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Abstract

Automatic speech recognition (ASR) applied
to psychiatric interviews can support clinical
assessment and facilitate the analysis of ther-
apist—patient interactions. However, general-
purpose ASR systems often struggle with the
linguistic and acoustic specificities of psychi-
atric consultations. In this study, we fine-tune
OpenAI’s Whisper model on approximately 48
hours of real-world French psychiatric consulta-
tions. The adapted model achieves a substantial
improvement in transcription accuracy, reduc-
ing the word error rate from 26.9% to 13.7%
after text normalization (a 13-point absolute
reduction, or 49% relative) in comparison to
the baseline model. We further analyze the re-
maining transcription errors after fine-tuning,
highlighting persistent issues inherent to the
Whisper model. Our findings demonstrate the
effectiveness of domain adaptation for clinical
ASR and provide insights into the potential ap-
plications and current limitations of deploying
such models in mental health services.

1 Introduction

Automatic speech recognition (ASR) has recently
achieved substantial progress through the devel-
opment of large-scale pre-trained speech models.
Among these, Whisper has demonstrated strong
multilingual transcription capabilities and robust-
ness across diverse acoustic conditions (Radford
et al., 2023). These advances have opened new
opportunities for applying ASR technologies in

healthcare settings, particularly in mental health
services where large amounts of spoken clinical
data are routinely generated. However, psychiatric
consultations constitute a challenging domain for
ASR systems. Unlike structured or read speech,
psychiatric interviews involve spontaneous con-
versational speech characterized by hesitations,
pauses, disfluencies, incomplete sentences, and
emotionally variable speaking styles. In addition,
consultations often contain specialized clinical vo-
cabulary and long-form interactions between pa-
tients and clinicians. These characteristics can
significantly degrade the performance of general-
purpose ASR systems trained on broad-domain
audio corpora (Koenecke et al., 2024). Reliable
transcription of psychiatric consultations could nev-
ertheless provide important benefits for clinical
practice and research. Accurate ASR systems may
support clinical documentation, longitudinal mon-
itoring, conversational analysis, and large-scale
computational studies of mental health disorders.
However, achieving sufficient transcription accu-
racy for real-world deployment remains a major
challenge, particularly in non-English clinical con-
texts such as French psychiatric interviews. To ad-
dress this issue, this study investigates the domain
adaptation of recent Whisper models using a cor-
pus of real-world French psychiatric consultations.
We evaluate two recent model variants, Whisper
large-v3 and Whisper large-v3-turbo, and compare
two fine-tuning strategies: Full Fine-Tuning (Full



FT), in which all model parameters are updated,
and Low-Rank Adaptation (LoRA), a parameter-
efficient fine-tuning approach designed to reduce
computational cost. Beyond transcription accuracy,
this work aims to identify the most suitable model
and adaptation strategy for practical deployment in
mental health services. In addition, we conduct a
qualitative analysis of residual transcription errors
after fine-tuning, focusing on persistent issues such
as hallucinated word generation and the misrecog-
nition of proper nouns. Through this analysis, we
aim to better understand the current limitations of
ASR systems in psychiatric contexts and evaluate
their potential for future clinical applications.

2 Related Work

2.1 From rule-based systems to foundation
models for ASR

Automatic speech recognition has moved from
early constrained, rule-based systems to neural ar-
chitectures capable of broad generalization. Early
proofs of concept such as Audrey (Davis et al.,
1952) could only discriminate isolated digits for
a single speaker; from the 1970s—1980s, hidden
Markov models combined with n-gram language
models enabled large-vocabulary, multi-speaker
systems. Deep learning brought some decisive
gains, in particular the Transformer (Vaswani et al.,
2017), whose multi-head attention captures long-
range dependencies, and the Conformer (Gulati
et al., 2020), which adds convolutional layers to
model local acoustic dynamics such as coarticula-
tion. Whisper (Radford et al., 2022) exemplifies
the current foundation-model paradigm: trained
on 680,000 hours of multilingual audio, it maps
the spectral features of the signal to text through a
Transformer encoder—decoder and generates tran-
scriptions autoregressively. Reported Word Er-
ror Rates (WER) on read benchmarks are now
very low: on LibriSpeech (Panayotov et al., 2015),
strong self- and weakly supervised models reach
roughly 1.8-2.7% on test-clean (Radford et al.,
2022; Baevski et al., 2020; Hsu et al., 2021), while
weaker or LLM-free systems lag behind. These fig-
ures, however, transfer only partially to clinical set-
tings (Jelassi et al., 2024), where commercial sys-
tems are often poorly documented and open-source
models such as Whisper, including the Turbo vari-
ant, require domain adaptation (normalization, fil-
tering, fine-tuning) to targeted corpora before they
can be used reliably.

