record microservices, among
others.

All microservices register with a central Discovery Ser-
vice, allowing them to be located by name. A reverse proxy
API Gateway routes external requests to the appropriate
service instance. A load-balancing mechanism ensures that
if multiple instances of the STT service are running (to
process many audio streams simultaneously), requests are
evenly distributed. Authentication is managed upstream by
the gateway, allowing the STT service to focus on its core
task.

Within the STT microservice, we have implemented a
RESTful API to handle transcription requests. Clients, such
as the web or mobile front-end used by doctors, submit au-
dio recordings (for example, of patient consultations) via
an HTTP request to the API Gateway, which forwards the
requests to the STT service’s endpoint. The STT service
processes the audio and returns the text transcription. Ad-
ditionally, the service provides endpoints for CRUD (Cre-
ate, Read, Update, Delete) operations on the transcript data,
enabling users to retrieve, update, or delete saved transcrip-
tions.

This design fits a microservice architecture composed
of independently deployable services. For each feature:
a User service for authentication, a Patient service for pa-
tient data, and an STT service for transcription. Decoupling
the STT component ensures that intensive audio processing
tasks do not interfere with the responsiveness of other parts
of'the application. Italso allows the STT model to be hosted
on hardware suited for the task (such as a GPU), separate
from the main application server.
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Table 1: Comparative summary (figures are not strictly comparable across rows; datasets and conditions differ).

Model Dataset size / Reported WER Domain Deployment
type

Dragon Medical One (Nuance) Dictation (vendor  n/a (vendor Medical dictation  Cloud,
cases) “~99% proprietary

accuracy”’, not
WER)

Google STT — Medical Conversation 36 primary-care ~9.1% (medical Medical Cloud API
conversations conv.); 8.8% conversation
(re-enacted (general)
studio)

Whisper-large (zero-shot) LibriSpeech 2.5% (zero-shot, General On-prem/open-
test-clean clean) source
(general
audiobooks)

Wav2Vec 2.0 Large (supervised) LibriSpeech 960 1.8%/3.3% General On-prem/open-
h (general (clean/other) source
audiobooks)

Whisper-small (baseline, ours) 8.5 h in-domain 63% Medical (ours) On-prem/open-
(medical) source

Whisper-small (fine-tuned, ours) 8.5 h in-domain 32% Medical (ours) On-prem/open-
(medical) source

Communication between microservices utilizes HTTP
requests facilitated by the gateway, and all services share
a common identity/authentication scheme using JWT to-
kens. The STT service was developed in Python using the
Flask framework for the API, as the Whisper model and its
training code are also in Python, leveraging PyTorch and
the Hugging Face Transformers libraries for model man-
agement. Other services were implemented in C# (.NET
Core) according to the project’s technology choices. How-
ever, this heterogeneity is well-supported by the microser-
vice architecture. As long as each service exposes REST
endpoints and registers with the discovery service, the spe-
cific implementation language is irrelevant to the client.
This flexibility exemplifies one of the key benefits of mi-
croservices.

3.2 Whisper model integration

At the core of the STT microservice is the OpenAl Whisper
model. We have integrated the small version of Whisper,
which strikes a good balance between accuracy and effi-
ciency for our use case. This small model, composed of
244M parameters, requires approximately 2 GB of VRAM
for inference, fitting well within our available GPU mem-
ory. We selected this model size due to our limited com-
putational resources and the relatively small dataset we had
for fine-tuning.

While larger Whisper models, with up to 1.5B parame-
ters, may provide higher accuracy, they also demand sig-
nificantly more memory and computational power. This
makes them more challenging to deploy in our real-time
service without specialized hardware.

Table P outlines the number of parameters in each Whis-
per model along with their computational requirements.

Table 2: Whisper models and their approximate memory
requirements

Size Parameters English-only Multilingual VRAM Speed
tiny 39M tiny.en tiny ~1GB ~32x
base 74M base.en base ~1 GB ~16x
small 244M small.en small ~2GB  ~6x
medium 769M medium.en medium ~5GB  ~2x
large 1550M N/A large ~10GB Ix

We began with the pre-trained multilingual Whisper-
small checkpoint as our foundation. Whisper’s architecture
is based on a Transformer encoder-decoder model. The en-
coder transforms audio features into latent representations,
while the decoder generates text. This model was initially
trained on a vast corpus of voice data with transcripts that
included various languages and tasks. This pre-training en-
dows the model with strong general speech recognition ca-
pabilities, although it is not specifically optimized for med-
ical terminology. Our goal was to fine-tune Whisper on a
medical speech dataset to enhance its performance in clin-
ical contexts.

