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Artificial Intelligence for the precision medicine of cardiometabolic disorders (AlmedCMD)
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Childhood obesity triggers health problem throughout life

“ ‘ e Intracranial hypertension

Mgy « Hypertension
e « Dyslipidaemia

o Endothelial dysfunction

o Left ventricular hypertrophy

o Fatty liver disease

* Impaired glucose tolerance

» Polycystic ovary syndrome
 Delayed or accelerated puberty
* Metabolic syndrome

* Type 2 diabetes mellitus

* Gastro-oesophageal reflux
» Constipation
o Micronutrient deficiencies

« Coronary artery disease
* Some cancers
o Infertility

In adUItS « Osteoarthritis

« Type 2 diabetes mellitus
¢ Adult obesity

» Reduced self esteem
¢ Depression

* Anxiety

« Disordered eating

o Internalizing disorders
« Body dissatisfaction

Lister et al (2023)

Child and adolescent obesity.
Nat Rev Disease Primer, 9: 24.
https://doi.org/10.1038/s41572-023-00435-4

e Periodontal disease, caries

L{ o Acanthosis nigricans, psoriasis

¢ Asthma

¢ Obstructive sleep apnoea

* Impaired exercise tolerance

¢ Sleep disordered breathing

e Sleep disorders

e Poor outcomes of viral infection
* Hypoventilation syndrome

e Glomerulosclerosis, enuresis

» Pain

* Acute injuries

¢ Impaired balance and coordination
¢ Impaired muscle strength

* Gait deviations

¢ Postural malalignment

® Fractures

 Slipped capital femoral epiphysis
¢ Blount disease

¢ Impaired motor skill and competency

« Fatigue

¢ Impaired functional mobility

¢ Reduced health-related quality of life

¢ Reduced moderate-vigorous
physical activity level




Childhood obesity as a predictor of adult obesity

Age group
Study

7to11

Freedman 2005 B
Thompson 2007
Venn 2007

Power 1997
Pooled

12 and over

Juonala 2006
Gordon-Larsen 2004
Thompson 2007
Power 1997
Freedman 2005 B
Wang 2008

Pooled

Pooled

Simmonds et al (2016) Predicting adult obesity from childhood obesity: a systematic review and meta-analysis.

1543
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8632
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4200

7819
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Estimates with 95% confidence intervals

Agein
adulthood

27 -
22
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22
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37 —a—

+‘<>+h

Reviews, 17: 95-107. https://doi.org/10.1111/0br.1233
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SOA: Morandi et al 2012, biological and socioeconomics variables

AUROC when AUROC when term
term is added is added
Childhood Overweight-Obesity Chitdhood Obesity
Maternal BMI 0.63 (0.60-0.65) Paternal BMI 0.68 (0.64-0.73)
Paternal BMI 0.65 (0.62-0.67) Maternal BMI 0.74 (0.70-0.78)
N of household members 0.66 (0.64-0.68) M of household members 077 (0.73-0.80)
Gestational weight gain 0.66 (0.64-0.659) Birth weight (kg) 0.77 (0.73-0.80)
Birth weight 0.67 (0.65-0.69) Maternal occupation 0.77 (0.73-0.81)
Maternal smoking 0.67 (0.65-0.69) Gestational smoking 0.78 (0.74-0.82)

Morandi A, Meyre D, Lobbens S, Kleinman K, Kaakinen M, Rifas-Shiman SL, Vatin V, Gaget S, Pouta
A, Hartikainen AL, Laitinen J, Ruokonen A, Das S, Khan AA, Elliott P, Maffeis C, Gillman MW, Jarvelin
MR, Froguel P (2012) Estimation of Newborn Risk for Child or Adolescent Obesity: Lessons from

Longitudinal Birth Cohorts. PLoS ONE 7(11): €49919. https://doi.org/10.1371/journal.pone.0049919



The Finn youth population is reasonably fit

BMI and status at 3 yo BMI and status at 7 yo BMI and status at 16 yo
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Obese vs non-obese differ but clusters are not well defined

Pl = 2 2 & 4 f PCA Cohort, coloured by obese status at 7
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Few quantitative variables clearly correlate with obesity

BMI at 7

BMI at 7
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Morandi et al 2012, logistic regression

1
p(X) — 1+ e— (Bot+B1Vi+B2Vat...) :

1
state
linear
regression ol o=~
Score
NFBC-1986:9
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logistic regression = 1 artificial neuron

L1
Activation function
ll -
X; !
|

Ln En:fwia:i—kbzz




logistic regression = 1 artificial neuron

I 1
1 + e %
Activation function
1 =
X; !
y = a(z)

Ln En:wz-azﬁ—b:z y:a(Zwixme)
i=1 i=1




Let’s retrain Morandi

Validation set

B AUC 100
Morandi =0.701 o-
Now =0.72 e
Sensitivity =64.6 s
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Can we improve on that?