2.2 Fine-tuning Whisper for clinical and
medical ASR

A growing body of work has fine-tuned Whisper for
clinical and medical ASR, providing direct points
of comparison for the present study. Le-Duc et al.
(2025) released MultiMed, a corpus of real clin-
ical conversations in five languages — including
French — and fine-tuned Whisper under various
encoder/decoder layer-freezing schemes, building
on earlier monolingual medical efforts such as Vi-
etMed (Le-Duc, 2024). Liao et al. (2023) proposed
prompt-conditioning fine-tuning (Clairaudience),
reporting WER reductions of up to 33% on out-of-
domain test sets including medical conversation.
On a Polish medical corpus, fine-tuning Whisper-
medium lowered WER from 24.0% to 15.5%, and
to 13.9% once anonymized and synthetic data were
added (Czyzewski et al., 2025). Domain match is
critical: on accented clinical English, Afonja et al.
(2024) found that fine-tuning Whisper-medium on
combined general- and clinical-domain speech re-
duced WER by 54% relative to fine-tuning on
general-domain speech alone, confirming that expo-
sure to in-domain data drives the gains. For French
specifically, Jelassi et al. (2024) adapted Whisper
large-v2 to radiology dictation, reaching a WER of
roughly 17%, while Marie et al. (2026) showed that
spontaneous French clinical dialogue still exceeds
30% WER, proposing iterative LLLM-based post-
processing for transcription and speaker attribution.
Across these studies, in-domain fine-tuning yields
large gains, yet accuracy frequently remains below
the threshold required for unsupervised clinical use.
This motivates parameter-efficient alternatives —
notably Low-Rank Adaptation (LoRA; Hu et al.,
2022), applied to Whisper for multilingual and do-
main adaptation (Song et al., 2024) — and frames
the full fine-tuning versus LoRA comparison we
pursue.

2.3 Linguistic and acoustic characteristics in
psychiatry

In the speech of patients with psychiatric disorders,
speech anomalies themselves constitute clinical
markers (Lombardo et al., 2025). General-purpose
ASR systems often fail in this context precisely be-
cause they aim to “clean” the signal, removing the
very cues that clinicians seek to analyze (Hwang
et al., 2025; Just et al., 2025).

Disfluencies and filler words. Conventional
ASR systems frequently omit filler words (“uh”,



“well”, “hmm”), as well as repetitions, self-
correction, and hesitations even though their fre-
quency and position are clinical cues in psychiatry
— for instance, an increase in filled pauses is asso-
ciated with anxiety or heightened memory effort
in patients with dementia. On psychiatric consulta-
tion transcripts, removing these markers artificially
lowers WER by 6 to 8 points (Hwang et al., 2025),
at the cost of clinically meaningful information. To
address this, WhisperD (Akinrintoyo et al., 2025)
adapts the tokenizer to include disfluencies explic-
itly in the vocabulary, improving their detection —
notably in Alzheimer’s disease.

Acoustic parameters as clinical biomarkers.
Beyond textual content, acoustic properties of the
voice (pitch, intensity, speech rate, pausing, and
voice quality) correlate with psychiatric symptoms
(Lombardo et al., 2025; Jordan et al., 2025); speech
emotion recognition (SER) systems exploit them,
for example, to predict depression scores (Yang
et al., 2016, 2013; Zhao et al., 2022) or to discrimi-
nate between a group of patients with schizophrenia
and a group of healthy controls (Chakraborty et al.,
2018). While such analyses operate directly on the
acoustic signal, applying them at scale to clinical
interviews would be more effective using a reli-
able transcription and segmentation layer to isolate
patient speech, align measurements with conversa-
tional turns, and jointly exploit acoustic and lexical
markers. The present study addresses this upstream
component; the integration of acoustic features into
the pipeline is left to future work.

