
   

 

 

 

 

 

 

D2.1. STATE OF THE ART ANALYSIS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Work package WP2: Use cases, requirements and 
specifications 

Type Document 

Contractual date of deliverable 30 June 2026 

Actual date of deliverable 08 September 2026 

Dissemination level Public 

Partner responsible University of Porto 

Status Finalized 



 

 

1 

Document history 

Version Date Author Description 

1.0  Mariia Zamyrova State-of-the-art ASR 

1.0  Henk van den Heuvel State-of-the-art SD 

1.0  Khiet Truong State-of-the-art paralinguistic event detection 

1.0  Dragos Balan Text review 

1.0  Maxim Popov State-of-the-art Dutch NER eval. 

1.1 09 July 2026 
 

Filipe Bernardi Updated and harmonised D2.1 State-of-the-art with 
new implementation-oriented sections and Portuguese 
ASR resources 

1.2 24 August 2026 Erica Yang Added two sections under Section 3.5, focusing on 
information extraction with and without LLM 

1.3 25 August 2026 Tim Dong  Added Clinical Decision Support Systems State-of-the-
art  section 

1.4 26 August 2026 Zeynep Gürler Added Turkish contributions to ASR, speaker 
diarisation, medical NLP/NER, clinical decision support, 
and interoperability sections 

1.5 27 August 2026 Filipe Bernardi Consolidated partner contributions, harmonised content 
and structure, resolved comments and tracked 
changes, and performed final editorial and reference 
review 

1.6 05 September 2026 Filipe Bernardi Final consolidation after partner review; outstanding 
comments, scope issues, references and formatting 
resolved for submission 

 

Document review 

Date Reviewer Description 

07/09/2026 Whole consortium Reviewed and approved 

 

Partners involved (main) 

Company Name and surname Email address 

University of Porto Filipe Bernardi, Rute Almeida fbernardi@med.up.pt 
rutealmeida@med.up.pt 

Radboud University Henk van den Heuvel henk.vandenheuvel@ru.nl 

University of Twente Khiet Truong k.p.truong@utwente.nl 

Amsterdam UMC Maxim Popov m.popov@amsterdamumc.nl 

Chilton Computing Ltd Erica Yang, Andrew Tsui erica.yang@chiltoncomputing.co.uk 
andrew.tsui@chiltoncomputing.co.uk 

Bristol Heart Institute Tim Dong, Gianni Angelini qd18830@bristol.ac.uk 
g.d.angelini@bristol.ac.uk 

MEDrecord Joanna Morozowska joanna@medrecord.io   

Anadolu Sigorta  Zeynep Gürler zgurler@anadolusigorta.com.tr 

 

 

 

mailto:fbernardi@med.up.pt
mailto:rutealmeida@med.up.pt
mailto:Henk.vandenheuvel@ru.nl
mailto:k.p.truong@utwente.nl
mailto:m.popov@amsterdamumc.nl
mailto:Erica.yang@chiltoncomputing.co.uk
mailto:andrew.tsui@chiltoncomputing.co.uk
mailto:qd18830@bristol.ac.uk
mailto:g.d.angelini@bristol.ac.uk
mailto:joanna@medrecord.io
mailto:zgurler@anadolusigorta.com.tr


 

 

2 

Table of Contents 
1. EXECUTIVE SUMMARY ......................................................................................................... 3 

1.1. Purpose, scope, and key outcomes ............................................................................... 3 

1.2. Abbreviations .................................................................................................................. 3 

2. INTRODUCTION ..................................................................................................................... 4 

2.1. Background and context of deliverable .......................................................................... 4 

2.2. Relation to the project objectives and work package ..................................................... 4 

3. STATE-OF-THE-ART OF THE TECHNOLOGY ..................................................................... 5 

3.1. Automatic Speech Recognition ...................................................................................... 5 

3.2. Paralinguistic event detection ...................................................................................... 18 

3.3. Speaker diarisation....................................................................................................... 25 

3.4. Named Entity Recognition of Medical Terms ............................................................... 29 

3.5. Ambient clinical documentation, medical scribes, and LLM-based reporting .............. 34 

3.6. Clinical Decision Support Systems .............................................................................. 38 

3.7. Interoperability, clinical terminologies and EHR integration ......................................... 39 

3.8. Evaluation, safety and governance considerations ............................................................ 41 

4. CONCLUSIONS .................................................................................................................... 42 

5. REFERENCES ..................................................................................................................... 45 

 

 
 

 

 

 

 

 

 

 

 

 

 



 

 

3 

1. EXECUTIVE SUMMARY 

1.1. Purpose, scope, and key outcomes 
 

This deliverable reviews the state of the art in automatic speech recognition, paralinguistic event 

detection, speaker diarisation, clinical information extraction, and clinical decision support. The 

review considers evidence from both academia and industry in the clinical contexts relevant to the 

project. Thus, this report provides input for the functional and technical requirements to be defined 

in T2.2 and will serve as a reference for MediSpeech system development, piloting, and evaluation. 

Beyond this component-level review, automated medical reporting is a clinical documentation 

pipeline rather than a single speech-to-text task. The evidence reviewed in this deliverable, 

therefore, also covers clinical documentation burden, ambient clinical documentation, clinical NLP 

and LLM-based report drafting, interoperability with electronic health records, terminology mapping, 

evaluation methods, privacy, safety, and human oversight. These aspects are included to ensure 

that the conclusions of D2.1 can be translated into the high-level use case requirements in D2.2 

and the clinical requirements and baseline systems in D3.1. 

1.2. Abbreviations 
 

ABBREVIATION MEANING 
ASR Automatic Speech Recognition 

SD Speaker Diarisation 

NER Named Entity Recognition 

DNN Deep Neural Network 

HMM Hidden Markov Model 

E2E End-to-end 

WER Word Error Rate 

CER Character Error Rate 

RTFx Inverse Real Time Factor 

LSc LibriSpeech clean 

LSo LibriSpeech other 

MLS Multilingual LibriSpeech 

MMS Massively Multilingual Speech 

STT Speech-to-text 

NLP Natural Language Processing 

EHR Electronic Health Record 

LLM Large Language Model 

CDSS Clinical Decision Support System 

FHIR Fast Healthcare Interoperability Resources 

GDPR General Data Protection Regulation 

ICPC-2 International Classification of Primary Care, 2nd edition 

LOINC Logical Observation Identifiers Names and Codes 

SNOMED CT Systematized Nomenclature of Medicine - Clinical Terms 
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2. INTRODUCTION 

2.1. Background and context of deliverable 
 

As a starting point for the work on MediSpeech, it is essential to have an overview of the SoTa of 

technologies relevant to the project and its later requirements. The aim of the MediSpeech project 

is to reduce administrative time waste in healthcare by creating an open digital healthcare 

ecosystem for automated medical reporting of patient-doctor conversations. In this context, the 

clinical problem addressed by MediSpeech should be framed not only as a speech-recognition 

challenge but also as a documentation, workflow, and patient-safety challenge. Administrative 

workload may reduce the time available for direct patient care, fragment clinicians’ attention during 

consultations, and increase after-hours documentation. Automated medical reporting is therefore 

relevant insofar as it can support safer, more efficient, and more complete clinical documentation, 

rather than merely producing verbatim transcripts. Accordingly, documentation quality, correction 

burden, auditability, and patient safety should be considered important dimensions when reviewing 

the SoTa and deriving implications for subsequent requirements and evaluation activities. This 

overview helps project partners and those interested in the topic gain insights into relevant 

technologies and the SoTa, serving as a starting point for the project. The technologies reported 

on here are: Automatic Speech Recognition, Paralinguistic Event Detection, Speaker Diarisation, 

and Medical Term Recognition.  

 

2.2. Relation to the project objectives and work package 
 

This deliverable will provide input to the functional and technical requirements to be defined in T2.2 

and will serve as a reference for MediSpeech system development, piloting, and evaluation. 

Further, the deliverable will provide guidance on the tasks in WP3 (AI-powered automated speech 

processing components), specifically T3.1 (Clinical requirements and baseline systems), T3.3 and 

T3.4 (Adoption of novel techniques for Speech Recognition), and T3.6 (NLP algorithms). D2.1 

therefore serves as an upstream evidence base for subsequent WP2 and WP3 activities rather 

than as a detailed requirements or architecture specification. The state-of-the-art analysis informs 

D2.2 by identifying relevant technological possibilities, limitations, and evidence gaps that can be 

translated into use-case innovations and high-level functional and non-functional requirements. It 

also supports D3.1 by providing a reference framework for defining clinical requirements, baseline 

systems, and evaluation priorities for the automated speech-processing components. This linkage 

is important to ensure that later requirements are grounded not only in project objectives, but also 

in the current maturity, limitations, and risks of the underlying technologies. 
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3. STATE-OF-THE-ART OF THE TECHNOLOGY 
 

3.1. Automatic Speech Recognition 
 

3.1.1. Introduction 

  

Automatic speech recognition (ASR) is the task of generating a transcript of speech from provided 

audio data. In the past several decades, with the introduction of deep neural network (DNN) 

architectures and with the research community amassing increasing amounts of diverse speech 

data, the field of ASR has seen a lot of progress, shifting from speaker-dependent single-language 

statistical Hidden Markov Models (HMMs) to the more recent speaker-independent multi-lingual 

Transformer-based DNN models. 

It is important to note that, in addition to the model’s architecture and training schedule, the data 

used to train it is a key factor in its accuracy. Models perform best on data that shares qualities with 

training data. Speech is highly nuanced and can vary across a wide range of factors. Speech differs 

among speakers based on factors such as age, gender, and accent. There can also be within-

speaker differences, e.g., due to variations in pronunciation. Furthermore, there is a distinction 

between spontaneous and scripted speech scenarios, with spontaneous speech more likely to 

contain disfluencies (e.g., stuttering, pauses, filler words such as “uh” and “hmm”) and self-

corrections. It is also crucial to keep in mind the distinction between clean and noisy speech, and 

between speech from a single speaker and from multiple (overlapping) speakers. Lastly, models 

need to be adapted to the required languages and domain-specific jargon (e.g., medicine, law). In 

clinical settings, ASR performance should also be interpreted in relation to real-world healthcare 

conditions. Doctor-patient dialogue is often spontaneous, interrupted, acoustically variable, and rich 

in domain-specific vocabulary. Errors involving medication names, doses, numerical 

measurements, negation cues, temporal expressions, accents, background noise, or overlapping 

speech may directly affect documentation quality and patient safety. 

The variety in speech makes it important not only to train models on diverse data but also to 

evaluate them on a representative set of datasets to obtain a clear overview of their abilities. Moving 

forward, as a reference for model performance error rates, we use the Open ASR leaderboard on 

Hugging Face, along with error rates from the original model reports. The Open ASR leaderboard 

is an initiative started by Gandhi et al. (2022) to establish a uniform protocol for evaluating end-to-

end (E2E) ASR models. The authors selected 8 (English) datasets of various speaking styles 

(spontaneous vs scripted), domains (meetings, audiobooks, TED talks, etc.), and transcription 

formats (normalized vs punctuated/capitalized). The benchmark reports the average word error 

rate (WER) and the inverse real-time factor (RTFx) across all datasets. The word error rate is the 

ratio between the total number of words that were inserted, deleted or substituted in the predicted 

transcription and the total number of words in the correct reference transcription. The lower the 

WER, the fewer mistakes in the predicted transcription. Inverse RTFx is computed as the ratio 

between the length of the input audio and the compute time of the ASR model (in seconds). The 

higher the RTFx the faster the model is with respect to the length of its input. For MediSpeech, 

WER remains useful as a technical benchmark, but it is insufficient as the sole evaluation target for 

clinical ASR. A system may achieve an acceptable aggregate WER while still producing clinically 

significant errors in diagnoses, medication instructions, doses, measurements, allergies, referrals 

https://huggingface.co/spaces/hf-audio/open_asr_leaderboard
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or follow-up plans. Clinical ASR evaluation should therefore consider complementary dimensions 

such as medical term error rates, number/date/dose errors, semantic accuracy, clinically significant 

error review and correction time. 

It is important to note that the benchmark retains any punctuation and/or capitalization in the target 

transcriptions before computing the WER in order to showcase the full capabilities of ASR models 

that produce punctuated transcriptions. As such, for models that do not support punctuation or 

capitalization, like wav2vec 2.0, the error rates can be higher than in the original paper. Out of the 

values reported in the Open ASR leaderboard, we focus on the models’ average WER and RTFx 

and their individual WERs on the AMI (spontaneous, long-form, punctuated and cased), 

LibriSpeech (read, short-form, normalized) and TED-LIUM (oratory, long-form, normalized) 

datasets. Note, that to accommodate most models’ input sizes, all of the datasets used in the Open 

ASR leaderboard are segmented into short sequences. The LibriSpeech testing set is additionally 

split into “clean” (LSc) and “other” (LSo) sets based on the quality of the audio recordings. The 

selected datasets are most frequently encountered in the papers that we surveyed and provide a 

sufficiently diverse overview of the models’ performance.  

Another important remark is that the Open ASR leaderboard uses HuggingFace implementations 

of models, such that the results in the leaderboard can deviate from those obtained for alternative 

model implementations. Lastly, the leaderboard is continuously updated, such that the values 

referenced in this report are timestamped. 

For the MediSpeech project, we aim to work with real-time spontaneous (potentially noisy) Dutch 

speech. As such, in our overview of ASR models we put special emphasis on the languages they 

support, their accuracy on spontaneous and noisy speech data, and their processing speed/real-

time streaming functionality. For European Portuguese, and particularly for spontaneous primary 

care consultations, the availability of robust clinical ASR evidence and benchmark datasets should 

be treated as a potential evidence gap. This is relevant for MediSpeech because performance 

observed in generic or non-clinical Portuguese speech may not necessarily transfer to primary care 

documentation scenarios. 

  

3.1.2. Wav2vec 2.0 and Whisper 

  

Before diving into the review of the most recent state-of-the-art ASR models, we provide some 

background information on wav2vec 2.0 and OpenAI’s Whisper - models that have become a staple 

in the field. Wav2vec 2.0 was introduced in 2020 by Baevski et al. It is a Transformer-based 

encoder-only model that learns robust acoustic representations from audio input. Because the 

model is encoder-only, it cannot transcribe speech on its own, and a decoding layer needs to be 

added to it. One of wav2vec2’s important properties is that it is pre-trained in a self-supervised way, 

which allows it to use unlabeled training data (the original paper used ~53k hours of unlabeled read 

English speech from LibriVox). It creates training labels by discretizing intermediate audio features 

(via product quantization). After pre-training and learning to generate acoustic labels for audio, 

wav2vec 2.0 is fine-tuned for speech recognition by adding a (Connectionist Temporal 

Classification-CTC-based) decoder layer and training on labeled speech-text pairs. Because 

wav2vec 2.0 learns frame-wise labels, it can capture nuanced acoustic information and can be 

used not only for word-level but also phoneme-level recognition. However, the model’s sensitivity 

to audio acoustics means it is not as robust to noise and is prone to misspelling words depending 

on the quality of the input audio and the speaker’s pronunciation. 
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The authors of wav2vec2 report the best results of 1.8% and 3.3% on LSc and LSo, where the 

model checkpoint was pre-trained on LibriVox and fine-tuned on 960 hours of LibriSpeech with a 

Transformer-based language model for decoding. According to the Open ASR benchmark, the best 

performing wav2vec2 checkpoint on HuggingFace is “speechbrain/asr-wav2vec2-librispeech”. It 

uses the (pre-trained + self-trained) “facebook/wav2vec2-large-960h-lv60-self” checkpoint (Xu et 

al., 2020) with two additional DNN layers and fine-tunes it on LibriSpeech. As we previously 

mentioned, wav2vec 2.0 outputs normalized transcriptions (lowercase, without punctuation). 

Therefore, its average WER (14.35%) is much higher than its score on, for example, just the 

LibriSpeech dataset (1.77% and 3.83% WER on LSc and LSo). Its error rate on spontaneous 

speech, e.g., the AMI dataset, is reported to be 32.05%. However, the AMI dataset has cased and 

punctuated transcriptions, so we cannot attribute the high error rate purely to wav2vec’s inability to 

recognize acoustic artifacts unique to spontaneous speech. A more detailed analysis of model 

performance in the original ESB paper confirms that by normalizing the transcriptions the WER can 

be reduced by up to 10%. Notably, the average WER of the other wav2vec2 checkpoints, including 

“facebook/wav2vec2-large-960h-lv60-self”, which use the original single-layer decoder rises above 

21% (with LibriSpeech WER above 11%). This potentially shows the importance of carefully 

selecting and fine-tuning the decoder when working with wav2vec2-based models. 

