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Just out in Nature Medicine.

A new Al model can predict the risk of 130 diseases from a single night of sleep.

The authors trained a foundation model on 585,000 hours of overnight sleep
recordings collected from 65,000 individuals.

These data were exceptionally rich, combining brain activity, cardiac signals,
muscle tone, and respiratory patterns, and were linked to participants’ electronic

health records.

Impressively, the model predicted the risk of a wide range of conditions,
including dementia, heart failure, kidney disease, and stroke...

... YEARS before clinical diagnosis.

Another great example of how Al can transform early disease detection and
preventive medicine.
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Sleepis afundamental biological process with broad implications for physical
and mental health, yetits complex relationship with disease remains poorly
understood. Polysomnography (PSG)—the gold standard for sleep analysis—
captures rich physiological signals but is underutilized due to challengesin
standardization, generalizability and multimodalintegration. To address these
challenges, we developed SleepFM, amultimodal sleep foundation model
trained with anew contrastive learning approach that accommodates multiple
PSG configurations. Trained on a curated dataset of over 585,000 hours of PSG
recordings from approxi ly 65,000 parti acrossseveral cohorts,
SleepFM produces latent sleep representations that capture the physiological
and temporalstructure of sleep and enable accurate prediction of future disease
risk. From one night of sleep, SleepFM accurately predicts 130 conditions with
aC-Indexof atleast 0.75 (Bonferroni-corrected P < 0.01), including all-cause
mortality (C-Index, 0.84), dementia (0.85), myocardial infarction (0.81),

heart failure (0.80), chronic kidney disease (0.79), stroke (0.78) and atrial
fibrillation (0.78). Moreover, the model demonstrates strong transfer learning
performance on a dataset from the Sleep Heart Health Study—a dataset that
was excluded from pretraining—and performs competitively with specialized
sleep-staging models such as U-Sleep and YASA on common sleep analysis
tasks, achievingmean F, scores of 0.70-0.78 for sleep staging and accuracies of
0.69 and 0.87 for classifying sleep apnea severity and presence. This work shows
that foundation models can learn the language of sleep from multimodal sleep
recordings, enabling scalable, label-efficient analysis and disease prediction.

11 comments - 13 reposts




Co nas €eka? Matematické problémy / zadani

- Patologicka re€

- Velké jazykové modely vs. reCové modely
- KilasifikaCni ulohy

- Regresni ulohy

- Prepis feCi na text

oteviené vyzvy included... ?1



Parkinsonova nemoc a poruchy reci

e Poruchy pohybu

o  Stuhlost
o “Zamrzani”

e Poruchy recCi
e Prodromalni faze

Standardizovana vySetreni

Spontanni
Cteny text (fixni)
Pataka

[A/

Interview

PARKINSON'S DISEASE

Motor Skill Symptoms Nonmotor Skill Symptoms
BRADYKINESIA MENTAL/BEHAVIORAL
ISSUES*

degrading fine motor skills)

SENSE OF SMELL ()\/\)

(mask-like face, decreased blinking,

VOCAL
SYMPTOMS
RIGIDITY AND SWEATING AND
POSTURAL MELANOMA
STREHTY GASTROINTESTINAL
ISSUES (urinary issues,
Wit TREMORS

weight loss, sexual concerns)

m« WALKING OR
GAIT DIFFICULTIES

PAIN (%

DYSTONIA
(repetitive muscle movements

“includes depression, anxiety, fatigue,
that makes body parts twist)

sleep problems, and cognitive ability and
personality changes

https://www.drprempillay.org/id/brain/parkinsons-disease/
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Syllables: 15
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Parkinson's Disease (H&Y rating of 3)

0.4 4 [Syllables: 22

Rate: 2.20 syll/s
(132.0 syll/min)J
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-0.2 1
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4096

2048

1024

512

38

40

Time (s)

42

44

Feature Statistic Domain
EnergyEntropy std time
SignalEnergy std/mean time
ZeroCrossingRate std time
SpectralRolloff std spectral
SpectralCentroid std spectral
SpectralFlux std/mean spectral

O. Klempir, J.G. Mullerova, R. Krupicka, Statistical, multi-scale and attention-based layer pooling of Wav2Vec-2 speech embeddings for
Parkinson's disease detection, Computers In Biology And Medicine. 200 (2026) 111368.
https://doi.org/10.1016/j.compbiomed.2025.111368.