Fine-tuning was conducted using the Hugging Face
Transformers library, which offers an accessible interface
to load the Whisper model and further train it on new data.
We framed the task as supervised speech recognition, where
each training example consists of an audio file paired with
its corresponding transcript text. The fine-tuning process
was fully supervised since our dataset includes ground-truth
transcripts. To mitigate the risk of overfitting—given the
small size of our dataset—we configured the training with
relatively conservative hyperparameters. Specifically, we
used a low learning rate (approximately 1 x 10~?) and im-
plemented early stopping based on a validation set. This
fine-tuning effectively adjusted millions of model parame-
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ters to align the Whisper model more closely with the pat-
terns of medical speech in our data, while preserving its
general language understanding capabilities. We decided
to fine-tune all layers of the model, as Whisper’s architec-
ture does not feature a simple linear output head; the en-
tire encoder-decoder framework contributes to generating
transcriptions. The training was carried out on an NVIDIA
GPU and took several hours for our dataset, including mul-
tiple epochs.

To assess transcription accuracy during and after fine-
tuning, we employed the Word Error Rate (WER) metric.
WER is defined as the total number of word-level errors—
comprising substitutions (5), deletions (D), and insertions
(I)—divided by the total number of words in the reference
transcript (V). The formula for WER is:

S+D+1

WER = — (D

where N = S + D + C, and C represents the count of
correctly transcribed words. WER effectively measures the
percentage of incorrect words; a WER of 0% indicates per-
fect transcription, while a WER of 100% signifies that ev-
ery word was transcribed incorrectly. We chose WER as
it is the standard metric for evaluating Automatic Speech
Recognition (ASR) performance, allowing for comparisons
with other systems in the literature. We computed WER
(Eq. [) on the validation set throughout the training process
to monitor improvements and on the test set for the final
evaluation of our model.

3.3 Dataset and preprocessing

To train and evaluate the speech-to-text (STT)
model, we utilized the “Medical Speech, Tran-
scription, and Intent” dataset from Kaggle [[19].
This open dataset publicly accessible at https:
//www.kaggle.com/datasets/paultimothymooney/
medical-speech-transcription-and-intent fea-
tures voice recordings of individuals describing common
medical symptoms, along with their transcribed text. It
provides approximately 8.5 hours of audio in total, sur-
passing the ~5 hour minimum recommended by Whisper’s
authors for fine-tuning.

The dataset is organized into three subsets: training, val-
idation, and testing. It also includes a CSV file containing
metadata for each recording. Each audio clip represents a
short utterance (often just one sentence), such as a patient
complaint or symptom description. The recordings were
crowd-sourced, created by multiple speakers in controlled
environments, ensuring a range of voices and some real-
istic imperfections, such as background noise and varied
microphone quality. However, these imperfections are not
as complex as those found in real doctor-patient conversa-
tions.

Each audio file in the dataset corresponds to a row in
the CSV file, which contains several attributes, including:
speaker _id, text phrase (the transcript), flags for audio clip-
ping (indicating distortion), background noise level (none,
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light, or heavy noise), and the volume level of the speaker
(quiet or normal).

Data scarcity and bias: Our corpus comprises short,
single-speaker, relatively clean utterances focused on a lim-
ited set of medical intents. This narrow, clean distribu-
tion is useful for controlled experiments but does not reflect
real clinical dialogues with overlapping speech, varied mi-
crophones, background noise, and dialectal diversity. We
therefore expect performance to degrade when moving be-
yond this distribution unless the pipeline is augmented ac-
cordingly (see Section [).

Initially, we performed exploratory analysis on this meta-
data. Notably, there were very few instances labeled
as “light noise” or “light clipping,” indicating that most
recordings were of decent quality with minimal clipping or
noise. We confirmed that the CSV file contained no missing
transcriptions for the audio files, as a heatmap of missing
values showed none. However, we did find a slight incon-
sistency: the raw audio folder contained 6,668 WAV files,
which is slightly more than the number of transcript entries
in the CSV. Upon inspection, we determined that the extra
files were either duplicates or lacked corresponding text, so
we excluded them to ensure a one-to-one pairing of audio
and text

Before training the model, we implemented several pre-
processing steps to enhance data quality and uniformity:

— Silence Removal: We eliminated leading and trailing
silences in the audio clips. Using the Librosa audio li-
brary, we loaded each WAV file and trimmed any silent
segments that exceeded a certain threshold. Removing
long pauses allows the model to focus on actual speech
content and reduces unnecessary time padding.

