CatGPT! ‘¢

Health Welzijn.Al for Mental Health
Campus and Wellbeing in Older People

v.nl

Prof.dr. Marco Spruit
.leidenun

m.r.spruit@liacs



mailto:m.r.spruit@liacs.leidenuniv.nl

degree of fundamental understanding

Health
Campus

Basic Translational
data science || data science
i+liacs

e A
4 I

Applied
data science

N g

degree of practical use consideration

About: Marco Spruit

ZyLAB| * \nformation Retrieval
programmer, ZyLAB
Europe

S 1995

e Big Data system
developer, Royal
Dutch Navy

1997

e Product software
developer/
entrepreneur

ENGINEER

RESEARCHER

2003

e Ph.D researcherin
Computational Linguistics,
University of Amsterdam

2007

e Assistant = Associate
professor Information
Science, Utrecht University

o Applied Data Science Lab

2020

e Professor Translational
Data Science & Al in
Population Health, LUMC &
LIACS/Leiden University
CAIRELab Member
Health Data Science SIG
UNA Europa SSC One Health
https://tdslab.nl

O O O O



https://tdslab.nl/
https://tdslab.nl/

Translational Data Science in Population Health
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[1/6] Understanding: Welzijn.Al for Vulnerable Elderly
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[1/6: Domain Understanding] > Exploration

* LIWC vs ML models for language markers detection in Verhalenbank
e Starting from Cognitive psychology research

 2021-present: Welzijn.Al as emerging TDS Lab research programme
* Al Parade evening with general public
 ZIN LLL programme use case
* Co-creation session as use case in trustworthy Al ZonMW project
* Thesis research projects with prototypes
* Software engineering course prototype



UITGANGSPUNTEN VAN ONZE WELZIN.Al “CHATBOT”

TOP-3 functionele kenmerken TOP-3 technische kenmerken

l. Vrijwillig en altijd beschikbaar maatje |. Taalherkenning afgestemd op laagdrempelig

= Minder eenzaamheid taalgebruik (“inclusief” begrip niet-standaard-NL)

2. Automatisch detecteren van iemand’s mentale
gezondheidstoestand door spraak en teksten te
functioneel analyseren op taalmarkeringen (‘biomarkers’)

2. Gesprekken mét Fun factor, niet enkel

= Minder depressie = Bijv. overmatig gebruik van de 3e persoon meervoud in

het taalgebruik als indicatie voor schizofrenie
3. 24/7 inzicht voor behandelend arts &

3. Gesprekken worden aangestuurd door

m ] . .
Meer preventie gestandaardiseerde vragenlijst(en) ROMPROMPREM

=» WelZijn.Al'verbindt

kwetsbare ouderen met de eerstelijnszorg = Veiligere Al én beter medisch inzicht/therapietrouw

' = e TN TN T T

2 yragel a5 te con

gezellige gesprekjes die met menselijke maat geborgd zijn.

Al Parade evening with general public



Algemeen Ontwikkeling

Gezelschapsmiddel & plezierige interactie o Bepaal het doel! Gezelschap, signalering,

Design afhankelijk van voorkeur cliént veiligheid, etc.

What's in it for me? ¢ Patronen herkennen = afwijkend gedrag afleiden

Kwaliteit van leven verbeteren » Naar wie gaat de melding? En wanneer?
* Vereenzaming tegengaan... MAAR geen « Veiligheid 2 signaleren bij afwijkend gedrag
vervanger voor menselijk contact e Breng het netwerk rondom de cliént in kaart
» Hulpmiddel tot zorg ¢ Zoek aansluiting bij bestaande initiatieven!

Mogelijkheden Risico’s

(deel) Oplossing voor vereenzaming Weinig risico’s als het goed wordt begeleid en

Responsief karakter ingezet

Andere zintuigen meenemen -> stemhoogte, Niet volledig afhankelijk zijn van technologie

pijnpulsen, hartslag, ademhaling etc. e Privacy/ veiligheid van de gegevens
e Mantelzorger zekerheid/ geruststelling geven e FEthische implicaties
e Huisarts ontlasten » Voorkom dat verkeerde conclusies worden
e Zorg dat zorgverleners niet overspoeld worden getrokken/ informatie wordt gedeeld
door meldingen e Transparant zijn wat er met de informatie gebeurt

Stepped Care

ZIN LLL programme use case



Table 4
Ranking of desired social characteristics of Welzijn.Al by 20 older individuals.