  

The Whisper model was introduced in 2022 by Radford et al. It is also Transformer-based, but 

unlike wav2vec 2.0, it has both an encoder and a decoder. What distinguishes Whisper is the 

amount of data it was trained on. The model was trained in a weakly supervised manner with 

~680.000 hours of both manually and automatically annotated English and multilingual speech from 

various sources on the Internet. Because it is trained on multiple data sources, Whisper has been 

shown to be robust to noisy speech. There are several sizes of Whisper available, out of which the 

“large” models have over 1500M parameters. In comparison, the wav2vec 2.0 “large” model has 

~317M parameters. Another difference between wav2vec 2.0 and Whisper is that Whisper was 

trained to produce capitalized, punctuated transcriptions. In the Open ASR benchmark, we see that 

Whisper (large-v3) has an average WER of 7.44% and outperforms wav2vec 2.0 on almost all 

datasets, including AMI (15.95% vs 32.05% WER) and TED-LIUM (3.86% vs 7.58% WER).  

  

One of Whisper’s downsides is that it can be challenging to obtain verbatim transcriptions from it 

as by default it standardizes the output text. The downside for both wav2vec 2.0 and Whisper, and 

for most Transformer-based models in general, is that they can process a limited amount of audio 

frames at once. The computational complexity of the attention module in the Transformer 

architecture grows rapidly with the size of the feature matrix. Therefore, the duration of input audio 

is often limited (for Whisper, it is 30 seconds), and longer audio is processed by chunking it into 

smaller sequences. Regarding the models’ performance speed, those with fewer parameters 

usually operate faster, and from the average RTFx measures we can indeed see that wav2vec 2.0 

“large” model has triple the RTFx of Whisper (451.18 vs 145.51). 

  

3.1.3. SoTa ASR systems: Academic solutions 

Wav2vec2-based models 

Following the success of wav2vec 2.0 and OpenAI’s Whisper, both academic and commercial 

research are investing in creating models that surpass their performance. A number of works focus 

on improving models by fine-tuning and adjusting the architectures of wav2vec 2.0 and Whisper. 

The wav2vec2 family of models is most prominently represented by HuBERT (Hsu et al., 2021) 
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and XLSR (Conneau et al., 2020). Compared to wav2vec 2.0, HuBERT uses the k-means 

clustering algorithm to generate discrete target “acoustic” frame labels for unsupervised pre-

training. HuBERT was pre-trained and fine-tuned on similar proportions of data from LibriVox as 

wav2vec 2.0. Its “large” (300M) and “x-large” (1B) checkpoints have shown to outperform most 

wav2vec 2.0 checkpoints on the LibriSpeech testing sets by at most 2% WER, except for the 

wav2vec 2.0 models that use the self-training approach. In the Open ASR leaderboard, the 

HuBERT checkpoints also outperformed the majority of the wav2vec 2.0 checkpoints, except for 

the self-training ones, and obtained an average WER of 22.55%. Due to the similarity of HuBERT’s 

and wav2vec2’s architectures, their RTFx scores are also close (within the 450-520 value range), 

except for HuBERT’s “x-large” model which is slower (RTFx of 361.32).  

XLSR preserves the original architecture of wav2vec 2.0 but is fine-tuned on multilingual data via 

unsupervised cross-lingual representation learning, unlike HuBERT that used only English data. 

The biggest XLSR model, pre-trained on 56k hours of speech from 53 languages and fine-tuned 

on various amounts of data from the evaluation dataset, is not included in the Open ASR 

leaderboard, but in the original paper achieved an average WER below 11% on 8 languages 

(including English and Dutch) in the Multilingual LibriSpeech (MLS) dataset (Pratap et al., 2020). 

The RTFx of XLSR can be estimated to be the same as for other wav2vec2 models, because it 

preserves the original architecture. 

Since the introduction of XLSR, there have been several efforts to further scale up the number of 

supported languages. For example, XLS-R (Babu et al., 2021) uses a wav2vec2-based architecture 

like XLSR but increases the model size up to 2B parameters and expands the training data to 128 

languages (436K hours of pre-training data). For every model size, including 0.3B which is the 

same as XLSR-53, XLS-R outperforms XLSR-53 by an average of 1-3% WER, under both noisy 

spontaneous and clean read speech conditions. The Massively Multilingual Speech (MMS) 

project (Pratap et al., 2023) increases the number of languages to 1107 (491K hours of pre-training 

and 45K hours of fine-tuning data). The authors use the same architectures as XLS-R 0.3B and 1B 

and measure character and word error rates on the multilingual FLEURS dataset, which show that 

MMS outperforms both XLS-R (~13.3% vs ~14% CER) and Whisper “large-v2” (28.8% vs 44.3% 

WER). The MMS (1B) model is also benchmarked in the Open ASR leaderboard (”facebook/mms-

1b-all”). Its average WER is reported to be 22.54, just above HuBERT ”x-large”, however, because 

this checkpoint uses additional adapter modules to optimize performance per language its RTFx is 

lower (230.79).  

Whisper-based models 

Similarly for Whisper, there are many models, e.g., CrisperWhisper (Wagner et al., 2024) and 

WhisperX (Bain et al., 2023), that are a result of optimizing its pipeline. WhisperX addresses 

Whisper’s long-form transcription abilities by segmenting input audio based on voice activity 

detection (VAD) assignments, such that only segments containing speech are passed to the ASR 

model. Longer VAD segments are further split at the points of minimal speech activity to ensure 

that speech does not end abruptly. With this the authors make an assumption that segments are 

independent and can be processed in parallel without conditioning on previous output, as is 

suggested in the original Whisper paper. WhisperX additionally aims to correct Whisper’s word-

level timestamps by force-aligning them with wav2vec 2.0 phoneme-level timestamps. While 

WhisperX is not part of the Open ASR leaderboard, the authors report their own results comparing 

Whisper and WhisperX WER on the long-form TED-LIUM dataset (10.5% and 9.7% WER, 

respectively). They also found the precision and recall of WhisperX’s word segmentation on the 
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AMI and Switchboard datasets to be higher than that of Whisper. By processing audio segments 

in parallel, WhisperX is further able to perform inference almost 12 times faster than Whisper. 

However, the additional force-alignment module might bring WhisperX’s final performance speed 

down.  

CrisperWhisper also aims to improve the time alignment of the output transcription, as well as the 

model’s ability to recognize speech disfluencies, which Whisper usually avoids in its output. Firstly, 

it finetunes Whisper on decoder cross-attention cost to penalize misalignment between encoder 

and decoder output. Secondly, it changes the model tokenizer to more accurately assign the space 

token and applies pause heuristics to distinguish natural short pauses between speech segments 

and genuine (long) pauses. In the Open ASR leaderboard, CrisperWhisper has the lowest average 

WER out of the models we covered thus far, at 6.67%. It also beats Whisper’s WER on the AMI 

dataset with 8.71% WER, showing its advantage for spontaneous speech transcription. 

Additionally, the authors of CrisperWhisper report word segmentation F1-scores on the AMI dataset 

that surpass WhisperX. A possible downside of CrisperWhisper is its performance speed, which 

may degrade because of the additions to the Whisper pipeline. Indeed, Open ASR estimates its 

RTFx to be 84.05 compared to Whisper’s (large-v3) 145.51. Furthermore, CrisperWhisper currently 

only supports English because of the data it was fine-tuned on, compared to WhisperX which did 

not require fine-tuning and therefore is compatible with many Whisper’s supported languages. 

It is also worth mentioning models such as Distil-Whisper (Gandhi et al., 2023) and faster-

whisper (“GitHub - SYSTRAN/faster-whisper: Faster Whisper transcription with CTranslate2”, n.d.), 

that aim at speeding up Whisper’s performance, rather than decreasing its error rates. Faster-

whisper is a reimplementation of Whisper using a more efficient C2Translate toolkit. It claims to be 

up to 4 times faster than the original implementation while preserving its accuracy.  Distil-Whisper 

reduces the number of model parameters by freezing Whisper’s encoder and replacing the decoder 

with a compressed version, which is trained via knowledge distillation on 21k hours of English 

speech. The Open ASR leaderboard reports Distil-Whisper (distil-large-v3.5) to perform similarly to 

Whisper’s large-v3 model with an average WER of 7.21%, and a difference of up to ±2% WER on 

individual datasets. The RTFx of Distil-Whisper is indeed higher than that of Whisper (202.03 vs 

145.51).  

Another aspect of Whisper’s architecture that needs to be addressed is its compatibility with real-

time computing. A simplistic approach for real-time ASR is buffering audio in small chunks and 

processing them consecutively. The authors of Whisper-Streaming (Macháček et al., 2023) 

attempt to improve upon that approach by providing the output of previous buffer states as context 

for the following ones and using agreement heuristics between buffer states to make transcriptions 

more robust. As the base Whisper model, they use faster-whisper (large-v2). Comparing offline 

and online performance of Whisper-Streaming on ESIC, a dataset of English European Parliament 

speeches (with interpretations available in German and Czech) (Macháček et al., 2021), the 

authors found that online WER differs from the offline WER of 7.9% by less than 2%. The model 

was also tested on the German and Czech interpretations with similar results. In addition to 

measuring the WER, the authors estimate the model’s latency. They factored in computational 

latency and the delay between when a word was emitted by the ASR and its onset timestamp in 

the golden transcription. For English audio samples, the latency was measured to be between 3 

and 6 seconds, and 4-7 seconds for the other two languages. 

WhisperFlow by Wang et al. (2024) also addresses Whisper’s real-time processing abilities by 

building upon Whisper-Streaming’s strategy. Instead of padding the buffered audio segments to 
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Whisper’s 30 second input limit, as is usually done with inputs of inconsistent lengths, the authors 

append only a 0.5 second “hush word”. The “hush word” is a trainable parameter that is appended 

to raw input audio with the main purpose of reducing latency by using less padding and preventing 

hallucinations that can occur when input is shorter than 30 seconds. The authors also apply beam 

pruning to reduce the number of word candidates considered during decoding. Lastly, parallelizable 

operations within the pipeline (e.g., encoding) are allocated to the GPU while sequential operations 

– decoding, are allocated to the CPU to optimize compute power usage. The authors chose to use 

the smaller Whisper models (base, small and medium) for an optimal trade-off between accuracy 

and latency. Like for Whisper-Streaming, the latency is computed as the time elapsed between 

when a word is uttered in the input audio and when the model outputs the corresponding 

transcription. WhisperFlow has shown to reduce latency by 1.6-4.7 times while keeping the WER 

(on the long-form TED-LIUM 3 dataset) below 6%. In comparison, the WER of Whisper-Streaming 

and original Whisper on TED-LIUM 3 is slightly lower at around 4%. 

NVIDIA NeMo 

Aside from the wav2vec2- and Whisper-based models, new cohorts of ASR models are emerging. 

Such are NVIDIA’s NeMo Parakeet and Canary models, based on the Fast Conformer architecture 

(Rekesh et al., 2023). Parakeet, an encoder-only model, supports CTC-based and RNNT-based 

decoding. Note, that there is a trade-off between speed and accuracy when using either of the 

decoders, where CTC is faster, but Recurrent Neural Network Transducer (RNNT) is expected to 

be more accurate (Majumdar & Koluguri, 2024). The “parakeet-tdt-0.6b-v2” (600M) checkpoint is 

currently in second place on the Open ASR leaderboard with an average WER of 6.05% (AMI – 

11.16% and TED-LIUM – 3.38% WER). All of Parakeet’s checkpoints have the highest RTFx in the 

range of 2-5.3k, with the smaller CTC-based checkpoints having RTFx above 4k.  

NVIDIA’s Canary is a multilingual encoder-decoder model (encoder – Fast Conformer, decoder - 

Transformer), capable of both transcription and translation, similar to Whisper. Canary utilizes a 

novel concatenated tokenizer (Dhawan et al., 2023) which allows it to extract token-level language 

information and handle input audio with code-switching (multiple language in a single recording), a 

functionality not present in any of the previously discussed models (Rastorgueva & Koluguri, 2024). 

The best performing Canary checkpoint (canary-1b-flash (883M)) has an average WER of 6.35% 

(AMI – 13.11% and TED-LIUM – 3.12% WER), with average RTFx above 1k. While neither 

Parakeet nor Canary come with real-time processing capabilities, NVIDIA provides sample code 

for enabling buffered streaming for its ASR models (“Automatic Speech Recognition (ASR) — 

NVIDIA NEMO Framework User Guide”, n.d.). In terms of language support, Canary is currently 

available for 4 languages (English, German, French and Spanish) while the versions of Parakeet 

that are openly available only support English. Both Canary and Parakeet are trained on either fully 

public or a mixture of public and in-house data.  

Multimodal LLMs 

A special group of models is made up of multimodal LLMs trained for speech recognition. As more 

and more such models are being released, some of the prominent ones openly available for users 

are IBM’s Granite (Saon et al., 2025), Qwen-Audio (Chu et al., 2023), Microsoft’s Phi-4-

Multimodal (Abouelenin et al., 2025) and SpeechT5 (Ao et al., 2022), SALMONN (Tang et al., 

2023), and, as of recently, Google’s Gemma 3n (Sanseviero & Ballantyne, 2025). The general 

structure of a multimodal LLM combines an encoder that maps each of the input modalities into a 

shared representational space and a core LLM that performs reasoning on the transformed input 
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data. Qwen-Audio (8.4B) uses Whisper’s (large-v2) encoder and a transformer-based Qwen-7B 

LLM and reports 2.0% and 4.2% WER on the LSc and LSo test sets. SpeechT5 uses a Transformer 

encoder-decoder architecture as its reasoning model and the feature extraction layer from wav2vec 

2.0 as the audio encoder instead. The model is both pre-trained and fine-tuned on LibriSpeech and 

achieves 1.9% and 4.4% WER on the LSc and LSo test sets.  

SALMONN uses a combination of Whisper and BEATs (Chen et al., 2023) encoders to encode 

both speech and non-speech audio events. The encoded features are passed to a Q-former (Li et 

al., 2023) layer to adapt the features for Vicuna LLM (13B) (Chiang et al., 2023). The authors report 

2.1% and 4.9% WER on LSc and LSo. Granite (8.7B), inspired by SALMONN, also uses two layers 

(a Conformer (Gulati et al., 2020) and a Q-former) to encode the audio and adapt the encoding to 

LLM’s representational space, and the “granite-3.3-instruct” LLM to decode the encoded audio. 

Like SpeechT5, it is trained on publicly available English datasets. The Open ASR leaderboard 

reports Granite’s average WER as 5.85%, with 9.12% WER on the AMI dataset and 1.42% and 

2.99% on LSc and LSo. Lastly, Phi-4-Multimodal (5.6B), similarly to SALMONN and Granite, 

encodes audio in two stages – first, with a convolutional neural network block and then with a 

multilayer perceptron space projector. The encoded audio features are passed to the Phi-4-Mini 

(3.8B) LLM. Open ASR estimates Phi-4-Multimodal’s average WER at 6.14%, with 11.45% on the 

AMI dataset and 1.67% and 3.82% on LSc and LSo.  

The range of language support for LLM-based ASR models is generally limited to English, like for 

SpeechT5 and SALMONN, or a few other languages (e.g., French, Spanish, Portuguese, and 

German) as for Granite, Phi-4-Multimodal and Qwen-Audio. Regarding RTFx, although the 

measure is not reported for every model (only Granite - 31.33 and Phi-4-Multimodal - 62.12), it can 

be expected to be generally low due to the large number of parameters typically used for LLMs. 

Google’s new multimodal LLM Gemma 3n claims to address both the limited language support and 

high compute demand. The model uses architectures like the MatFormer, that consists of a larger 

model with nested smaller models, such that only the core small models can be used during 

inference. With such techniques the number of effective parameters can be reduced to 2-4B. 

Gemma 3n also optimizes long-form and streaming input processing with the KV Cache Sharing 

approach that alters how the attention keys and values are stored in memory and shared with the 

top model layers. Additionally, Gemma 3n uses an audio encoder based on Google’s Universal 

Speech Model (Zhang et al., 2023) and should be able to support ~35 languages. 

3.1.4. SoTa ASR systems: Commercial solutions 

Parallel to the progress made by academic research, many commercial ASR systems are 

becoming available. We surveyed a selection of commercial models that are widely used and 

regarded as state-of-the-art: Google Cloud’s Speech-to-Text (STT) (Google cloud - speech-to-

text transcription, 2025), Amazon Transcribe (Amazon transcribe - speech to text – AWS, 2025), 

Microsoft Azure AI’s STT (Microsoft Azure AI speech, 2025), Speechmatics (Speechmatics - 

speech-to-text API, 2025), AssemblyAI (Assembly ai, speech-to-text api, 2025), Deepgram 

(Deepgram, speech to text API: Next-gen AI speech recognition, 2025) and Rev AI (Rev AI: Speech 

to Text API, 2025). All commercial models provide text punctuation and capitalization. The majority 

of commercial models are also multilingual, compared to academic models that are more often 

adapted to a small set of languages. Like Whisper, all of the mentioned services offer language 

detection, which avoids the need to predetermine the languages that will be in the audio recordings. 

