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Abstract
Automatic Speech Recognition (ASR) offers a scalable and cost-efficient alternative to manual transcription and is
becoming increasingly relevant in clinical contexts, particularly for the detection of cognitive decline and mental health
assessment. However, current ASR-systems still struggle with spontaneous speech, particularly when processing
disfluencies, pauses, and speaker variability that often carry diagnostic value. This study evaluates state-of-the-art
open ASR models targeting Swedish using recordings from the “Trip to Stockholm” discourse narrative task which
elicits ecologically valid, cognitively demanding speech. Recognition quality is assessed using various metrics,
alongside an analysis of linguistic and technical sources of error focused on disfluencies. Our findings show that
disfluency-related phenomena degrade recognition performance. Possible post-processing strategies can improve
specific error patterns emerging for filled pauses, word repetitions, and self-corrections. The results illustrate both
the advances and ongoing limitations of ASR for spontaneous Swedish speech, emphasizing the need for models
explicitly trained, or fine-tuned, on disfluent data to ensure robustness in clinical and research applications.
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1. Introduction

Automatic Speech Recognition (ASR) is a scalable
and cost-efficient technology that addresses the
increasing volume of digital content and the corre-
sponding demand for accessible communication.
ASR offers several advantages, including low de-
ployment costs, minimal logistical and availability
constraints, and the ability to operate continuously
without interruption, making it particularly attractive
for clinical applications such as mental health as-
sessment and the detection of cognitive decline.
An important advantage of ASR is its potential
to mitigate the cost and time demands of man-
ual transcription while reducing transcription errors
and forms of human-induced bias, such as sub-
jective interpretation and inconsistencies across
transcribers. Given the privacy and recording con-
straints frequently encountered in clinical settings,
ASR provides a scalable means of capturing spo-
ken responses for subsequent analysis.

However, ASR errors—particularly failures to ac-
curately capture disfluencies and pauses that are
central to cognitive assessment—constitute a per-
sistent and consequential limitation, potentially ob-
scuring dementia-specific speech markers (cf. Li
et al., 2024). In this study, we evaluate the perfor-
mance of automatic speech recognition systems on
Swedish speech data, with a specific focus on dis-
fluencies—excluding pauses—by assessing recog-
nition outcomes using Word Error Rate (WER) and
complementary metrics. We examine linguistic fac-

tors and technical constraints underlying transcrip-
tion errors and systematically analyze common er-
ror patterns in spontaneous speech across differ-
ent hyperparameter settings. Since performance
metrics quantify the deviation of a transcript from
a reference, a central aim of this study is to also
discuss ways to improve transcription output.

We apply the performance metrics to a realistic
dataset by first applying state-of-the-art open ASR
models and assessing their ability to handle diverse
linguistic structures and speech variability across
varying speaker groups. Recordings from the "Trip
to Stockholm" task were used as input for evaluat-
ing ASR models. This is a spoken discourse task
which was modeled after the "Trip to New York" task
described in Harris et al. (2008). The spontaneous
and variable nature of these speech samples pro-
vides a valuable benchmark for evaluating ASR
performance in ecologically valid, cognitively de-
manding, Swedish discourse settings.

2. Background and Related Work

Speech disfluencies — such as repetitions, self-
corrections, filled pauses and other interruptions in
the flow of speech — are a natural feature of spon-
taneous language and have been widely studied
for their informational value. Additionally, disflu-
encies are well-established indicators of cognitive
and mental health status and have been widely as-
sociated with neurodegenerative conditions such
as dementia, particularly Alzheimer’s disease (AD).
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Such non-fluent speech patterns have been shown
to increase with disruptions in language planning,
executive functioning, and cognitive load (Jiang
and An, 2025; Clark and Fox Tree, 2002), highlight-
ing how such phenomena relate to cognitive and
lexical-semantic impairment in AD (Pistono et al.,
2024).