“Language” model pro rec?

p(ti|ti_1) Transition probability

/ p(wilt;)
Emission probability
0.9
) . Start _ - —
https://www.davidsbatista.net/blog/2017/11/11/H A=>0.25 A =>0.05 A=>04
HM_and_Naive_Bayes/ T=>0.25 T=>0.00 T=>0.4
1 G=>0.25 0.1 G=>0.95 1 G=>0.1
C=>0.25 C=>0.00 C=>0.1
Exon 5 Intron

https://www.ncbi.nlm.nih.gov/books/NBK550342/figure/Ch4-f0002/



DNABERT: DNA language in genome
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1 Feed to the Embedding layer

[CLS] AGC GCA CAC ACT s CTT [MASK][MASK] [MASK] CAG [SEP)
s,:‘f::“ ? Mask (Only in pre-training)
[CLS] AGC GCA CAC AC w C G GC GCA CAG [SEP]
t Tokenize
S::El’:\acle AGCACTGCTATCATGCTTGCAG

https://www.biorxiv.org/content/10.1101/2020.09.17.301879v1 .full



Next Token Prediction

More likely
blue = -0.96 I
clear =-1.60
Bhe sky is — 250 usually = -2.47 —— The sky is blue
the =-3.40
<=-.347
Less likely

Total: -0.96 |ngf0D on 1 token
(73.18% probability covered in top 5 logits)
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Next-token-prediction

The model is given a
sequence of words with
the goal of predicting
the next word.

Example:
Hannah is a

Hannah is a sister
Hannah is a friend
Hannah is a marketer
Hannah is a comedian

Masked-language-
modeling

The model is given a
sequence of words with
the goal of predicting a
‘masked’ word in the
middle.

Example
Jacob [mask] reading

Jacob fears reading
Jacob Joves reading
Jacob enjoys reading

Jacob hates |

Alex Banks &
@thealexbanks



Kvantizace “jazyka”

Contrastive loss

Context O ] ] * T

representations ! ! I
Transformer

Masked

Quantized
representations

Latent speech
representations

raw waveform X

https://sh-tsang.medium.com/brief-review-wav2vec-2-0-a-framework-for-self-supervised-learning-of-speech-representations-9b9a8fdab85e



Unlabeled speech

Self-supervised pre-training

Model fine-tuning
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https://doi.org/10.1007/s10791-024-09489-8

Kontrastivni uceni NPFL138

Anchor Anchor

Negatives

Negatives

Correct

https://www.v7labs.com/blog/contrastive-learning-guide


https://is.cuni.cz/studium/eng/predmety/index.php?do=predmet&kod=NPFL138

Seznam vybranych pfedtrénovanych modelu

Wav2Vec (2019)
Wav2Vec 2.0 (2020)

o DBase
o Large
o XLSR

HuBERT
Whisper
Data2Vec
WavLM

Performance

»

HMM + GMM

*« Wav2Vec 2.0
* FastSpeech2
* Conformer
* ContextNet

* HUBERT
» Speechstew

Vall-E
Whisper

2000s

2010s 2020

Time

10.48550/arXiv.2305.00359

2021

2022 2023


https://doi.org/10.48550/arXiv.2305.00359

.................................................................. y

poenes »  Context representations »_|L . 1st transformer layer :
b ' representations
1
CNN: Feature Aggroegator
------- > Latent representations

§ O. Klempir, A. Skryjova, A. Tichopad, R.
; [_Cowta ) K Krupicka, Ranking pre-trained speech
""""" T embeddings in Parkinson's disease detection:
‘ Does Wav2Vec 2.0 outperform its 1.0 version
audio ““m*{‘m across speech modes and languages?,
(resampled to 16 kHz) Computational And Structural Biotechnology
Journal. 27 (2025) 2584-2601.
Wav2Vec 1.0 Wav2Vec 2.0 https://doi.org/10.1016/j.csbj.2025.06.022.

(war2vec_large.p1) (Wav2Vec 2.0 XLSR-53 Large)



Ulohy (na pfikladech analyzy patologické Fedi)

o Kilasifikace (detekce nemocneho)
e Regrese (odhadni tizi, vék, poCet znaku, trvani pauz ...)

- embeddings: vektor fixni délky (typicky dimenze 512, 768, 1024)

- modely jako feature generator

e Automatické rozpoznani a pfepis audio na text (vyhodnot srozumitelnost)

mw» :> i> ‘papapappaa’



waveform (resampled to 16 kHz)

CNN: Feature Extractor
7 x convolutional layer

I
I
I
I ConviD
1
I
I
I

I
Fp32GroupNorm :
ReLu |

I
: CNN: Feature Aggregator |
1 12 x convolutional layer I
| 1
I
I

ReplicationPad1D

| ConviD
I Dropout 1
| Fp32GroupNorm I
I ReLu |
| I

1 wav2vec predictions

1 ConvTranspose2D

wav2vec_large.pt
for fairseq.models.wav2vec

exploratory
analysis using
PCA

HC vs. PD
classification

wav2vec-mean !
wav2vec-sum

. representational vector

512 dimensional

_____ I O —h—
! Win executable wrapped |
by Pyinstaller 1

§2Q2 2020 - Q4 2023

time

~<

wav2vec-mean

wav2vec-sum

O. Klempif, D. Pfihoda, R. Krupicka, Evaluating the Performance of wav2vec Embedding for Parkinson's Disease Detection, Measurement Science Review. 23 (2023) 260-267.
https://doi.org/10.2478/msr-2023-0033.



