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Abstract: Speech recognition in medical context is important but also challenging. Especially the
adaptation of speech models is a concern directly influencing the performance of models and thus,
the application of such technology in medical working processes. This issue is related to the avail-
ability of speech samples for fine-tuning the systems, which is often problematic to regulatory
aspects. Since, however, speech processing provides benefits for medical personnel to optimise
working processes, we propose a pipeline, allowing adaption of speech processing as well as au-
tomatic output formatting. We decided to establish a post-processing approach, using pre-trained
(not necessarily medically updated) speech models, being combined with lexicon- and processing
techniques to allow adaptation to medical technical terms. Furthermore, the pipeline comprises
handling of spoken formatting commands. The entire system is working (close to) real-time. In the
paper, we also demonstrate our approach in a first study.

1 Introduction

Modern Automatic Speech Recognition (ASR) models and systems (cf. e.g. [1, 2, 3, 4]) work well for most general
audio or speech. They show extremely good results also in a broad range of languages and topics. However, when
it comes to more specific domains, the models tend to struggle and often rather prefer alternative vocabulary, being
more present in everyday conversation. In our work, we observed this issue mainly in relation to technical terms;
especially, in medical speech.

Clinical communication often uses rare or complex terminology, long compound nouns, and abbreviations.
Furthermore, medical personnel use technical terms in German, English, and Latin, or a mix of multiple languages,
which can be experienced in almost any doctor visit. Additionally, due to situations, which are rather time critical,
a fast-speaking style is often seen in the medical context [5], which is not well covered in typical ASR systems.
One reason may be seen in the under-representation of such fast speaking style in the training data of common
speech models.
So, the naïve approach is a fine-tuning of the intended speech model. However, we are often be faced with two
challenges in this case: 1) the complexity of the model itself, longing for reasonable number of tuning samples, and
2) the regulatory issues; (strict) privacy regulations (e.g. GDPR) limit the access to clinical recordings (cf. e.g. [6]).
In both challenges, appropriate annotations are necessary, resulting in high cost of expert medical transcriptions.
As a result, there is a need for an adaptation method that improves accuracy without relying on sensitive patient-
related audio, expert transcripts, and/or fine-tuning.

In this paper, we present preliminary results, being part of a larger study in the project “KIRAL”. One of our
project subtasks are investigations of acoustic-based communication during surgeries as well as in the correspond-
ing planning phase. As a first step, we need to analyse diagnostic findings, usually provided in (summarised) text
form, but also as dictated report (e.g. computer tomographic (CT) findings). As stated in, for instance [7], the entire
process of data analysis, in that case medical texts (medical Natural Language Processing (NLP)), is a challenging
issue. Especially the data preparation for model training is not trivial, regarding privacy regulation (cf. Figure 1
in [7]). Considering spoken medical contributions, we are faced with same aspects, being even harder in terms of
privacy and anonymisation.
Therefore, we were looking for a solution that allows an easy adaptation, circumventing, on the one hand, the
challenges of regulations, and on the other hand, providing handles for medical personnel to update the system
without external (expert-based) model adaptation. In this sense, we present our approach in Section 3 and results
on a first study in Section 4.2.

2 Related Work

2.1 General ASR

Over time, ASR has improved dramatically, shifting from traditional, statistical techniques to modern neural
network-based strategies. Early ASR systems mainly relied on Hidden Markov Models combined with Gaussian
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Mixture Models [8]. Although these techniques serve as a foundation for speech recognition research, they strug-
gle with low-quality and complex situations like background noise, large vocabularies, and complex real-world
conditions (e.g. [9]).

Deep Neural Networks replace conventional models in early ASR systems to increase accuracy. Afterwards,
Recurrent Neural Networks and Long-Short Term Memory Networks are used to better model speech over time
[10, 11]. These models work well but process speech sequentially, which makes them slow and hard to scale.
Additionally, they often perform poorly in noisy or domain-specific environments such as medical speech, and
they require large labeled datasets to train (e.g. [12]). Therefore, real-time usage of these early ASR systems was
restricted since they could only work appropriately after the full audio had been captured [13]. These circumstances
are nowadays rather solved since more and more large data sets are available.