Moreover, an increasing number of commercial models (e.g., Speechmatics and AssemblyAI) are 

extending their capabilities to support code-switching.   

A common trait of commercial models is that in addition to the base speech recognition 

functionality, they include other functionalities like speaker diarisation and streaming speech 
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recognition. The ability to transcribe speech in real-time is what sets commercial models apart, as 

this functionality is rarely provided alongside academic models and needs to be implemented ad-

hoc by users. All mentioned models support both diarisation and streaming. Additionally, 

AssemblyAI, Speechmatics, Deepgram and Rev AI explicitly offer filler word detection/omission, 

which is beneficial for verbatim transcriptions. 

The biggest downside of commercial models is the low level of transparency. Companies’ in-house 

resources allow them to gather million-hour private datasets which help them build SoTa models 

but at the same time limit our understanding of the models’ capabilities and the ethics behind their 

development. The models’ architectures are also often kept private, and most companies provide 

their ASR-services via an API. Out of the surveyed models, we found AssemblyAI and Google to 

provide most insight into the models they use, e.g., research from Ramirez et al. (2024) and Zhang 

et al. (2023). Despite the model architectures being hidden, all companies provide the option to 

fine-tune their models with custom vocabularies, which is useful for adapting to a particular domain. 

Processing data externally via APIs also raises privacy and security risks when working with 

sensitive data, especially in the medical domain. In their study, Zeeshan et al. (2025) compared 

academic and commercial models on the subject of their suitability for being used as scribes during 

psychiatric appointments. To gage the level of data security of commercial models the authors 

contacted the sales teams. They concluded that Google’s STT, Amazon Transcribe, and Azure 

STT were not suitable to be used as scribes in the field of psychiatry based on their external data 

processing regulations and prices. However, they considered API-services from AssemblyAI, 

Speechmatics and Deepgram good candidates, as they provide measures such as on-demand 

removal of user data and the option to opt out of data storage.   

From our own inspection, we found that all services claim to store no customer data and store the 

data processing results (e.g., transcriptions) for a limited period, for example, no longer than 

5 (Speechmatics and Google) or 7 days (AssemblyAI). Google, Amazon and Deepgram services 

can use customer data to improve their models but provide the option to opt out of data logging. 

For processing speech real-time, Azure and Google, for example, claim to process input audio only 

in the memory without temporarily storing it. Out of the services we consider in this review, Google, 

Azure and Amazon provide not just the speech processing software as their main product, but also 

cloud storage. They make use of the shared-responsibility approach, where the user is responsible 

for the sensitivity of the data that they choose to process and how they store it in the cloud, but the 

companies are responsible for providing data privacy and security for the cloud service as a whole. 

Other services like AssemblyAI, use a combination of in-house storage facilities and cloud storage 

from, e.g., Google (“Assemblyai case study page”, n.d.). Companies like Speechmatics and 

Deepgram are also starting to offer their services on servers hosted by the customers locally (“Self-

Hosted Voice AI”, n.d.; Phipps, 2025).  

Overall, we share the reasoning of Zeeshan et al. that certain models appear more secure than 

others, but deeper enquiries need to be made with the sales teams to make sure the security is 

sufficient for particular use cases. For the MediSpeech use case, it is important to point out that as 

of recently many of the companies offer services particularly for medical transcribing (e.g., 

AssemblyAI, Speechmatics, Deepgram Nova-3 Medical, Google STT medical and Amazon 

Transcribe Medical) and all of the surveyed services claim to be HIPAA and GDPR 

compliant/eligible, which gives some assurance of the level of data privacy and security those 

companies are ready to offer.  

We considered several benchmarks that compare commercial models on publicly available data. 

Some of the commercial models were evaluated in the Open ASR leaderboard, where 

Speechmatics,  AssemblyAI and Rev AI are reported to have 6.91%, 7.03% and 7.12% average 
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WER, respectively. Their RTFx measures were not reported. Kuhn et al. (2023) compared models 

based on publicly available English and German YouTube videos from the higher education domain 

and a subset of LSo. Their results showed that Whisper (large-v2) outperformed commercial 

models with 2.9%, 3.3% and 5% WER on the English YouTube, LibriSpeech and German YouTube 

datasets. Next best was Speechmatics with 3.3%, 3.6% and 8%, respectively. AssemblyAI, Azure, 

Rev AI and Amazon scored similarly with 4.4-4.5% on the English YouTube data but had more 

divergence on the other two datasets: 4.2-7% on Librispeech and 10.1-19.2% on German 

recordings. Of the four, Rev AI performed worst overall and Azure – the best. All of Deepgram’s 

error rates fell between 8% and 19% while Google’s exceeded 18%. The authors additionally 

observed that using custom vocabulary (for models that have this functionality) decreased the 

average WER but not significantly.   

From AssemblyAI’s internal research (Ramirez et al., 2024), they found that their Universal-1 model 

had the lowest average WER (7.6%) on English compared to Whisper large-v3, NVIDIA’s Canary-

1B, Azure, Deepgram Nova-2, Amazon Transcribe, and Google’s STT. They compared the models 

based on 7 public datasets (including LibriSpeech and TED-LIUM) and 4 in-house datasets (from 

the podcast, broadcast, telephony and noisy data domains). Unversal-1 outperformed all models 

on the in-house data and 2 of the public datasets. It was closely followed by Canary-1B (8.1% 

WER), that performed best on 3 public datasets, and Whisper large-v3 (8.4% WER). The models 

were also compared on Spanish, German and French data. Universal-1 performed best on Spanish 

(average WER of 4.8%) and came in second for the other two languages, outperformed by Canary-

1B for German (7.9% WER) and Amazon Transcribe for French (8.8% WER).   

 

3.1.5. SoTa Dutch ASR systems  

 

Academic solutions 
 

Table 1: Performance of MMS, XLS-R, XLSR and Whisper (large-v2) as reported in Pratap et al. (2023) and Babu et 
al. (2021). 

 Dataset English (% WER) Dutch (% WER) 

MMS FLEURS 10.7 13.7 

XLS-R MLS 12.9 11.6 

XLSR MLS 14.6 12.8 

Whisper (large-v2) FLEURS 4.2 6.7 

Out of the models discussed in the previous subsection, multilingual models like XLSR, XLS-R, 

MMS, Parakeet and Whisper(X) support Dutch (Table 1). One observation to be made is that the 

authors of multilingual models often provide model results on only some of the languages and use 

different test datasets, which can make it difficult to gauge their relative performance. For example, 
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Parakeet is omitted in Table 1 as its performance on Dutch speech was not yet benchmarked at 

the time this report was compiled. With the Dutch Open Speech Recognition Benchmark initiative 

(“Dutch Open Speech Recognition Benchmark”, n.d.), a space is being created to compare ASR 

model performance on various types of Dutch speech and share the results. Currently, the leading 

model in terms of accuracy and speed is faster-whisper (v2), scoring ~11% and ~22% WER on 

read and conversational Dutch speech, respectively. 

Due to Dutch being underrepresented in the training data compared to, e.g. English, the models 

can have suboptimal WER. For this reason, fine-tuning and model adaptation are often used to 

improve performance. For example, NVIDIA released a Fast-Conformer model specifically fine-

tuned for Dutch with approximately 621 hours of public training data, achieving 12.09% WER on 

MLS testing data (Żelasko & Chen, 2024). A popular toolkit for Dutch ASR is Kaldi_NL (“Kaldi_NL”, 

n.d.). It hosts a collection of DNN-HMM models trained with the Kaldi toolkit (Povey et al., 2011) 

specifically for Dutch. Bălan et al. (2024) evaluated the performance of Whisper, MMS and 

Kaldi_NL models on two collections of Dutch and Flemish speech: N-Best 2008 and JASMIN-CGN. 

N-Best contains samples of telephone conversations and broadcast news speech. JASMIN-CGN 

contains samples of Dutch read and human-machine interaction (HMI) recordings. The recordings 

were collected from different participant groups based on age (children and adults) and mother 

tongue (native and non-native). Whisper large-v2 performed best on all datasets, with Kaldi_NL 

having second-best performance (Table 2).  

Table 2: Performance of Whisper, MMS and Kaldi_NL on the Dutch partition of N-Best 2008 and JASMIN-CGN 
corpora (Bălan et al., 2024). 

 

N-Best 2008 (% WER) JASMIN-CGN (% WER) 

Broadcast Conversational 
Read 
(non-
native) 

Read 
(adult) 

Conversational 
(non-native) 

Conversational 
(adult) 

Whisper 
(large-v2) 

10.0 23.9 30.0 
12.8 51.4 

26.8 

MMS 18.5 42.7 54.0 28.3 83.3 59.9 

Kaldi_NL 12.6 38.6 45.3 20.9 60.0 44.0 

 

Commercial solutions 

While all commercial systems we previously mentioned support Dutch, few give information on the 

level of accuracy they can achieve for Dutch. Therefore, it is worth adding another service to the 

list – Soniox. Like other commercial STT services, it supports multiple languages and real-time 

transcription as well as medical transcription. What sets it apart is that its medical scribe is claimed 

to support multiple languages whereas for other services, e.g., Google STT, Amazon and 

Deepgram, medical transcription is limited to English. Soniox also provides performance 
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benchmarks for 60 languages (including Dutch) with 45-70 minutes of (unspecified) YouTube audio 

per language (“Speech-to-text benchmarks 2025”, n.d.). Another ASR service that provides WER 

estimates for Dutch is ElevenLabs. They report 3.4% WER on the publicly available FLEURS 

dataset, which they compare to Deepgram’s 11.3% WER. A new feature that ElevenLabs support 

is audio event tagging (e.g., laughter), although they do not yet offer real-time ASR (“Free Dutch 

Speech to Text Transcription”, n.d.). 

Table 3: Soniox WER benchmarks for English and Dutch partitions of the in-house YouTube audio dataset. 

 English (% WER)  Dutch (% WER) 

Soniox 6.5 9.4 

AssemblyAI 9.3 10.6 

ElevenLabs 11.1 11.2 

Speechmatics 9.3 11.6 

Amazon 11.4 12.0 

Deepgram 9.9 12.1 

Azure 9.4 14.4 

Google 18.2 23.2 

In addition to Soniox and ElevenLabs benchmarking, there has been independent research looking 

into the performance of commercial ASR models on Dutch speech. For example, Kasdorp et al. 

(2024) evaluated Azure and Google’s STT model Chirp on regional dialects for Dutch and Flemish 

from the JASMIN-CGN dataset. In the dataset, Dutch speech is categorized into 4 regional dialects: 

West-Dutch, Transitional region, Peripheral region and Southern peripheral region. The results 

showed that both Azure and Google STT models performed best on read West-Dutch speech 

(Google: read – 24.8% and conversational – 25.2% WER; Azure: read – 15.7% and conversational 

– 20.5% WER). 

Dutch ASR in healthcare 

There is a growing number of companies specializing in speech transcription services specifically 

for Dutch medical conversations. HealthTalk (“HealthTalk”, n.d.) provides a web-/mobile-

application for transcribing doctor-patient conversations and generating medical reports in domains 

like mental and acute care, and child care. The system is able to transcribe and diarize hour-long 
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(real-time) recordings containing more than 2 speakers, with reports generated within minutes of 

the consultation ending. Person identification during consultations is reported to reach 99% 

accuracy, which HealthTalk uses to correctly assign transcribed data to the client, family members, 

or healthcare providers present. To improve terminology accuracy, the platform applies the MeSH 

and UMLS clinical vocabularies to standardise medical terms and diagnoses across transcripts and 

reports. The underlying language and speech models run on HealthTalk's own NVIDIA-based 

private-cloud infrastructure hosted in Amsterdam, which the company states improves accuracy 

and data security while remaining fully auditable by the healthcare provider. The platform also gives 

clinicians access to a client's full consultation history within minutes, covering prior treatments, 

diagnoses, and referrals. Another company is Attendi, providing their API services in the domains 

of elderly care, disability care and mental healthcare (“Intuitive Reporting – Attendi”, n.d.). Their 

system creates offline punctuated transcriptions of recorded conversations. One more example is 

SpraakLab and their product Tell James created for ASR in the medical domain. SpraakLab’s 

ASR provides real-time speech recognition with automatic punctuation and grammar-based rules 

that help it detect terminology, and can be hosted both on-premises and via an API 

(“Spraakherkenning van SpraakLab”, n.d.). Tell James’s accuracy on Dutch speech is claimed to 

be below 8% WER (“Domeinspecifieke taalmodellen - Tell James”, n.d.). A fourth service worth 

mentioning is Juvoly. They provide real-time speech recognition with NER and transcription 

summarization functionalities (“Juvoly V2 WebSocket API”, n.d.). As data for training models Juvoly 

use public datasets and, to better adapt the models to the medical domain and make them more 

inclusive, record fictitious conversations between medical students and between students learning 

Dutch as a second or third language (“FAQ | Juvoly”, n.d.). Another service is Medendo. Medendo 

offers a web interface between Google and Azure to transcribe medical conversations in real time 

and process transcriptions into reports (“Medendo - Digital Assistant for Healthcare professionals”). 

HealthTalk is at the forefront of healthcare technology, specializing in speech transcription services 

tailored for the medical domain. Utilizing our proprietary MedQwen model — a medically fine-tuned 

Qwen architecture optimized with GRPO, alongside a fine-tuned Whisper-large-v3-turbo for 

Automatic Speech Recognition and Titanet-large for precise speaker diarisation (99% accuracy) — 

we deliver high-fidelity, context-aware transcriptions. Advanced techniques such as GPTQ/AWQ 

quantization, speculative decoding, and FlashInfer-optimized inference enable real-time, low-

latency performance even on resource-constrained clinical hardware. 

Besides commercial medical scribes there are multiple academic projects. One such project was 

started by Leiden University Medical Centre’s CAIRELab. The initiative has since turned into a 

commercial product, software that generates templated medical reports in real time, under the 

name Autoscriber (“Autoscriber”, n.d.). Another example is Care2Report (Nivel, Utrecht 

University, Radboudumc). They set out to create a multimodal medical reporting system that uses 

audio, video and sensor input. The proposed pipeline uses graphs to store and combine the 

information extracted from each modality and transforms those graphs into SOEP (SOAP) reports. 

At the prototype stage of the project, Google’s STT is proposed as the audio input processor. 

Triples are then extracted from the transcription and matched against a medical ontology to find 

information relevant for the report. The matched triplets are stored in a graph, from which the report 

is generated with the NaturalOWL system (Maas et al., 2020; Molenaar et al., 2020). A third project 

example is the HoMed project (Nivel, Radboud, Utrecht and Twente universities). It focuses on 

developing methodology for applying ASR to sensitive (doctor-patient) conversations (Tejedor-

García et al., 2024). As part of the research, publicly available ASR systems (wav2vec2, Whisper 

and Kaldi_NL) were evaluated on several sets of Dutch medical conversation recordings 

(Medicijnjournaal, medical video recordings and Nivel test and training sets). The results showed 

that Whisper (large-v2) outperformed the other systems, achieving the lowest WER of 10.9% on 
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the medical video recordings data, compared to 24.2% for wav2vec 2.0 and 28.4% for Kaldi_NL. 

In addition to evaluating SoTa models, Kaldi_NL was fine-tuned on some of the medical 

conversations and tested on the Nivel test set. While it did not outperform Whisper (57.1% vs 68.0% 

WER) it did improve compared to its baseline version (71.2% WER) (“Dutch Open Speech 

Recognition Benchmark”, n.d.).  

3.1.6. SoTa Portuguese ASR systems: resources, benchmarks, and 

healthcare applicability 

Recent work on Portuguese ASR shows that European Portuguese is increasingly treated as a 

distinct language variety rather than as interchangeable with Brazilian Portuguese. This is relevant 

for MediSpeech because general multilingual ASR performance may vary substantially across 

Portuguese varieties, accents, speaking styles, and domains. 

The CAMÕES benchmark was recently introduced as an open framework for European Portuguese 

and other Portuguese varieties. It includes 46 hours of European Portuguese test data across 

multiple domains and evaluates foundation models in zero-shot and fine-tuned settings, as well as 

E-Branchformer models trained from scratch. The authors also curated 425 hours of European 

Portuguese speech for training and fine-tuning, reporting relative WER improvements exceeding 

35% over the strongest zero-shot foundation model. This suggests that European Portuguese-

specific adaptation can substantially improve ASR performance, but also that generic multilingual 

models should not be assumed to be sufficient without local evaluation.  

Additional resources are also emerging for European Portuguese speech. FalAR, a large-scale 

speaker-annotated corpus of European Portuguese parliamentary speech, contains approximately 

5,800 hours of speech data, including around 4,850 hours with speaker identity annotations. 