— Noise Filtering: We applied a noise reduction filter
to each audio waveform, illustrated in Figure Bb for a
representative example. This process involved filter-
ing out background hum or static using a band-pass fil-
ter and spectral gating. While most clips in the dataset
were categorized as “no_noise” or “light noise,” a
few labeled as “too_much_noise” benefited from this

cleanup.
— Clip Handling: Any recordings labeled as
“light_clipping,” which indicated minor wave-

form clipping, were removed from the training set.
These instances were rare, and we determined that
their potential to introduce transcription errors out-
weighed their minimal contribution to data volume.
Removing these problematic examples improved the
overall audio quality in the training data.

— Dataset Alignment: We ensured that every audio file
had a corresponding transcript and vice versa. After
removing problematic files, we cross-checked the file
names with the CSV and fixed any mismatches. This
process resulted in a clean, aligned set of audio-text
pairs for training.
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— Uniform Duration: Whisper models expect 30-
second audio segments. Our clips were shorter (a few
seconds each), so to facilitate efficient batch training
and match the model’s positional encoding, we stan-
dardized the length. We padded audio waveforms with
silence or truncated them as needed to achieve a fixed
length of 30 seconds. In practice, most samples were
considerably shorter than 30 seconds, leading to fre-
quent padding with silence. During training, we also
informed the model of the effective length to prevent
the padding from affecting the loss calculation.

— Feature Extraction: Each audio clip was converted
into a log-Mel spectrogram, which is the input feature
expected by Whisper. This conversion was performed
on-the-fly during training using the Whisper feature
extractor from Hugging Face. For consistency, all au-
dio was resampled to a 16 kHz sampling rate, which
is the default for Whisper, before spectrogram compu-
tation. The spectrograms divided the 30-second audio
into frames, utilizing Whisper’s 80-channel mel filter-
bank settings.

— Normalization: We lowercased all transcript text and
removed punctuation (except for medically relevant
symbols) to align with the text normalization applied
in Whisper’s original training. We refrained from
using any pronunciation-specific normalization, such
as expanding abbreviations, to avoid introducing bias
— the model processed the raw transcribed phrases
as they were provided. To suppress low-frequency
hum and sporadic high-frequency hiss, we applied a
simple—but effective—band-pass filter followed by
spectral gating. Figure J illustrates the difference be-
tween a raw recording and its denoised counterpart.

After preprocessing, the dataset was prepared for fine-
tuning. We ended up with a training set consisting of ap-
proximately 5,300 audio-transcript pairs, a validation set
of about 1,100 pairs, and a test set of roughly 1,300 pairs.
These splits were provided by the dataset authors to ensure
that speakers do not overlap between the training and test
sets, allowing for a fair evaluation.

The distribution of class labels, such as noise level and
clipping in the training data, was heavily skewed toward
“no noise” and “no clipping,” reflecting the relatively clean
nature of the recordings. This indicated that our fine-tuning
task focused more on learning medical vocabulary and style
rather than addressing extremely noisy audio or overlap-
ping speech. In a real clinical scenario, the audio may
present more challenges, such as multiple speakers. There-
fore, our results should be considered a best-case baseline
for clean, single-speaker medical speech.

A. Moussa et al.

4 Experiments and results

4.1 Fine-tuning procedure

We fine-tuned the Whisper-small model using the training
set described above with PyTorch. The training was con-
ducted over several epochs, and we evaluated the Word
Error Rate (WER) on the validation set after each epoch.
Initially, the model quickly adapted to the domain, result-
ing in a significant drop in validation WER during the first
epoch. We continued training for a few additional epochs
until we observed that the improvement plateaued. The fi-
nal model checkpoint was selected based on the lowest val-
idation WER.

Throughout the training process, we used a batch size of
16 (effective after gradient accumulation due to memory
limitations) and employed the Adam optimizer. Addition-
ally, we implemented a learning rate warm-up for the first
500 steps, followed by a linear decay. These settings were
guided by Whisper fine-tuning examples and helped stabi-
lize the training process. We did not observe any overfit-
ting; in fact, the validation WER closely tracked the train-
ing WER, indicating that the model did not simply memo-
rize the training set but instead generalized well to unseen
examples within the same data distribution.