Rank Characteristic Total points
1. Responding empathetic 101
2. Exhibiting distinctive personality/character 88
3. Building a relation of trust 86
4. Developed social competencies 82
5. Establishing social relationships 77
6. Behaving transparently 65
7. Using natural cues 60

Thesis research projects with prototypes
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[1/6: Domain Understanding] =2 Welzijn.Al

Welzijn.Al architecture
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Software engineering course prototype
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Good morning!
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walking today?




[1/6: Domain Understanding] > Maya Prototype



https://tdslab.nl/files/welzijn.AI_demo3_2026.mp4

[3/6] Data Preparation: Language Markers Detection
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From: Drougkas et al (2024)
Literature overview

Table 2 List of identified speech markers

Mental Disorder

Marker / Identifier

Table 1 List of identified language markers
Mental Disorder Marker / Identifier
Depression Negativity / Frequent use of negative emotion words

Focus on sad themes
Hopelessness / Suicidal thoughts
Lack of interest
Discussion of past depressive episodes
Self-focused (frequency of first-person singular (I, me, my))
Anxiety Disorders Repetitive worry themes
Focus on physical symptoms of anxiety
Word repetitions
Bipolar Disorder Alternating between themes of elation and depression
Rapid thematic shifts
Grandiosity during manic phases
More words related to death
Self-focused language
Schizophrenia Disorganized thinking
Incoherence
Neologisms/made-up words
Tangential speech

Depression

Anxiety Disorders

Bipolar Disorder

r

Usage of words related to religion and hearing voices and sounds

Slowed speech / Slower speech rate
Decreased fundamental frequency FO and
Flatter affect and monotone pitch

Longer pauses

Hesitant, abrupt, low-volume speech
Speech modulation issues

Increased pitch

Faster speech rate in anxious states
Possible vocal/shaky tremors

Higher jitter and shimmer

Increased speech rate and volume during
Lower pitch during depressive episodes

Slower speech durina depressive episodes



Data Preparation]

13/6
DAIC-WOZ = MULAMAQ

Text Preprocessing Audio Preprocessing

= stopwords removal Spectral subtracti vollume-based
Isolate participant's Elbow method for s ' pectral subtraction : :
speech before LIWC | |cluster identification, | [okenization and (noise reduction) segmentation with
analysis lower-r&mL | .~ buffe
[ J l 1
v
Feature Extraction Feature Extraction
— ; y I 7 +——~—1& }
LIWC categories ‘ K-means clusters’ GloVe vectors | | POS-tags pitch  jitter shln'imer "I‘R MFCCs | energy  formants
L_ _ Normalization
Normalization J,
_ J' : Aggregating features from
Binary Label creation segmented level to interview level
Feature Selection Feature Selection
v v v ¥ v i v v
RFE LogReg RFE RF RFECV LogReg | RFECV RF RFE LogReg RFERF | RFECV LogReg | RFECVRF
v  J
Selected Features Selected Features

v

Y
Text Modeling

A 4
Audio Modeling



Data Preparation]

13/6
DAIC-WOZ = MULAMAQ

Table 10 Top 20 text features recommended by Recursive
Feature Elimination (RFE) with the Logistic Regression model and

with re-scaling

Table 11 Top 20 audio features recommended by Recursive Feature E

Feature Feature type Feature Feature Type
posemo LIWC category MFCC_median_4_mean MFCCs

anx LIWC category MFCC_std_11_std MFCCs

sad LIWC category MFCC_mean_13_median MFCCs
death LIWC category pitch_std_mean Segmented
glove_dim_9 GloVe embeddings pitch_std_median Segmented
glove_dim_63 GloVe embeddings shimmer_local_std Segmented
glove_dim_64 GloVe embeddings hnr_std Segmented
glove_dim_71 GloVe embeddings median_F1 Formant
VBG_Count POS-Tag counts std_F1 Formant
RB_Count POS-Tag counts std_F5 Formant
glove_dim_33 GloVe embeddings MFCC_median_4_median MFCCs
glove_dim_46 GloVe embeddings MFCC_mean_11_median MFCCs
glove_dim_87 GloVe embeddings MFCC_mean_11_std MFCCs
JJR_Count POS-Tag counts MFCC_mean_13_mean MFCCs
WP_Count POS-Tag counts std_F2 Formant
glove_dim_10 GloVe embeddings MFCC_mean_3_std MFCCs
glove_dim_36 GloVe embeddings MFCC_median_3_std MFCCs
glove_dim_83 GloVe embeddings pitch_mean_median Segmented
glove_dim_89 GloVe embeddings pitch_median_mean Segmented
RBS_Count POS-Tag counts jitter_local_std Segmented