Although parliamentary speech differs from clinical consultations, the corpus is relevant as 

evidence of the growing body of large-scale European Portuguese ASR resources and may support 

further model adaptation. In Brazilian Portuguese, recent work, such as the NURC-SP Audio 

Corpus, has also highlighted the importance of spontaneous speech datasets for ASR evaluation, 

reporting that spontaneous, accented speech remains challenging even with fine-tuned wav2vec 

2-XLSR and Distill-Whisper models. 

For the Portuguese MediSpeech use case, these developments indicate that Portuguese ASR 

should be evaluated using local and domain-relevant data whenever possible. Evidence from 

European Portuguese benchmarks and spontaneous Portuguese speech corpora supports the 

need to test performance not only on generic WER, but also on clinically relevant errors, medical 

terminology, numbers, medication names, speaker turns, and downstream documentation quality. 

At the current stage, published evidence on ASR for spontaneous European Portuguese primary 

care consultations appears limited, so any available partner-specific resources, EHR-linked 

workflows or domain adaptation strategies should be validated with the Portuguese technical and 

clinical partners before being presented as mature state-of-the-art evidence. 

Beyond ASR-specific resources, recent Portuguese NLP and LLM initiatives also reinforce the 

importance of treating European Portuguese as a distinct target variety. AMALIA has been 

introduced as a fully open large language model prioritizing European Portuguese through targeted 

training and native pt-PT evaluation, while ALBA provides a linguistically grounded benchmark for 

assessing generative LLMs across European Portuguese language and cultural dimensions. 

Although these resources are not ASR systems, they are relevant to downstream MediSpeech 
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components such as transcript correction, summarization, clinical note drafting and Portuguese-

language evaluation of LLM-supported documentation. 

3.1.7. SoTa Turkish ASR systems: resources, benchmarks, and healthcare 

applicability 

 

State-of-the-art automatic speech recognition for spontaneous conversational Turkish, including 

doctor–patient and doctor–caregiver clinical interactions, is expected to build on end-to-end 

recurrent neural transducer (RNN-T) architectures (Graves, 2012), which map the acoustic signal 

directly to text through three deep neural network modules optimised end-to-end and support both 

streaming and non-streaming operation from the same model. Two adaptation techniques from the 

recent ASR literature are particularly relevant to the medical-terminology and noisy-consultation 

conditions of the Turkish use case. External language-model integration for RNN-T (Zhou et al., 

2022) allows subword recognition hypotheses to be re-scored against a domain-specific language 

model — typically implemented as an n-gram language model converted into a finite-state 

transducer — so that pronunciation-driven errors on domain terminology can be reduced without 

retraining the acoustic component. On-the-fly noise augmentation during training (Nguyen et al., 

2020), in which noise samples collected from diverse environments are randomly mixed into 

training recordings, has been reported to improve robustness to unseen acoustic conditions without 

requiring in-situ noisy-domain recordings for every deployment setting. By analogy with the recent 

Turkish clinical NLP evidence discussed in Section 3.4.5, where domain-specific pre-training and 

fine-tuning on Turkish biomedical or clinical text consistently outperform generic and multilingual 

baselines, similar domain adaptation is expected to be an important factor for Turkish clinical ASR. 

For the Turkish use case, published evidence on ASR performance in Turkish clinical consultations, 

particularly for paediatric neurodevelopmental and neuropsychiatric settings such as ASD and 

ADHD assessment, appears limited at the current stage. The absence of publicly available Turkish 

clinical ASR benchmarks means that domain- and use-case-specific validation is required. 

3.2. Paralinguistic event detection 
 

3.2.1. Paralinguistics 
Paralinguistics has been defined and described throughout the years in many different ways. We 

start with one of the earlier descriptions of paralanguage by Trager (1958). Trager talks about 

speech, the process of talking, and how three kinds of events employing the vocal apparatus are 

happening during talking: a) language, b) variegated other noises, not having the structure of 

language – vocalizations, and c) modifications of all the language and other noises – voice qualities. 

The vocalizations and voice qualities together are being called paralanguage. Rephrased in a 

different and concise way, paralinguistics can be defined as the study into the vocal but nonverbal 

elements (nonverbal means not using words) of communication by speech[1]. We will start with 

describing these vocal nonverbal elements (in terms of features) and will then move to describing 

what kind of information these elements can convey. In the last 20 years, a field coined 

computational paralinguistics (Schuller & Batliner, 2013) has emerged that aims to automate 

processes in paralinguistics research and equip machine intelligence with paralinguistic analysis 

abilities.   

 

https://euc-word-edit.officeapps.live.com/we/wordeditorframe.aspx?ui=en-US&rs=en-US&wopisrc=https%3A%2F%2Fmedrecord.sharepoint.com%2Fsites%2FMediSpeech%2F_vti_bin%2Fwopi.ashx%2Ffiles%2F7f4d69d8f1b5410e87c851fb957a5dee&wdenableroaming=1&mscc=1&hid=4C37C2A1-B036-D000-FF5B-E5C3AC137605.0&uih=sharepointcom&wdlcid=en-US&jsapi=1&jsapiver=v2&corrid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&usid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&newsession=1&sftc=1&uihit=docaspx&muv=1&ats=PairwiseBroker&cac=1&sams=1&mtf=1&sfp=1&sdp=1&hch=1&hwfh=1&dchat=1&sc=%7B%22pmo%22%3A%22https%3A%2F%2Fmedrecord.sharepoint.com%22%2C%22pmshare%22%3Atrue%7D&ctp=LeastProtected&rct=Normal&wdorigin=ItemsView&wdhostclicktime=1756931549894&afdflight=34&csiro=1&instantedit=1&wopicomplete=1&wdredirectionreason=Unified_SingleFlush#_ftn1
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3.2.2. Features 

Paralinguistic features refer to a range of non-linguistic (non-verbal) elements that accompany 

spoken language and that convey information about how something is said (e.g., affect), rather 

than what is said. These elements include acoustic features, non-verbal vocalisations, and turn-

taking behavior. Typically, acoustic features in paralinguistics research include (Lee et al., 2015): 

Prosody-related measures 

• Fundamental frequency (f0) 

• Energy/loudness 

• Speaking rate 

Spectral-related measures 

• Mel-frequency cepstral coefficients (MFCCs) 

• Mel-filter bank Energy coefficients (MFBs) 

Voice quality-related measures 

• Jitter 

• Shimmer 

• Harmonic-to-noise ratio 

 

Since it remains largely unknown which features perform best for which task, researchers have 

proposed a standard, minimal set of features, the Geneva Minimalistic Acoustic Parameter Set 

(GeMAPS), that includes the features mentioned above (Eyben et al., 2016) as well as others. This 

featureset is widely adopted by the research community and is often used as a baseline to improve 

replicability.  

Non-verbal vocalisations (also known as non-lexical sounds, see Ward, 2006) are vocal sounds 

made without words. Examples of non-verbal vocalisations include laughter, crying, moaning, 

sighing, as well as mm-hmm, mmm, uh, uh-huh, ah (Ward, 2006; Trouvain and Truong, 2012; 

Kamiloglu & Sauter, 2024), and can serve several functions. In particular, functions of interest here 

include emotion regulation (managing and shaping one’s emotional experiences), social bonding 

(the formation and strengthening of interpersonal relationships), and group cohesion (the promotion 

of unity and cooperation within a social group).  

Turn-taking: The way people take turns in conversations can say something about the speaker’s 

state or how the conversation is going. Information about frequency and duration of turns, of 

overlaps, and quality of overlaps (competitive or non-competitive, see Kurtic et al., 2013; Truong, 

2013) can all be indicative of a speaker’s status (e.g., Beattie, 1981) or level of engagement 

(Jokinen et al., 2013). Silence is a specific phenomenon in turn-taking that, especially in patient-

clinician encounters, can be meaningful in a conversation, as silences can be perceived differently 

in conversation, e.g., as awkward, invitational, or compassionate (Back et al., 2009). 

Instead of using hand-engineered features, end-to-end learning has also been used to recognize 

emotions in speech for example (e.g., Trigeorgis et al., 2016). In end-to-end learning, the model 

learns directly from the raw waveform. However, there are some disadvantages, especially when 

applied to a paralinguistics-related task. End-to-end learning usually requires a large amount of 

data that is usually scarce for paralinguistics-related tasks. For example, spontaneous emotional 

speech data or speech data from people with dementia are not largely available. Furthermore, while 

post-processing methods exist to make the output of a machine learning model more interpretable, 



 

 

20 

generally end-to-end learning models work as „black box” models which is not always preferred. 

Especially if the model is used for diagnostics in the health domain, one would like it to be somewhat 

transparent. 

These paralinguistic features not only have linguistic (e.g., marking of lexical stress, question vs. 

statement) or pragmatic functions (e.g., sarcasm, dialog acts); they also serve non-linguistic 

purposes and can reveal personal characteristics of the speaker. Laver & Trudgill (1979) describe 

three classes of markers of identity in speech: 

a) Those that mark social characteristics, such as regional affiliation, social status, educational 

status, occupation and social role; 

b) Those that mark physical characteristics, such as age, sex, physique and state of health; 

c) Those that mark psychological characteristics of personality and affective state. 

 

The variety of types of non-linguistic information that speech can convey is also reflected in the 

tasks of the yearly Computational Paralinguistics Challenges, see Table 4. 

Table 4: A selection of computational paralinguistics tasks[2] 

Emotion Interest Gender Age 

Sleepiness Intoxication Intelligibility Likability 

Personality Autism Conflict Social signals 

Physical load Cognitive load Eating condition Parkinson’s 

Nativeness Native language Sincerity Deception 

Snoring Cold Addressee Heart beats 

Infant crying Orca activity Baby sounds Styrian dialects 

Masks Elderly emotion Breathing Escalation 

Covid speech Covid cough Stuttering Vocalisations 

  

Latif et al. (2021) identified several opportunities and challenges of speech processing healthcare. 

In addition to paralinguistic and emotional state processing, these opportunities include speech 

processing for psychological disorders and speech processing for diseases diagnostic and 

monitoring. 

3.2.3. Emotion 

Speech emotion recognition (SER) is the task of recognizing a person’s emotional state from their 

speech. While sentiment analysis is a related task (i.e., estimating valence from text), SER refers 

to recognizing emotions based on acoustic features only. Typically, developing SER starts with a 

database containing labelled emotional speech samples from which acoustic features are 

extracted (feature extraction) that are subsequently used in a machine learning model to learn 

the mapping between features and label (Madanian et al., 2023). The development of SER has 

followed the rise of end-to-end techniques for automatic speech recognition (ASR), making some 

parts of the pipeline less explicit. However, there are some specific challenges that the field copes 

with and that are very different from the ones in ASR. In the following paragraphs, we will give a 

concise overview of current SER methods based on several recent surveys (Hashem et al., 2023; 

Singh & Goel., 2022; Madanian et al., 2023). 

https://euc-word-edit.officeapps.live.com/we/wordeditorframe.aspx?ui=en-US&rs=en-US&wopisrc=https%3A%2F%2Fmedrecord.sharepoint.com%2Fsites%2FMediSpeech%2F_vti_bin%2Fwopi.ashx%2Ffiles%2F7f4d69d8f1b5410e87c851fb957a5dee&wdenableroaming=1&mscc=1&hid=4C37C2A1-B036-D000-FF5B-E5C3AC137605.0&uih=sharepointcom&wdlcid=en-US&jsapi=1&jsapiver=v2&corrid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&usid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&newsession=1&sftc=1&uihit=docaspx&muv=1&ats=PairwiseBroker&cac=1&sams=1&mtf=1&sfp=1&sdp=1&hch=1&hwfh=1&dchat=1&sc=%7B%22pmo%22%3A%22https%3A%2F%2Fmedrecord.sharepoint.com%22%2C%22pmshare%22%3Atrue%7D&ctp=LeastProtected&rct=Normal&wdorigin=ItemsView&wdhostclicktime=1756931549894&afdflight=34&csiro=1&instantedit=1&wopicomplete=1&wdredirectionreason=Unified_SingleFlush#_ftn2
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Databases Compared to ASR, the amount of available speech data for SER is considerably 

smaller, and the characteristics relevant for the database are very different. For emotional speech 

databases, it is important for example to distinguish among different “modes” of emotional 

expression (acted vs spontaneous vs elicited), types and number of emotions, and different 

emotion annotation methods (categories vs dimensions, categories vs continuous, self vs 

observed). While there is a need for spontaneous, naturalistic emotional speech spoken in a variety 

of different languages, most of emotional speech databases are acted and in English or Chinese 

(Singh & Goel, 2022).  

Table 5: Most often used emotional speech databases (Hashem et al., 2023) with some added recent ones 

Database Speakers Emotion annotation Style Amount 

EMODB 
(Burkhardt et 
al., 2005) 

5m, 5f Neutral, anger, fear, joy, 
sadness, disgust, 
boredom 

acted 535 sentences 
(25min) 

SAVEE (Haq et 
al., 2008) 

4m Anger, disgust, fear, 
happiness, sadness, 
surprise 

Acted 480 sentences 
(30min) 

IEMOCAP 
(Busso et al., 
2008) 

5m, 5f Anger, happiness, 
surprise, excited, disgust, 
sadness, frustration, fear, 
neutral + valence, 
activation, dominance 

Scripted + 
improvised 

Conversations, 
(12h) 

RAVDESS 
(Livingstone & 
Russo, 2018) 

12m, 12f Happy,sad, angry, fearful, 
surprise, disgust, calm, 
neutral, acted 

acted 1440 sentences 
(1,5h) 

CREMA-D 
(Cao et al., 
2014) 

48m, 43f Anger, disgust, fear, 
happy, netural, sad 

Acted 7442 sentences 
(5,3h) 

MSP-IMPROV 
(Busso et al., 
2017) 

6m, 6f Anger, sadness, 
happiness, neutral + 
valence, activation, 
dominance 

Improvised, 
read, 
natural 

3249 recordings 
(2,3h) 

MSP-Podcast 
(Lotfian & 
Busso, 2019) 

? Anger, sadness, 
happiness, surprise, fear, 
disgust, contempt, neutral 
+ valence, arousal, 
dominance 

Podcasts 84125 turns 
(27h) 

LSSED (Fan et 
al., 2021) 

335m, 
485f 

Anger, happiness, 
sadness, disappointment, 
boredom, disgust, 
excitement, fear, surprise, 
normal 

Lab setting 147025 
sentences 
(206h) 

  

Feature extraction A second important step in the development of SER is feature extraction. Here, 

usually a choice is made between the use of handcrafted or (automatically) learned acoustic 

features. Handcrafted features typically consist of for example prosodic features, the eGeMAPS 

feature set or spectrograms (see previous subsection) as previously explained. Learned features 
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consist for example of wav2vec 2.0 embeddings, representations of speech that are automatically 

learned from the raw audio (Baevski et al., 2020). 

Machine learning A third important step in the development of SER is the choice for a machine 

learning method. Given the relatively small amount of data, traditional machine learning models 

such as Support Vector Machines and Random Forest are often still used. Deep learning models, 

such as CNNs that use spectrograms, have also been used (e.g., Huang et al., 2014). Recently, 

there is a growing interest in using end-to-end models for SER (e.g., Wagner et al., 2023, Pepino 

et al., 2021, Chen et al., 2024) and in developing pre-trained emotional speech models (e.g., Chen 

et al., 2024). End-to-end models replace handcrafted feature extraction and the choice of a 

separate classifier; instead, the model learns both features and emotion classification jointly. 

According to a study by Wagner et al. (2023), transformer-based models show very good cross-

corpus generational robustness and appear invariant to domain, speaker, and gender 

characteristics compared to a baseline CNN.  

The performance of SER is heavily influenced by the database (and thereby its characteristics) 

used. To give an idea of the current SER performance on a frequently used database, we can have 

a closer look at the IEMOCAP database. In Wagner et al. (2023), some general observations were 

drawn based on recent works that have used the IEMOCAP database and end-to-end models 

(wav2vec 2.0, HuBERT): they found that fine-tuning pre-trained weights yields a 10% boost, 

additional ASR fine-tuning did not help with SER, larger architectures were typically better than the 

base ones, and HuBERT outperformed wav2vec 2.0. More particularly, they reported unweighted 

average recall rates between 60.0%-74.3% for end-to-end models performing a 4-class emotion 

recognition task on IEMOCAP. One of their wav2vec2-based models fine-tuned on the MSP-

Podcast dataset to recognize dimensions of arousal, valence, and dominance was made publicly 

available3. However, in a survey carried out by Singh & Goel (2022), higher accuracies were found 

for the same database when using handcrafted features (55%-83%) and spectrograms (83%-89%) 

compared to automatically learned features (67%-73%). A wav2vec2 model4 fine-tuned on 

IEMOCAP, developed by SpeechBrain, yielded an average accuracy of 75.3%. For the IEMOCAP 

database, it seems that using end-to-end modelling does not always yield the best SER 

performance. Another wav2vec2 model5 was fine-tuned on TESS, CREMA-D, SAVEE and 

RAVDESS and yielded ~80% accuracy on the same datasets for 7 emotion classes. Finally, more 

recently a foundation WavLM-based model called Vesper6 was released that is pre-trained on the 

LSSED dataset and can be fine-tuned for specific speech emotion recognition tasks and datasets. 