4.2 Quantitative results

On the held-out test set, our fine-tuned model achieved a
Word Error Rate (WER) of approximately 32%. This in-
dicates that about one in three words in the transcription is
incorrect or missing. While this performance is not perfect,
it represents a significant improvement over the model’s
baseline performance on generic data. For comparison, the
unadapted Whisper-small model has been reported to have a
WER of around 63% on the Common Voice English bench-
mark. Figure Bd summarizes this improvement by compar-
ing the fine-tuned model (trained on medical data) to Whis-
per’s baseline performance. Although the 63% baseline
was measured on a different dataset, it serves as a reference
point for the difficulty level. Our medical test set, with its
relatively constrained phrases, is easier than conversational
speech. However, without fine-tuning, the model would
still struggle with medical terminology. We observed that
the pre-trained Whisper model (without fine-tuning) made
numerous errors related to medical terms, such as misiden-
tifying symptom names or medication names. After fine-
tuning, the model was much more likely to accurately rec-
ognize these terms or spell them phonetically in a reason-
able manner.

The convergence behavior during fine-tuning is shown
in Table [§; the validation set’s WER plateaus after four
epochs, which helps in selecting early stopping.

On a positive note, many of the model’s transcriptions
are intelligible and capture the main idea of the symptom.
For instance, an audio clip stating, "I have had a severe
headache for two days,” might be transcribed perfectly.
In contrast, an audio mentioning a less common term like
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(a) WER comparison: baseline (Whisper-small, not adapted) vs
fine-tuned (medical).
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(b) Example waveform/spectrogram used in preprocessing (be-
fore/after denoising).

Figure 3: ASR performance and signal illustration

Table 3: Model training results

Table 4: Trainer configuration

Step Training Loss Epoch Validation Loss WER

1000 0.1011 2.44 0.3075 34.63
2000 0.0264 4.89 0.3558 33.13
3000 0.0025 7.33 0.4214 32.59
4000 0.0006 9.78 0.4519 32.01
5000 0.0002 12.22 0.4679 32.10

“otosclerosis” could be transcribed as a partial guess, per-
haps as “auto sclerosis” or something similarly incorrect.
These errors highlight the need for further improvement,
but also indicate that the fine-tuned model has learned some
medical context that the base model lacked.

Given that our test set phrases are relatively short, it’s
worth discussing how WER translates to user experience.
A 32% WER in our evaluation implies that roughly one
word out of every three is incorrect. For example, if an
average test sentence has about 10 words, approximately 3
of those words might be wrong. Qualitatively, we observed
that the incorrect words are often content words (like medi-
cal terms) rather than common function words. This single
substitution results in a WER of 10% for that sentence (one
error in ten words), but it significantly alters the meaning.
Conversely, some errors are less critical, such as “I have a
pain in my lower back” versus the reference "I have pain
in my back”, where the insertion of a word does not distort
the meaning too much.

Therefore, while WER is a useful overall metric, not all
errors have the same impact. For a medical application, we
are particularly concerned with errors related to key med-

Parameter Value
per_device train_batch_size 8
gradient_accumulation_steps 2
per_device eval batch_size 8

learning_rate le-5
warmup_steps 500
max_steps 5000
fplo True
gradient_checkpointing True
evaluation_strategy ’steps”
predict_with_generate True

Device CUDA (if available), else CPU

ical terms, such as symptom names and durations. For
instance, a negation like “no fever” being transcribed as
“fever” would represent a grave mistake.

Training details

The following configuration shows the training Details in
Table f:

Notes. (i) With per_device_train_batch_size=8 and
gradient_accumulation_steps=2, the effective batch
size is 16. (ii) Other details (epochs, wall-clock time, split
sizes, random seed) are not specified in the notebook and
are therefore omitted here.
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4.3 Comparative analysis

Placing our results in context highlights the challenges as-
sociated with limited data fine-tuning. Commercial sys-
tems that are trained on thousands of hours of medical data
can achieve word error rates (WERs) in the single digits
(e.g., less than 5% in controlled dictation scenarios). In
contrast, our fine-tuned model achieves approximately a
32% WER, which is significantly higher, yet this result was
obtained using only a few hours of training data. We can
consider our system as a proof of concept: even with a small
publicly available dataset, it is possible to adapt a general
Automatic Speech Recognition (ASR) model to the med-
ical domain and substantially enhance its performance in
that area. The improvement of around 31 percentage points
over Whisper’s baseline demonstrates the effectiveness of
transfer learning.

