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* Alzheimer's disease (AD) s an irreversible Model definitions, simulation settings, data generation, and model estimation

neurodegenerative disorder marked by amyloid plaque

accumulation, a key early-changing Core 1 biomarker >
(Jack et al., 2024) (1) which map onto either the amyloid

Time (minutes, log scale)

Proposed model

e Code structural model « Estimate the structural mode and DP model parameters: Population Mean (95%Cl)

* Imputtation generate EBEs for each simulated Fixed Effects
Amyloid plaque at baseline 112(1.11-1.13)

Natural accumulation DP model (Monolix): | |* Simulation of 100 datasets: dataset. (SuVr)

Amyloid plaque (t)= * 1291 virtual subjects + covariate effects (fj;(/:\iEETTxnr::;Zil)ine 10,23 (:0.25- -0.22)

. L L] (] L] dataset: 37 .
« Early detection of risk factors can significantly reduce AD : Amyloid plaque baseline * exp(slope x time) of 4 true covariates csf PTAU on baseline
Covarlates (log(PTAU/median)

incidence and is crucial for primary prevention (PP). Slope of amyloid plaque
(SUVr/month)

METHODS: Covariate selection APOE (Carrier on slope) 0.0004(0.00023-0.00058)

o I I I Standard Deviation of the Random Effects
A natural amylc.)ld as:s:umulatlo-n DP model previously - Use Caret Package —— rErTeY —
developed (2) identified baseline factors of dage, gender, « SCM “ TH % e Linear regression, stepwise linear methods BSV of Slope 198.42%(180.95-221.4) 4.93

APOE4 genotype and disease state as important factors. * COSSAC MaChmeJ“ | (AIC/RMSE), penalized regression, Random Proportional residual error rrortede Zaor:en;?;%;sso 041) 1.99
» COSSAC/SAMBA Learnlng% b Forest, Neural Networks. ' — '

This model was used to simulate virtual subjects based on LS _,
1291 ADNI participants to identify the ML method for w e Compute variable importance.

covariate screening. T, .
| Rank methods using the F1 score (with/without correlations accounted for) Impact of identified significant covariates ABETA, PTAU and
Thirty-seven covariates were screened in 100 simulated APOE4 genotype on amyloid plaque over time.

datasets using nine different ML methods as well as the * AIC stepwise method is the best method even when correlated covariates were not accounted for (Amyloid baseline) o ABETA R
traditional covariate selection methods implemented in = _>iiiipg -

Monolix® (SCM, COSSAC, COSSAC/SAMBA) with and
without accounting for highly correlated covariates.

Our analysis aims to use machine learning (ML) with l =
disease progression (DP) models to screen predictors of
amyloid accumulation in the ADNI database. ADNI

beta or AD tauopathy pathway. T INPUT | .f
o

0.17(0.16-0.19)

0.00042(0.00032-0.00053

Model-predicted amyloid plaque over time (12.5 years) using
the proposed DP model
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The performance of the methods was assessed using the
F1 score (accuracy measure) (3,4). The best method was

then used to prescreen covariates in the original dataset
followed by SCM and COSSAC.

RESULTS:

 The ML AIC stepwise (AIC) method was the best method
to screen the covariates on the amyloid baseline and
slope even when correlated covariates were not
accounted for (F1 score = 0.97 £ 0.08, & 0.52 = 0. 09,
respectively).
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early mild cognitive impairment, LMCI; (Baseline diagnosis was not a covariate in the final model
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respectively). SCM and COSSAC showed lower (0.000) (0.032) (0.392) (0.688) (0.818) (0.970) : . s .
@
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performance (F1 score = 0.82 £ 0.17/ 0.99 + 0.025, & 0.68 Elastic net  Penalizedreg  COSSAC Neural net Linear reg g g g o | © Sergey Shcherbinin 7, Ivelina Gueorguieva 7,
+ 0.17/ 0.96 = 0.097, without/with correlations (0.007) (0.032) (0.680) (0.735) (0.943) Percent selection Covariate selection pattern Alzehimer’s Disease Neuroimaging Initiative 8

The accuracy of AIC method improved after accounting of
correlated covariates (F1 score =1 0, & 0.76 = 0.25,

o

‘ Jennifer Lang 3, Innocent Asiimwe 1, Samer
Mouksassi 4>, Goonaseelan (Colin) Pillai 1- ¢,

(AIC stepwise, (AIC stepwise, with correlation)

Methods (F1 score) with correlation)
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