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Abstract: Recent clinical trials on slowing dementia progression have led to renewed

focus on finding safer, more effective treatments. One approach to identify plausi-

ble candidates is to assess whether existing medications for other conditions may

affect dementia risk. We conducted a systematic review to identify studies adopting

a data-driven approach to investigate the association between a wide range of pre-

scribed medications and dementia risk. We included 14 studies using administrative

or medical records data for more than 130 million individuals and 1 million dementia
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cases.Despite inconsistencies in identifying specific drugs thatmaymodifyAlzheimer’s

or dementia risk, some themes emerged for drug classes with biological plausibility.

Antimicrobials, vaccinations, and anti-inflammatories were associated with reduced

risk, while diabetes drugs, vitamins and supplements, and antipsychotics were asso-

ciated with increased risk. We found conflicting evidence for antihypertensives and

antidepressants. Drug repurposing for use in dementia is an urgent priority. Our

findings offer a basis for prioritizing candidates and exploring underlyingmechanisms.

KEYWORDS

medications, drug repurposing, electronic health records, machine learning, pharmacoepidemiol-
ogy, dementia, Alzheimer’s disease

Highlights

⋅ Wepresent a systematic review of studies reporting association between drugs pre-

scribed for other conditions and risk of dementia including 139 million people and 1

million cases of dementia.

⋅ Our work supports some previously reported associations, for example, showing

decreased risk of dementia with drugs to treat inflammatory disease and increased

risk with antipsychotic treatment.

⋅ Antimicrobial treatment was perhaps more surprisingly associated with decreased

risk, supportive of recent increased interest in this potential therapeutic avenue.

⋅ Our work should help prioritize drugs for entry into adaptive platform trials in

Alzheimer’s disease and will serve as a useful resource for those investigating drugs

or classes of drugs and risk of dementia.

1 INTRODUCTION

Dementia is a leading cause of morbidity and mortality and has an

estimated worldwide economic cost in excess of 1 trillion dollars.1 It

can lead to profound distress in the individual and in those caring for

them. As such, dementia represents one of the most important chal-

lenges in medicine and public health. Current medical treatments for

dementia are symptomatic and have a modest effect. Despite inten-

sive efforts, trial results of disease-modifying drugs have historically

been largely disappointing. Any disease-modifying drug would need

only a relatively modest effect to have a significant impact; delaying

the onset of Alzheimer’s disease (AD) by 5 years would translate into

lower prevalence and its associated costs by 40%.2 The recent find-

ings that two new drugs, lecanemab and donanemab, reduce amyloid

plaque levels in early symptomatic AD and result in statistically signif-

icant clinical benefits are a momentous step in the field.3,4 However,

these drugs target a single pathway in a complex condition, carry a sig-

nificant risk of severe side effects, and there is wide consensus that

multiple approaches are likely to beneeded toprovidemaximally effec-

tive treatment.5,6 An increasing number of pathological mechanisms

have been identified and these have been targeted by both novel and

repurposed drugs. Importantly, many of these mechanisms, for exam-

ple, protein misfolding, production, and degradation, are common to

many of the underlying causes of dementia7 and therefore any treat-

ment targeting a common mechanism may have benefit in several

different conditions.

Once a pathogenic pathway is identified, generic drugs can be

screened to find those that act on the pathway and be tested in animal

models of disease. Associations can then be sought from large clinical

databases to examine if these prespecified drugs are associated with

altered incidence of dementia or individual diseases leading to demen-

tia. Examplesof this approach includeassessingmedicationswhichmay

act on specific pathways such as inflammation or the unfolded protein

response as well as drugs with pleiotropic proposedmechanisms.8–10

Examining risk reduction associated with already prescribed med-

ications can complement the traditional drug discovery approach.