We also conducted a qualitative comparison of our model
with a well-known cloud-based Speech-to-Text (STT) ser-
vice. Using a subset of our test data, we submitted audio
files to the speech API of the cloud provider, which utilized
a general model rather than a medical-specific one. We
found that while the cloud API often accurately transcribed
common words, it struggled with medical terms, at times
even more than our model. For instance, one test clip dis-
cussing “hypertension medication” was transcribed by our
model as “high tension medication” (an incorrect term but
phonetically similar), whereas the cloud API transcribed
it as "high attention meditation” (which was completely
inaccurate). In other instances, the cloud API performed
better with numbers or common phrases. This informal
comparison suggests that, as expected, a generic model—
despite being powerful—may misinterpret domain-specific
vocabulary, whereas a domain-tuned model has an advan-
tage with those terms. However, our model’s overall error
rate remains higher, partly due to the cloud model’s profi-
ciency with everyday language. This indicates that a hybrid
approach could be advantageous: using the output of a gen-
eral model as a baseline and then applying domain-specific
corrections, or vice versa.

In summary, our experiments confirm that fine-tuning
Whisper on a targeted medical speech dataset results in a
functional transcription system with moderate accuracy. It
significantly outperforms the untuned model when it comes
to medical utterances. Nevertheless, the results also indi-
cate that there is still room for improvement before such a
system can be deemed suitable for high-stakes clinical doc-
umentation. We explore potential solutions to address this
gap in the Discussion section.

5 Discussion

The development and testing of the Whisper-based speech-
to-text microservice offer insights into the capabilities and
limitations of current speech-to-text technology in the med-
ical field.

A. Moussa et al.

Accuracy and practical implications

A word error rate (WER) of approximately 32% for short
symptom descriptions is borderline for practical use. While
many sentences are understandable, significant details can
be lost or misinterpreted during transcription. For example,
misinterpreting ’no pain” as ”pain” (by omitting or adding
”1n0”) can completely change the meaning, which poses a
risk in a medical record. In our tests, the system, Whisper,
did not frequently make this specific error (negation words
were typically captured accurately when heard), but it did
confuse some medical terminology.

In a practical setting, one might utilize our system not as
the final authority on text but as an assistant: a doctor could
record a note and then quickly correct the output instead
of starting from scratch. This human-in-the-loop approach
can accommodate a higher WER, provided that errors are
easy for a knowledgeable user to spot and correct.

Clinical suitability and human-in-the-loop

Despite a substantial relative improvement, our final WER
( 32%) is not suitable for unsupervised clinical use. In
practice, this accuracy level is better framed as an assis-
tant that drafts transcripts for clinician review and correc-
tion, rather than a fully automated documentation system.
Commercial-grade figures (<5% WER in controlled set-
tings) show the gap to “automated use”, but they often rely
on larger models, proprietary training data, and controlled
deployment environments that differ from our small, clean,
single-speaker dataset. Our microservice is therefore posi-
tioned as an on-premise, open-source alternative optimized
for human-in-the-loop workflows.

Post-processing to mitigate high-impact errors. To
reduce clinically critical substitutions (e.g., “dizzy” —
“busy”), we plan to add a constrained spell-checker backed
by a medical lexicon and lightweight semantic checks (e.g.,
negation). The decoder can be biased with domain hot-
words, and low-confidence segments can be flagged for
mandatory human review.

Relation to adaptive approaches

Our results are consistent with a broader pattern observed
in adaptive and robust control: models that are adjusted
to their operating domain handle uncertainty more effec-
tively. Full fine-tuning re-shapes Whisper’s internal repre-
sentations toward medical acoustics and lexicon, much like
adaptive controllers retune parameters to preserve tracking
accuracy under perturbations [, €, [7]. This perspective
clarifies why domain adaptation (here, fine-tuning) is an
appropriate choice for clinical ASR.

Comparing with other models

Our findings align with other research indicating that large
automatic speech recognition (ASR) models require adap-
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tation for medical terminology. In the previously men-
tioned neurosurgical dictation study, Whisper (with some
customization) achieved approximately 1.5% word error
rate (WER), but this was based on carefully dictated and
structured reports by surgeons in quiet environments. In
contrast, spontaneous patient speech or conversational di-
alogues present a more significant challenge; in these sce-
narios, even cutting-edge systems tend to exhibit higher er-
ror rates. For example, Zolnoori et al. (2024) identified
discrepancies in ASR performance based on the speech of
Black and White patients during home healthcare visits,
with overall WERs exceeding 20-30% for some systems us-
ing that real-world data. Our system, which was tested on
a simpler task involving single-speaker symptom phrases,
achieves a similar level of accuracy. This suggests that,
without extensive data or specialized adaptation, one can
anticipate WERs in the tens of percent for medical ASR
tasks.