Vhodné pro externi evaluaci? Q4 2023
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O. Klempif, D. Pfihoda, R. Krupicka, Evaluating the Performance of wav2vec Embedding for Parkinson's Disease Detection, Measurement Science Review. 23 (2023) 260-267.
https://doi.org/10.2478/msr-2023-0033.
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A. Favaro, Y.-T. Tsai, A. Butala, T. Thebaud, J. Villalba, N. Dehak, L. Moro-Velazquez, Interpretable speech features vs. DNN embeddings: What to use in the automatic
assessment of Parkinson’s disease in multi-lingual scenarios, Computers In Biology And Medicine. 166 (2023) 107559.
https://doi.org/10.1016/j.compbiomed.2023.107559.



Mensi model, porovnatelny vykon?

e V1 uplné ignorovana v literature - i mimo patologie
e Nespravné odkazovani na nasi praci z 2023, snazili jsme se to fixnou
e Systematicky jsme porovnali v1 vs. v2
e Maly (mensSi!) netransformerovy model kompetitivni a rychlejsi
et e rank (score)
1 2 3 4 5 6
Engisn | 691 | w2v2-1T (088) |wavi-FEA 085) ba(g‘?g:;as “’f&lff ""ﬁ;’_ﬁgE ‘"(2(;’_(2)'7")H
P | dnogue [oaseines 0.95)| wa-1m ey | VTSR [ VELTE | VRATE | W
read ext | w227 (096) [W2vi.FEA 089)| "1y | “ioee) | (020). | (010
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vowels | w2v2-FE (099) [ wav2-1T (099) | (07 | “TOREE [ 0% | Pos
vorse | vowes |wavere 089) | wavz-im078) | MBUGE | P30y | “iosoy | 020

O. Klempir, A. Skryjova, A. Tichopad, R. Krupicka, Ranking pre-trained speech embeddings in Parkinson's disease detection: Does Wav2Vec 2.0 outperform its 1.0 version across
speech modes and languages?, Computational And Structural Biotechnology Journal. 27 (2025) 2584-2601. https://doi.org/10.1016/j.csbj.2025.06.022.
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O. Klempir, A. Skryjova, A. Tichopad, R. Krupicka, Ranking pre-trained speech embeddings in Parkinson's disease detection: Does Wav2Vec 2.0 outperform its 1.0
version across speech modes and languages?, Computational And Structural Biotechnology Journal. 27 (2025) 2584-2601.
https://doi.org/10.1016/j.csbj.2025.06.022.



>

[ ] ®
100 100 —
@ spearman = 0.53 Y o) e spearman =-0.76
c .. < \..
O S
B 80 2 80
3 °® 3 b ®
S 60 o S 60 L)
S ) ® [e]
o k-] ® o
> S ) [ ]
<) [ ] S 4
3 40 3400 o oq Q‘Qﬂ-‘
® o 0398%% o °
®e o 0 & 0o
20{ S 20 ® ¢
20 30 40 50 60 70 80 2 4 6 8 10 12 14
B Age Characters per second
1.00 ° Age 1.00 Characters per second
30 e 60 2 e 6 e 10
0.75 o ® %5 o 75 0.75 4 o 8 e 12
0.50 ° = s 0.50 ° °
° 3 ® o
0.25 ° 0.25 ) L4
g0 A e, | g o v
S ® 8 © ° g o % 5 @ o
& 0.00 o ®, 0% o ° & 0.00 o ° ., o °
° o e %
L) e e
-0.25 ° -0.25 o
. ® .
-0.50 -0.50 P s .
e o 4 °
-0.75 -0.75 °
-1.0 -05 00 05 10 15 -1.0 -0.5 0.0 05 1.0 15
PCA1 PCAL

Loud region duration (s)

PCA2

°
100
spearman = 0.96 °
e
80
P
60 o
°
e
40 '@
=89
04
@
20{ &%
50 100 150 200 250
Duration (s)
1.00 ° Loud region duration
- 40 e 80
0.75
o ® 60 ° IOOA
L] o
0.50 °
® °
0.25 é
L))
0.00
-0.25
-0.50
-0.75
-1.0 -0.5 0.0 05 1.0 15
PCA1

Tady se trenoval downstream regresni model.