State-of-the-art ASR systems do not adequately
capture and label word- and phrase-level disfluen-
cies (Shahla et al., 2022; Cumbal et al., 2024). In
addition, in a diachronic context, age correlates
with changes in speech rate and lexical complex-
ity, which, in turn, contribute to increased produc-
tion of disfluency over time, establishing disflu-
ency as a robust marker of age-related linguis-
tic change (Beier et al., 2023). As Nasreen et al.
(2021) demonstrated, disfluency features in conver-
sational speech serve as noninvasive biomarkers of
moderate-stage Alzheimer’s disease, revealing sig-
nificant differences between AD and age-matched
non-AD participants. Modern ASR systems often
treat disfluencies as noise and remove them during
post-processing,1 obscuring potentially meaningful
details in the transcript (Dinkar, 2022).

During the last couple of years, there have been
notable advances in automatic speech recognition
for Scandinavian languages, for example Norwe-
gian,2 and, more importantly for our study, ASR
models trained on Swedish data are now readily
available (Vesterbacka et al., 2025; Li et al., 2025)
– see Section 3.4.

However, such models continue to exhibit sub-
stantial performance gaps across a range of neu-
ropsychological assessment settings, largely be-
cause they are not trained on acoustically challeng-
ing recording conditions, nor on stylistic variabil-
ity in naturalistic speech production, or speaker
characteristics commonly encountered in mental
health contexts and early cognitive decline or di-
alects. Kokkinakis et al. (2025) reported a much
higher WER (0.265) on a picture description task
(“Cookie Theft”) and a substantially lower WER
(0.033) on a reading-aloud task, which imposes
fewer demands on spontaneous speech produc-
tion. Such results indicate that ASR systems can
achieve near-human transcription accuracy on con-
trolled reading tasks, while more spontaneous, cog-
nitively demanding speech—such as narrative or
descriptive tasks—often result in higher error rates
and reduced reliability for downstream analyses.

1Short words may be omitted for a variety of rea-
sons, including insufficient or noisy acoustic evidence,
the merging or normalization of tokens during transcrip-
tion, and the tendency of language models to favor para-
phrased outputs that exclude short function words when
these result in more probable overall sequences.

2Available from: https://huggingface.co/NbA
iLab/nb-whisper-small-beta.

3. Participants, Dataset, Format and
Technical Details

Originally, the subset of the participants used in the
current study were recruited from the Gothenburg
MCI study, a longitudinal study investigating de-
mentia disorders in patients seeking medical care
at a memory clinic (Wallin et al., 2016). The data
analyzed here consist of recordings of spontaneous
speech collected as part of the separate research
project "Linguistic and extra-linguistic parameters
for early detection of cognitive impairment" (Riks-
bankens Jubileumsfond, NHS 14-1761:1 - 2016-
2020).

The audio recordings were collected in a rela-
tively controlled environment and feature native
Swedish speakers as their first language. The
study was approved by ethical approval (reference
number: 206–16, 2016; T021-18) issued by the re-
gional ethical review board in Gothenburg, Sweden.
Participants were informed that they could withdraw
their participation at any time. All data were coded
and anonymized. For the audio capture of the task,
a Zoom H4n Handy recorder was used, and the
resulting audio files were saved and stored as un-
compressed audio in .wav-format 44.1 kHz with
16-bit resolution. A speech pathologist and compu-
tational linguist were present during the recording
sessions, providing all subjects with identical in-
structions according to a predefined protocol (cf.
Section 3.2). The audio recordings were manually
transcribed by a professional transcription company
using a standardized procedure and clearly speci-
fied guidelines to ensure consistency and accuracy.
Manual transcribers added full stops at the end of
sentences because the same data should be us-
able for syntactic parsing, which requires explicit
sentence boundary marking. All data were stored
within a secure university-managed infrastructure,
using a information security class 3 platform based
on Nextcloud,3 in compliance with institutional data
protection requirements.