2.4 Positioning of the present work

Building on this literature, our work adapts recent
Whisper models (large-v3 and large-v3-turbo) to
approximately 48 hours of real-world French psy-
chiatric consultations, and makes three contribu-
tions. First, it provides one of the first fine-tuning
studies of Whisper for French psychiatric speech
— a domain that, unlike radiology dictation or read
medical corpora, combines spontaneous, disfluent
and emotionally variable speech with long clini-
cian—patient interactions. Second, it systematically
compares full fine-tuning and LoRA across two
recent Whisper variants, in order to identify a con-
figuration suitable for deployment in mental-health
services. Third, it provides a qualitative analysis
of residual errors after fine-tuning — in particular
hallucinations and proper-noun misrecognition —
which aggregate WER tends to obscure.

3 Methodology
3.1 Dataset

To evaluate the performance of an ASR system in
the context of psychiatric consultations, we con-
structed a corpus composed of audio recordings
of clinical interviews between help-seeking young
subjects and a psychiatrist. In total, our sample
included 58 help-seekers, consisting of 29 female
participants, 28 males, and 1 gender-fluid. The 58
participants had one of the three clinical statuses
according to the Comprehensive Assessment of At-
Risk Mental States (CAARMS): AR (At Risk for
Psychosis, n = 41), NAR (Not At Risk, n = 10),
and FEP (First-Episode Psychosis, n = 7). All par-
ticipants were native French speakers. The corpus
cannot be shared: the research protocol does not
permit redistribution of these identifiable clinical
recordings, and pseudonymization does not elimi-
nate re-identification risk in spontaneous speech.

The average recording duration was 49.31 min-
utes (std=14.45), representing a total of approx-
imately 48 hours of audio data. This substan-
tial duration reflects the complexity of the pa-
tient—clinician interactions analyzed. All inter-
views were fully transcribed by two trained re-
search assistants following detailed annotation
guidelines. The transcriptions explicitly include
filled pauses (e.g., “uh”), pronunciation and gram-
matical errors, neologisms, and speech disfluencies
in order to preserve the natural characteristics of
clinical speech.

3.2 Pre-processing

Adapting an automatic speech recognition (ASR)
model to a specialized clinical domain requires
careful data preparation. In this context, prepro-
cessing aimed to (1) ensure consistency between
audio segments and their corresponding transcrip-
tions, and (2) generate training units suitable for
a sequence-to-sequence learning framework. The
following preprocessing steps were implemented
to ensure the reliability and relevance of the cor-
pus used for fine-tuning. The transcriptions were
automatically normalized and aligned with the au-
dio recordings using the Montréal Forced Aligner
(MFA; McAuliffe et al., 2017). MFA performed
text normalization procedures including lower-
case and punctuation removal, as well as word-
level forced alignment, producing timestamped seg-
ments that enabled accurate ASR model training
and evaluation. The audio recordings were then



NAR AR FEP  All groups
Mean age (std) 19.69 (2.02) 19.05(2.82) 20.30(4.01) 19.31(2.82)
M 5 19 4 28
F 4 22 3 29
Gender-fluid 1 0 0 1
Subtotal 10 41 7 58

Table 1: Participant information

segmented into excerpts ranging from 10 to 20 sec-
onds in duration. Segmentation was performed
at the word level to avoid cutting words during
pronunciation, ensuring that each segment con-
tained complete speech units appropriate for model
training. This segmentation strategy also helped
maintain contextual coherence while keeping se-
quence lengths compatible with Whisper’s training
framework. After segmentation, the corpus con-
sisted of 6,827 training segments, 853 validation
segments, and 854 test segments, corresponding
approximately to an 80/10/10 split in terms of seg-
ment count. This distribution provided sufficient
data for model learning while preserving validation
and test sets representative of real-world clinical
conditions.

3.3 Models

This study evaluates two recent large-scale ASR
models based on the Whisper architecture devel-
oped by OpenAl: Whisper large-v3 (1,550M pa-
rameters) and Whisper large-v3-turbo (809M pa-
rameters). These models were selected because
they represent the most recent and advanced ver-
sions of the Whisper family, offering strong mul-
tilingual speech recognition capabilities and im-
proved robustness across diverse acoustic condi-
tions. The choice of these two models is particu-
larly motivated by the characteristics of the psychi-
atric consultation corpus used in this study. The
recordings are relatively long and contain sponta-
neous conversational speech with frequent pauses,
hesitations, disfluencies, and specialized clinical
language. Such characteristics make transcription
especially challenging for general-purpose ASR
systems. Comparing Whisper large-v3 and large-
v3-turbo therefore allows us to evaluate the trade-
off between transcription accuracy and computa-
tional efficiency in a realistic clinical setting, while
assessing the ability of recent Whisper models to
handle complex psychiatric speech data.