Recent systems use Transformer-based models, improving speech recognition by using attention mechanisms,
which help ASR to understand long and complex speech patterns more accurately. Large models such as Whisper
[14] show strong performance across multiple languages and tasks, often working well without additional fine-
tuning [13], but struggle in domain specific tasks[15].

Self-supervised learning is used by more recent models, such as Wav2Vec 2.0 and HuBERT, to perform
well even in noisy environments and with little labeled data [2, 16]. However, they still make errors on rare
domain-specific terms, and adapting them to medical speech is difficult due to privacy constraints. In addition,
Transformer-based models require substantial computational resources, which limits their suitability for real-time
speech recognition.

2.2 Medical Related ASR

The research paper [17] investigates ASR in the medical domain, particularly in doctor–patient conversations. It
highlights several challenges, including overlapping speech, interruptions, and spontaneous dialogues. The work
shows that conversational clinical speech is substantially harder than dictated speech. Their approach relies on
domain-specific training data and does not explore non-training-based adaptation methods.

MultiMed [18] presented a large multilingual medical ASR dataset including German. Their results show
that even strong multilingual models perform worse in medical contexts due to terminology and speaking-style
differences. While the data set improves coverage, effective adaptation still depends on resource-intensive domain
training.

United-MedASR [19] proposed combining synthetic data generation and semantic correction to improve
medical ASR based on Whisper [14]. The study shows that vocabulary-aware post-processing improves accuracy
but still requires model adaptation using domain-specific data, which can be difficult under privacy constraints.

Large language models were investigated as a post-processing layer to enhance clinical ASR output [20]. This
approach improves medical concept accuracy but introduces additional computational complexity and dependency
on large models, and it does not focus on language-specific issues such as German compound words.

In [7], German medical NLP is surveyed, highlighting the lack of publicly available clinical datasets and
models. For German medical ASR, the lack of audio data is an even bigger problem, since there are (very) few
recorded medical speech samples, making it hard to build accurate domain-specific speech recognition systems.

The authors of [21] investigate how to improve German language models for medical NLP by continuing their
training on clinical texts and translated English medical data. The results show that training on domain-specific
texts helps models work well in medical contexts. However, the computational cost of training language models is
often (very) high.

3 Methods

Our method improves German medical speech transcription using a lexicon-based post-processing framework. It
works on the output of an existing ASR system. Instead of fine-tuning the ASR model, it corrects recognition
errors in clinical terms as well as aligns commands often seen in clinical speech. This includes mistakes with
medical terms, spelling variants, punctuation, and spoken formatting commands.

The system is designed for near real-time operation and can be integrated with any modern ASR engine.
During live transcription, the ASR output is displayed largely unchanged to ensure low latency and stable stream-
ing. Once the recording ends, a final post-processing step is applied to produce a clean, structured, and medically
accurate transcript. This approach allows a low-effort update of medical speech recognition, providing an easy-to-
handle adaptation process to a specific sub-domain (e.g., neurology, cardiology, etc.). Furthermore, it also enables
non-speech-processing-experts to contribute to adaptations, ideally directly in clinics.

The method consists of four main components, which will be discussed in detail in the following sections:

1. Medical Vocabulary Lexicon.

2. Terminology correction using exact and fuzzy matching.
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Figure 1 – Workflow of the proposed method, indicating the interplay of the components and modules.