O. Klempif, R. Krupi¢ka, Analyzing Wav2Vec 1.0 Embeddings for Cross-Database
Parkinson’s Disease Detection and Speech Features Extraction, Sensors. 24 (2024)
5520. https://doi.org/10.3390/s24175520.
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Group Task Accuracy for Correlation with True Chi? Goodness of Fit MAD* *MAD (Median Absolute Deviation)
Gender Estimation Age (p-value) (p-value) years
HC (N =50) | read text 1.00 0.52 (p < 0.001) 14.12 (p = 0.003) 5.0
pataka 0.96 0.36 (p = 0.01) 16.60 (p < 0.001) 9.0 1 . K éemu je tO dobré?
/al vowel 0.94 0.05 (p =0.72) 575.00 (p < 0.001) 27.0 2 J 7 z )
. Jakeé jsou problémy~
PD (N =50) | read text 0.98 0.44 (p = 0.001) 5.58 (p = 0.13) 6.0
pataka 0.94 0.20 (p=0.17) 75.63 (p < 0.001) 9.5
/al vowel 0.98 0.23 (p = 0.10) 392.30 (p < 0.001) 25.0
READ TEXT PATAKA VOWEL /A/

80 —®— Mean True Age

Predicted Age

30-39 40-49 50-59 60-69

o

70-79 80-89

Age Group

—e— Mean True Age

30-39 40-49 50-59 60-69
Age Group

—e— Mean True Age

70-79 80-89

_;;ij

30-39 40-49 50-59 60-69 70-79 80-89

Age Group

O. Klempir, A. Tichopad, R. Krupicka, On Estimating Age and Gender from Parkinson’s Disease Diagnostic-Oriented Recordings Using Wav2Vec 2.0, (2025).
https://doi.org/10.64898/2025.12.29.25343161.



Interpretace u Wav2Vec

wav2vec 2.0 jako nastroj prepisu recCi na text

Z-score
Classification

S | D | I Outlier (> 3) 1.29 4 gatto, buco, iuta, flotta, scia

C N Outlier (> 3) 1.18 2 plagio, brodo, monotono, pozzo, frate

CER UPDRS Top 5 most unintelligible words

Moderately Unusual (> 2) 1.07 3 iuta, pozzo, scia, toppo, rete
YHC EHC PD - 0.95 4 pericoloso, glielo, giro, spruzzo, muro

dado 9 (69%) 9 (41%) 14 (58%) 0.91 0 sdraio, brodo, prova, slitta, drago

luna 8 (62%) 7 (32%) 9 (38%)

scala 4 (31%) 6 (27%) 9 (38%)

casa 5 (39%) 4 (18%) 3 (13%)

frate 2 (15%) 3 (14%) 6 (25%)

brodo 8 (62%) 1(5%) 7(29%) T. Smolik, R. Krupicka, O. Klempir, Assessing Speech Intelligibility and Severity

6 (460 (st 6 (25 Level in Parkinson's Disease Using Wav2Vec 2.0, in: 2024 47Th International

monofono (46%) (5%) (25%) Conference On Telecommunications And Signal Processing (Tsp), IEEE, 2024: pp.
montagnoso 6 (46%) 2 (9%) 1 (4%) 231-234. https://doi.org/10.1109/tsp63128.2024.10605915.




LLM pro navrh skore srozumitelnosti u Parkinsonovy nemoci

wav2vec 2.0 jako nastroj prepisu reci na text
vuci referenci

Github typos (BERT - GitHub Typo Corpus)
LLM - Mistral - lokalne
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Rater

O. Klempir, J.G. Mullerova, A. Tichopad, R. Krupicka, Measuring Reliability in Locally-deployed Language Model Dysarthric Speech Assessments, (2025).
https://doi.org/10.1101/2025.10.25.25338793.
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O. Klempir, J.G. Mullerova, A. Tichopad, R. Krupicka, Measuring Reliability in Locally-deployed Language Model Dysarthric Speech Assessments, (2025).

https://doi.org/10.1101/2025.10.25.25338793.
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FEATURE EXTRACTION

wav2vec 2.0 = »
vy

Fine-tuned
(Dysarthria)

Fine-tuned
(English)

Base model

-

MDVR-KCL
(21 HC, 16 PD)

32v2-tuned—dys
w2v2-tuned-eng

' ' '. w2v2-base

embeddings dim.

t(s)

FEATURE

24 layers

| ATTENTION

LAYER POOLING SELECTION
® temporal aggregation ® all features
STATISTICAL ek
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Mrazivé proroctvi Baby Vangy pro rok
2026: Zasli jsme prilis daleko

Véstbu Baby Vangy pro rok 2026 pfipomnél portal Sky History. Je z ni, Ze nas
Ceka narocny rok. Pokud se totiz proroctvi znamé bulharské véstkyné vyplni,

bude se tento rok nést v duchu mezinarodnich konflikt( i zlomového obdobi
v oblasti umélé inteligence.