Currently prescribed drugsmay interact with dementia-related patho-

physiological pathways by way of mechanisms unrelated to their

original therapeutic indication.8 For example, some but not all, drug

treatments for diabetes have been associated with reduced dementia

risk suggesting that any effect may be separate to the ability to lower

blood glucose.11 Other drug classes, for example benzodiazepines,
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have been associatedwith increased risk of dementia12 althoughmore

recent studies suggest that the role of benzodiazepines in dementia

risk is questionable.13

Available evidence is primarily based on large prospective cohort

studies (eg, UKBiobank) or retrospective studies studying associations

between specific drugs or classes and dementia incidence. An alterna-

tive approach is to utilize large clinical datasets and examine all drugs

in current use for associationswith dementia risk. The increasing avail-

ability of routinely collected data such as electronic health records

(EHRs) and administrative health claims data, along with the applica-

tion ofmore sophisticatedmethodological approaches, allow the study

of associations between hundreds of drugs with multiple outcomes

in millions of patients. This approach has been adopted to identify

individual drugs which have then been investigated in the lab to under-

stand their potential mechanism, a reversal of the usual approach.14

Other studies have used routinely collected data to generate drug

repurposing hypotheses or develop dementia risk prediction models.

Some of these have identified specific medications or drug classes

as important predictors of dementia risk, sometimes with conflicting

results (eg, statins, antibiotics, antipsychotics).15–17

We conducted a systematic review to identify and summarize

studies adopting a data-driven approach to investigate the associa-

tion between prescribed medications and dementia risk. Though this

methodology excludes some high-quality papers examining specific

drugs or groups of drugs, it has the advantage of minimizing publi-

cation bias (only positive associations with hypothesized drugs being

reported), serves as a complementary approach to attempt to replicate

previously reported findings using alternative designs and, crucially,

includes all currently prescribed drugs, which allows the potential for

identifying drugs which might alter risk but which have not previously

been the focus of research. Studies investigatingmanymedications are

liable to false positive findings. Each paper allowed for this in their orig-

inal publication. However, one of our motivations for completing this

reviewwas to see if findings replicated in different databases using dif-

ferent techniques. If associationswere true positives onewould expect

them to be identified inmore than one paper taking this approach. Our

aimwas to identify consistent patterns of individual or classes of drugs

which alter risk of a dementia diagnosis to support potential candi-

dates for drug repurposing and inform risk reduction and prevention

strategies.

2 METHODS

This systematic reviewwas conducted following the general principles

published by the National Health Service (NHS) Centre for Reviews

and Dissemination (CRD)18 and is reported following the Preferred

Reporting Items for Systematic reviews and Meta-Analyses (PRISMA)

reporting guideline.19 A protocol was developed following consulta-

tion with topic andmethods experts and is registeredwith PROSPERO

(PROSPERO2022: CRD42022359187).

2.1 Study identification

A comprehensive search strategy was developed by the review

team using a combination of subject headings (MeSH terms) and

free-text terms to cover the prescribed mediation, dementia, and

EHRs fields. Literature searches were conducted using the follow-

ing databases from inception through August 5, 2022: MEDLINE,

Embase, and PsycINFO via the Ovid interface. Details of the searches

can be found in Table S1. No language or methodological filters

were applied in searching. Reference lists of included papers (back-

ward citation searching) and citations of included papers (forward

citation searching) were searched using the citation chasing tool “cita-

tionchaser” (https://estech.shinyapps.io/citationchaser/).20 Updated

database searcheswere performed onAugust 10, 2023 using the same

searchmethods narrowing the searches to August 2022 onwards.

2.2 Eligibility criteria

We were interested in peer-reviewed studies following a data-driven

rather than hypothesis-driven approach investigating the association

between prescribed medication use and risk of developing demen-

tia, where we defined data-driven as “an exploratory approach that

analyzes large datasets to extract insights and patterns by apply-

ing analytical techniques and modes of reasoning.” Specific search

terms are included in supplementary data. Therefore, studies driven

by a priori hypotheses, examining associations between prespecified

drugs or drug classes (eg, antihypertensives, antipsychotics, acetyl-

cholinesterase inhibitors, etc.) and dementia risk were excluded. Stud-

ies were included if they examined the association between prescribed

medication use (or several potential predictors at least one of which

being medication use) in adults and dementia incidence diagnosed

according to standardized criteria, including all-cause dementia and

subtypes (eg, AD, vascular dementia, Lewy body disease, dementia in

Parkinson’s disease). We did not include preprints or other grey liter-

ature. We anticipated that eligible studies would use health records

data from inpatient and outpatient settings; however, all settings

and study designs were considered, providing they met the inclu-

sion/exclusion criteria. Reviews, editorials, commentaries, protocols,

conference abstracts, and letters to the editor were excluded. Back-

wards and forwards citation chasing was used to identify additional

relevant studies.