3.1. Demographic and Dataset
Characteristics

The study sample consisted of speech recordings
from 30 participants in the aforementioned study,
drawn from Västra Götaland County in Sweden.
The participants ranged in age from 57 to 78 years
(M = 68.9, SD ≈ 5.37). The sample included an
equal percentage of female/male participants and
also equally distributed across the three categories:

3https://nextcloud.com.

https://huggingface.co/NbAiLab/nb-whisper-small-beta
https://huggingface.co/NbAiLab/nb-whisper-small-beta
https://nextcloud.com
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HCn=10 MCIn=10 SCIn=10

Females 5 5 5
Males 5 5 5
Mean Age 71.2 68,4 67
Mean Years of
Education 13.5 12.8 16.3
Mean Recording
Duration 158.3s 130.8s 194s

Mean Token
Number 402.5 294,3 426.4
Number of Tokens
with Disfluencies 93 86 61
Type-Token Ratio 4.30 3.83 3.82

Table 1: Demographic information for the three
groups of participants.

Healthy Controls, HC,4 Mild Cognitive Impairment,
MCI,5 and Subjective Cognitive Impairment, SCI.6
Details of demographic information for the three
groups of participants are shown in Table 1.

In the table, Type–Token Ratio (TTR) is a mea-
sure of lexical diversity, defined as the number of
unique words (types) divided by the total number of
words (tokens) in a text or speech sample. In our
sample, the TTR is between 4.30 (higher for the
healthy group) and 3.82, which is typical for spon-
taneous informal speech. A higher TTR implies
greater lexical diversity, which is often desirable in
speech. However, no statistical significance claims
can be made due to the small sample size, and
the measurements in Table 1 are just given as a
reference.

3.2. "Trip to Stockholm": a Swedish
Spoken Discourse Task for ASR
Evaluation

The spontaneous language material analyzed in
the present study was derived from a spoken dis-
course task modeled on the "Trip to New York"
(Harris et al., 2008; Fleming and Harris, 2008). For
the purposes of this project, the task was adapted
to "Trip to Stockholm" (Antonsson et al., 2021). The

4Healthy Controls are participants who do not exhibit
the condition under investigation and serve as a baseline
or comparison group against affected individuals.

5Mild Cognitive Impairment is defined as a transitional
stage of cognitive decline that lies between the alterations
associated with normal aging and the deficits that satisfy
the diagnostic criteria for clinical dementia (Petersen
et al., 2014; Albert et al., 2011).

6Subjective Cognitive Impairment refers to a self-
perceived, persistent decline in one or more cognitive
domains over time, occurring in the absence of objec-
tively measurable deficits (Jessen et al., 2007).

use of this complex discourse task has shown the
potential to differentiate adults who are normally
aging cognitively from those with MCI (Fleming,
2014), which is an important task of our research.
Participants were asked to describe orally how they
would plan and carry out a trip to Stockholm, follow-
ing a short series of instructions about the planning
of a two week trip:

Now you are going to do a task where
you are asked to think and plan aloud.
Imagine that you are going on a vacation
a week from now. You are traveling to
Stockholm for a 2-week stay. Think about
all you will have to do to get ready to go,
such as how you will get there, what you
will bring, and what you will do. I want you
to tell me all of your plans until I ask you
to stop after about 4 to 5 min.

If participants did not spontaneously include cer-
tain information in their narratives, brief follow-up
prompts were provided (e.g., "Who will take care of
your mail?" or "What will you bring on your trip?").
The task was designed to elicit connected, naturalis-
tic speech requiring conceptual and semantic elab-
oration related to the cognitive-linguistic schema for
travel (Harris et al., 2008). Due to its cognitive and
linguistic complexity, the task has been suggested
to be sensitive to subtle deficits in individuals with
brain injury, engaging executive functions such as
initiation, planning, temporal organization, and flex-
ibility, as well as semantic, episodic, and working
memory processes.