3. Recognition of spoken formatting commands.

4. Final clean-up and normalization.

Taking these components into account, the overall workflow of our proposed method is as follows, which is also
visualised in Figure 1:

1. Audio is transcribed by a streaming ASR system.

2. Raw transcript is displayed during recording.

3. Post-processing is applied immediately after recording.

4. Medical terminology is corrected using the lexicon and matching methods.

5. Spoken punctuation and formatting commands are converted.

6. The final medical transcript is generated.

3.1 Medical Vocabulary Lexicon

The system relies on a medical vocabulary lexicon, which is stored in a dedicated database. It is enriched with
German medical terms, including ICD-10 [22] codes. The lexicon stores standard terms, spelling variants, spacing
differences, and common ASR errors. It covers disease names, drug names, procedures, clinical abbreviations, and
other terminology used in medical reports. In particular, each medical concept has a single canonical form. Alter-
native forms capture common ASR errors, like wrong capitalization, missing letters, or incorrect word boundaries.
However, we mention that the current version of our lexicon does not cover all medical terms, but is rather con-
structed and will be updated over time in relation to the project’s use cases.

The lexicon can be expanded, so new terms can be added without retraining the ASR. This allows adaptation
to different specialities, such as cardiology or intensive care, and to institution-specific terms. The design helps
to cover rare and compound medical terms that general ASR systems often miss. Furthermore, the concept of
lexicon-based post-processing enables non-experts to directly contribute to the adaptation of ASR output. Medical
personnel can thus provide new terms but also, and this might be more important in terms of personalization, adapt
towards their “common mispronunciation” (e.g. “Bleura” instead of “Pleura”; soft plosive vs hard plosive).

3.2 Terminology Correction Using Exact and Fuzzy Matching

After ASR, the text is processed by a terminology correction module operating in two stages, effectively correcting
a wide range of ASR errors:

1. Exact matching: It identifies frequently occurring incorrect forms, including capitalization errors, pre-
dictable spacing issues, and known spelling variants. This stage is efficient and well-suited for real-time
or near real-time processing. For this, we applied the Flashtext framework [23]. Flashtext is a Python library
designed for fast keyword search and replacement in text.

2. Fuzzy matching: Fuzzy matching, based on fuzzy similarity scores implemented in the RapidFuzz library
[24], is applied carefully to avoid wrong corrections. It is used only for long words, considering a similarity
threshold. Further, we used this only in cases where the replacement is a known medical term. This keeps
corrections reliable while preserving non-medical words.
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3.3 Spoken Punctuation and Formatting Commands

Medical professionals often use punctuation and structural commands verbally, especially in diagnostic finding
dictations, mentioning expressions such as “Komma (English: comma)”, “Punkt (English: full stop)”, “neue Zeile
(English: new line)”, or “Absatz (English: new paragraph)”. Standard ASR systems frequently misinterpret these
commands, especially at high speaking rates.

The proposed method includes a rule-based module detecting spoken punctuation and formats words and
turns them into the correct symbols or layout elements. This includes replacing punctuation words with symbols,
converting line and paragraph commands into breaks, and handling compound formatting expressions. This allows
hands-free report formatting, which is useful when medical staff dictate while doing other tasks. In our experi-
ments, we figured out that by handling formatting in post-processing, the system works well even if the ASR output
has imperfect word boundaries.

3.4 Final Clean-up and Normalization

After terminology correction and command recognition, the system performs a final clean-up step to improve
readability and consistency. This includes:

1. Removing duplicated punctuation,

2. Normalizing spacing around symbols,

3. Eliminating known non-informative phrases that occasionally appear in ASR output.

4 Experiments

This section describes the data used, the particular models, as well as the experimental results achieved in this first
study.

4.1 Experimental Setup

4.1.1 Data Set

In the study, we consider spoken diagnostic findings and thus, were searching for respective data sets. However,
in the medical domain, sharing data is rather complicated (cf. also discussion in Section 1) and therefore, (un-
fortunately) “clinical corpora are only accessible to the research staff within the lifetime of a project and remain
inaccessible forever for the outside world” [6]. This made it difficult to obtain suitable samples for experiments.
However, we were able to convince two colleagues to provide recordings for a preliminary study:

• Colleague 1 (native German, no accent, male) provided three acoustic samples of diagnostic findings in
German. The main topics are full-body scans in CT. The recording happened with a headset in a calm lab
environment.

• Colleague 2 (native English, Indian English accent, male) contributed one sample. The diagnostic report
comprises a CT analysis of brain regions. The recordings were conducted with a close-talk microphone in a
lab environment, however, comprising also same background noise.

