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Background
There is growing interest in evaluating the potential of Machine Learning Algorithm * The prediction time horizon was fixed at 10 years of
proteomics, plasma biomarkers of Alzheimer’s disease and | Training Dataset | |  Validation Trdin Train Train Train follow-up.
related dementias (ADRD), and their combination to predict 8% by [ i ] .... .... .... .I.I * Shapley values were estimated to 1dentify the most
incident dementia. Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 influential predictors within each model.
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Survival Random Forests with Competing Risk of Death (SRF-CR) Results
Data i 0 e ] . .
. . ‘ III Féaturs selection irequency.is estimated * Among 2,749 participants (mean baseline age 69.9 [SD-
 We examined women recruited between 1996-1999 across (across the cross-validation folds) L .
. o , e : it ; 3.8] years), 442 developed incident dementia over a mean
39 U.S. clinical sites into the Women's Health Initiative . w
‘—’ Stability filtering follow-up of 8.7 years.
Mem()ry StUdy Features with frequency < 60% across folds are dropped. . .
SRF-CR is then retrained usmg the whole training dataset. ! ° The C-lndeX was 069 fOl‘ prOteOmICS alOne, 073 fOr

* Participants were ages 65-79 years and cognitively

unimpaired at baseline, with follow-up through 2021 | Testing Dataset Final Model ( Model Evaluation proteomics with age, 0.79 for plasma ADRD biomarkers
’ | (20%) Survival Random Forests it 7« Permtation indices, AUC(Y) was alone, 0.81 for plasma ADRD biomarkers with age, and
e QOur primary outcome was inCident dementia Dementia s Competing Risk of Death (SRF-CR) oy estimated at 5, 10, 15 and 20 years. > o . ’
. o ' — (Trained on entire training dataset) * Absolute risk is within 10 years. 0.84 for the full combination model.
was ascertained and adjudicated annually based on e T T ] . |
dementia on Diagnostic and Statistical Manual of Mental | PH: roportional Hazards | EN:BlesticNet | SRV':i'tﬁ'é; ;“;;g:; il L | AUC(t): Time-dependent AUC ' * Inthe comblr.led model, p-tau217, age, p-taul8, .and 49
Disorders, Fourth Edition (DSM-IV) criteria e e T T e e S et plasma proteins were among the 52 selected predictors.
. ’ . | , , , , , ,  P-tau217 was the most influential predictor followed b
* Baseline plasma biomarkers of ADRD (p-tau2l7, p- Figure 1. The machine learning algorithm consisted of multiple steps (111:, w2) ; B R
: . L . . age (Figure 2).
taul81, GFAP, NfL, AB42, and AP40) were available. embedded in a cross-validation procedure to reduce dimension and leave SEAS | | |
* The Simoa® Human Neurology 4-Plex E (N4PE) was in the model the most informative proteins. * Three proteins ranked highly across all proteomics-based
used to measure AB40, AB42, NfL, and GFAP and the analyses: 1) kinetochore protein Spc25; 2) Insulin-like
Stmoa® p-taul81 v2 assay was used to measure p-taul 81 otau217 Growth Fact.or Binding Protein 2 and 3) gap junction
on the Quanterix platform. P-tau217 was measured using Age beta-3 protein.
the ALZpath Simoa®pTau-217 v2 assay. ptau181 Conclusions
* Proteomics were measured using the SomaScan 11K Sl;ﬁsz The combination of plasma biomarkers, proteomics, and age
aptamer-based platform. \GFBP2 produces a strong predictor of dementia up to 10 years 1n
Prediction of incident dementia TNFRSF11B advance. Ptau217 was found to be the strongest predictor of
+ We employed a multi-stage analytical Machine learning CTF1 incident dementia among all biomarkers we investigated.
o o . ZW10 Our results suggest that combining plasma ADRD
approach combining univariate Cox proportional hazards ITIH3 . | .
: : : : CL biomarkers and next-generation proteomics produces
filtering, Cox regression with elastic net regularization, ESM1 o o
and survival random forest modeling with competing risk COL18AT synergistic etfects on prediction performance.
adjustment for all-cause mortality to predict incident SRR References
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models trained on proteomics alone, plasma ADRD Figure 2. Top 15 predictors selected by the model based on the package
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