3.3. Pre-processing
Common disfluency features in Swedish, such
as nonlexical fillers ”hm”, ”eh” and vocalizations
"haha", as well as false starts, were not omitted.
Word fragments, e.g., ‘[...] inte betal- beställa nå-
got hotell [...]’ (lit. [...] not pay- to book a hotel
[...]) were transcribed as complete words when-
ever the intended word could be reliably identified
by the manual transcriber; if not, the transcription
preserved the original partial or interrupted form; as
in ‘[...] när jag har txxx jag tycker [...]’ (lit. [...]’ when
I have txxx, I think [...]).

Numerical data as well as occurrences of URLs,
were rendered in full; for example, "E4"7 was tran-
scribed as e-four; and bookings.com as three to-
kens bookings punct com.

In the evaluation all tokens were converted to low-
ercase and punctuation marks were removed. The
Python package werpy was used for text normal-
ization.8 The aim of these normalizations was to

7"E4" is a major European route (motorway/highway).
8https://pypi.org/project/werpy/.

https://pypi.org/project/werpy/


27

improve the accuracy when matching the transcrip-
tion with the gold data since difference in phrase
segmentation and inconsistencies in using upper-
/lowercase letters can have detrimental effects on
the evaluation.

3.4. Models and Metrics
Most modern ASR systems are based on Open-
AI’s Whisper (Radford et al., 2022; OpenAI, 2022),
which uses a sequence-to-sequence transformer
architecture. Audio is converted to a log-Mel
spectrogram, encoded, and then decoded auto-
regressively into text tokens (words, subwords, or
punctuation). Processing occurs in independent
segments, which are later combined, allowing effi-
cient transcription but occasionally producing local
inconsistencies.

In the present study, ASR transcriptions were
generated using locally deployed versions of three
publicly available models and variants:

• OpenAI Whisper is an ASR model trained in
more than 680,000 hours of multilingual, mul-
titask audio data, designed to support robust
transcription and translation across a wide
range of languages and recording environ-
ments (Radford et al., 2022).9

• the Swedish National Library’s KB-Whisper, is
based on OpenAI’s Whisper architecture but
trained on over 50,000 hours of Swedish au-
dio (Vesterbacka et al., 2025).10 The train-
ing corpus included TV broadcasts, parlia-
mentary debates, and dialectal recordings,
yielding substantially improved accuracy for
Swedish speech compared to the original
OpenAI model.

• Stable-TS, a variant of OpenAI Whisper, is an
open-source timestamp refinement and align-
ment layer for Whisper-based ASR. It post-
processes OpenAI Whisper model output by
re-aligning text tokens to audio using forced-
alignment and smoothing heuristics.11

All three systems were used in their Faster-
Whisper implementation12 which utilizes the
CTranslate2 library,13 a fast inference engine
for Transformer models.

9https://huggingface.co/openai/whispe
r-large-v3.

10https://huggingface.co/KBLab/kb-whisp
er-large.

11https://github.com/jianfch/stable-ts.
12https://github.com/SYSTRAN/faster-whi

sper.
13https://github.com/OpenNMT/CTranslat

e2/.

We used four size versions of each model: tiny,
small, medium, and large. Each model configu-
ration, model type, and size, was also assessed
using three primary evaluation metrics:

• Word Error Rate (WER): which quantifies the
proportion of words incorrectly predicted by a
model, accounting for substitutions, deletions,
and insertions relative to the reference tran-
scription; that is, the minimum edit distance
between a transcript and the reference (ground
truth), expressing the proportion of errors rel-
ative to the total number of words. The WER
metric typically ranges from 0 to 1, where 0
indicates that the compared pieces of text are
exactly identical, and 1 (or larger) indicates
that they are completely different with no sim-
ilarity. A WER of 0.8 means that there is an
error rate of 80% for the compared sentences.