These samples were used for testing our approach and gaining the achievements presented in Section 4.2. Due to
regulatory aspects, we are not allowed to share the current data. Indeed, in the “KIRAL” project, we are planning
additional data collections, which are intended to be conducted under consents, allowing also (at least partial)
dissemination of recordings.

4.1.2 Hardware and Software Setup

All experiments were conducted on a local workstation running Windows 11 as the host operating system. The
system was equipped with 16 GB RAM and an NVIDIA GeForce RTX 3060 GPU, which was used to acceler-
ate ASR inference. GPU support was enabled throughout the experiments to ensure near real-time transcription
performance.

To ensure reproducibility and portability, the system was deployed using Docker containers. The runtime
environment was based on Ubuntu 22.04 with NVIDIA CUDA 12.8.1 and cuDNN runtime support.
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4.1.3 Applied Speech Models

During the experiments (for both German and English medical audio), we mainly used two Whisper models [14],
namely Whisper Medium and Whisper Turbo. Whisper Medium is a mid-sized speech recognition model with
about 769 million parameters. It offers good accuracy with reasonable computational cost. In contrast, Whisper
Turbo (around 809 million parameters) is a faster version designed for high-speed transcription. Even though
Whisper Turbo has more parameters, it is optimized in the way the parameters are handled internally more effi-
ciently, leading to faster transcripts [25].

As German medical ASR baseline, we considered a fine-tuned Whisper model (Whisper-Small-German)
from the MultiMed [18] research work. This model is fine-tuned on medical German data and available in the
Hugging Face platform [26].

We applied the MedASR model from Google [27] as English medical ASR baseline. This model is pre-
trained on medical domain data, but supports only the English language. It is also available for download in the
Hugging Face platform [28].

Finally, we emphasize that we considered two settings: 1) this is the raw or direct output of the particular
models, and 2) the post-processing approach as suggested in Section 3.

4.1.4 Evaluation Metric

For evaluation, we relied on the samples provided by the colleagues, using them purely for testing purposes. As
ground truth, we generated a manual transcription of the recordings.

To measure the performance of the approaches, namely the direct transcript of the ASR systems as well as
the output of our system, we decided for the common Word Error Rate (WER) measure. This indicates the ratio of
incorrectly recognised words compared to a human-generated ground truth.

Additionally, we mention that in the proposed approach, a handling of punctuation/formatting indicators is
already realised. Therefore, we decided on the following modification of WER: if in the ground truth a punctua-
tion/formatting indicator is mentioned and the pipeline reacts appropriately, we do not consider this as a word error
since the intended reaction was created by the system.
In particular, the raw output of ASR systems keeps spoken punctuation words as normal text. To create an appro-
priate text output, our approach immediately change this indicators into the respective format. However, to avoid
penalties by WER, we do not consider the following substitutions not as errors:

• “Punkt” or “Full Stop” → “.”

• “Komma” or “Comma” → “,”

• “Absatz" or "New Paragraph” as well as “neue Zeile" or "Next Line” → line breaks

• “Klammer auf/zu” or "open/close Brackets" → “()”.

4.2 Experimental Results

Table 1 and Table 2 present the achievements of the current study, using WER as metric (be aware of the hints in
Section 4.1.4), comparing the systems raw outputs and the proposed approach against human-generated ground
truth.

Although, the direct output of the ASR systems already shows a good performance, especially for Whisper
Turbo, they still have trouble with various medical terms. Considering the higher speaking rate of medical per-
sonnel, in particular in diagnostic finding use cases, this comprises additional challenges to speech systems. In
our study, we saw that, in particular, word boundaries are critical, often resulting in combining or tightening two
words. In most cases, this happened with a medical term and the succeeding word.

In the German language (cf. Table 1), we see slight improvements, which are, of course, being based on
the underlying ASR model. Whisper Turbo is by design larger and being trained in a more generalised way.
This results in a lower WER itself. However, by additional corrections we still decreased the WER. For Whisper
Medium only in the complex sample 3 an improvement was gained.