3.2.4. Health state 

As voice production depends on several physiological processes and systems in mind and body, 

diseases can affect normal voice production. In the context of voice, a vocal biomarker is a feature 

(or a combination of features) in the voice that has been identified and validated as associated with 

a clinical outcome (Fagherazzi et al., 2021; Kraus, 2018). The use of vocal biomarkers in 

combination with machine learning has been increasingly investigated for automatic diagnosis, risk 

prediction, and monitoring of neurological and mental health disorders (including psychiatric 

and mood disorders) (Low et al., 2020; Fagherazzi et al. 2021; Idrisoglu et al. 2023). Low et al. 

(2020) report in their survey that 50% of all studies on automated assessment of psychiatric 

disorders using speech target major depressive disorder, followed by 18% targeting schizophrenia, 

16.5% targeting bipolar disorder and 8% post-traumatic stress disorder. Paralinguistic features 

such as f0 and speech rate seem to correlate well with depression and schizophrenia respectively 

(Low et al., 2020). A decrease in f0 and f0 range has been observed in depressed individuals while 

several studies found that speech rate is lower in people with schizophrenia (Low et al., 2020). In 
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Idrisoglu et al. (2023), a survey is presented on voice- and machine learning-based diagnosis of 

systematic conditions affective voice, nonlaryngeal aerodigestive disorders affecting voice, and 

neurological disorders affecting voice. They list that Parkinson’s disease (60%) was the most 

targeted disease, followed by dementia (12%), cognitive impairment, ALS, depression and autism. 

With respect to machine learning models, 35% of all studies used support vector machines while 

27% used neural networks. While the research is evolving, various surveys have identified similar 

challenges for the field. These include the use of unbalanced, closed datasets, as well as the under-

researched task of monitoring instead of diagnostic testing (Fagherazzi et al., 2021; Idrisoglu et al., 

2023). Finally, while in general the results are reasonable, many of the studies are relatively small 

feasibility studies that still need a validation against gold standards in order to enable large-scale 

clinical development (Fagherazzi et al., 2021). 

 

3.2.5. Opportunities for paralinguistics in electronic healthcare records 

Paralinguistic analysis has a long history in healthcare, as seen from the studies above; however, 

for other purposes than in the context of EHR. Typically, digital scribes who transcribe physician-

patient encounters for medical note-taking or EHR purposes discard paralinguistic phenomena. In 

the following section, we will present potential benefits of incorporating paralinguistic aspects into 

the speech-to-text process, as speech contains more than words. In clinical encounters, 

paralinguistic signals such as hesitation, silence, distress, crying, laughter, backchannels and 

changes in speaking rhythm may provide contextual information about patient communication and 

clinician-patient interaction. However, their use in clinical documentation should remain cautious. 

Such signals may support communication analysis or flag segments for review, but they should not 

be converted into diagnostic claims without specific validation, transparency and governance. 

Emotions are important in physician-patient encounters  

For various reasons, emotions are considered to play important roles in physician-patient 

encounters. In medical note-taking for example, patients emphasized including the patients’ social 

and family history, as well as patients’ emotional reactions to diagnoses and health conditions 

(Hanson et al., 2012). The SOAP (Subjective, Objective, Assessment, Plan) structure is often 

adopted by healthcare practitioners to document information provided by patients (Podder et al., 

2023). The first heading is Subjective and includes experiences, personal views or feelings of a 

patient (Podder et al., 2023) while in the second heading Objective, the same categories as in 

Subjective but instead measured or observed by the physician are described. The Objective 

heading generally begins with a statement regarding the patient’s overall identification and 

impression, for example “62-year-old White female, alert, oriented, relaxed, and in no apparent 

distress” (Pearce et al., 2016). Hence, while not very explicitly and prominently present, information 

related to the patient’s emotional state or feelings could be considered part of the medical note-

taking which is relevant for the physician’s overall impression of the patient, and for maintaining a 

successful physician-patient relationship. 

It is widely acknowledged that physician empathy is important in the physician-patient relationship 

and has significant impact on a patient’s recovery (e.g., Larson & Yao, 2005; Lelorain et al., 2012; 

Zachariae et al., 2003). Empathy involves understanding other people’s feelings and perspectives. 

In a survey on associations between empathy measures and patient outcomes in cancer care, 

Lelorain et al. (2012) concluded that a clinician’s empathy is associated with higher patient 

satisfaction, better psychosocial adjustment, lesser psychological distress and need for 

information. Likewise, in another survey, Zachariae et al. (2003) concluded that higher physician 
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attentiveness and empathy were associated with greater patient satisfaction, increased self-

efficacy, and reduced emotional distress.  

Hence, emotions are important in physician-patient encounters and SER technology could 

potentially enrich and support EHR with information about the patient’s feelings. Since empathy is 

part of the physician’s training, SER technology could also play a role in supporting the physician 

in their effective and empathetic communication by providing feedback and training the physician 

to become a better communicator (e.g., Chen et al., 2020). If paralinguistic information is explored 

in MediSpeech, the documentation workflow should distinguish observed communication cues from 

inferred emotional or health states. This distinction is important to avoid over-interpretation, bias 

and inappropriate inclusion of sensitive or weakly validated inferences in the EHR. 

Potential for disease monitoring 

As mentioned previously, speech can function as a vocal biomarker for several diseases and has 

great potential for diagnostic testing. Disease monitoring however has received less attention. 

While the main function of the physician-patient encounters is to monitor the patient’s disease 

through the patient’s responses, the encounters could potentially also be used for passive 

monitoring of the patient’s disease by analysing the patient’s speech (Fagherazzi et al., 2021; 

Idrisoglu et al., 2023). 

Improving transcription accuracy: Nonverbal vocalisations are challenging for ASR 

While nonverbal vocalisations can be indicative of a person’s emotional and interpersonal state or 

even a person’s health state and can convey important information in clinical conversations where 

a “mhm” could be a yes-answer in response to a physician’s question (Tran et al., 2023), current 

open-source ASR models have trouble recognizing these nonverbal vocalisations correctly (5,6,8, 

Tran et al., 2023).  Moreover, sometimes these nonverbal vocalisations are discarded all together 

which is the case for laughter. Tran et al. (2023) argue that not only the transcription of nonverbal 

vocalisations such as “uh-huh” and “mm-hm” is important in the context of clinical conversations, 

their intention (or dialog act) is just as important. For example, a ”uh-huh” or “mhm” can express 

an acknowledgement/backchannel, or positive or negative affirmation. Although the proportion of 

clinically relevant nonverbal vocalisations is very small, Tran et al. (2023) still urge researchers and 

developers to improve the transcription accuracy of these nonverbal vocalisations that are also 

potentially relevant for the success of downstream tasks. CrisperWhisper is one of the few ASR 

models that is able to deal with disfluencies (Zusag et al., 2024). For non-verbal vocalizations such 

as laughter, there have been quite some work on automatic laughter detection (e.g., Gillick et al., 

2021), but not many of these have integrated laughter detection in the ASR pipeline (Ho et al., 

2025).                                                       

Downstream tasks can benefit from paralinguistic aspects 

Several studies have pointed out how the extraction of paralinguistic information in physician-

patient encounters can be relevant for downstream tasks. Since many downstream tasks such as 

summarization or other clinical documentation tasks that facilitate patient care rely on ASR 

transcriptions, the quality of these transcripts is critical for the success of these tasks (Tran et al., 

2023; Quiroz et al., 2019). Hence, improving the transcription accuracy of nonverbal vocalisations 

that are usually poorly transcribed in ASR could support the success of several specific 

downstream tasks (Tran et al., 2023; Quiroz et al., 2019). ASR transcriptions can also help the 

development of AI-based decision-making systems (Ovesdotter Alm, 2016). For example, 
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paralinguistic aspects in speech, such as filled pauses, can reveal how certain physicians are in 

their diagnosis, which is critical information for decision-making systems. 

 
[1] https://dictionary.apa.org/paralanguage 
[2] http://www.compare.openaudio.eu/tasks/ 
[3] https://huggingface.co/audeering/wav2vec2-large-robust-12-ft-emotion-msp-dim 
[4] https://huggingface.co/speechbrain/emotion-recognition-wav2vec2-IEMOCAP 
[5] https://huggingface.co/Dpngtm/wav2vec2-emotion-recognition 
[6] https://github.com/HappyColor/Vesper 

 

 

3.3. Speaker diarisation 
 

3.3.1. Introduction 

Speaker diarisation (SD) is the process of dividing an audio stream containing human speech into 

distinct segments based on speaker identity. This technique improves the clarity of ASR output by 

organizing speech into individual speaker turns.  

SD involves two key steps—speaker segmentation, which detects transitions between speakers 

in an audio stream, and speaker clustering, which groups speech segments based on speaker 

characteristics. Note: SD does not identify speakers, it only allocates speech fragments to the 

various speakers in a recording. Combined with ASR, it states which speaker turns where uttered 

by speaker 1, by speaker 2, etc. If speaker identities are known, the labels, speaker 1, speaker 2, 

etc., can be replaced by these identities, e.g. Doctor X, Patient Y, in the MediSpeech context. 

It is relevant to realise that the baseline for SD performance depends on the number of speakers 

that should be distinguished. In the context of doctor patient conversations, the number of speakers 

is typically two, giving a chance level of 50% for correct performance (and if the patient is 

accompanied by a third person, this gives a 33% chance level). In the MediSpeech clinical context, 

speaker diarisation has a direct documentation and safety role because the system must 

distinguish clinician speech, patient speech and, where relevant, speech from caregivers, 

guardians or other accompanying persons. This is especially important in consultations where 

clinically relevant information may be provided by someone other than the patient. Wrong speaker 

attribution can change the interpretation of a note, for example by presenting a patient-reported 

symptom as a clinician assessment, attributing caregiver information to the patient, or treating a 

clinician plan as a patient statement. Evaluation should therefore include word-level diarisation 

errors, role attribution errors and their clinical significance, not only aggregate DER. 

Other factors affecting the performance of SD systems are background noise, speaker overlaps, 

and length of speaker turns (short speaker turns being harder to detect). In standard types of 

interviews the interviewee has the largest share of the conversation whereas the contribution of the 

interviewer is limited to short questions, be it sometimes with a longer introduction. Medical 

conversations of doctors and patients may deviate from this pattern with equal or larger shares of 

doctor contributions. Also, speaker overlaps are expected to be less frequent and shorter in 

duration.  

https://euc-word-edit.officeapps.live.com/we/wordeditorframe.aspx?ui=en-US&rs=en-US&wopisrc=https%3A%2F%2Fmedrecord.sharepoint.com%2Fsites%2FMediSpeech%2F_vti_bin%2Fwopi.ashx%2Ffiles%2F7f4d69d8f1b5410e87c851fb957a5dee&wdenableroaming=1&mscc=1&hid=4C37C2A1-B036-D000-FF5B-E5C3AC137605.0&uih=sharepointcom&wdlcid=en-US&jsapi=1&jsapiver=v2&corrid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&usid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&newsession=1&sftc=1&uihit=docaspx&muv=1&ats=PairwiseBroker&cac=1&sams=1&mtf=1&sfp=1&sdp=1&hch=1&hwfh=1&dchat=1&sc=%7B%22pmo%22%3A%22https%3A%2F%2Fmedrecord.sharepoint.com%22%2C%22pmshare%22%3Atrue%7D&ctp=LeastProtected&rct=Normal&wdorigin=ItemsView&wdhostclicktime=1756931549894&afdflight=34&csiro=1&instantedit=1&wopicomplete=1&wdredirectionreason=Unified_SingleFlush#_ftnref1
https://dictionary.apa.org/paralanguage
https://euc-word-edit.officeapps.live.com/we/wordeditorframe.aspx?ui=en-US&rs=en-US&wopisrc=https%3A%2F%2Fmedrecord.sharepoint.com%2Fsites%2FMediSpeech%2F_vti_bin%2Fwopi.ashx%2Ffiles%2F7f4d69d8f1b5410e87c851fb957a5dee&wdenableroaming=1&mscc=1&hid=4C37C2A1-B036-D000-FF5B-E5C3AC137605.0&uih=sharepointcom&wdlcid=en-US&jsapi=1&jsapiver=v2&corrid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&usid=bf4e6d23-ca1f-2532-2ec5-51da284a4c2c&newsession=1&sftc=1&uihit=docaspx&muv=1&ats=PairwiseBroker&cac=1&sams=1&mtf=1&sfp=1&sdp=1&hch=1&hwfh=1&dchat=1&sc=%7B%22pmo%22%3A%22https%3A%2F%2Fmedrecord.sharepoint.com%22%2C%22pmshare%22%3Atrue%7D&ctp=LeastProtected&rct=Normal&wdorigin=ItemsView&wdhostclicktime=1756931549894&afdflight=34&csiro=1&instantedit=1&wopicomplete=1&wdredirectionreason=Unified_SingleFlush#_ftnref2
http://www.compare.openaudio.eu/tasks/
https://huggingface.co/audeering/wav2vec2-large-robust-12-ft-emotion-msp-dim
https://huggingface.co/speechbrain/emotion-recognition-wav2vec2-IEMOCAP
https://huggingface.co/Dpngtm/wav2vec2-emotion-recognition
https://github.com/HappyColor/Vesper
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Whereas performance of ASR systems heavily depends on the language involved (largely 

favouring English), this is less the case for SD where speaker properties are more relevant than 

language. However, dependencies still exist, especially since, in recent encoder-decoder 

architectures, all speech properties are encoded in an intertwined manner. Further, some SD 

methods are based on speech transcriptions rather than on speech acoustics (see below) which 

also increases their language dependency.  

The performance of a SD system is expressed as Diarisation Error Rate (DER), which is the 

proportion of time that speech is allocated to a wrong speaker. A lower DER therefore points to a 

better performance. Another measure used in literature is Word-level DER (WDER), which is the 

proportion of words attributed to the wrong speaker. WDER is used to evaluate diarisation systems 

that incorporate ASR. Typically, the WDER of a system is lower than its DER. Alternatively, F 

scores (or F1 measure) are reported which is an accuracy score for the identification of speakers 

on each segment in an audio recording, which is calculated considering the duration of each 

segment. 

Most systems work directly on the acoustic audio signal. The introduction and elaboration of Deep 

Learning models gave a boost in SD performance. Earlier systems based on other technologies 

typically have not been updated after 2020 due to lack of competitive potential compared to such 

DL approaches. The most popular SD methods these days are Pyannote, NVIDIA Nemo, and 

EEND. Pyannote is integrated into some Whisper implementations. 

There are also Audio-Visual Speaker Diarisation methods and models (Mingote, et al., 2024) but 

we consider these less relevant for the MediSpeech context. 

Recent reviews of SD systems can be found in Al-Hadithy et al. (2022), Nagavi et al. (2024), Park 

et al. (2022), O'Shaughnessy (2025), Rahim et al. (2025). 

A dynamically updated list of ongoing SD research can be found here: 

https://wq2012.github.io/awesome-diarisation  

Basically there are three approaches to speaker diarisation (SD): 

• SD at equipment level 

• Acoustic analysis with SD DL models 

• Analysis of transcriptions with LLMs  

which we will briefly discuss in the next subsections.  

3.3.2. SD at equipment level (Microphone-Based Approaches) 

These equipment-based methods rely on hardware and recording conditions to separate speakers. 

By employing specialized microphone arrays, beamforming, and spatial filtering techniques, 

systems can largely isolate speakers before any acoustic or linguistic processing. Such approaches 

are particularly beneficial in controlled environments (e.g., conference rooms, interrogation rooms 

or broadcast studios) where the positions of the speakers are known or can be reliably estimated.   

Other applications of this method are found in online meetings and interviews where platforms such 

as Zoom or Teams are used. By using the transcription facilities of these platforms speaker 

separation is realised at the source being the microphone of the participants. A variant of this 

https://github.com/pyannote
https://docs.nvidia.com/nemo-framework/user-guide/latest/nemotoolkit/asr/speaker_diarization/intro.html
https://github.com/DongKeon/Awesome-Speaker-Diarization
https://wq2012.github.io/awesome-diarization
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approach in face-to-face meetings is to equip each participant with a (close-talk) microphone.  Still, 

in such conditions speaker overlap still occurs especially for speakers positioned in close vicinity. 

Performance: 

Under controlled conditions with well-calibrated hardware, equipment-level diarisation systems 

have been reported to yield diarisation error rates (DER) in the range of 8–10% or lower. It is 

important to note, however, that performance is highly sensitive to room acoustics, background 

noise, and microphone placement. In less controlled or far-field settings, these systems can suffer 

from degradation if not paired with robust acoustic models. 