2.3 Study selection

Search results were downloaded to Endnote version X9 (Clarivate,

Philadelphia, PA), deduplicated and imported to the Rayyan refer-

ence management software21 for screening. Titles and abstracts were

screened for relevance independently by pairs of reviewers (I.L. and

E.Y.H.T., J.G., S.T., E.S., X.Y.T., J.M.R.). Disagreements were resolved by

discussion between reviewers or with the involvement of a third
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reviewer (M.J.B.) where necessary. The full text of potentially relevant

articles was retrieved and screened in the same way (I.L. and E.Y.H.T.,

J.G., J.M.R., M.Z., O.E.O., S.D.) using the predefined inclusion and exclu-

sion criteria. Disagreements were resolved with the involvement of a

third reviewer (B.R.U.).

2.4 Data collection and study quality assessment

Details on country, studydesign and aim, typeof data used, sample size,

number of medications and classification system, predictors, features

or covariates used inmodels, outcome andmethod of assessment, time

window/follow-up duration, statistical analysis, and machine learning

(ML) methods applied, prediction performance metrics for ML stud-

ies, and results related to prescribed medication and dementia risk

were recorded for each study. Data were extracted by one reviewer

and checked by a second using a predefined template in an Excel

spreadsheet. Authors of four studies were contacted for clarification

or additional data.

The quality of included studies was assessed by one reviewer (I.L.,

N.P.O., or S.C.) and checked by a second (I.L., N.P.O., or S.C.). In an

amendment to the published protocol, risk of bias was assessed by the

Prediction model Risk Of Bias ASsessment Tool (PROBAST)22 or the

JoannaBriggs Institute (JBI) critical appraisal checklist tools23 depend-

ing on the purpose of the data-driven approach of studies. PROBAST is

designed to evaluate risk of bias and concerns regarding the applicabil-

ity of prediction model studies and contains 20 questions under four

domains: participants, predictors, outcome, and analysis. The over-

all risk of bias in the prediction models was judged as “low,” “high,”

or “unclear” according to the PROBAST checklist.22 The JBI tools

used contain 10 questions considering sample selection, assessment

of exposure and outcome measures, statistical analysis, and strategies

to deal with confounders and loss to follow-up.23 The JBI appraisal

checklist does not apply the overall risk of bias assessments. Neverthe-

less, we matched the JBI questions to the four PROBAST domains and

provided overall assessments for descriptive purposes.

2.5 Data synthesis

Our focus is on synthesizing reported information regarding the asso-

ciation of prescribed medication with dementia risk. While some of

the identified studies examined that specific relationship, others inves-

tigated a larger set of variables or features (including medications)

which translated into a range of methodological approaches and for-

mats in which results are reported, and this precluded formal pooling

of the data. Therefore, data were tabulated, grouped according to pur-

pose of data-driven approach, direction of association, and outcome,

and findingswere discussed narratively. An additional sub-analysiswas

conducted where the most comprehensive medication-wide study by

Wilkinson et al.24 was used as the base for comparisons to identify

the medications significantly associated with dementia risk. Not only

was this study comprehensive but it uses a cohort where follow-up is

from the 60th birthday to dementia diagnosis, a median of 17 years

later, and therefore is more likely to reflect medications given in any

potential prodromal period. First, we identified medications within the

Wilkinson study with associations where p-value < 0.001 for overall

dementia risk and for 5-year sensitivity analyses (ie,where participants

first received a drug less than 5 years before dementia diagnosis were

excluded). We then mapped these medications to (1) the findings of

the other two medication-wide studies, and (2) the remaining studies

included in the review.

3. RESULTS

The electronic searches yielded 4194 citations. After removing dupli-

cates, 3186 titles and abstracts were screened identifying 42 articles

for full-text review. Eleven studies met the inclusion criteria, one study

was identified through citation chasing and two additional studies

were identified through the updated searches. Fourteen studies were

included in total. The selection process is summarized in Figure 1.

