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BACKGROUND RESULTS

- Alzheimer’s disease (AD), the most common form of dementia, will affect 14 million by 2060; with an
estimated cost of S305 billion.

- Covariates are well balanced after in the hdPS-matched cohort (Fig 2).

- hdiCF selected top 5% (n=23) covariates by variable importance (VI), with APOE genotype emerging as
- Traditional drug development is high-investment, high-risk, and time-consuming; the most important variable (Fig 3).

- 500+ Randomized controlled trials in the past two decades for AD, only 7 approved by FDA: including 4 ., The overall 10-year aRD was 0.04% (95% Cl [-0.23%, 0.31%]; risks 0.92% vs. 0.88%) for AD among
treatments for symptoms (donepezil, rivastigmine, galantamine, memantine) and 2 anti-amyloid agents 10,368 PPI initiators and 10,368 non-initiators. Corresponding aRDs were —0.05% (—0.44%, 0.35%) for

that slow AD progression (Lecanemab, Donanemab) all-cause dementia and -0.03% (-0.21% to 0.14%) for vascular dementia.

- Drug repurposing may hold the key to meeting the urgent need for new ADRD treatments - HTE analyses suggested a potential increased AD risk among APOE €4 carriers (2773 vs 2750; aRD 0.69%
- Previous studies of proton pump inhibitors (PPIs) and dementia have reported inconsistent results. [-0.32%, 1.71%]) (Fig 4) and a potential protective effect among CYP2C19 rapid metabolizers (3334 vs

Whether PPIs affect dementia risk and whether such effects vary across subgroups remains unclear. 3308; all-cause dementia: aRD -0.87% [-1.63%, —0.11%]) (Fig 5).
- We applied the high-dimensional iterative causal forest (hdiCF) machine learning subgrouping algorithm | N o
to assess heterogeneous treatment effects (HTEs) of PPIs on dementia. N D p—
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- To assess the average treatment effect in the treated (ATT) and HTE of PPl on incident ADRD.
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= We emulated a target trial using 24 monthly sequential trials (2009-2010) with UK Biobank (UKB) primary T eercemtaget
care data, comparing PPI initiators and non-initiators aged >55 years. S Coteaory [ momen 7 o ot
. L . " . . : Fig 2. Proportion of selected HD variables within Fig 3. Variable importance of top-ranked variables
= Individuals initiated PPl before enrolment in UKB were excluded to mitigate immortal time bias. . g P : 5 P P
specified SMD ranges before and after hdPS matching. from a raw causal forest for AD Outcome.
= Participants were followed from baseline until dementia, death, loss to follow-up, or 10 years, whichever —
verall population
occurred first. The primary outcome was AD; secondary outcomes included all-cause and vascular T e T
dement|a° ang?‘l’;Sﬁ)):-&tg(z-ov;é?bé;) 4 Overall population )
PPI initiators vs. Non-initiators
= To control confounding, we applied high-dimensional propensity score (hdPS)-matching using ~200 l vt 20810.208.
. . . . . . . . . . . . . 'APOE &4 carrier Risk(%): 1.97 vs. 2.02
ordinal high-dimensional variables identified from six linked electronic-health-record domains along with Yes : : No \_ZRO0) 005 (0.4,038)
age, sex, 3 genetic modifiers: APOE genotype, an AD polygenic risk score excluding the APOE region (ussesimios o vovoios —¥
(nonAPOE-PRS), and CYP2C19 phenotypes (rapid, intermediate, or poor metabolizers) in each trial. g 20t 112 a0 o (Rapid motaboizer) N
= We then pooled the hdPS-matched trials into a single cohort for assessing average and heterogeneous v Lot 1: PP niiators vs Noriiiators o nitors ve, Non-infistors
R R R . R R . . age size: 3334 vs. 3308 size: 7035 vs. 7061
treatment effects. We then applied hdiCF with 448 high-dimensional variables and the 5 predefined o e o1 1s 132
. . . . . . . . . Yes No R L8 JRD(%): 0.25 (093, 0.
variables to identify subgroups and estimated 10-year adjusted risk differences (aRDs) using inverse- D o l"
probability-treatment weight and the Aalen—Johansen estimator (Fig 1).
Risk(%): 0.41 vs. 0.94 Risk(%): 0.30 vs. 0.18 (>0)
Step 1. Target trial emulation with 24 monthly sequential trials Step 2. High-dimensional variable identification | omresnean gt Yes No
Qﬁ ES Inator S 2.1 Identify 200 most prevalent codes from 6 dimensions in RWD from UK Biobank e ~ e N
trial 01 — ap 23";2';:? — —=hN = — frequen(:yofthe — Leaf 2: PPI iljlitiatOI'S vs. Non-initiators Leaf 3: PPI i!'litiators vs. Non-initiators
@ < & B I Ty R
until 2010/12/01 Prim_?rthare Plraimar{iCare Pgmgry Cgre F;rimaryp?are Ho:pitalizgtion Hopspital‘ijzation . L - Ris(l;(‘i@;;.?? vs;.1.898) RisEk/(c)yo)(;1§?gs.1.7198)
Emulated QQ = es rocedure iagnosis rescription lagnosis rocedure es o aRD(%): 0.90 (-0.01, 1.82 aRD(%): 0.26 (-0.47, 0.
| /\, &2 Generateicovariates Leaf 3: PPl initiators vs. Non-initiators \ Leaf 4: PPl initiators vs. Non-initiators h / ) !
2009 2009 2010 2011 End of follow up High-dimensional variables Non-high-dimensional variables  size: 1856 vs. 1735  size: 2579 vs. 2693
01/01 02/01 12/01 01/01 (2019/01-2020/12) Zero: 0 ' event: 3 vs. 3 . event: 9 vs. 5
Three_e;neuc{;*fnaf,g;n_::gg& W o
Sporadic: 2-75" percentile of all | variables J
Step 5. Implementation of hdiCF EI".“"E pgrticipants' ocscun[')encectounts " + 4= CYP2C19.phenolype
o123 |Frequent:>75"percentle | Age, Sex
_PredictPS gy PS 2.3 High-dimensional variable preparation Fig 4. Subgroup decision from hdiCF analyses for AD Fig 5. Subgroup decision from hdiCF analyses for all-
with all covariates trimming I I Combine the level with a low count with the next level with a . . . . . . .
y y v B B, higher count until each level has enough observations . .
\ | outcome in the primary analysis cause dementia outcome in the primary analysis
Step 3. Implementation of hdPS matching
Random Using all the covariates to predict the outcome CO N c LU S I O N S
forest by random forests )
o’ Variables  Defiad 2 h weighted s of vraie 5o A = PPl use was not associated with dementia risk in overall population. However, cognitive effects may
importance requencies across dirierent tree aepins . . . . . . .
T — GADE differ across genetic subgroups, with potential harm among APOE €4 carriers and possible benefit
e - r : high-dimensional variables ranked by variables hi . . . .
Usoal covariaes o Selecttop 5% variabes oy cubroup 17 st i y i among CYP2C19 rapid metabolizers. Together, these findings suggest that PPl exposure may confer
predict outcome and by variable importance to dakisions ’ . ] .. . . . . . ]
PS, and grow raw CF grow iCF
R T — dlffere.ntl.a cogn'lt.lve .effects across sut?p.opulatlons, but require further validation before informing
o . A into an analytic cohort. | Repeat Step 2 and genetic risk stratification and PPl prescribing.
K-fold cross-validation 5 Step 3 for each trial
to obtain the best subgroup decision EA#F; V-V-9-9-9-9-9- g RARARARRAA
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