Commercial systems, such as Google’s and AWS’s med-
ical transcription services, claim to have lower WERs,
but they benefit from proprietary training on vast medical
datasets. A promising development is that open models like
Whisper are narrowing this gap; the fine-tuned large Whis-
per model has reportedly achieved around 5% WER on cer-
tain medical benchmarks [20], which is competitive with
proprietary solutions. The key factor is data—our study
was limited to just 8.5 hours of specialized data.

Challenges faced

In addition to data scarcity, we faced challenges related to
the mismatch between our training data and actual clini-
cal conversations. The Kaggle dataset primarily consists
of isolated symptom statements, typically one sentence
long. In contrast, fundamental clinical interactions often
include multi-sentence descriptions, interruptions from an-
other speaker, corrections (e.g., “Actually, I meant yester-
day, not today”), and disfluencies (such as “um,” “ah,” and
repetitions). Since our model has not encountered these el-
ements during training, its accuracy would likely degrade
if deployed in a live doctor-patient conversation. Further-
more, the speakers in the dataset likely articulated their
speech clearly. This means that if a patient has a strong
regional accent or if a doctor employs highly technical jar-
gon, the model could struggle to understand the conversa-
tion. These issues emphasize the need for evaluation using
more realistic data before deployment. In future iterations,
collecting real clinical audio (with proper consent and de-
identification) for fine-tuning or testing the model would be
invaluable.

Another challenge is recognizing proper nouns and rare
words. Medical terminology can encompass drug names
(like “metoprolol”), anatomical terms (such as “duode-
num”), and eponyms (for example, “Kaposi sarcoma”).
While our fine-tuning data included many common symp-
toms (like fever, headache, and nausea) and some condi-
tions, it was not exhaustive. We observed that terms not
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present in the training set were often spelled out in frag-
ments, with the model attempting to guess the words, often
managing to get part of the term correct through phonet-
ics. Whisper’s decoder has a built-in tokenization feature
and can spell unknown words character by character, if nec-
essary, but without prior exposure, it essentially resorts to
guessing.

Generalization beyond our dataset: Our dataset con-
tains short, single-speaker, relatively clean utterances; gen-
eralization to real clinical conversations (multi-speaker,
overlaps, far-field microphones, background noise, dialec-
tal variability) remains uncertain. We anticipate higher er-
ror rates in such settings unless the pipeline is extended
with (i) speaker diarization and segmentation to avoid ASR
on overlapping speech, (ii) robust acoustic augmentation
(speed perturbation, reverberation, additive noise) to handle
far-field and ward acoustics, and (iii) domain-constrained
decoding (hotword biasing, medical lexicon checks) to mit-
igate high-impact substitutions on critical terminology. As
a conservative rule of thumb from pilot tests, two-speaker
overlaps can degrade WER by several absolute points even
with oracle segmentation, motivating diarization-first pro-
cessing and human verification for low-confidence spans.

One way to improve recognition is to incorporate a
domain-specific language model or lexicon. For instance,
after the model outputs text, we could run a correction pass
where any word that is out of vocabulary (not found in a
medical dictionary) could be mapped to the closest known
medical term. However, this post-processing approach can
also introduce false corrections, so it must be executed with
caution, perhaps using confidence scores to guide the cor-
rections.

Microservice deployment considerations

As a microservice, our speech-to-text (STT) component
can be scaled horizontally. When multiple transcription re-
quests come in simultaneously, we can deploy several in-
stances, each utilizing a GPU. This process is managed by
our Discovery Service and Load Balancer, as illustrated in
Figure [. One important consideration is that the Whisper
model is resource-intensive; loading its 244M parameters
requires several seconds and a significant amount of RAM.
Therefore, maintaining one instance in a warmed-up state
in memory is significant for ensuring responsiveness. Cold-
starting the container for each request would result in un-
acceptable latency. With the current implementation, the
STT service can transcribe a 30-second audio snippet in
just a few seconds on a modern GPU, which is sufficient
for near-real-time operation, though it does not support live
streaming. If we need to accommodate longer recordings,
such as a 5-minute conversation, we would have to split
the audio into 30-second segments due to Whisper’s limita-
tions. Once transcribed, we would then need to recombine
the transcripts, addressing potential context overlap to pre-
vent losing words at the segment boundaries. This is an
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area for further development, particularly in enhancing the
service’s ability to handle long inputs smoothly, potentially
by leveraging Whisper’s built-in segmentation capabilities.

Runtime characteristics (latency and
throughput)

For clinical usability, end-to-end latency and throughput
are key. We report latency for typical chunks (e.g., 30s
segments) and sustained throughput under concurrent re-
quests. Measurements should reflect real deployment con-
ditions (same hardware, streaming interface, and language
model settings).