3.4 Whisper fine-tuning

The ASR models were initialized from pre-trained
Whisper checkpoints available on the Hugging
Face Model Hub. Model training and evaluation
were implemented using the PyTorch framework
together with the Hugging Face Transformers li-
brary, following a standard sequence-to-sequence
fine-tuning pipeline for speech recognition. The
input audio data were resampled to 16 kHz and pro-
cessed using the Whisper feature extractor, while
transcripts were tokenized using the correspond-
ing Whisper tokenizer. During preprocessing, each
audio sample was converted into log-Mel spectro-
gram features and paired with its corresponding
tokenized transcript. Language and task-specific
decoding constraints were enforced by configuring
the models for French transcription. Two adapta-
tion strategies were investigated in this study: Full
Fine-Tuning (Full FT) and Low-Rank Adaptation
(LoRA). Full FT updates all model parameters, en-
abling complete adaptation of both acoustic and
linguistic representations to the psychiatric domain.
In contrast, LoORA performs parameter-efficient
fine-tuning by introducing trainable low-rank ma-
trices into selected layers while keeping most of
the original model parameters frozen, thereby re-
ducing computational and memory requirements.
To ensure a fair comparison between the two adap-
tation strategies and across Whisper variants, the
same training hyperparameters were applied to all
experiments. Training was performed with a batch
size of 8, for 3 epochs, using a learning rate of Se-6.
For LoRA fine-tuning, the rank parameter was set
to 16 and the scaling factor (o) to 32. Training was
conducted using the Seq2SeqTrainer API with a
custom data collator designed to dynamically pad
both acoustic features and tokenized labels. Label
padding tokens were masked with -100 to exclude
them from the loss computation. To ensure repro-
ducibility, the random seed was fixed at 42, check-
point resumption was disabled, and the number of



Whisper L-v3  Whisper L-v3 Turbo

Baseline 26.9 27.5
Full FT 13.7 15.5
LoRA FT 23.2 28.7

Table 2: Normalized WER (%) for Whisper L-v3 and
L-v3 Turbo across fine-tuning strategies.

retained checkpoints was limited to three. The best-
performing model checkpoint was selected based
on validation performance and subsequently used
for downstream evaluation.

3.5 Evaluation Metric

The evaluation metric was the Word Error Rate
(WER), computed on generated predictions after
text normalization using Whisper’s multilingual ba-
sic normalizer. WER is a standard evaluation met-
ric in automatic speech recognition that measures
the proportion of insertion, deletion, and substitu-
tion errors relative to the total number of reference
words. Lower WER values indicate higher tran-
scription accuracy. Before evaluation, both refer-
ence and predicted transcriptions were normalized
using Whisper’s built-in multilingual text normal-
izer through the basic_normalize() function pro-
vided by the tokenizer. This normalization step
standardizes transcriptions by applying operations
such as lowercase, punctuation removal, whites-
pace normalization, and character normalization
across multilingual text, including French. The pur-
pose of this preprocessing is to reduce superficial
orthographic variations that do not affect semantic
content, thereby enabling a more reliable compu-
tation of the Word Error Rate (WER). Special to-
kens and leading or trailing whitespace were also
removed prior to metric computation. To comple-
ment this quantitative evaluation, we additionally
conducted a qualitative analysis of transcription
errors using the three error categories of all speech
recognition metrics, i.e. insertion, deletion, and
substitution.

4 Evaluation and results

4.1 Word Error Rate

Table 2 presents the ASR performance of the dif-
ferent Whisper configurations evaluated on the psy-
chiatric consultation corpus.