• Bilingual Evaluation Understudy (BLEU):
which measures the n-gram overlap between
the predicted and reference transcriptions; (Pa-
pineni et al., 2002). BLEU computes a value
between 0 and 1, where 1 corresponds to per-
fect agreement between the prediction and the
gold standard. Although BLEU was originally
developed for machine translation evaluation,
it has also been applied to speech-to-text out-
put by comparing the generated transcript with
a reference text. However, this metric does
not fully capture recognition errors and should
therefore be interpreted with caution.

• Google-BLEU (GLEU): a measure intended to
overcome limitations in BLEU score calcula-
tions and are better suited for sentence level
comparisons GLEU balances precision and re-
call over 1-4 n-grams between predicted and
reference transcriptions. (Mutton et al., 2007).

We used the BLEU and GLEU implementations
from NLTK14 as well as the WER implementation
from the werpy package.

The study also considers a range of the hy-
perparameter temperature settings (0, 0.25, 0.5,
0.75, and 1), which control the degree of random-
ness during decoding. Lower temperature values
lead to more deterministic and stable transcriptions,
whereas higher values introduce increased variabil-
ity in the generated output, potentially capturing
alternative word choices at the cost of consistency,
i.e. increased error rates (cf. Table 2).

14https://www.nltk.org/.

https://huggingface.co/openai/whisper-large-v3
https://huggingface.co/openai/whisper-large-v3
https://huggingface.co/KBLab/kb-whisper-large
https://huggingface.co/KBLab/kb-whisper-large
https://github.com/jianfch/stable-ts
https://github.com/SYSTRAN/faster-whisper
https://github.com/SYSTRAN/faster-whisper
https://github.com/OpenNMT/CTranslate2/
https://github.com/OpenNMT/CTranslate2/
https://www.nltk.org/
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4. Evaluation and Analysis

The three ASR models are assessed against the
reference transcripts, using a version without any
punctuation markings. The transcripts were pre-
processed according to the previous description
(Section 3.3). Numerical tokens were converted to
text (e.g. "4" to "four") and all transcriptions were
transformed to lower-case. We evaluated the per-
formance of each ASR model using the previously
described metrics, WER, BLEU, and GLEU, and
the five temperature hyperparameters.

Swedish short discourse adverbs and function
words (2-3 characters long), such as väl (lit. “well”)
and ju (a discourse particle roughly meaning “as
you know” or “after all”) are often dropped in tran-
scriptions, probably because of acoustic ambiguity
and language model bias. For example, ska väl
gå becomes ska gå (lit. “it should work”) or ’a så
har de ju vasamuseet’ becomes ’och så har de
vasamuseet’ (lit. “and then they have the Vasa
Museum, of course”); see also footnote 1. Similar
behavior is observed in multiword function words
such as i och med (“given that” or “due to”); nu är
jag ju bortskämd i och med att jag har en hustru (lit.
“I am, of course, spoiled, given that I have a wife”)
to nu är jag bortskön att jag har en hustru (lit. “Now
I am ‘bortskön’ that I have a wife”); note also the
wrong annotation of bortskämd to bortskön.

Some other discrepancies between near-
verbatim manual transcription and the models’
output, as well as between orthographic and
phonetic-near transcriptions can be explained by:

(i) homonym-phonetic confusion (’å’ sometimes
’och’ [and]);

(ii) occasional cases in which the orthographic
transcription incorporated manually asserted
phonetic symbols (e.g., ’n:u’ [now] and ’- -
’ longer pauses), reflecting a partial conver-
gence with phonetic-level representation;

(iii) phonological deviation ’å slå sej’ (lit. ’och slå
sig’) – [and beat themselves].

More importantly, ASR artefacts, such as the
outputted word “lagoda”, may result from word con-
catenation, erroneous normalization, or phonetic
approximation under conditions of rapid or indis-
tinct Swedish speech; in this instance, the form
most likely corresponds to a misrecognition of the
proper name “Agoda”, a travel agency.