Validation set

AUC 1.00-
Morandi =0.701 oo-
Now =0.726
Sensitivity = 67.7
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Increasing the number of variables

Validation set
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How good is the prediction?

Over-zealous:
Stigmatising?

mean of
models’ scores

! 8 p-value = 2.78e-13

Missed:
EN Failure to duty?

T | |
20 25 30

BMI at 7

3TN

15



Omics data: recognising MASLD severity

Kim et al (2021) Int. J. Mol. Sci., 22(9): 4495

M The progression of MAFL/MASH to HCC W "

HCC mthout cirrhosis HCC with cirrhosis
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Definition

Biological sex

Age at the time of intervention
Mean fasting glycaemia (mmol/l)
Fasting insulinaemia (pmol/l)

Glycated haemoglobin (%)
HDL cholesterol (mmol/l)
LDL cholesterol (mmol/l)
Triglycerides (mmol/l)

Total bilirubin (mg/l)
Aspartate transaminase (Ul/l)
Alanine transaminase (Ul/l)
Gamma-glutamyltransferase (Ul/l)
a2 macroglobulin (g/l)
Haptoglobin (g/1)
Apolipoprotein A1 (g/l)
Ultrasensitive CRP (mg/l)
Platelets (10%/1)

Lymphocytes (10%/1)

Type

Categorical (M, F)

Quantitative
Quantitative
Quantitative

Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative

Biological and clinical variables

Range; mean (SD)
Converted into {0, 1}

18-65; 4.56 (11.81)

4.26-18.89; 7.24 (3.10)
11.11-7952.03; 238.83 (638.39)

4.4-14; 6.65 (1.76)
0.41-1.86; 1.11 (0.25)
0.85-6.44; 3.03 (0.89)
0.41-16.01; 1.87 (1.53)
1.5-14; 4.76 (2.14)
8-113: 31.36 (16.23)
8-161; 40.15 (24.91)
7-380; 54.41 (56.01)
0.31-3.7; 1.78 (0.56)
0.27-5.08; 2.02 (0.73)
0.77-2.48; 1.46 (0.24)
0.17-11.1; 6.70 (3.09)
130-460; 272.06 (60.86)
0.3-5.4: 2.43 (0.72)

Among 66 available, ignoring redundant, overlapping, and irrelevant ones



PCA, correlation
with severity
PCA, correlation
with age
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Omics features: RNA-seq

PCA, correlation = ¥ g 2 : eme | |
with severity o o o ."“':. . . | @ NasH
. -. I . 2 X ..):):::.’:. :.: .' 2 L]
IR o < T on M2 s e 3
045 ?r S 5.(“':- ' * .. :
0.4 g ":430: .& % :.' &
035 .?'.‘,J~ :5 l..
i - 4 i o o' @ .. * o .
PCA, correlation . Fa .
with age e I ) o .
u_HiEiEnis 6 : =

PC1 PC2 PC3 PC4 PC5 PC6 PC7T PCB PC9 PCIO

PC328 %

Logistic regressions

on RNA score . 100+100 expressions )
! yi
n 2> R g S /I
£ i healthy+NAFL vs NASH
Z log(CPMi + 1) X chloadi ‘g anmW § 4
© <
=1 ¢ (e | &= /
1= : overal ““_‘;.m‘
81° -Lv“"“w’(‘
. ety od g healthy vs NAFL+NASH

T T T T T T T T T T T T T
0 100 200 300 400 500 0 50 100 150 200 250 300

Subjects ranked by RNA scores



Omics features: DNA methylation

#CpGs
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Multi-module multilayer perceptron

16 labs
130+130 CpGs + age + sex 100+100 expressions
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Performance on validation set: AUC > 0.9 for NAFL and NASH
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Peeping into the black box: RNA-seq is key

RNAseq
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What are the most impactful genes; old culprits, new faces
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Coming collaborations

e Dark metabolome

* Collaboration with Francesc Puig-Castellvi

* Liquid Chromato-High Rex Mass Spec Metabolomics

* Aim: Increase the annotated metabolites and unravel their role
* Biological clocks

e Collaboration with Marc-Emmanuel Dumas

* ECG, DNA methylation, metabolomes

* Aim: Comparing cardiac, epigenetic, and metabolic aging
* Adiposity, physical activities and cardiometabolic diseases

* Collaboration with CHUV, Colaus cohort

* Genetic, clinical and demographic data,
plus adiposity and physical activity. Longitudinal over 25 years

* Aim:Predict disease trajectories, anticipate comorbidities
e Cardiometabolic diseases
* Collaboration with Inria and University of Evry (multi-cohorts)

* Digital twins:
Genetic foundation models + Graph neural networks

* Aim: better understand underpinning molecular pathways



Next-Gen Al for CMDs: multi-modality

rs4661310 CcC
rs4920461 GA
rs11249215 GG
rs12116935 TA

How, what, when, who, why
Understand, predict, prevent, cluster, care better
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