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Childhood obesity triggers health problem throughout life

In adults

Lister et al (2023) 
Child and adolescent obesity. 
Nat Rev Disease Primer, 9: 24. 
https://doi.org/10.1038/s41572-023-00435-4



  

Childhood obesity as a predictor of adult obesity

Simmonds et al (2016) Predicting adult obesity from childhood obesity: a systematic review and meta-analysis. Obesity 
Reviews, 17: 95-107. https://doi.org/10.1111/obr.1233



SOA: Morandi et al 2012, biological and socioeconomics variables

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, Järvelin 
MR, Froguel P (2012) Estimation of Newborn Risk for Child or Adolescent Obesity: Lessons from 

Longitudinal Birth Cohorts. PLoS ONE 7(11): e49919. https://doi.org/10.1371/journal.pone.0049919



The Finn youth population is reasonably fit



Obese vs non-obese differ but clusters are not well defined



Few quantitative variables clearly correlate with obesity
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Morandi et al 2012, logistic regression
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Σ

Activation function

logistic regression ≈ 1 artificial neuron
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logistic regression ≈ 1 artificial neuron



maternal BMI

paternal BMI

Birth weight

# household

maternal smoking

maternal occupation
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Let’s retrain Morandi

Validation set
AUC
Morandi = 0.701
Now = 0.72
Sensitivity = 64.6

NB:
Maternal occupation
1 = unskilled/apprentice/unemployed
2 = skilled manual 
3 = skilled non manual 
4 = entrepreneur/professional

Comparison
models’ scores

Training (x4)
290 obese
580 non-obese

Test and Validation   
96 obese
192 non-obese



maternal BMI

paternal BMI

Birth weight

# household

maternal smoking

maternal occupation

Can we improve on that?

Validation set

Comparison
models’ scores
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AUC
Morandi = 0.701
Now = 0.726
Sensitivity = 67.7



  

 

Increasing the number of variables

AUC
Morandi = 0.701
Now = 0.745 
Sensitivity = 69.8tanh
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Variables = 
  gender, birth weight, BMI mat, BMI pat, gestational 
  weight gain, # household, maternal smoking (2nd month), 
  maternal and paternal alcohol, maternal and paternal education, 
  maternal and paternal occupation
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4 levels based on ISCED

Validation set

Comparison
models’ scores



  

How good is the prediction?

mean of
models’ scores

BMI at 7

TPFP

TN FN
Missed:

Failure to duty?

Over-zealous:
Stigmatising?



Paris MASH Meeting 

(11-12 juillet 2019)

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

Kim et al (2022) Met. Target Organ Damage, 2: 19

NASH 
(now MASH)

NALFD (now MASLD)

18-30 yo
15% 15%

1990
2000

2017
2018

1990
2000

2017
2018

  MAFL/MASH 

Omics data: recognising MASLD severity



  

Biological and clinical variables

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



  

Biological and clinical variables

Missing data
→ Imputation

PCA, correlation
with severity

PCA, correlation
with age



  

Omics features: RNA-seq

PCA, correlation
with severity

PCA, correlation
with age

Logistic regressions
on RNA score 100+100 expressions

Subjects ranked by RNA scores# transcript loadings on each side



  

Omics features: DNA methylation

Correction for age:
For each CpG

130+130 CpG methylation

Severity

Subjects ranked by methylation scores

Age

Before
correction

After
correction



Multi-module multilayer perceptron
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Performance on validation set: AUC > 0.9 for NAFL and NASH



Peeping into the black box: RNA-seq is key



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

Known
involvement

New kids on 
the block

COMP
ANKRD1
PRAMEF10
SFRP4
CHI3L1
unknown
RAB3B
FABP5P7
KRTAP5-1
PGAM2
THBS1-AS1
FABP4
PADI1
CXCL3
THY1-AS1
RGS1
unknown
PRAMEF33
GDF15
PNPLA5
GPR158
FCAR
LINC02348
MMP7
ESPNL
CYP1A1
MT1B
KRTAP5-AS1
SDHAP2

TREM2
AKR1B10
LPL
STMN2
DUSP8
unknown
GAPDHP28
CA12
unknown
CYP2C19
SPP1
ART5
EEF1A2
unknown
CH25H
OLR1
THBS1-IT1
CEMP1
DHRS2
ALOX15B
CCL20
HKDC1
MMP9
unknown
KRT80
TRIM31
BCL2A1
LINC00940
FOS



  

● 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
● 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

● 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 

Coming collaborations



  

Next-Gen AI for CMD: multi-modality

rs4661310 CC
rs4920461 GA
rs11249215 GG
rs12116935 TA
...

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

Next-Gen AI for CMDs: multi-modality
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