From the perspective of the MultiMed-German model, we observe (cf. Table 1) that adding the post-processing
component from our proposed approach to the model’s raw output leads to a slight improvement in WER perfor-
mance, particularly for German Audio 1 and German Audio 2.

Regarding the results on the English sample in Table 2, we see mainly a gain in performance (i.e. decrease of
WER) in the MedASR system. We analysed the specific outputs in detail: We observed that certain medical terms,
such as ’haematoma’ and ’lumbar spine’, were incorrectly transcribed in the MedASR raw output as ’haematuma’
and ’lumber spine’, respectively. These errors likely occurred due to background noise, unclear speech, or fast
initial speech from the speaker. Some special symbols also appear in the raw output from MedASR, likely due
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Table 1 – Word Error Rate (in percent) of the ASR systems considering the German speech samples. Two settings were compared:
raw output of the ASR and output of the proposed pipeline (cf. Section 3).

Data Whisper Medium Whisper Turbo MultiMed-German
Raw Output Proposed Pipeline Raw Output Proposed Pipeline Raw Output Proposed Pipeline

German medical audio 1 0.15 0.15 0.041 0.031 0.28 0.27
German medical audio 2 0.15 0.15 0.061 0.061 0.43 0.40
German medical audio 3 0.25 0.17 0.11 0.10 0.40 0.40
Average WER 0.183 0.157 0.071 0.064 0.37 0.35

to model hallucination. Due to these reasons, MedASR shows a higher WER compared to the other two models.
However, such misspellings were successfully corrected during the proposed post-processing stage. That is why
we are getting slightly better result in MedASR with our proposed pipeline.

Although we are not able to generalise from one sample in English, we interestingly be faced with higher
WER. This is unexpected since from our knowledge, there is more medical speech data in English available than in
German. So, we expected a better performance from the English models. Our assumption is that the current WER
values might be caused by the speakers accent. However, even with no further adaptation of the lexicon toward
accent-based pronunciation, our pipeline helped to slightly reduce the WER.

Finally, we also analysed the formatted output of the pipeline. In the current set of samples, the formatting
commands were recognised and considered appropriately, resulting a well structured outputs that can be used in
medical patient reports.

Table 2 – Word Error Rate (in percent) of the ASR systems considering the English speech sample. Two settings were compared:
raw output of the ASR and output of the proposed pipeline (cf. Section 3).

Data Whisper Medium Whisper Turbo MedASR
Raw Output Proposed Pipeline Raw Output Proposed Pipeline Raw Output Proposed Pipeline

English medical audio 0.18 0.18 0.15 0.14 0.20 0.18

As a final remark, we are aware of the current limited number of speech samples and thus, the limited
explanatory power of the results. Therefore, we plan further recordings and another study to evaluate the proposed
pipeline. Our focus will be, of course, on the handling of German diagnostic findings.

5 Conclusion and Outlook

This paper presents an approach which 1) allows an adaptation of medical ASR and 2) an automatic formatting
based on stated commands.
Regarding the first aspect, we used a post-processing paradigm to establish ASR corrections, in contrast to typical
fine-tuning methods, relying on existing speech samples. From our perspective, the suggested pipeline better fits
the current situation of available speech samples. Furthermore, it explicitly enables medical personnel to contribute
as well as to handle the adaptation process by themselves (cf. particularly Section 3.1).
The second aspect immediately allows a formatting of the ASR transcribed outputs in a hands-free way. This
assists also the medical personnel to focus on their main tasks, not being distracted by paper-work-like issues,
however, deliver appropriate reports for well-organised patient treatments.

In our preliminary study, we got aware of some aspects to improve our approach. One aspect is the handling
of ambiguity of numbers in medical indicators. For example, one colleague stated “degeneration of the l34”, saying
l-3-4 as single digits. If not treated in an appropriate way, this might be misinterpreted as l-34 (say: thirty-four).
Furthermore, we are planning to integrate more speech systems into our pipeline as well as running more studies
to prove the benefits of our approach.
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