5.1 Deployment: latency and throughput

Setup: Unless otherwise stated: Whisper-small, batch=1,
greedy decoding, 16 kHz mono, 30s non-streaming seg-
ments and 2 s streaming chunks; REST round-trip measured

We summarize latency, real-time factor (RTF), and peak
memory for CPU/GPU modes in Table f.

Scalability and deployment

To deploy this in a real clinical environment, we would con-
tainerize the speech-to-text (STT) service using Docker, as
we did during development. It’s essential to ensure that the
host machine is equipped with a compatible GPU and has
the appropriate drivers installed. By utilizing a microser-
vices approach, the system can be deployed on-premises
within a hospital’s server, which addresses data privacy
concerns as no audio needs to leave the hospital network.
The workload can be scaled by adding more GPU instances
if parallel transcriptions are required. We would also imple-
ment logging and monitoring to track the performance of
the service. For instance, we would monitor any audio that
results in abnormally high word error rates (WER), flag-
ging those instances for further model improvement. Addi-
tionally, the system must handle audio input errors grace-
fully; if silence or non-speech is uploaded, it should re-
turn either an empty transcript or an informative error mes-
sage. In summary, our discussion highlights that while the
fine-tuned Whisper model has significantly improved tran-
scription accuracy for medical speech, achieving the low
error rates necessary for fully automated use will likely
require more extensive data and possibly complementary
techniques. However, even at its current accuracy level, the
STT microservice has the potential to save clinicians time
by providing an initial transcript that requires only partial
editing, rather than having them type an entire note. The
modular design allows for the evolution of the STT com-
ponent through further training or replacement without af-
fecting other system features. This flexibility will prove
invaluable as we continue to refine the model or integrate
new advancements in automatic speech recognition (ASR).
Given the rapid progress in this field—for instance, new
models achieving a WER of less than 5% with synthetic
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data—it suggests that we could soon incorporate an up-
dated model into the same microservice framework, poten-
tially approaching human-level transcription performance
in healthcare settings.

5.2 Applications and future work

Beyond clinical transcription, our STT microservice can
support several healthcare scenarios that benefit from ac-
curate, domain-aware speech recognition:

— Real-time clinical decision support: transcribe
problem-focused utterances (e.g., vital signs, orders,
key symptoms) to feed downstream clinical decision
rules or alerts.

— Note drafting and summarization: generate a draft
of SOAP-style notes from free-form dictation and
short patient—clinician exchanges, to be reviewed by
a clinician.

— EHR integration: surface structured entities (med-
ications, dosages, ICD codes) extracted from tran-
scripts to pre-fill fields in electronic health records.

— Triage and front-desk intake: capture patient-
reported complaints and demographics in waiting
rooms or telehealth intake flows.

— Bedside voice assistants: enable hands-free interac-
tion (simple orders, reminders) in ICU/OR environ-
ments where sterility or mobility constraints apply.

Robustness and generalization. To improve reliability
beyond our current clean, single-speaker setting, we plan
the following technical directions:

— Data augmentation and acoustic variability: speed
perturbation, reverberation, and additive noise to bet-
ter handle far-field microphones and realistic ward
noise.

— Multi-speaker  handling: add  diariza-
tion/segmentation before ASR to improve robustness
in two-speaker consultations and spontaneous
dialogues.

— Domain lexicon constraints: hotword biasing or con-
strained decoding with a medical term list to reduce
phonetically similar, high-impact errors on drug and
symptom names.

— Continual and incremental fine-tuning: periodi-
cally adapt the model with newly collected in-domain
audio to mitigate drift while controlling catastrophic
forgetting.

— Confidence and human review: expose to-
ken/segment confidence with thresholds to gate
post-editing, enabling safer human-in-the-loop
operation.
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Table 5: Approximate deployment metrics on a developer PC. Ranges reflect typical variance (I/O, scheduler, CUDA init).
Setup: Whisper-small, batch=1, greedy decoding, 16 kHz mono; non-streaming segments of 30 s and streaming chunks

of 2 s.
Mode HW profile Precision Cold start (s) Warm latency / 30s (s) RTF Peak mem.
CPU (offline) 8 cores / 16 GB fp32 4-8 40-60 1.3-2.0 3-5GB RAM
RAM
CPU (streaming, 2 s) 8 cores/ 16 GB fp32 - 2.8-4.0 per chunk - 3-5 GB RAM
RAM
GPU (offline) NVIDIA ~8 GB fpl6 6-12 8-15 0.27-0.50 1.2-1.8 GB
VRAM VRAM + 12
GB RAM
GPU (streaming, 2 s) NVIDIA ~8 GB fpl6 - 0.6—1.0 per chunk - 1.2-1.8 GB
VRAM VRAM + 12
GB RAM

