AKTYaNbHOCTb

[ Mpouecc cTapeHnsa BIUAET Ha BCE CUCTEMbI YeI0BEYECKOro opraHm3ma.

[ Habnopgaemoe ysennyeHme BocnaamnTelbHbiX KOMMNOHEHTOB, BAUSIOLLMX Ha
MMMYHHYIO CUCTEMY B MOXWJIOM BO3PacTe, MOXET NPUBECTM K Pa3BUTUIO
BO3PaCT-aCcCoOLUMMUPOBAHHbIX 3a60/1IEBAHNIN N CUCTEMHOIO BOCMNA/IEHUA.

J CyLiectByeT MHOXKeCcTBO OMOMapKepPOoB CTapeHus, LLe/ib KOTOPbIX - OLEHUTb
ero CKOpPOCTb C Pa3HbIX TOYEK 3PEHUA: coYeTanA pa3/INYHbIE KIMHUYECKUE
napameTpbl, NPOrHO3MPYS PUCK CMEPTHOCTMU.

J LLnpoKnin Knacc buomapKkepoB CTapeHMUa — 3TO pas/IMyHbIe NPeauKToPbI
BO3pacTa, UM Yacbl.

J IMMYHHbINM cTaTyC YenoBeKa NOCTOAHHO MEHAETCA C TeYEeHMEM BPEMEHM.
[TOHMMaHMe B3aUMOCBA3U MeXay BMONOTrMYEeCcKnm CTapeHnem um
MMMYHONOMMYECKUM NpoPpuaem moxeT cnocobcTtBoBaTb pa3paboTke
MHCTPYMEHTOB A/1A 3aMeaeHUs CTAaPEHUNA N YBE/IMYEHUS
NPOAONKNTE/IbHOCTU KU3HMW.

Llenb

[TOCTPOUTb MMMYHONOTMYECKME YacCbl C MasioN OLUMOKOM HA KOHTPO/IbHOM
BbIDOpPKe 340pO0BbIX NHOAEN, HO NMPU 3TOM YYBCTBUTENbHbIE K 3a601€BaHUAM.
YMEHbLNUTb NPOCTPAHCTBO BXOAHbIX MPU3HAKOB AN yAelleBAeHMA aHAN3a.

60 - Dataset

HaHHble T,
MpusHaku: 46 immunomarkers from >~ = Train/Validation
Luminex xMAP (blood plasma). 40-
Comnabi: z
A Train/Validation: 260 healthy 2=

volunteers from 19 to 96 years, 55

recruited in 2019-2021.
[ Test Controls: 40 healthy volunteers ™~

from 21 to 101 years, recruited in ;1 == r—

2022_2023. 20 40 60 80 100

Age

[ Test ESRD: 43 patients with ESRD on hemodialysis from 25 to 88 years,
recruited in 2019-2021, died by spring 2023.

Moaenn N

Linear reference: Elastic Net (camaa nonynsapHaa moaenb AnA 4acos).
GBDT: XGBoost, LightGBM, CatBoost.
DNN: 8 apxutektyp Ana TabAnUUHbIX AaHHDbIX.
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Autolnt, SAINT, and FT-Transformer

1 Adaptation of the Transformer architecture for the tabular domain;
O Self-attention mechanism can automatically learn high-order feature interactions in an explicit fashion.
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Hyperparameter optimization
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Feature selection

prediction.

features.

B Select models with best metrics on Test

B SHAP values for global explainabilty:
average impact of each feature on the

B Select Top-10 the most important
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small model
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Model 1
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B SHAP values for local explainability.
B Age-acceleration analysis.

Model prediction analysis

Prediction

CXCL9
CCL22

PDGFA

Baseline

SHAP

Features
Pe3ynbTaThl T
. . [ TabNet
35  Feature Selection using SHAP -t
46 initial biomarkers g | 1
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J OwunbKa B rpynne 300poBbix KoOHTpone MAE=7 net (y aHanoros — 15 ner).
] 10 6buomapKepos aeluesne B 3 pa3a NoJIHOro ymna n3s 46 buomapkepos.
J YyBcTBUTENbHOCTb K 60N1€3HAM: BO3pacTHaA akcenepaumsa y naumMeHTosB ¢

nocaeaHem ctagnenm noyeyHom HegoctatoyHoctu (ESRD).

J XAl npumeHeH ana onpeaeneHna Hanbonee BaxkHbIx npusHakos (global
explainability), a TakKe ans aHanm3a BKN1aga 3Ha4YeHUN BUOMaPKEPOB B
npeackasaHue A1 KaxXaoro KoHKkpeTtHoro yenoseka (local explainability).
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