2.6 Study characteristics

A summary of the characteristics of included studies is shown in

Table 1. Most of the studies used data from the US (n = 9), with the

remaining studies using data from Japan (n = 2), South Korea (n =
1), Germany (n = 1), and Wales (n = 1). Six studies used a cohort

design,17,24–28 six were case-control studies,16,29–33 one reported a

self-controlled cohort design,15 and one study was designed as multi-

ple emulated clinical trials.34 Administrative claims datawere themost

used data type (n = 7), followed by EHRs (n = 6), while one study used

both EHRs and claims data. Sample size varied across studies rang-

ing from 7500 to 117 million (total 139,096,622 participants) with

1,098,157 cases of dementia identified in total (note: information not

provided in all studies).

2.7 Study methods and focus

All included studies used data-drivenmethods to examine associations

between prescribed medications and dementia. However, seven of the

studies15,24,26,30,31,33,34 focused specifically on medications, whereas

the rest16,17,25,27–29,32 applied ML methods to predict AD or all-cause

dementia risk using a range of available features includingmedications

in their models. Of the seven former studies, three were medication-

wide studies using all availablemedications in thedatabase.15,24,30 One

study26 produced hazard ratios for dementia risk validated by clin-

ical trials, studies, and animal experiments for a given agent which

were then rankedbasedon specified groupmetrics and the top-ranking

agents were traced as combinations of agents in patient profiles.

One study identified drug candidates to be repurposed for AD treat-

ments by emulating 430,000 trials 34 and two studies corroborated

top candidate drugs identified via a drug-target interactions predic-
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Cita�ons iden�fied from electronic database searches (n = 4194)  

Duplicates (n = 1008) 
Cita�ons excluded by ini�al Ti&Ab screening (n = 3144) 

Poten�ally relevant ar�cles for full text screening (n = 42) 

Ar�cles excluded a�er full text review, with reasons (n = 31) 
Abstracts n = 13 
Wrong popula�on n = 3 
Wrong exposure n = 6 
Wrong methods n = 7 
Wrong outcome n = 2 

Full text ar�cles reviewed and mee�ng inclusion criteria (n = 11) 

Ar�cles iden�fied via 
backwards/forwards 
cita�on searches (n = 1) 

N = 14 included in systema�c review  

Ar�cles iden�fied via 
updated searches (n = 2) 

F IGURE 1 Flow chart of the study selection process.

tion system,33 and a genetics andmultiomics network-based system,31

respectively.

The studies using ML techniques (n = 7) considered a variety of

predictors or sets of features including the following: demographics,

education, medical diagnoses and International Classification of Dis-

eases (ICD) codes, procedures, medications, medical notes, laboratory

tests, history of personal and family illness, health service utilization,

side effects, and genes. Logistic regression was the most common

modeling technique (n = 6), followed by random forest (n = 4), gra-

dient boosting trees (n = 2), lasso (n = 2), XGBoost (n = 1), support

vector machine (n = 1), sparse logistic regression (n = 1), regular-

ized logistic regression (n = 1), and long short-term memory network,

multilayer perceptrons, and a network-based drug-target interaction

prediction system (n = 1 each). Five studies compared the ML algo-

rithms with other methods.17,25,28,32,34 Random forest outperformed

logistic regression in one study,28 regularized logistic regression out-

performed deep learning-based methods in another study,34 while

logistic regression showed comparable performance to random for-

est and gradient boost machine/XGBoost in two studies.17,32 The

most commonly reported performance measure was the area under

the receiver operating characteristic curve (AUC) with values across

studies ranging from 0.64 to 0.94.
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UNDERWOOD ET AL. 9 of 14

2.8 Medication assessment

Prescription information within studies was most often mapped to

ingredients or drug classes, although itwas not always clearwhich clas-

sification system was used to derive those. The Anatomical Therapeu-

tic Chemical Classification,17,27,31,33,34 British National Formulary,24

the Generic Product Identifier,29,34 and the Hierarchical Ingredient

Code list16 were among those reported. Eight studies included all med-

ications identifiedwithin the database used under specified thresholds

(eg, prescribed to ≥500 or ≥1000 participants), one study preselected

medication groups based on associations reported in the literature,27

two studies selected the top-ranked drug candidates following mod-

eling of phenotypic and genetic relationships,31,33 whereas the ratio-

nale for medication inclusion was not clear in three studies.16,28,32

“Exposed” or prevalent users were generally defined as those who

had been prescribed any of the medications at least once. One study

considered time on treatment15 and another study investigated the

presence of multiple ingredients in patient profiles.26 Although there

are differences in terms of study categorization and reporting of med-

ications, we estimated that the included studies examined more than

200 pharmacological subgroups includingmore than 2000 ingredients.

