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De data gedreven
maatschappij

 Data continue gecreéerd en verzameld
 Data als "natuurlijke” grondstof

. Data.gedreven applicaties en
ontwikkeling (data-science) . i
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 Data eigenaarschap en gebruik als
onderdeel van de mensén rechten

« Een fysieke en een digitale identiteit en
realiteit




Artificial intelligence

Artificial Intelligence
Artificial intelligence Machine Learnlng

A program that can sense, reason, Supervised Learning Neural \
act and adapt

* Decision Tree Networks

* Linear Regression
Deep
Learning
Reinforcement
Learning
data
lence
4 irtners

Machine learning
Algorithms whose performance
improve as they are exposed to
moxe data over time

Unsupervised Learning
* Clustering

deep learning
Subset of machine learning

in which multilayered neural
networks learn from vast
amounts of data




Image
Sfructure Classification
Discovery Feature @ Customer
e Elicitation  Fraud ® Retention

Detection @

Meaningful
compression

DIMENSIONALLY ) .
REDUCTION CLASSIFICATION ® Diagnostics

Big data ®
Visualisation
® Forecasting

SUPERVISED
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Systems LEARNING LEARNING ® Predictions
CLUSTERING REGRESSION
Targetted ® Process
Marketing MACHINE Optimization
LEARNING -
[
Customer Al New Insights

Segmentation

REINFORCEMNET
LEARNING

Real-Time Decisions @ ® Robot Navigation
Game Al ® @ Skill Aquisition
[
Learning Tasks






Input
EPD data

Input

Input Publieke omgevingsdata

Wearables
Smart sensors
Machine data
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Uitwisseling met
zorg professional

Algoritme Tha

Visualisatie L . .
Visualisatie en Al modellen

A

Lerende algoritmen voor
het klinisch rederneren
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Perspectief 1

chronisch ziek zijn bij jongeren en
comorbiditeit




Basis data-architectuur project ACT4FATIGUE

Figure 1

Theoretical framework study (maodified from the ICF)

Chronic conditions or diseases in children and youth
-Musculoskeletal and rheumatological disorders

-Hereditary (rare) diseases of connective tissue and skin
-Metabolism and gastro-intestinal disorders related
disorders

|

-Mental health related disorders ’
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Impact physical and social
environment on personal

Disease specific effects
PECHIc Sl health

Impact of family context on
personal health

Linked Data

Physical
environment

(RIVM, GGD, CBS)
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Unsupervised learning

ial Intelligence

| Secondary objectives | ——— — —— —— — -

.
Identified relevant
determinants from the
physical and social
environment
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Fatigue

(primary outcome)

Supervised learning

¥

Primary objective

Clinical predictive algorithm




Comorbiditeit voorspellen bij chronische ziekten en de impact van de leefomgeving

Age in years .

BMI -

SPORT -

-350 jongeren met chronische ziekten o -
-"Community dwelling: geen actieve behandeling” SOCIALMEDIA -
-Meer dan 1 jaar chronische klachten BTN
-Geen terminale ziekten

GAMING -

Features

Disability Index (CHAQ) -
Fatigue (PEDSQL-MFS) -
Psycholegical distress (SDQ) -

Living environment (LEEFBAROMETER) -

Hoge mate van complexe relaties tussen diverse
factoren over het gehele ICF

Problem Catestrophazing Index -

0.39+

0.07

0.48+

Age in years -

Heatmap of Inter-feature Associations

SOCIALMEDIA -

SCREENTIME -

Features
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ML model 1: comorbiditeit

True Positive Rate (Positive label: 1)

ROC Curve
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Psychological Distress (SDQ)

—— RandompForestClassifier (AUC = 0.85)

True Positive Rate (Positive label: 1.0)

ROC Curve
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Chronic Fatigue (PedsQL-MFS)

—— RandomForestClassifier (AUC = 0.86)

ROC Curve
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True Positive Rate (Positive label: 1)
o
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0.0 4

- Severe Disability (CHAQ)

—— RandomForestClassifier (AUC = 0.81)

0.2 0.4 0.6 0.8 1.0
False Positive Rate (Positive label: 1)

0.2 04 0.6 0.8 10
False Positive Rate (Positive label: 1.0)

Precisie (Random Forest)

T T
0.2 0.4 0.6 0.8 1.0
False Positive Rate (Positive label: 1)

Psychologische comorbiditeit: 85 van de 100

Chronische vermoeidheid: 86 van de 100

Ernstige beperkingen: 81 van de 100




De impact van fysieke en sociale leefomgevingen op gezondheid

Slechte leefbaarheid geeft een grotere kans op:

Mentale gezondheidsproblemen (6-29x zo groot)
Chronisch vermoeidheid (4-12x zo groot)
Zware fysieke beperkingen (4-20x zo groot)

Niet een patroon: veiligheid, voorzieningen, bewoners

Wel: Staat woningen, vervuiling (licht, geluid , stoffen)




Onderliggende factoren (aldus Al model)