Finally, overregularization, when a grammatically
valid rule is applied in an inappropriate linguistic
context, is also observed in such cases models
apply the regular Swedish plural suffix (here ’-ar’)
to nouns that exhibit zero plural marking in standard
Swedish; e.g. ’fyra lamm’ (lit. four lambs) to ’fyra
lammar’; or ’skjortor’ (lit. shirts) as ’skjortar’.

4.1. Performance Results

The evaluation results are shown in Table 2. As
can be seen in this table there are systematic differ-
ences in performance depending both on the type
of model and the size configuration. Larger con-
figurations generally yield higher accuracy, though
gains are model-dependent, and some smaller con-
figurations achieve competitive results, suggest-
ing potential trade-offs between computational cost
and performance.

In all tasks, as expected, the large Swedish KB-
Whisper model performed overall best for all three
metrics, with a temperature set to 0.5. In fact, 0.147
was the best overall WER value, 0.927 the best
overall value for BLEU, and 0.926 the best over-
all GLEU value, regardless of the model. Lower
WER values generally indicate transcripts that more
closely approximate the reference text and are
therefore more likely to be understandable. While
high BLEU and GLEU values indicate that the gen-
erated transcripts closely match the reference text
in terms of word choice and local phrase structure.
Notably, the lowest WER values for OpenAI and
Stable-TS were the medium models with tempera-
ture=0, 0.202 and 0.199, respectively. As an outlier
the OpenAI-large model started repeating a part
of the output for one of the example over and over
again which resulted in very bad scores. We are not
sure about the source of this problem but were able
to reproduce with the same input and parameters.

The results show consistent differences in the
processing/transcription time between model sizes
and resource settings.15 For both KB-Whisper and
OpenAI Whisper, the large models require substan-
tially longer total runtime than the tiny variants (ap-
proximately 13–14 minutes vs. just over 8 min-
utes), with average per-instance processing times
of around 5.5 seconds for large and 3.3 seconds for
tiny. In contrast, the Stable-TS setting is markedly
more computationally demanding, with runtimes
increasing by a factor of approximately four for all
models, particularly for the large configuration (56
minutes total, 22.5 seconds on average).16 De-
spite these differences, the relative efficiency gap
between large and tiny remains stable across set-
tings, indicating that model size consistently im-
pacts computational cost, while the choice of re-
source configuration has a much stronger effect on
overall runtime.

15All data has been transcribed using the CUDA imple-
mentation of Faster Whisper on a server equipped with
a NVIDIA GeForce RTX 3060 (12 GB RAM).

16The length of the audio recordings is ca 80 min, all
transcriptions were substantially faster than real-time.
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temp=0 temp=0.25 temp=0.5 temp=0.75 temp=1

KB-Whisper

large
WER 0.149 0.153 0.147* 0.163 0.189
BLEU 0.926 0.922 0.927* 0.916 0.903
GLEU 0.924 0.920 0.926* 0.914 0.900

medium
WER 0.206 0.206 0.207 0.216 0.219
BLEU 0.879 0.881 0.877 0.869 0.870
GLEU 0.874 0.876 0.872 0.863 0.864

small
WER 0.171 0.173 0.179 0.182 0.196
BLEU 0.913 0.909 0.910 0.903 0.895
GLEU 0.912 0.907 0.908 0.901 0.891

tiny
WER 0.565 0.683 0.583 0.244 0.279
BLEU 0.571 0.499 0.534 0.885 0.867
GLEU 0.505 0.415 0.447 0.882 0.863

OpenAI

large
WER 0.674 0.273 0.658 0.224 0.273
BLEU 0.837 0.862 0.799 0.875 0.847
GLEU 0.835 0.859 0.796 0.869 0.840

medium
WER 0.202* 0.218 0.227 0.245 0.364
BLEU 0.904* 0.893 0.883 0.868 0.790
GLEU 0.902* 0.890 0.878 0.863 0.776

small
WER 0.253 0.290 0.298 0.317 0.476
BLEU 0.880 0.849 0.851 0.841 0.729
GLEU 0.876 0.842 0.845 0.834 0.708

tiny
WER 0.476 0.646 0.584 0.605 0.774
BLEU 0.795 0.727 0.759 0.726 0.544
GLEU 0.785 0.716 0.748 0.706 0.491