[4/6] Data Modelling: Language Model Selection

—
@ Domain »2 Data
Understandmg < Insight
° ]
s N N '
§ Basic Translational : Y @ Data :
§ data science || data science : Preparahon
£ Cross- ‘
SN N\ ¢ ® Model Domain
s N ) Deployment Health
=2 |
5 Applied Data
® datapgclignce e @ Data
S Modelling
AN AN J :
degree of practical use consideration
© Model
Evaluation

tdslab.nl Data Engineering Data Analytics [ ] e-Health Implementation


http://tdslab.nl/

Results: accuracy (WER) vs processing time

Hugging Face ID WER Welzijn.Al WER Common Voice

Orth. Orth_ ¢c. Norm. | Time | Orth. Orth_c. Norm. | Time

mistralai/Voxtral-Mini-3B-2507 A7 A1 .09 3.75 .05 04 .04 3.72
openai/whisper-large-v2 19 12 10 4.69 05 04 04 4.24
openai/whisper-large-v3 12 07 06 3.41 .04 .03 03 3.71
golesheed/whisper-native-elderly-9-dutch 40 22 14 4.59 .29 18 07 4.07
golesheed/wav2vec2-x1s-r-1b-dutch-3 49 37 36 99 .30 19 19 .39
openai/whisper-large-v3-turbo 16 10 08 1.43 06 04 04 1.47
openai/whisper-medium 19 13 A1 2.35 07 06 06 2.48
openai/whisper-small 26 18 A7 .11 12 10 10 1.19

Table 3: Word Error Rate (WER) is the edit distance between prediction and reference (sum of substitutions,
deletions, and insertions). divided by the length of the reference, so here denotes the average number of errors per
reference word. for Orthographic (Orth.). Orthographic_clean (Orth_c.). and Normalised (Norm.) gold transcripts.
Processing time (7ime) in average seconds per input. Best results in bold.



Results: accuracy (WER) vs processing time

Normalized gold transcripts

Model Params
® \oxtral-Mini-3B-2507 4.68B
0.3 - whisper-large-v2 1.55B
whisper-large-v3 1.55B
®  whisper-native-elderly-9-dutch  1.54B
& 02- wav2vec2-xls-r-1b-dutch-3 963M
S © whisper-large-v3-turbo S09M
@ whisper-medium 769M
0.1 - ® o whisper-small 244M
% Dataset
| X | | % | ® \Welzijn.Al
1 p 3 4 ® Mozilla CV

Avg. seconds per input



Basic
data science

___

4 Y

( N

Translational
data science

\. S

4 )

degree of fundamental understanding

an

Applied
data science

N AN J

degree of practical use consideration

tdslab.nl

[6/6] Model Deployment: CatGPT
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6/6: Model Deployment] - CatGPT (nerdy version
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6/6: Model Deployment] - CatGPT

Raspberry Pi
(Client) Gateway

T

Open WS /ws/o\uohoé
audio frames (PCM16,

. mono, 16kHz) >
\x00 (end-of-stream

. marker) =

Raspberry Pi

FastAPT WebSocket STT Service LLM Service TTS Service (Coqui- PostgresQL
(Fastwhisper/Vosk) (Ollama/Mistral) TTS) (Logs/Profiles)
POST /transcribe
. (wAv) >
i { "bext! " Feenann
El—POST /generatel { prompt, user =
R SRR TR { 'response’ L Fececceeiiiiainnn
E spsert interaction + slot-extracted profile (best-effort) =
EI POST /synthesize { text } =
-:-:E -------------------------- audio/wav (PCM16, mono, 16kHz)« </ e e evenencenananaaaana..
rV;h;ate WAV header, size l?m?‘;S;b—l’/—)M—ae_ :
errors to empty-audio to keep Pipeline I
: stable .
FastAPI WebSocket STT Service LLM Service TTS Service (Coqui- PostgresatL
(FastWhisper/Vosk) (Ollama/Mistral) TTS) (Logs/Profiles)

(Client) Gateway




Podcast!

* https://edu.nl/3kgqga

Marco Spruit: Ai powered pets,a
new indicator of elderly well-being?
Computers Don't Byte

5 + 16 min 54 sec

Episode Description

Can Al revolutionize elderly care? Professor Marco Spruit, an expert in translational data

s developing Well-being Al—a smart pet robot that provides companionship whi
monitoring health through language markers. This technology could ease pressure on
healthcare services by detecting early signs of decline and alerting caregivers.

Imagine a situation where one partner begins to suffer from dementia

would allow the other partner to remotely monitor their w

and timely intervention. This way Al can be the key to a more sustainable and compassionate
future for elderly care?

Idea by Dimitra Kouimtzidou
Research, planning & coordination by Marcel Tichelaar & Dimitra Kouimtzidou
on & editing by Michiel van Poelgeest
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