By way of illustration, in the Dutch context a microphone array was used in an experiment in 

interrogation rooms of the Dutch police. DER performance was 12% (with five speakers in the room: 

the suspect, two interrogators and two lawyers).  

For conversations recorded and transcribed via online meeting platforms such as Zoom and 

Teams, perfect speaker diarisation is possible. However for this optimal result, the transcription 

function of the platform must be used. Channel separation is not contained in downloads of the 

audio recordings of these platforms. 

In general, this microphone-based approach is of less relevance for the context of the MediSpeech 

project where speaker separation by microphone is not practical. However, for online patient doctor 

meetings, the SoTa of current meeting platforms is more than sufficient. 

 

3.3.3. Acoustic analysis with SD Deep Learning models 

This is currently the most active and successful domain of speaker diarisation research. In these 

systems, raw audio is first transformed into discriminative acoustic feature representations (for 

example, using mel-frequency cepstral coefficients, i-vectors, or more recently x-vectors/d-

vectors). Deep neural networks—often built with architectures such as convolutional or recurrent 

neural networks and more recently end-to-end (E2E) models—are used to learn speaker 

embeddings that characterize each speaker’s voice. Two main strategies are commonly employed:  

• Two-Stage Approaches: First, a segmentation step detects speaker change points, and 

then clustering (typically based on agglomerative hierarchical clustering) groups the 

segments using the learned embeddings.  

• End-to-End Neural Diarisation (EEND): These systems jointly optimize segmentation 

and clustering in a single network, streamlining training and often yielding significant 

performance gains. 

 

Another distinction that can be made is between unsupervised and supervised speaker diarisation. 

In the latter case the identity of one of the speakers is known and focused on during the diarisation 

process. This can be of benefit in the medical domain where the identity of a doctor is known 

beforehand. “This allows for focusing on a doctor’s speech processing, and thus end up with more 

reliable and accurate results for different use cases, such as the detection and analysis of 

diagnosis, prescriptions, and procedures.” (Khoma et al., 2023). 

Performance: 
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In standard benchmarks—such as the CALLHOME dataset or meeting recordings—state-of-the-

art deep learning systems have reported DER scores as low as 5–10% in controlled or synthetic 

conditions and around 15–20% in more challenging real-world scenarios. For example, reviews by 

Park et al. and others highlight that systems based on robust embedding techniques (e.g., using 

the ECAPA-TDNN architecture or the pyannote.audio toolkit) can push DER values into this lower 

range. In their review Al-Hadithy et al. (2022) point to the problem of domain mismatch: “When a 

model is built on data from one domain, it usually performs poorly when applied to data from 

another”. Khoma et al. (2023) expanded pyannote for tasks of supervised diarisation which led to 

a DER of 15.52% and an F value of 90.79% compared to a DER of about 25% for the unsupervised 

baseline system. 

Medaramitta (2021) studied SD performance in simulated patient doctor interviews by medical 

students using standard Google and Amazon SD services and concluded that “the current speaker 

diarisation capabilities alone are not able to provide sufficient performance for our particular use 

case when integrating them into ReadMI for operating in in-person role-play training environments”. 

More recently, Tran et al. (2023) found more acceptable Word-level DER ranging between 1.3% 

for Amazon General ASR and 6.3% for Google General ASR. An interesting study by Sanni et al. 

(2025) on a benchmark dataset of 50 simulated medical and non-medical African-accented English 

conversations, using pyannote and NVIDIA Titanet, reports much higher DER scores for the 

medical part of the dataset (35% vs 12%) which is attributed to presence of speaker overlaps. 

 

3.3.4. Analysis of transcriptions with LLMs 

A new and promising avenue involves leveraging the power of large language models to refine 

speaker diarisation. In these systems, automatic speech recognition (ASR) converts speech 

segments to text, and LLMs subsequently analyze the transcribed content to determine speaker 

turns. Here the diarisation is based on text (the transcriptions) rather than on voice characteristics. 

The linguistic context—such as conversational cues, discourse markers, and even topic shifts—

can help resolve ambiguities that pure acoustic analysis might miss. This approach is often 

combined with the acoustic SD methods described above. 

Performance 

While still an emerging area, early experiments indicate that integrating transcription analysis via 

LLMs with acoustic cues can produce a relative improvement compared to acoustic-only diarisation 

systems. For instance, if a baseline deep acoustic model yields a DER of approximately 10%, a 

combined system incorporating LLM insights might reduce the error rate by an additional margin—

bringing it down into the high 8% region in some scenarios. It should be noted, however, that 

standardized benchmarks remain sparse given this method’s novelty, and performance gains are 

often domain-dependent (particularly benefiting conversational or meeting scenarios where 

language context is rich). 

In the medical domain of doctor patient conversations, Nehrboss (2024) presents the CASCADE 

system with three specialist LLMs, one of which has to identify speaker roles. For medical dialogues 

he reports a decrease of WDER from 16.1% for the baseline system to 1.6% for the CASCADE 

system. As limitations of the approach, he mentions the confinement to only two speakers (and 

expects severe degradation for more speakers) and the heavy computational load of LLM 

processing, which permits offline processing only. 
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Consequently, diarisation should be evaluated at least at three levels: segmentation of turns, 

attribution of words to the correct speaker, and attribution of clinically salient entities or statements 

to the correct speaker role. Two-speaker consultations are the simplest case, but primary care, 

pediatrics, pregnancy care, and multidisciplinary interactions may involve additional participants. 

The system should therefore make uncertainty visible and should allow clinician correction of 

speaker labels before any information is inserted into the EHR. 

Adedeji et al. (2024), investigating the PriMock57 dataset, found that LLMs, particularly through 

CoT (Chain-of-Thought) prompting of six commercial LLMs, improved the diarisation accuracy of 

existing ASR systems. Here, diarisation was combined with ASR to calculate doctor- and patient-

specific WER scores. It was concluded “that the best-performing LLM and ASR system 

combinations, particularly GPT-4, Gemini Pro, and Gemini Ultra paired with Whisper 1, 

demonstrated superior diarisation accuracy compared to each and every ASR benchmark. These 

pairings yielded a lower Doctor-Specific Word Error Rate (D-WER)1 and exhibited reduced 

variability in results, indicating more reliable and consistent diarisation performance“(p.11). 

 

3.4. Named Entity Recognition of Medical Terms 
 

3.4.1. Introduction 
Named Entity Recognition (NER) is a fundamental task in the field of Natural Language Processing. 

Its primary function is to identify and classify predefined categories of objects, known as named 

entities, within unstructured text. These entities are rigid designators, referring to specific real-world 

objects such as people, organizations, locations, and dates. The process involves taking a string 

of text, such as a sentence, a paragraph, or an entire document, and programmatically locating 

and categorizing these entities. 

When applied to the medical and biomedical domains, this task is specialized in Biomedical Named 

Entity Recognition (BioNER) or Biomedical Entity Linking (BEL). Here, the entities of interest shift 

from general categories to highly specific medical concepts, including diseases, symptoms, 

medications, treatments, procedures, anatomical parts, genes, and proteins. The overarching goal 

of BioNER is to transform the immense and ever-growing volume of unstructured text from sources 

such as Electronic Health Records (EHRs), clinical trial documents, biomedical research literature, 

and discharge summaries into structured, computable data. 

This process is vital for the normalization and aggregation of entity mentions, which has 

applications in categorizing and improving search in medical and scientific literature, as well as 

extracting information from clinical notes and patient forums. For instance, a BEL model can link a 

patient's mention of "trouble with sleeping" to the medical concept "insomnia" in an ontology, 

enabling the aggregation of similar mentions across patients. 

In MediSpeech, medical NER should be understood as part of the post-ASR clinical structuring 

layer. The task is not only to identify isolated terms, but also to extract clinically relevant problems, 

symptoms, diagnoses, medications, doses, measurements, laboratory values, risk factors, follow-

up plans, and referrals from speech-derived text or draft notes. 
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3.4.2. Key Challenges 

• High intra-class variance: Identical biomedical terms can appear in various forms, such 

as "MI" and "hartaanval" (heart attack) both referring to "myocard infarct". 

• Low inter-class variability: Different biomedical terms can be very similar, like "candida" 

(yeast) and "cardia" (heart), despite having distinct meanings, only have a Levenstein 

distance of 2. 

• Noisy Free Text: Texts generated by patients and medical professionals often contain 

spelling errors and personal abbreviations, making entity identification complex. 

• Vast Number of Entities: The biomedical domain is enormous, with ontologies like the 

Unified Medical Language System (UMLS) containing over 3.3 million unique concepts. 

• Limited Labeled Datasets: There is a scarcity of labeled biomedical entity linking 

datasets, especially in languages other than English. 

• Gap between lay language and clinical language: patients don’t use professional 

biomedical terms to describe things. For example, they could say "his heart stopped”, 

instead of “cardiac arrest”. This makes it difficult to accurately map patient-doctor 

conversations or text into clinical terms.  

3.4.3. Evaluation Metrics 

In biomedical entity linking, evaluating a model's performance requires a multifaceted approach 

using several key metrics. These metrics assess the model's ability to accurately map a mentioned 

entity in a text (e.g., "heart attack") to a specific concept in a standardized knowledge base like the 

Unified Medical Language System (UMLS). 

Candidate Ranking and Accuracy 

A primary metric for this task is Recall@k. This evaluates the two-stage process of entity linking: 

candidate generation (retrieving a list of potential concepts) and candidate ranking (ordering that 

list by likelihood). Recall@k measures whether the correct, or "gold," entity is present within the 

top 'k' ranked candidates proposed by the model. For example, Recall@5 checks if the correct 

answer is among the top five suggestions. A special case, Recall@1, is equivalent to accuracy, 

as it only considers the single highest-ranked candidate, which must be the correct one to be 

counted. This metric directly reflects the model's top-choice performance. 

Balancing Errors in Classification 

Standard classification metrics such as precision, recall, and F1-score are also fundamental. 

• Precision measures the proportion of a model's links that are correct, indicating its 

reliability (Precision=TP/(TP+FP)). 

• Recall measures the proportion of all possible correct links that the model 

successfully identifies, indicating its comprehensiveness (Recall=TP/(TP+FN)). 

In medical contexts, both false positives (linking to a wrong concept) and false negatives (failing to 

link an existing concept) can have severe consequences. Therefore, the F1-score, which is the 

harmonic mean of precision and recall (F1=2⋅(Precision⋅Recall)/(Precision+Recall)), is particularly 

crucial. It provides a single, balanced score that reflects the model's ability to minimize both types 

of errors. 
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Semantic Correctness 

Finally, to account for the complex and hierarchical nature of medical terminologies, 1-distance 

accuracy is often used. This is a more lenient metric where a prediction is considered correct even 

if it's not the exact gold entity, as long as it is directly related to it in the knowledge base hierarchy. 

For instance, if the model links a mention of "Barrett's esophagus" to the broader concept 

"Esophageal Diseases" in UMLS, and these two concepts are connected by a single relational link 

(e.g., is_a), 1-distance accuracy would count this as a correct prediction. This metric offers a more 

nuanced evaluation of a model's semantic understanding, rewarding predictions that are 

contextually and clinically very close, even if not identical. 

3.4.4. Resources for Dutch Medical NER 

Murphy et al. (2025) have published a manually annotated corpus of Adverse Drug Events (ADE), 

specifically tailored for NER task. It focuses on annotating Drug entities, Disorder entities 

(encompassing diseases, syndromes, signs, symptoms, and findings under the UMLS Disorder 

semantic group), and Qualitative Concept entities (specifically signal words like 'toxic', 

'nephrotoxic', and 'iatrogenic' relevant to ADEs). 

The corpus comprises 102 anonymized clinical progress notes from Intensive Care Unit (ICU) 

patients admitted to Amsterdam University Medical Centre in the Netherlands between November 

2015 and January 2020. These notes were specifically selected because they were suspected of 

containing drug-related acute kidney injury (AKI) mentions, although the corpus annotates any ADE 

found 

Personal attributes such as names, addresses, dates, and referring hospitals were removed and 

replaced with placeholders (e.g., <NAME>, <ADDRESS>). Rare diseases were replaced with 

<RARE_DISEASE>, and all dates were randomly shifted to a future range (2100-2200) while 

preserving timelines. This rigorous de-identification ensures patient privacy and makes the dataset 

anonymous and sharable upon request. 

Content Volume: The corpus contains 16,470 labels, including 14,355 entity labels (8,914 

Disorder, 5,307 Drug, 134 Qualitative Concept) and 2,115 relation labels (614 ADE, 1,501 

Indication). While primarily focused on drug-related AKI, the study identified 261 distinct ADE 

mentions in total, with 158 (60.8%) pertaining to other types of ADEs, underscoring the richness 

of clinical notes as a source of ADE information. 

Mantra Gold-Standard Corpus (GSC) is a multilingual, manually annotated collection of texts 

designed for training and evaluating biomedical concept recognition systems. Its goal was to create 

the first gold-standard corpus for this task in languages other than English. The methodology 

developed to create the corpus is a key contribution, designed to ensure high-quality and consistent 

annotations across all languages. To reduce the manual workload, the process started by providing 

human annotators with automatically generated "preannotations" from five different concept 

recognition systems. For each language, three annotators then independently corrected these 

preannotations and added any missing concepts. After this, the separate annotations were 

automatically merged into a single "harmonized" set using the e-centroid method. This unified set 

was then reviewed by expert curators who adjudicated any discrepancies to create the final 

annotations. A major strength of the process was the use of parallel texts, which allowed the curated 

English annotations to serve as a high-quality reference and enabled final cross-language 

consistency checks to resolve any remaining differences. 

Dutch Medical Concepts Repository  repository by Utrecht UMC provides instructions and 

code to create concept tables of Dutch medical names (primary names, synonyms, 

https://pubmed.ncbi.nlm.nih.gov/25948699/
https://github.com/umcu/dutch-medical-concepts?tab=readme-ov-file
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abbreviations, misspellings) based on UMLS, SNOMED CT, and Human Phenotype Ontology 

(HPO), which can then be used in named entity recognition and linking methods like MedCAT. This 

provides a foundational resource for building comprehensive concept vocabularies for Dutch 

medical language. 

Another repository, released by Erasmus Medical Center (Nijmegen), contains clinical corpora in 

the Dutch language for validating and training biomedical natural language processing models. 

Both MedMentions and Mantra have been translated from English to Dutch using the Google Cloud 

Translate API and OpenAI GPT-4 API. 

Hartendorp et al. introduced WALVIS, a weakly labeled Dutch biomedical entity linking dataset 

automatically generated using Wikidata and Wikipedia, addressing the lack of labeled datasets. 

This dataset is used to fine-tune BEL models like MedRoBERTa.nl, which is pretrained on 

anonymized Dutch hospital notes and further improved through self-alignment pretraining on a 

cleaned Dutch sample of UMLS and SNOMED. This demonstrates an approach to overcome data 

scarcity by leveraging existing knowledge bases and Wikipedia. 

 

3.4.5. Turkish medical NLP, Named Entity Recognition and terminology 

resources 

Turkish biomedical and clinical Natural Language Processing (NLP) can be considered a relatively 

low-resource setting compared with English. The limited availability of large-scale domain-specific 

corpora and annotated clinical datasets restricts the development and reproducible evaluation of 

Turkish medical NLP systems. In addition, Turkish is a morphologically rich and agglutinative 

language, where productive suffixation increases lexical variation and presents additional 

challenges for tokenisation and representation in downstream NLP tasks (Türkmen et al., 2023). 

Domain-specific terminology, abbreviations, spelling variations and non-standard expressions 

further increase the complexity of processing real-world clinical narratives. 

Recent work demonstrates that domain adaptation can improve the representation of Turkish 

biomedical and clinical text. Türkmen et al. (2023) introduced BioBERTurk, a family of Turkish 

biomedical pretrained language models, and evaluated different pre-training strategies using 

Turkish biomedical corpora and radiology-related resources. The models were evaluated on a 

labelled dataset of Turkish head CT radiology reports. Continual pre-training of BERTurk with 

biomedical data produced better results than general-domain BERTurk, multilingual BERT and the 

evaluated baseline models, indicating the value of domain-specific adaptation for Turkish clinical 

NLP.  

Resources directly targeting entity recognition in Turkish clinical text remain limited. Dilmaç and 

Alpkocak (2026) introduced a manually annotated benchmark dataset for de-identification of 

Turkish Electronic Health Records (EHRs) and evaluated traditional sequence-based approaches 

together with fine-tuned transformer models for detecting protected health information. The best 

fine-tuned transformer model achieved a macro F1 score of 92.20%, compared with 83.00% for 

the BiLSTM-CRF approach. Although de-identification focuses on protected health information 

rather than clinical entities such as symptoms or diagnoses, the study provides evidence that task-

specific transformer fine-tuning can be effective for token-level entity extraction from Turkish clinical 

narratives (Dilmaç & Alpkocak, 2026).  

https://github.com/mi-erasmusmc/DutchClinicalCorpora
https://arxiv.org/pdf/2405.11941
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Other recent Turkish medical NLP resources also highlight the importance of domain-specific 

adaptation and terminology normalisation. TurkMedNLI provides a Turkish medical natural 

language inference dataset derived through an LLM-supported translation and normalisation 

pipeline that explicitly addresses medical abbreviations and measurement expressions. 