Stable-TS

large
WER 0.220 0.274 0.310 0.210 0.268
BLEU 0.893 0.867 0.855 0.886 0.855
GLEU 0.890 0.865 0.852 0.882 0.849

medium
WER 0.199* 0.234 0.224 0.237 0.365
BLEU 0.904* 0.874 0.886 0.879 0.788
GLEU 0.902* 0.869 0.883 0.875 0.770

small
WER 0.259 0.283 0.292 0.326 0.490
BLEU 0.874 0.855 0.852 0.834 0.716
GLEU 0.870 0.849 0.845 0.826 0.692

tiny
WER 0.510 0.537 0.572 0.603 0.772
BLEU 0.770 0.760 0.739 0.728 0.564
GLEU 0.759 0.746 0.723 0.708 0.521

Table 2: Evaluation results for the three main models, KB-Whisper; OpenAI; Stable-TS, comparing
performance across the four size configurations (tiny, small, medium and large) and five temperature
values for each model architecture (0, 0.25, 0.5, 0.75 and 1). The best results for each temperature value
are marked in bold and the overall best result for each model is marked with an asterisk (*).

5. Discussion and Future Work

Despite major advances in ASR and claims of near-
human precision, evaluations in domains such as
Higher Education lectures reveal substantial vari-
ability and reduced reliability, particularly for stream-
ing applications (Kuhn et al., 2024). Although our
study is subject to limitations, such as the inclusion
of only 30 participants, the findings may nonethe-

less provide valuable insights for downstream ap-
plications. In particular, when combined with care-
ful preprocessing and quality control, these ap-
proaches can support automated cognitive eval-
uation and the monitoring of language-related de-
cline, especially in large-scale evaluations involving
population-level cohorts.
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We strongly believe that the WER (and other met-
rics) on this kind of data can be improved through
several practical strategies, including enhancing
audio quality, employing domain-specific language
models, applying post-processing corrections, or
retraining the system with additional in-domain
speech data. These approaches are primarily ap-
plicable in future data collection scenarios and can
involve recordings of individuals with mild or se-
vere cognitive impairments, although the collection
of such data necessarily requires careful ethical
consideration.

By contrast, we want to explore prompting. We
can apply this method directly to existing record-
ings without the need of additional data acquisition
or training. Further assessment of the robustness
of this framework, together with evaluation of its
performance, constitutes a primary focus of future
work. Prompts for Whisper models are used to
stitch together multiple audio segments, Whisper
is using a sliding audio context window of 30 sec-
onds.17 However, giving an initial prompt can even
steer the model output, providing spelling and out-
put formatting hints.18

In addition, future investigations will extend the
evaluation to newly released and updated Whisper-
inspired model versions,19 enabling a more com-
prehensive comparison.

On the research infrastructure side we work on
extending the tooling provided by Språkbanken
Text. Whisper-based transcriptions (Språkbanken
Text, 2025c) are already available in the Sparv
pipeline (Språkbanken Text, 2025d) and conse-
quently also in the Mink platform (Språkbanken
Text, 2025a,b). However, the feature set is currently
too limited to conduct our experiment within this
framework. We plan to add the missing features
required by our experiments, allowing us as well as
other researchers to reproducibly repeat this and
similar experiments using the Sparv (Språkbanken
Text, 2025d) pipeline. The full Whisper toolbox will
be made available within Mink. More details about
Mink and Sparv can be found in Forsberg et al.
(2025). The current code for the experiment and
evaluation is also available on Github under a free
and open license.20

17https://github.com/openai/whisper.
18https://developers.openai.com/cookbo

ok/examples/whisper_prompting_guide.
19Other models not considered in the study include

https://huggingface.co/birgermoell/whisp
er-small-sv-bm and the https://github.com/m

-bain/whisperX.
20https://github.com/spraakbanken/Whis

per-experiment/.