Associations between medication and dementia risk were considered

based on a p-value of <0.05; individual studies applied additional

specifications as described in the original papers.

2.9 Dementia assessment

Dementia was identified by ICD-9 or ICD-10 codes in EHRs and claims

data or in combination with prescriptions and pharmacy claims for

donepezil, galantamine, rivastigmine, or memantine. Details of demen-

tia diagnosis were unclear in two studies.26,33 AD was an outcome

in the majority of studies (n = 9), while seven studies reported all-

cause dementia, and one study also included results for vascular

dementia.27

2.10 Study quality assessment

Study qualitywas assessed either byPROBAST22 (seven studies) or JBI

(six studies) checklists23 depending on the purpose of the data-driven

approach (Table S2). The toolswere not applicable to the study byMay-

burd et al.26 WhenPROBASTwas used, risk of biaswas judged as “low”

in 71% of the studies for the participants domain, 86% for the pre-

dictors and outcomes domains, and 71% for the analysis domain. Low

risk of bias across all four domains was observed in five16,17,25,28,32

out of the seven studies. One study29 received a “high” overall risk

of bias and for one study the overall risk of bias was estimated as

“unclear.” For all six studies 15,24,27,30,31,33 assessed by JBI checklists,

risk of bias was “low” regarding the questions covering participant

selection, while five of the studies scored a low risk of bias for out-

come assessment.15,24,27,30,31 However, risk of bias was estimated as

potentially “high” for four24,27,30,31 of the studies for questions cover-

ing exposure assessment, and for two studies as “unclear” for questions

assessing loss to follow-up. Medication-wide studies used Bonferroni

correction,24 Benjamini–Hochberg method24,30 or a combination of

other criteria to identify medications that passed their defined thresh-

old and were associated with dementia.5,30 ML studies often used

ensemble methods to improve overall accuracy of prediction mod-

els including random forest,17,28,29,32 gradient boosting,17,32 and long

short-termmemory network.34

2.11 Medications associated with reduced
dementia risk

Ten studies15,17,24,26–28,30,31,33,34 reported associations between a

range of medications and reduced risk of all-cause dementia (n = 6),

AD (n = 7), or vascular dementia (n = 1). Three were medication-wide

association studies.15,24,30 Using different study designs and threshold

criteria for medication inclusion and risk reduction in their analy-

ses, the studies identified associations with 17 medications (≥50%

reduction: catecholaminemodulators, anticoagulants, anticonvulsants,

antibiotics/antivirals, other group),15 and four vaccines (hepatitis A,

typhoid, hepatitis A and typhoid combined, diphtheria),24 respectively.

Associations with the four vaccines were reported for both all-cause

dementia and AD with hazard ratios ranging from 0.68 to 0.92.24 Fif-

teen additional medications were associated with reduced AD risk in

the third medication-wide study,30 falling mainly under the categories

of antibiotics and anti-inflammatory drugs. When the same study

examined specifically repurposed drug candidates from clinical trials

that were also available in their drug list data, three additional medica-

tionswere found to be associatedwith reduced risk of AD: valacyclovir

(antiviral),montelukast (inflammation), and losartan (antihypertensive)