Experiments with BERTurk showed differences between original and normalised medical text and 

demonstrated that performance on medical-domain data is substantially stronger when models are 

trained with relevant medical examples than when relying only on general-domain NLI resources 

(Oğul et al., 2025).  

The relevance of domain adaptation is also demonstrated in real-world Turkish clinical narratives. 

Akbasli et al. (2025) evaluated domain-specific fine-tuning of a large language model on Turkish 

clinical notes from paediatric emergency admissions. The dataset included unstructured records 

containing typographical variation, and the fine-tuned model substantially outperformed the 

pretrained model in the evaluated classification task. Although the study addresses respiratory tract 

infection classification rather than general-purpose medical NER, it provides additional evidence 

that domain-specific adaptation can be important when processing noisy Turkish clinical text 

(Akbasli et al., 2025).  

For the Turkish MediSpeech use case, medical information extraction should therefore extend 

beyond the recognition of isolated entity mentions. Relevant information may include complaints 

and symptoms, diagnoses, examinations and procedures, medications, tests and clinical 

observations, together with contextual attributes such as negation, temporality and uncertainty. 

Where appropriate, extracted mentions should also be normalised and linked to standard clinical 

concepts while preserving the original Turkish expression and its context. Evaluation should 

consequently consider entity-level precision, recall and F1 together with semantic correctness and 

terminology-mapping accuracy. The limited availability of representative Turkish clinical datasets, 

particularly for conversational and specialised clinical settings, remains an important gap for 

domain-specific validation within MediSpeech. 

3.4.6. Model Evaluation 
Liu et al. (2024) have performed an extensive evaluation of various approaches to NER in English. 

The study evaluated seven distinct NER models across three challenging medical datasets: 

Revised JNLPBA, BioCreative V CDR (BC5CDR), and Anatomical Entity Mention (AnatEM). The 

models were grouped into three categories: statistical machine learning, BERT-based deep 

learning, and LLMs. 

The statistical models, Hidden Markov Models (HMM) and Conditional Random Fields (CRF), 

delivered a moderate performance. While CRF generally outperformed HMM across all datasets, 

with higher accuracy scores, both fell short of the more modern architectures. For instance, on the 

Revised JNLPBA dataset, CRF achieved a microaverage F1 -score of 0.8476, whereas HMM 

scored 0.7265. 

In contrast, the BERT-based deep learning models—BioBERT, RoBERTa, BigBird, and 

DeBERTa-consistently demonstrated strong performance and superior accuracy. Among them, 

BioBERT emerged as a top performer, achieving the highest accuracy on the Revised JNLPBA 

(0.932 microaverage) and AnatEM (0.8494 microaverage) datasets. Its success is largely attributed 

to its specialized pretraining on extensive medical literature, which allows it to capture domain-

specific nuances effectively. 

https://medinform.jmir.org/2024/1/e59782/PDF
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The fine-tuned LLM, Gemma, showed exceptional but variable performance. It achieved the 

highest accuracy on the BC5CDR dataset with a near-perfect microaverage score of 0.9962. This 

dataset, which contains only two entity types (disease and chemical), appears well-suited to 

Gemma's architecture. However, its performance was less pronounced on the more complex 

Revised JNLPBA and AnatEM datasets compared to BioBERT, indicating a need for further 

dataset-specific optimization. 

To evaluate the performance of deep learning models on WALVIS, Hartendorp et al. use 

MedRoBERTa.nl, a language model pretrained on Dutch hospital notes, as their base model. They 

first perform self-alignment pretraining (SapBERT) using the enhanced Dutch ontology to teach the 

model to recognize synonyms. Following this, the model is fine-tuned on the newly created WALVIS 

dataset. At inference time, all terms from the enhanced ontology are converted into embeddings 

and stored in a computationally efficient FAISS index. When a new, unseen mention is provided, 

its embedding is generated and compared against the indexed embeddings to find the nearest 

neighbour, thereby linking it to the most similar concept in the ontology. 

The quantitative results of the final model, evaluated on the Dutch portion of the Mantra GSC 

corpus, are as follows: the model achieved a classification accuracy of 54.7% and a 1-distance 

accuracy of 69.8%. This performance represents a 10.1 percentage point improvement in 

classification accuracy and a 13.1 percentage point improvement in 1-distance accuracy compared 

to the base model without the study's specific pre-training and fine-tuning. 

In a separate case study on patient-support forum data, a manual evaluation of a small sample 

found that for correctly recognized entities, the model linked approximately 65% to a correct or 

closely related concept. 

Entity-level evaluation should include precision, recall and F1 for clinically relevant categories, but 

also semantic correctness, assertion status, negation, temporality, uncertainty and mapping 

accuracy. These metrics should be linked to clinically significant error review and human 

adjudication 

3.5. Ambient clinical documentation, medical scribes, 

and LLM-based reporting 
 

Ambient clinical documentation systems build on ASR but extend beyond transcription. They 

capture the clinical encounter, identify speaker turns, extract clinically salient content and generate 

draft documentation such as consultation summaries, SOAP-style notes, referral drafts or patient 

instructions. Recent studies and reviews of AI scribes suggest potential reductions in 

documentation burden and improvements in perceived clinician experience, while also showing 

that note quality, editing burden, integration and safety remain active concerns (Duggan et al., 

2025; Olson et al., 2025; Seth et al., 2024). 

The main methodological implication is that an ambient scribe should not be evaluated as if it were 

only a transcription engine. A draft clinical note can be fluent and well-structured while still omitting 

clinically important information, introducing unsupported content, misrepresenting uncertainty, or 

over compressing the patient narrative. Human review is therefore a baseline requirement for 

documentation workflows unless and until a specific, validated and approved workflow justifies a 

different approach. 
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Recent evidence also suggests that the value of AI scribes should not be interpreted as full 

automation of clinical documentation. Reported benefits are mainly associated with reductions in 

perceived documentation burden, cognitive load and after-hours work, but these gains coexist with 

the need for clinician review, terminology correction and control of omissions or unsupported 

generated content. Studies evaluating LLM-generated clinical notes indicate that output quality may 

approach that of human documentation in selected settings, while still requiring structured review 

using instruments such as the PDQI-9 and clinically focused error assessment. Large-scale 

analyses of clinician-edited draft notes also suggest that post-editing often shifts generated text 

from patient-facing or conversational language towards more standardised clinical terminology. 

This reinforces the interpretation that the clinician’s role is moving from sole author to accountable 

reviewer-editor, rather than disappearing from the documentation workflow (Morse et al., 2025; 

Palm et al., 2025; Cho et al., 2026; Accurx, 2026). 

LLMs are relevant to this layer because they can support summarisation, information extraction, 

spell correction, report drafting, coding suggestions and transformation of transcript fragments into 

structured outputs. Domain-specific clinical language models have shown that large models can 

improve the extraction and interpretation of information from EHR narratives, but healthcare LLM 

reviews and evaluation frameworks continue to emphasize task-specific validation, human 

assessment and safety controls rather than generic deployment claims (Yang et al., 2022; Tam et 

al., 2024; Wang et al., 2025). 

A useful design distinction is between documentation support, structured information extraction and 

clinical decision support. Documentation support and structured extraction may be appropriate 

early targets if outputs remain editable and reviewable. Active decision support, by contrast, 

requires stricter evidence boundaries, governance, explainability and responsibility allocation, 

because the system is no longer only helping to record care but may influence clinical judgement. 

3.5.1. SoTa Clinical Information Extraction without LLMs 

 

Automated clinical documentations created using ASR and annotated with name entity recognition 

are valuable sources of base information for clinicians, reducing their paperwork burdens and 

cognitive overheads of reporting from scratch. In a clinical environment, these documents are often 

used in conjunction with a wide range of lab test reports and follow-up visit notes (together, clinical 

notes) to form a complete picture of a patient for clinical decision making. This is an important 

dimension of MediSpeech clinical decision support systems. It enables our technology to go beyond 

voice-to-text transcription, SOAP-style report generation, name-entity recognition to cover 

relationship extraction, medication dose/quantity/volume extraction, lab test result extraction, post-

operative complication and indication extraction for clinical decision support. The range of extended 

information extraction process provides a rich context for patient-doctor interactions, not just at one 

point in time, but throughout the clinical journey a patient goes through.  

  

In practice, the most common information extraction strategy for clinical notes is still rule-based 

Natural Language Processing (NLP) and in some cases, together with sophisticated regular 

expression (for example, rules to deal with negations, and abbreviations) strategies, machine 

learning [Wang & Akella 2015]. The authors noted several challenges and advanced with the 

learning-based approaches which include  
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• Generalisation: Difficulty of generalisation (i.e. using a trained model for a new type of 

clinical dataset/notes renders the model inadequate) 

• Feature variations: Loss of model accuracy when entities have many surface forms, for 

example, when a clinical term/phrase spells differently or briefly – causing ML features to 

collapse 

• Semantic features: the “significantly boosted” (increased F1 by 34%) performance 

enhancement brought by incorporating semantic features, such as semantically related 

words of a concept or semantic type of a concept in SNOMED CT, to expand the “span” of 

training annotations or to simply use the type as a feature.  

  

[Fu et. al 2020] classifies information extraction for clinical notes into four categories by studying 

228 papers selected for the analysis, and they are: Rule-based, machine learning, deep learning, 

and hybrid (Rule-based + machine/deep learning).  The literature screening process is summarised 

in Figure 1. 

 

Figure 1: Literature screening flow for clinical information extraction studies 

  

 
(Source: [Fu et. al 2020]) 

  

Although rule-based methods require significant manual interventions, it remains to be the most 

popular due to its transparency, low cost (both labour, and computation), and speed. The authors 

also noted that deep learning methods, whilst only covered by 8% of the papers, are gaining 

significant traction fast in adoption. Moreover, in the state-of-the-art benchmark results for the 

selected eight clinical tasks, such as clinical workflow optimisation, drug studies, deep learning 

occupies 6/8 of the top ranked benchmarks, showing remarkable achievements brought by deep 

learning models, including BioBERT, BERT-large, BERT-base (P+M). 
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3.5.2. SoTa Clinical Information Extraction and Reporting with LLMs and 

Knowledge Graphs 
  

Recent advances in LLM have highlighted promising results for clinical text extraction with superior 

performance. It has been shown that LLM, specifically, instruction-tuned (prompt-engineered) 

LLaMA-2 and LLaMA-3-70B models, consistently outperformed the bidirectional encoder 

representations from transformers (BERT) model, a state-of-the-art deep learning model for 

information extraction, in both name entity and relation extraction tasks, across four types of clinical 

notes [Hu et. al. 2026]. The authors have shown that, with the 70B models, the F1 scores have 

increased by over 7% for NER and 4% for RE. An LLM based approach has been shown to offer 

better generalisability and adaptability to different NLP tasks, such as unseen clinical texts from 

different institutions. On the other hand, the BERT models tend to perform in high-volume and time-

constrained tasks whilst perform poorly in unseen texts.  

  

The evaluation was performed against a comprehensively annotated corpus of 1588 clinical notes 

from 4 data sources—UT Physicians (UTP) (1342 notes), Transcribed Medical Transcription 

Sample Reports and Examples (MTSamples) (146), Medical Information Mart for Intensive Care 

(MIMIC)-III (50), and Informatics for Integrating Biology and the Bedside (i2b2) (50), capturing 4 

clinical entities (problems, tests, medications, other treatments) and 16 modifiers (e.g., negation, 

certainty). Whilst the LLM model performance is encouraging, the costs of achieving so were high. 

Infrastructure wise, to run the largest, i.e. 70B, LLM, 2 NVIDIA A100 80GB GPUs were used in the 

inference tasks. Computationally, the authors noted that the inference task runs 28 times slower 

when the LLaMA models are used, compared with BERT.  

  

Whilst LLM demonstrates significant advancements in information extraction, the biggest challenge 

facing its full adoption in the clinical context is perhaps hallucination. In [Zhang et. al. 2023], the 

authors have shown that LLMs can occasionally hallucinate, i.e. fabricating irrelevant facts that 

were not relevant to the user input, generating contents that are self-contradictory, inconsistent and 

misaligned with established world knowledge. This has direct implications in clinical information 

extraction in that the capabilities exhibited in LLMs can vary depending on the type of text they deal 

with [AB Das, et. al 2025]. Further, the authors have shown that open weight LLMs, specifically 

Qwen2.5 and DeepSeek-v2, older versions released back in 2025, can perform reasonably well in 

admission notes but generally less consistent when it comes to follow-up notes.  

  

Knowledge Graphs (KGs) have been investigated as one approach to grounding LLM outputs and 

reducing inconsistencies. It has been shown that KGs can enhance LLM performance across 

various phases at inference, model training, and output verification stages [Agrawal et. al. 2024, 

Lavrinovics et. al. 2024]. However, the authors in [Agrawal et. al. 2024] also noted careful adaption 

of KG usage is required to benefit LLM based reasoning in various use cases, including use of KGs 

in small LLMs, stepwise reasoning of KGs in larger models, for example.  

  

In the context of clinical information extraction, incorporating KGs such as SNOMED, to augment 

LLM-based methods are gaining popularity [Škrlj et. al. 2025, Lavrinovics et. al. 2024, Agrawal et. 

al. 2024, Chang et. al.  2024, Alarcon-Serrano et. al. 2026]. However, due to the natural language 

nature of how people typically interact with LLM, i.e. using language-based prompt engineering and 

individualised chain of interactions involved in the reasoning and inference processes, the quality 

of extraction can vary significantly between different protocols [Alarcon-Serrano et. al. 2026]. This 

has opened up further research avenues in, for example, using a more structured reasoning 
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scaffolding to interact with LLMs to explicitly encode semantic or contextual success criteria in 

information retrieval.  

 

3.6. Clinical Decision Support Systems 
 

Early non-AI implementations involved clinicians and pharmacists in the United States who 

integrated data into Cerner, a primary clinical information system, to provide automated alert 

functions by comparing different rule-based configurations.(Welch and Kawamoto 2013) In 

oncology applications, deep learning models have been employed in clinical decision support 

systems to automatically extract features and categorize data depending on impact. They also 

suggest that these systems could be incorporated to forecast treatment outcomes and combine 

with longitudinal data to track the course of diseases. Utilizing algorithm recommendations derived 

from clinical guidelines, one study designed a CDSS for respective double‐blind randomized 

controlled trial evaluation of effectiveness in managing psychiatric medications.(Zastrozhin et al. 

2018) Four input steps were entered including data variant type, hospital and patient information, 

and language to generate a report recommendation on which drugs to have increased dose, 

decreased dose, standard dose, or stop using.(Zastrozhin et al. 2018) Using rule-based ontology, 

another study developed a CDSS named ClinGenWeb designed with the capability to report 

relevant clinical findings combined with factors (e.g. family history, environmental, behavioral, and 

clinical data) for assessment of individual increase in their prostate cancer risk.(Beyan and Son 

2014a) The distributed software platform BioXM along with Zoho Reports business intelligence tool 

was used to rapidly prototype the user interface as well as incorporating existing prediction models 

prostate cancer risk.(Beyan and Son 2014a, 2014b) 

 
3.6.1. ADHD Decision Support 

 

Recent machine learning research on ADHD demonstrates that structured psychometric and 

demographic features — including WISC-IV subscales, continuous performance test scores, and 

behavioral rating scales — yield high discriminative performance when modelled with gradient-

boosted ensembles. Navarro-Soria et al. (2025) showed that Random Forest and XGBoost 

classifiers, augmented with SHAP-derived feature attributions, successfully recover known 

neuropsychological correlates of ADHD such as working memory and inhibitory control deficits, 

providing clinically interpretable explanations alongside predictions. A critical methodological 

advance established by Mikolas et al. (2022) is the importance of training and validating models 

against real psychiatric referral cohorts rather than healthy controls, substantially improving clinical 

generalizability. 

 

3.6.2. ASD Decision Support 

Multimodal AI architectures currently represent the leading paradigm for ASD diagnostic support. 