Among all evaluated systems, Whisper large-v3
with Full Fine-Tuning (Full FT) achieved the best

overall performance, reaching a normalized WER
of 13.72%. Whisper large-v3-turbo with Full FT
obtained comparable performance, with a normal-
ized WER of 15.50%. These results indicate that
full fine-tuning enables the models to better adapt
to the linguistic and acoustic characteristics of psy-
chiatric speech. In contrast, LoORA Fine-Tuning
(LoRA FT) produced lower performance for both
Whisper variants. Whisper large-v3 with LoRA
FT achieved a normalized WER of 23.20%, while
Whisper large-v3-turbo with LoRA FT reached
28.75%. Although parameter-efficient fine-tuning
reduces computational requirements, it appeared
less effective in capturing the complexity of sponta-
neous clinical conversations. The base models with-
out domain adaptation showed substantially higher
error rates, with normalized WERSs of 26.91% for
Whisper large-v3 and 27.50% for Whisper large-
v3-turbo. Compared with the corresponding base
models, full fine-tuning achieved a relative reduc-
tion in normalized WER of approximately 49% for
Whisper large-v3 and 44% for Whisper large-v3-
turbo.

4.2 Error analysis (Qualitative analysis)

In the transcriptions generated by the baseline
Whisper Turbo model, deletion errors turned out
to be the most frequent in all three categories of
patients, i.e. not-at-risk (NAR), at-risk (AR), and
First-Episode Psychosis (FEP). The highest dele-
tion rate was observed in the NAR group, and
the most deleted element was filled pauses in the
NAR and AR groups with 42.29% and 44.58% re-
spectively, and the FEP group showed a relatively
lower rate of 20.39%. The proportion of deletion
dropped in the fine-tuned model as shown in Ta-
ble 3 whereas that of substitution only slightly de-
creased in the AR and FEP groups. Fine-tuning
likely “added” elements as shown in insertion, re-
gardless of the clinical statuses. Hallucinations,
i.e. texts generated by a model that are nonsensi-
cal or unfaithful to the provided source (Ji et al.,
2023), or repeated groups of words were found in
the generated output. The hallucination rate was
higher in the Full fine-tuned model than the Turbo
model. Disfluency is a speech element crucial to
clinical understanding but is often cleared away by
ASR models for the sake of properly understand-
able texts. We therefore paid particular attention to
errors in filled pauses (Table 4). The transcriptions
generated by the Turbo Model removed most filled
pauses, in particular in the AR group with 93.6%



and slightly fewer in the other groups. No inser-
tion of filled pauses was observed. As for the Full
FT model, the deletion problem has improved, but
some insertions were found in the three groups.

4.3 Discussion

The results demonstrate that domain-specific adap-
tation substantially improves the performance of
ASR systems on psychiatric consultations. Across
both Whisper variants, fine-tuning consistently re-
duced the Word Error Rate and the rate of filled
pause deletion compared with the corresponding
base models. These results confirm that general-
purpose ASR systems benefit significantly from
exposure to specialized clinical speech data. More
specifically, our full fine-tuning (Full FT) model
has largely corrected the systematic cleanup of dis-
fluency by the baseline models. Some substitu-
tions observed are mainly linked to phonetic simi-
larity or approximation, especially when it comes
to medicine names, toponyms, and speech over-
laps. Insertions are often function words omitted
in speaking but put by the models as if to “guar-
antee” the grammaticality of the generated text.
Both models in some cases replaced silences by
stopwords, adverbial phrases, or filled pauses. The
hallucinations found in our models could be ex-
plained by the contextual particularity of the inter-
views and the functioning of many ASR models.
As for the context, the speech data used in this
study are recorded psychiatric consultations with
background noise, and patients sometimes have
unusually longer silences and emotional overload.
Whisper models that entirely rely on maximum
likelihood estimation with no confidence thresh-
old generate output text for each audio segment
despite very low confidence scores. Without inte-
grated voice activity detection (VAD) they cannot
ignore silences and ambient noise. The models then
interpret these non-speech data as speech and gen-
erate irrelevant texts as shown in a study on aphasic
speech with long silences (Koenecke et al., 2024).
This could lead to hallucinations and looping (in-
correct repetitions of previously recognized text,
Baranski et al., 2025). These flaws could be ex-
pected to be corrected, namely with more samples
and a VAD system integration. Overall, these find-
ings highlight the importance of domain-specific
adaptation for ASR systems applied to psychiatric
consultations and suggest that Full FT remains the
most effective strategy for modeling specialized
clinical speech. The comparison between Full FT