LIME Explanation for Random Observation LIME Explanation for Random Observation

3.75 < SCREENTIME <= 4.99 1

0.00 < Gender (male/female) <= 1.00 1

Living environment (LEEFBAROMETER) > 6.00

Child Somatic Index > 33.00

Problem Catestrophazing Index > 19.00

0.10 0.15 0.20

Contribution to Prediction

22.32 < BMI <= 24.94 1

Problem Catestrophazing Index <= 2.75 4

Living environment (LEEFBAROMETER) <= 3.00

20.00 < Age in years <= 22.00 -

20.00 < Child Somatic Index <= 33.00

LIME Explanation for Random Observation

0.00 < Gender (maleffemale) <= 1.00 q

Problem Catestrophazing Index <= 2.75

BMI > 24.94 1

Living environment (LEEFBAROMETER) <= 3.00

Child Somatic Index <= 7.75 4

-0.125

—-0.050 =0.025
Contribution to Prediction
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Contribution to Prediction




Perspectief 2 S PSR -

Klinische patronen van hEDS/HSD bij
kinderen volgens Al '




Populatie

Comparisons over groups

Other Chronic Disease Symptomatic GJH

Mean (SD) Min Max | Mean (SD) Min Max | P-value
Age 17.9(4.1) 8 24 16.6(3.3) 9 23 .021
BMI 22.2(4.4) 14.2 40.9 24.0(6.5) 153 47.7 | .067
Pain VAS (mm) 25.3(18.8) O 87 49.6(11.1) O 100 | <.0001
Somatic Symptoms and severity 19(16) 0 87 35(12) 1 68 <.0001
Total Fatigue (PEDSQL-MFS) 57(21) 0 100.0 | 49(19) 15 97 | <.0001
Total Psychological distress (RCADS) 11(7) 0 33 13(7) 0 29 .029
Symptom profiles

Absent Present Absent Present P-value
Chronic Fatigue 64.6% 35.4% 61.7% 38.3% .709
POTS 50.7% 49.3% 10.6% 89.4% <.0001
Diarrhoea 67.3% 32.7% 59.6% 40.4% .397
Constipation 72.6% 27.4% 63.8% 36.2% .226
Gastro-intestinal issues 56.5% 43.5% 40.4% 59.6% .045
Wide spread pain 31.4% 68.6% 25.5% 74.5% 425
Headache and Migraine Symptoms 49.3% 50.7% 51.1% 48.9% .829
Weakness and Neurological Symptoms | 30.9% 69.1% 27.7% 72.3% .685

Table 1: General demographics and symptom profiles of included population



Data supported decision making in rare diseases

Artificial intelligence kan bijdragen

Aan het beter opsporen van GJH 1 &, KT 7\ TW N
Gerelateerde ziekten :
Beslisboom mbt diagnostiek bij
EDS(5% totaal!)




Klinische diagnose hEDS/HSD

Onderscheidende factoren van andere
chronische ziekten bij jongeren

Hoge pijn (VAS > 65mm)
Veel comorbiditeiten

samples =45

En POTS S

Hoog onderscheidend vermogen

Optirnized madel (CART)

ROC AUC Curve

RF-Model

Pain VAS (mm)

16,4%
Somatic Symptoms and severity [N 14,2%

POTS N 0,8%

True Posfirve Rate (Positive label 1.0)
o
-

02
Ageinyears [N o,7%
00 il — DecsionTreeClassfior (AUC = 0 88) sMi N 9.3%
Qo 02 04 06 08 10 Weakness and Neurological Symptoms [N 5,1%

Faise Postrve Rate (Positive label 1.0)
Total Fatigue M 1,7%



Belangrijkste determinanten beperkingen

Aanwezigheid vermoeidheid
belangrijkste voorspeller invaliditeit

CF_PRESENT-

C_Pain_week -

BMI -
Beighton_OVERALL -
TOTAL_PA-

Age-

CV_POTS+
Skin_bruising -
Gender-
Gastrointestinal_involvement -
Skin_stretchy -
Skin_stretch_marks -
Bowel_Constipation=
Skin_scars -
Skin_soft=
Bowel_Diarrhoea -
Brighton_CV =
Stress_incontenence =

Bowel_Other=

1 1

5 10 15
Importance



Discriminatory
data

Real world patterns of health
inequality and discrimination

® A &

Unequal access Discriminatory Biased clinical
and resource healthcare decision
allocation processes making

Sampling biases and Patterns of bias and
World — Data lack of representative  discrimination baked
datasets into data distributions

Biased Al design and
deployment practices

Application

injustices Use «— Design

s
o A

H=

&

%
Disregarding Exacerbating global Hazardous and Power imbalances in Biased and exclusionary Biased deployment,
and deepening healthinequality and discriminatory repurposing agenda settingand design, model building explanation and system

digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices



The only real
disability in life
(S a bad attitude

M.C.Scheper@hr.nl 1 Doctor_Stretch 08 M.C. Scheper

Mark.Scheper@edu.au M M.C. Scheper
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