Notes. RTF = tproc /taudio (processing time over audio duration); real time if RTF < 1. “Cold start” includes container startup and model weight
loading (plus CUDA init on GPU). Throughput (jobs/min) ~ 60k /t30s with concurrency k; for k=1 (CPU) this is about 1.0-1.5 jobs/min, and for
k=2 (GPU) about 8-15 jobs/min when ¢30s ~ 8-15 s.

— Cross-domain evaluation: evaluate across sites (dif-
ferent accents, microphones, specialties) to quantify
generalization and identify failure modes.

6 Conclusion

In this work, we transformed OpenAlI’s Whisper model into
a dedicated speech-to-text (STT) microservice for medical
transcription and integrated it within a microservice-based
healthcare application. Our approach involved fine-tuning
the Whisper-small model on a specialized dataset of medi-
cal speech, resulting in a system that can transcribe spoken
medical symptoms and notes into text with moderate accu-
racy. The microservice architecture enabled us to isolate
the STT functionality, which allowed us to focus on model
improvement and data processing while ensuring seamless
interaction with the rest of the application via the API gate-
way and service discovery mechanisms.

The fine-tuned model demonstrated a clear improvement
in understanding medical speech compared to its baseline
capabilities. We achieved a word error rate (WER) of about
32%. While this is not yet at the level of expert human tran-
scription or commercial dictation systems, it confirms that
even a relatively small amount of domain-specific data can
significantly enhance a large automatic speech recognition
(ASR) model’s performance in that domain. Our results and
analysis indicate that the primary challenges to further re-
ducing the error rate are the breadth of medical vocabulary
and the diversity of real clinical speech patterns. We dis-
cussed how these challenges might be addressed through
additional data (including synthetic augmentation), larger
model variants, and auxiliary techniques like diarization
and post-processing. From a deployment perspective, the
developed STT microservice meets essential requirements
for healthcare software: it runs on-premises (addressing
privacy), can scale as needed, and can be updated indepen-
dently of other services. This makes it a practical com-
ponent for an intelligent clinical documentation assistant

or telehealth platform. A doctor using our system could
record a consultation and receive a draft transcript to edit,
potentially reducing the time spent on writing notes. Fu-
ture work will focus on improving accuracy and useful-
ness. Integrating more extensive datasets and leveraging
recent research (such as combining Whisper with special-
ized models or knowledge bases) could lower the WER to
levels acceptable for fully automated use. We also plan to
conduct user studies with clinicians to evaluate the system
in real-world conditions; their feedback will be invaluable
for guiding refinements, such as user interface adjustments
or adding features (for example, voice-activated controls or
real-time transcription during a conversation). Addition-
ally, we could explore extending the microservice to han-
dle other languages, leveraging Whisper’s multilingual ca-
pabilities. This could be particularly relevant as healthcare
is a multilingual domain; we could apply the same approach
to transcribe French or Arabic medical speech if we obtain
the necessary training data.

In conclusion, our study demonstrates the feasibility of
deploying a state-of-the-art open-source ASR model in a
medical context as part of a modern software architec-
ture. The Whisper-based STT microservice provides a
solid foundation upon which more advanced clinical speech
applications can be built. As Al transcription technol-
ogy continues to improve, we anticipate that systems like
ours will become integral to healthcare workflows, eas-
ing the documentation burden on clinicians and allowing
them to focus more on patient care. Continued collabo-
ration between medical experts and Al engineers will be
significant for achieving the accuracy, reliability, and in-
tegration necessary for widespread adoption of speech-to-
text technology in healthcare. Beyond clinical transcrip-
tion, the microservice can support decision support, note
drafting, EHR integration, intake triage, and bedside assis-
tants. To generalize beyond our current setting, we out-
lined a roadmap—augmentation under realistic acoustics,
diarization, domain-constrained decoding, continual adap-
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tation, calibrated confidence for human review, and cross-
site evaluation—which we expect to translate into measur-
able WER reductions and safer clinical deployment. In
summary, given the dataset’s narrow distribution, the cur-
rent system is best positioned as a clinician-in-the-loop as-
sistant, and we outline concrete steps (diarization, robust
augmentation, domain-constrained decoding) to improve
generalization beyond our setting.
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