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Metabolic dysfunction—associated steatotic liver disease (MASLD)

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

B The progression of NAFLD/INASH to HCC

HCC with cirrhosis

A

X

« Type 2 diabetes & Obesity

HCC 1mthrr:tut cirrhosis
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Normal liver NAFL NASH Cirrhosis
; - 18-30 yo
15% 15% I IIII
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2000 F & § 8 § & & %018 2000 2018

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

50

40

30

20

Prévalence en
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Hommes 25.8%
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Paris MASH Meeting
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ABOS and PreciNASH

Intervention:
Weight loss surgery 3 12 24 60
Baseline months months months months

»

L
L
N

I > r 4

ABOS subset: Only European
Phenotype: clinical and biological data ancestry and unrelated individuals

Plasma, serum and DNA (including GWAS)

Biological samples collection: RNA-Seo
Liver | Muscle ue (visceral
and subcutaneous) | Intestin CODE-Seq¢ EPIC 850K

ABOS (Biological Atlas of Severe Obesity)

All subjects had
bariatric surgery

PreciNASH
project

(+66 clinical and personal data
+1076 identified metabolites
in blood and liver)



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



Subject grouping

Scoring on liver biopsy with the method from Kleiner and Brunt 2005

Steatosis
Categorical [0-3] from
guantitative measurement

Final score:

:S=0,B=0,1=0 n=80

NAFL: S>1,

B= n=137
S>1,B>

I v

Ballooning
Categorical [0-2]
= {none, some, much}

0,l=1
1,1=0

NASH: S>0,B>0,1>0 n=83

Inflammation
Categorical [0-3] from
number of foci
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severity
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PC1 PC2 PC3 PC4 PCS PC6 PC7 PC8 PC9 PC10

Score based on PC3 2.8 %
gene expression
and gene “loadings”

0

(impact of a gene 2 i C
on a given principal i | 100+100 genes :
component) T ’
i
’ ]

healthy+NAFL vs NASH

Logistic regression

accuracy
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: i
[
RNAseq Risk Score
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best separating the 81 e
: i NASH o ot healthy vs NAFL+NASH
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Multi-module MLP

Gene expression

Clinical data [N DNA methylation

\ = 18 clinical 200 260
' ‘ Z variables transcripts CpGs

3sm

healthy [ simple ][ steato- ]
liver steatosis || hepatitis

13 layers; 25 000 parameters



Multi-module MLP

Gene expression

Clinical data Py

\ = 18 clinical 200 260
' ‘ Z variables transcripts CpGs

DNA methylation

o .
f Y= 1res Sigmoid S

4 ol o healthy simple steato-
N Yy = v Softmax I - h it
: | | i > €7 Iver steatosis epatitis

13 layers; 25 000 parameters
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Clinical data
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-0.73
0.53
0.33
0.13
-0.07
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Multi-module MLP

Gene expression

DNA methylation

18 clinical
variables

200
transcripts

260
CpGs

healthy
liver

50
3sm

[

simple
steatosis

e

steato-
hepatitis

|

13 layers; 25 000 parameters

2x100 expressions [T
Dropout 20%
Normalisation [T

50 tanh (I
Dropout 50% (I
Batch normalisation (I
10 tanh (I
Dropout 50% (LI
Batch normalisation (I
5 sigmoid M




Performance on validation set: AUC > 0.9 for NAFL and NASH

1.00 1.00
= I.I.I_L_LLI
0.90 0.90 B
|
0.75 | |J 0.75 |
c —
> s = I
T Q -
= £ ] AUC £ AUC
) )]
G 2050 — modeli 0.914 | 2050 |— ~ model 0.918
c §_ — — model2 0.836 'g — — model2 0.909
e} . = model3 0.903 o — model3 0.92
n 2 — model4 0.928 e — model4 0.921
— model5 0.956 [ = — model5 0.92
0.25 - = NAFL_mean 0.914 0.25 — NASH mean 0.93
0.10 0.10
0.00 0.00
000 010 0.25 050 _ 0.75 080  1.00 0.00 010 0.25 0.50 0.75 090 1.00
False positive fraction False positive fraction

1 - specificity 1 - specificity



Performance of the different modules

ClinDat

RNAseq
" Methylo
m ClinDat_ RNAseq
m ClinDat_Methylo
® RNAseq_Methylo
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Peeping in the black box: RNA-seq is key

18 clinical 200 260
variables transcripts CpGs
" 501 501 The weights reading the RNAseq module
10 10 .
50 50 50 are larger — most impact on output
—
3om model #1 #2  #3  #4  #5
r\ 1 1.0
_ : , 5 Clinical _E,: .
f0|_e steéatose steato- > data ] ;.-
sain [ simple ][ hépatite ] © = - 0.0
S 3 | L os
© RNAseq | - - -1.0
c -
9 T ] F—1.5
S 1 L] 2.0
S Methylation 1_3, N | I -2.5
O 141 IEI |
s L 8 0l | W

12345 12345 12345 12345 12345 Weights

First merging layer



Peeping in the black box: RNA-seq is key

— healthy liver simple steatosis
il e - and simple steatosis and steatohepatitis
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Exploring latent spaces of each module

Clinical data module RNA-seq module DNA methvlation module
1= = 1z i
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RNA-seq: recognises the 3 conditions

Methylation: continuum of severity



Exploring latent spaces

ALT

Clinical data module RNA-seq module DNA methvlation module
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What are the genes taken into account by the models?

| - .
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Inferred gene network

Enrichment ratio

> response to chemokine

- - external structure organization

fl b rOS I S external encapsulating

structure organization

> response to tumor necrosis factor

inflammation S -

—> human immune response 341072

to biotic stimull 112 102

Il
1esp
response to molecule of bacterial origin

> leukocyte migration
> oz "

1.4107?

toki diated <i

cy

RNA-seq dataset

|

Inference with CLR+GENIE3
(584 358 193 non-zero edges)

|

Only interactions involving
our 200 genes
(3162 288 interactions)

|

Knee method
(1 698 inteaction)
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