Megerian et al. (2022) validated a Gradient Boosted Decision Tree system integrating caregiver 

questionnaires, clinician assessments, and video-derived behavioral features, demonstrating 

performance comparable to specialist evaluation. Crucially, the system introduced an 

indeterminate output class for low-confidence predictions — a design principle now widely 

recommended for trustworthy clinical AI. Wang et al. (2025) further demonstrated that machine 

learning errors in ASD classification are interpretable and aligned with clinically known sources of 

diagnostic ambiguity, advancing model transparency. 
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3.6.3. Explainability and Emerging Trends 

SHAP (Lundberg & Lee, 2017) is widely used for post-hoc explainability in tabular clinical AI, 

enabling both global model auditing and patient-level feature attribution. Beyond established 

methods, the 2024–2026 period has seen growing interest in Large Language Models for clinical 

feature extraction from unstructured notes and Retrieval-Augmented Generation for evidence 

grounding, though regulatory guidance consistently discourages generative systems as standalone 

diagnostic tools. Trustworthy AI principles — encompassing calibration, fairness, uncertainty 

quantification, and human-in-the-loop governance — have emerged as essential design 

requirements rather than optional enhancements. 

 

3.6.4. Research gaps and Turkish approach 

Despite rapid progress, several gaps persist. The majority of published models rely on healthy-

control designs that overestimate real-world performance. Formal clinical validation of model 

explanations — assessing whether SHAP outputs are perceived as interpretable and actionable by 

clinicians — remains limited. External multi-institutional validation is seldom reported, restricting 

confidence in generalizability. Finally, longitudinal clinical record integration and fusion of structured 

assessments with free-text clinical notes represent underexplored but clinically consequential 

directions. 

The Turkish consortium’s approach directly addresses the identified gaps through two independent 

binary classifiers (ASD and ADHD), trained on structured clinical and psychometric features from 

realistic psychiatric referral cohorts. Explainable ML models — Logistic Regression, Random 

Forest, XGBoost, and LightGBM — are combined with SHAP-based dual-scope explanations 

(global auditing and patient-level attribution), satisfying current regulatory requirements and clinical 

transparency standards. The system outputs probabilistic advisory evidence rather than 

deterministic diagnoses, preserving clinician authority and aligning with EU AI Act mandates 

(European Parliament and Council of the European Union, 2024). Independent classifier design 

further accommodates comorbid presentations without enforcing artificial mutual exclusivity. 

 
 

3.7. Interoperability, clinical terminologies and EHR 

integration 
 

The value of automated reporting depends on whether the output can be safely reused inside 

clinical information systems. Free-text transcripts are useful for review, but continuity of care, 

analytics, coding, quality monitoring and decision support usually require structured outputs, 

provenance information and terminology mappings. Interoperability should therefore be treated as 

a design requirement from the start rather than as a late-stage integration task. 

HL7 FHIR provides a resource-based approach for exchanging healthcare information 

electronically, while terminologies such as SNOMED CT, LOINC, ICD and ICPC support different 

levels of semantic interoperability and classification (HL7 International, 2023a; Bodenreider et al., 

2018). In practice, a MediSpeech output may need to preserve both the draft narrative and the 

structured concepts from which it was generated, so that clinicians can audit, correct and trace how 

each coded or structured field was produced. 
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Table 6: Standards and terminologies 

Standard / terminology Typical role Relevance for automated reporting 
HL7 FHIR Exchange of structured health 

information through resources and 
APIs 

Potential pattern for moving reviewed 
outputs, observations, notes or tasks 
into EHR workflows. 

ICPC-2 Primary care classification of reasons 
for encounter, diagnoses and 
processes 

Relevant where the use case involves 
primary care problem coding and 
longitudinal follow-up. 

ICD-10 / ICD family Diagnosis and morbidity classification Relevant for reporting, analytics and 
alignment with established coding 
pathways. 

SNOMED CT Detailed clinical terminology Potential reference terminology for 
concept normalisation and 
interoperability. 

LOINC Laboratory and clinical observations Relevant to measurements, 
laboratory values and structured 
observations. 

 

EHR integration should therefore be understood as semantic and workflow integration, not merely 

as text export. Recent ambient documentation products increasingly combine note generation with 

structured templates, letters, clinical observations and, in some cases, terminology coding such as 

SNOMED CT. This strengthens the relevance of HL7 FHIR resources and metadata such as 

Provenance for linking generated documentation to source transcripts, structured entities, clinician 

edits and final validated content. It also suggests that safer clinical NLP and coding pipelines should 

rely on explicit grounding in terminologies, guidelines and traceable mappings, rather than on free-

text generation alone. In the European context, this direction is reinforced by the European Health 

Data Space, which places additional emphasis on interoperability, portability and governance of 

electronic health data (HL7 International, 2023a; HL7 International, 2023b; Gan et al., 2026; 

European Parliament and Council of the European Union, 2025). 

For EHR integration, the system should support a review-and-commit workflow in which generated 

content is clearly marked as draft until approved by the clinician. Audit trails should record the 

source transcript, generated text, structured entities, human edits, final accepted content and any 

rejected suggestions. These requirements are important not only for usability, but also for 

accountability, incident review, data protection, and future model monitoring.  

For the Turkish MediSpeech use case, interoperability is also relevant to the use of longitudinal 

patient information together with information extracted from the current doctor-patient conversation. 

The Smart Engine is expected to combine newly captured clinical information with relevant 

historical patient data, allowing previous diagnoses, examinations, tests, treatments and other 

available clinical records to provide additional context for downstream processing. This requires 

historical information to be retrieved and represented in a structured and traceable manner rather 

than being treated only as unstructured background text. 

Semantic normalisation is therefore an important part of the Turkish workflow. Clinical expressions 

extracted from Turkish conversations and historical records may need to be linked to standard 

clinical concepts and classifications so that equivalent expressions can be interpreted consistently 

across different data sources and reused by downstream reporting and decision-support 

components. Where applicable, both the original Turkish expression and its normalised 

representation should be preserved, together with provenance information linking the structured 

concept to its source. Standards and terminologies such as HL7 FHIR, ICD, SNOMED CT and 

LOINC provide relevant reference points for this process, while the exact terminology set and level 
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of integration should be selected according to the available clinical systems, licensing conditions 

and requirements of the Turkish use case. 

3.8. Evaluation, safety and governance considerations 
Evaluation should be layered across the pipeline. WER remains useful for benchmarking ASR 

components, but it is insufficient as a clinical safety metric because it gives the same weight to 

harmless wording differences and errors that change diagnosis, medication, dose, numerical 

values, temporality or negation. Clinical evaluation should therefore include clinically significant 

error rates, entity-level precision and recall, semantic accuracy, speaker-attribution errors, 

correction time, documentation quality and workflow outcomes (Zhou et al., 2018; Afonja et al., 

2024; Wang et al., 2025). 

Table 7: Evaluation layer 

Evaluation layer Candidate metrics Purpose 
ASR layer WER, CER, medical term error rate, 

dose/number/date error rate, latency 
Measures transcription quality but 
does not by itself establish clinical 
safety. 

Diarisation layer DER, WDER, speaker-role accuracy 
for clinically salient statements 

Checks whether the right content is 
attributed to the right participant. 

Clinical NLP layer Precision, recall and F1 for entities, 
negation, temporality, assertion status 
and coding 

Assesses whether structured 
concepts are complete and clinically 
faithful. 

Documentation layer Completeness, correctness, 
concision, organisation, hallucination 
and omission rate, PDQI-9 or similar 
review 

Assesses whether the generated note 
is usable and safe for clinician review. 

Workflow layer Editing time, after-hours 
documentation, user satisfaction, 
adoption barriers, perceived burden 

Assesses whether the system 
improves actual work rather than only 
technical scores. 

Governance layer Audit trail, human override, incident 
reporting, privacy compliance, 
subgroup analysis 

Captures risks not visible in purely 
technical benchmarks. 

 

For LLM-supported documentation, evaluation also needs to capture risks that are not visible in 

ASR or NER metrics alone. Regulatory and policy discussions on generative AI in healthcare 

emphasise output variability, limited transparency of foundation models, the need for clear user 

information, human oversight, logging, cybersecurity and post-deployment monitoring. Recent work 

on AI scribes has also identified patient-safety signals in areas such as medication, treatment plans 

and clinically important omissions. For MediSpeech, this means that evaluation should combine 

technical metrics with clinician adjudication of clinically significant errors, structured review of 

generated notes, auditability of edits and explicit mechanisms for incident reporting and model 

monitoring (U.S. Food and Drug Administration, 2024; Dai et al., 2025; Palm et al., 2025; European 

Parliament and Council of the European Union, 2024; HL7 International, 2023b). 

The safety framework should also include a taxonomy of clinically significant errors. High-priority 

categories include negation errors, medication and dose errors, numerical value errors, diagnosis 

or problem omissions, hallucinated findings, wrong speaker attribution and incorrect follow-up 

timing. Severity thresholds, adjudication rules, inter-rater agreement procedures and acceptable 

residual-risk levels should be specified later in the clinical validation plan. 

The governance context reinforces the same design direction. Health conversations and transcripts 

are sensitive personal data, and AI-enabled systems used in healthcare must be developed with 

data minimisation, transparency, access control, logging, security, human oversight and post-
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deployment monitoring. WHO guidance on AI for health and European frameworks such as the AI 

Act and the European Health Data Space support treating these aspects as design requirements 

rather than administrative add-ons (World Health Organization, 2021; European Parliament and 

Council of the European Union, 2024; European Parliament and Council of the European Union, 

2025). 

 

For the Turkish MediSpeech use case, evaluation should cover the complete processing chain from 

extracted clinical information to its use in downstream reporting and recommendation components. 

In addition to entity-level precision, recall and F1, evaluation should consider semantic correctness, 

negation, temporality, uncertainty and terminology-mapping accuracy. For LLM-supported 

extraction and documentation, clinically relevant omissions, unsupported information, factual 

inconsistencies and the amount of clinician correction required should also be monitored. Since 

structured information may subsequently contribute to recommendation and decision-support 

functions, errors should be assessed not only at the component level but also according to their 

potential downstream clinical impact. Human review, traceability to the source conversation and 

historical records, audit logging and the ability to override generated outputs should therefore 

remain part of the validation and governance process. 

 

4. CONCLUSIONS 
This deliverable reviewed the main technological areas relevant to MediSpeech: automatic speech 

recognition, paralinguistic event detection, speaker diarisation, clinical information extraction, 

ambient clinical documentation, clinical decision support, interoperability, evaluation, safety and 

governance. Overall, the evidence shows rapid progress across AI-driven speech and language 

technologies, but also confirms that clinical deployment requires more than high-performing 

speech-to-text models. 

For ASR, recent academic and open-source systems show strong progress in multilingual 

coverage, robustness and processing speed. wav2vec-based approaches such as XLSR, XLS-R 

and MMS have expanded language coverage, while Whisper-based systems such as WhisperX, 

CrisperWhisper, Distil-Whisper, Whisper-Streaming and WhisperFlow address long-form 

transcription, disfluency recognition, timestamping, latency and real-time or near-real-time 

processing. NVIDIA NeMo models such as Parakeet and Canary also show strong benchmark 

performance, and multimodal LLMs such as IBM Granite and Google Gemma 3n illustrate the 

growing convergence between speech recognition and broader language understanding. However, 

these systems still vary substantially in language support, clinical robustness, transparency, 

computational cost and suitability for real-world healthcare workflows. 

Commercial ASR systems, including Google Cloud Speech-to-Text, Amazon Transcribe, Microsoft 

Azure AI Speech, Speechmatics, AssemblyAI, Deepgram and Rev AI, provide mature 

functionalities such as multilingual transcription, punctuation, speaker diarisation, streaming and 

filler-word handling. Some benchmarks suggest competitive WER values, including results 

reported for AssemblyAI Universal-1 and other commercial systems. Nevertheless, commercial 

solutions also raise important issues around transparency, private training data, API-based 

processing, customisation, privacy, cost and deployment conditions, which are particularly relevant 

when sensitive clinical conversations are involved. 
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The Dutch ASR and healthcare-scribe landscape shows that both generic multilingual models and 

language-specific systems are relevant to MediSpeech. Whisper, XLSR, XLS-R, MMS, Kaldi_NL, 

Dutch Fast-Conformer models, Soniox and ElevenLabs illustrate the range of academic and 

commercial options for Dutch speech. In Dutch healthcare, commercial and academic solutions 

such as HealthTalk, Attendi, SpraakLab/Tell James, Juvoly, Medendo, Autoscriber, Care2Report 

and HoMed show that medical transcription and draft reporting are already active areas of 

development. At the same time, performance remains dependent on domain, recording setting, 

accent, conversational style and clinical vocabulary. For the Portuguese use case, the emerging 

evidence on European Portuguese ASR resources and benchmarks reinforces the need for local, 

language-specific and domain-relevant validation rather than assuming transfer from generic 

multilingual systems. 

For the Turkish use case, the SoTa similarly highlights the importance of combining language- and 

domain-adapted clinical NLP with structured information extraction, terminology normalisation and 

access to relevant historical patient information. The limited availability of representative Turkish 

clinical datasets remains an important challenge, particularly for conversational and specialised 

clinical settings. MediSpeech should therefore validate Turkish clinical NLP components using 

domain-relevant data and assess not only entity recognition performance, but also semantic 

correctness, contextual interpretation, terminology mapping and the downstream impact of 

extracted information on reporting and recommendation workflows. 

For paralinguistic event detection, the reviewed literature shows potential value for identifying non-

verbal vocalisations, disfluencies, emotion-related cues and other communication signals that may 

affect clinical interpretation or downstream documentation. End-to-end models based on wav2vec2 

or WavLM, as well as systems such as CrisperWhisper, indicate progress in recognising 

conversational phenomena that are often poorly captured by standard ASR. However, 

paralinguistic information should be handled cautiously in MediSpeech: it may support 

communication analysis or flag segments for review, but should not be converted into diagnostic 

or emotional inferences without specific validation, transparency and governance. 

Speaker diarisation is central to the clinical usefulness of automated documentation. Microphone-

based approaches can perform well in controlled settings, deep learning approaches such as 

pyannote, NVIDIA NeMo and EEND represent the current mainstream, and emerging LLM-based 

approaches can use transcript context to improve speaker-turn attribution. Reported performance 

varies across settings, with lower DER in controlled conditions and higher error rates in more 

complex real-world or medical conversations. For MediSpeech, diarisation should therefore be 

evaluated not only through aggregate DER, but also through word-level diarisation, speaker-role 

attribution and the clinical significance of assigning statements, symptoms, plans or decisions to 

the wrong participant. 

Clinical information extraction and entity linking remain essential for transforming transcripts or draft 

notes into clinically useful and structured documentation. BERT-based models, especially domain-

pretrained models such as BioBERT and Dutch clinical models such as MedRoBERTa.nl, remain 

strong baselines, while LLMs such as Gemma show promising but variable performance depending 

on task complexity and dataset characteristics. The field continues to face challenges related to 

terminology variation, noisy text, limited labelled datasets, non-English language coverage and the 

complexity of biomedical knowledge bases. For MediSpeech, NER evaluation should therefore go 

beyond simple accuracy and include precision, recall, F1, Recall@k, semantic correctness, 

assertion status, negation, temporality, uncertainty and terminology-mapping accuracy. 
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The review also confirms that ambient clinical documentation systems should be understood as 

documentation pipelines rather than isolated ASR tools. These systems combine transcription, 

diarisation, summarisation, information extraction, terminology mapping and draft note generation. 

Recent evidence suggests potential reductions in documentation burden, cognitive load and after-

hours work, but note quality, omissions, hallucinations, editing burden, workflow integration and 

clinician trust remain active concerns. Human review remains essential, especially where 

generated outputs may influence clinical documentation, coding, follow-up or downstream care. 

For CDSS, current evidence similarly supports an advisory, clinician-mediated role with task-

specific validation, explainability and explicit handling of uncertainty. 

Interoperability, terminology mapping and EHR integration are therefore central to implementation 

readiness. Automated reporting should not be treated as simple text export: its value depends on 

whether outputs can be reviewed, corrected, traced and reused safely inside clinical information 

systems. Standards and terminologies such as HL7 FHIR, ICPC-2, ICD, SNOMED CT and LOINC 

provide relevant reference points for structured and interoperable outputs. 

Finally, evaluation, safety and governance should be treated as design requirements rather than 

late-stage compliance tasks. WER remains useful for ASR benchmarking, but it is insufficient as a 

clinical safety metric. MediSpeech evaluation should include clinically significant errors, medical 

terminology errors, numbers, doses, dates, negation, speaker-role attribution, entity-level accuracy, 

note completeness, hallucination and omission rates, correction time, workflow outcomes and user 

burden. Privacy, auditability, provenance, human oversight, incident reporting and post-deployment 

monitoring should be embedded into the system design. 

Taken together, the SoTa identifies both technical maturity and persistent evidence gaps across 

the end-to-end clinical documentation pipeline. The relevant comparison is not only between 

individual ASR or NLP models, but between clinical documentation pipelines with different levels 

of validation, integration, transparency and deployment readiness. These findings provide the 

evidence base for D2.2 use-case requirements and for D3.1 clinical requirements and baseline 

systems. 
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