6. Conclusion

This study evaluates state-of-the-art automatic
speech recognition (ASR) models for the full-scale
automatic transcription of a Swedish discourse nar-
rative task. The population in focus includes individ-
uals with early signs of cognitive impairment. ASR
provides a scalable and automated method for ana-
lyzing spoken responses in cognitive assessments.
However, spontaneous speech—often character-
ized by disfluencies, hesitations, and complex syn-
tactic structures—remains more challenging than
controlled reading tasks, influencing recognition ac-
curacy and downstream analysis such as automatic
scoring or classification tasks.

We focus on Word Error Rate (WER) because it
directly measures word-level transcription accuracy,
which is the primary objective of this work. WER
reflects human correction effort, penalizes substitu-
tions, deletions, and insertions symmetrically, and
discourages over-generation and hallucination. Al-
though WER does not capture semantic equiva-
lence, it is a deliberate and widely accepted choice
to evaluate transcription fidelity and ensures com-
parability with previous ASR literature. In addition
to WER, we report metrics in BLEU and GLUE-
style to capture complementary aspects of ASR
output quality. WER measures exact word-level
transcription fidelity, whereas BLEU reflects local
phrase consistency and fluency by providing partial
credit for benign lexical variations. GLUE-style met-
rics assess semantic equivalence, enabling us to
distinguish meaning-preserving deviations from se-
mantically harmful errors. Together, these metrics
offer a more complete evaluation while retaining
WER as the primary measure of transcription ac-
curacy.

This evaluation therefore offers practical guid-
ance for selecting ASR models suited to Swedish-
language clinical and research applications, balanc-
ing transcription quality with robustness to natural
speech variations. By mapping the performance
of the model to the demands of specific tasks, we
outline a framework for integrating AI transcription
into screening workflows. The findings underscore
the importance of task-sensitive model evaluation
and support the development of automated tools
and platforms for cognitive evaluation.

7. Limitations

The dataset is limited by the small sample size,
comprising only 30 participants from the same geo-
graphical area and with a comparable age and level
of education. This restricts the generalizability of
the findings and calls for caution when interpreting
the results.

https://github.com/openai/whisper
https://developers.openai.com/cookbook/examples/whisper_prompting_guide
https://developers.openai.com/cookbook/examples/whisper_prompting_guide
https://huggingface.co/birgermoell/whisper-small-sv-bm
https://huggingface.co/birgermoell/whisper-small-sv-bm
https://github.com/m-bain/whisperX
https://github.com/m-bain/whisperX
https://github.com/spraakbanken/Whisper-experiment/
https://github.com/spraakbanken/Whisper-experiment/
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AI models can produce confusing words (or sen-
tences) by mistaking homonyms or hallucinating
text, particularly in cases where contextual cues are
weak and the model must rely on uncertain predic-
tions (Koenecke et al., 2024). Moreover, evaluation
metrics such as WER — though simple and easy to
compute — have been criticised for not capturing
text understanding and for correlating only weakly
with human judgments of transcript quality (Just
et al., 2025; Phukon et al., 2025). Still, WER re-
mains one of the most widely used and practical
metrics for evaluating ASR systems, as their ver-
batim outputs lend themselves to word-by-word
comparison.

8. Ethical Considerations

During the experiments, we ensured that no private
or personally identifiable information—such as par-
ticipants’ names and health data — was disclosed
or processed outside the local environment. To min-
imize privacy risks and maintain full control over the
data, all experiments were conducted exclusively
using locally installed open-source models. This
approach ensured that no data were transmitted
to external servers or third-party services, thereby
complying with data protection and ethical research
standards.
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