and LoRA Fine-Tuning (LoRA FT) further reveals
important trade-offs between transcription accu-
racy and computational efficiency. Although LoRA
FT offers a parameter-efficient alternative with re-
duced memory and training costs, its performance
remained substantially below that of Full FT for
both Whisper variants. This suggests that psychi-
atric speech may require broader adaptation of the
model’s internal acoustic and linguistic representa-
tions than that can be achieved through low-rank
parameter updates alone. Interestingly, the perfor-
mance gap between Whisper large-v3 and Whisper
large-v3-turbo under Full FT remained relatively
small. While Whisper large-v3 achieved the best
normalized WER overall, Whisper large-v3-turbo
produced comparable results despite being a lighter
and more computationally efficient model. This ob-
servation suggests that Whisper large-v3-turbo may
represent a practical alternative for real-world de-
ployment scenarios where GPU memory, inference
speed, or computational cost are important con-
straints. In clinical environments requiring scalable
or near real-time transcription, the turbo variant
could therefore offer a favorable balance between
efficiency and transcription quality.

4.4 Limitations

Several limitations should nevertheless be acknowl-
edged. First, the corpus size remains relatively
modest — approximately 48 hours of record-
ings from a homogeneous population of French-
speaking patients assessed for psychosis risk —
compared with the large-scale datasets used dur-
ing Whisper pre-training; this limited volume may
constrain the model’s ability to capture the full
variability of clinical speech. Second, the general-
izability of the findings to other clinical contexts
remains to be evaluated, including different psy-
chiatric services, diverse patient profiles or varying
levels of French-language proficiency, and differ-
ent interaction styles of the therapist. Third, the
performance of the fine-tuned model on patients
with severe speech disorders — which are preva-
lent in psychiatric settings — has not been fully
characterized and warrants specific attention in fu-
ture work. Finally, the absence of an integrated
VAD component contributes to hallucination errors
on silent or noisy segments.

4.5 Conclusion and Future work

This study demonstrates that domain-specific fine-
tuning of the Whisper model on real-world French



NAR AR FEP
Turbo FT Turbo FT Turbo FT
Deletion 73.92 43.06 66.16 4583 49.87 2292
Substitution 19.00 34.00 21.84 20.29 39.17 34.13
Insertion 6.90 22.74 994 17.84 11.63 29.81
Hallucinations 1.70 5.23 2.42 8.84 3.71 6.09

Table 3: Comparison of error rates between Whisper Turbo and Fine-Tuned Whisper Turbo models

Manual transcription Whisper Turbo Whisper Full FT
W FP (%) D (%) S(%) 1 D (%) S(%) 1
NAR 5209 580(11.13) 471(81.21) 1(0.17) O 137(23.62) 12(2.07) 40
AR 5737 516 (8.99) 483(93.60) 14 (2.17) 0 208(40.31) 1(0.19) 17
FEP 8220 324 (3.94) 241(74.69) 1(031) O 25(7.72)  3(0.93) 42

Table 4: Errors in filled pauses per patient group and per model. W: total number of words; FP: filled pauses (% of
W); D: deletion; S: substitution; I: insertion. Percentages for D, S, and I are relative to the number of filled pauses.

psychiatric consultations substantially improves
transcription accuracy, reducing the normalized
WER from approximately 27% to 13.7% after full
fine-tuning of the large-v3 variant — a relative re-
duction of nearly 49%. These results, based on
48 hours of clinical recordings, highlight the ef-
fectiveness of domain adaptation for psychiatric
ASR even with limited annotated data, a common
constraint in clinical research settings. This fine-
tuned ASR model, characterized by a substantially
reduced word error rate, represents a meaningful
advance for computational linguistics research ap-
plied to psychiatry. Beyond the significant reduc-
tion in manual transcription resources, it opens the
possibility of collecting and analyzing far larger
volumes of clinical speech data in a shorter time-
frame. This increased capacity could directly sup-
port clinical assessment by providing clinicians
with richer and more actionable information to
guide diagnostic and therapeutic decision-making.
Future work could investigate larger and more di-
verse multilingual corpora, the integration of VAD
to reduce hallucinations on silent segments, speaker
diarization methods for improved attribution in
multi-speaker conversations, and hybrid adapta-
tion strategies combining parameter-efficient fine-
tuning with selective full-model optimization.
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