(hazard ratio [HR] range 0.56 to 0.73).30

Three additional studies focused on drug repurposing specifically

for AD.31,33,34 One of the studies developed a network-based drug-

target interactions prediction system by modeling thousands of phe-

notypic and genetic relationships, followed by clinical corroboration

of the top repositioned drug candidates using EHR population-level

data.33 Similarly, Xu et al.31 used a genetics and multiomics network-

based system to identify top candidate drugs for AD and validated

potential associations using EHR data. Medications to treat diabetes,

hypertension, hyperlipidemia, obesity, and treatments for myasthe-

nia gravis and cancer (breast, prostate) were among the top-ranked

drugs associated with lower odds of AD and dementia diagnosis in

the former study.33 Four different medications were identified in the

second network-based study31 to be associated with decreased AD

risk, namely gemfibrozil (reduction of triglycerides), ibuprofen (anti-

inflammatory), ceftriaxone (antibiotic), and cholecalciferol (vitamin

D3) (odds ratio [OR] range of 0.76 to 0.86). The third study34 emulated

thousands of drug trials (a process that imitates targeted randomized

controlled trials [RCTs]) using two large-scale databases and identified

several approved drugs associated with reduced risk of mild cognitive

impairment to AD progression. Five of those drugs showed consistent

beneficial effects on both datasets ranging from 6% to 26% risk reduc-
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10 of 14 UNDERWOOD ET AL.

tion. Original indications of those five drugswere for gastroesophageal

reflux disease, epilepsy, asthma, and high cholesterol.

Two studies reported on data-driven ML models to predict AD

risk.17,28 The study by Park et al. used administrative health data from

Korea and implemented threeMLalgorithms.However, only the top10

features from logistic regression for 0-year prediction were reported,

identifying two medications associated with lower AD incidence: a

vasodilator (OR = 0.74) and a pain killer (OR = 0.77).28 The second

study also applied three ML models and identified several medica-

tions as important predictors in both logistic regression and gradient

boosting machine models. Medications associated with reduced risk

were the following: cough suppressants, antibacterials, lipid modifying

agents, and angiotensin II receptor blockers (ORs ranging from 0.86 to

0.90).17

In a study using claims data covering Japanese citizens, use of anti-

hypertensive and dyslipidemia medications was associated with lower

risk of all-cause dementia, AD, and vascular dementia (dyslipidemia

medications only) diagnosis. ORs ranged from 0.73 to 0.96.27 This

study included only 11 medication codes among other predictors of

dementia diagnosis.

Using data from three US databases, Mayburd and colleagues26

generated mechanism-based groups based on more than 1900

approved drugs and supplements and aligned those with data pre-

sented in 300 clinical trials and animal studies. They then built a model

to fit the signals from the EHRs to clinical trial performance. The larger

groups showing promise included cerebrovascularmodulators (antihy-

pertensives, vasodilators, PDE5 inhibitors, antiplatelet, antimigraine),

immunomodulators (antihistamine, non-steroidal anti-inflammatory

drugs [NSAIDs], antivirals, antigout, and anti-arthritis) and metabolic

stimulators, coenzymes, antioxidants, and vitamins. The higher-ranked

pharmacological combinations were used to produce protective com-

plexity scores within patient profiles. Their analysis showed that the

higher the number of top-ranking active agents present in a patient’s

profile the lower was the fraction of dementia. The strongest neg-

ative correlations with dementia or progression of cognitive decline

were identified for combinationsof herbals, zinc, selenium,magnesium,

biotin, vitamin A, lutein, and chromium picolinate.

Overall, medication classes associated with reduced risk of AD in

multiple studies included antibiotics (n = 5 studies), antihyperten-

sives (n = 6), lipid-lowering drugs (n = 5), anti-inflammatories (n = 4),

and vaccines/antivirals (n = 3). Most studies focused on AD though

similar results were seen for all-cause dementia, perhaps because of

diagnostic overlap given the bulk of dementia cases are caused by

AD. There was limited overlap of specific agents indicating a signifi-

cant association with reduced dementia risk across studies/datasets,

except the following nine drugs which appeared in two studies each:

amoxicillin, azithromycin, doxycycline, fluticasone, ibuprofen, losartan,

methylprednisolone, mirtazapine, and prednisone. In a sub-analysis

using theWilkinson paper24 as the base for comparisons due to its size,

medication coverage and duration of follow-up, four specific medica-

tions were identified as related to reduced risk of all-cause dementia

in both the Wilkinson paper (in the 5-year sensitivity analysis, data

not shown) and additional studies: atorvastatin, cholecalciferol (vita-

min D3), omeprazole, and gabapentin. See Table S3 for medications

associated with reduced risk, the papers in which they were identi-

fied, their World Health Organization (WHO) anatomical therapeutic

chemical classification and indication.

2.12 Medications associated with increased
dementia risk

Ten studies reported medication associations with increased risk of

all-cause dementia (n = 6), AD (n = 7), or vascular dementia (n = 1)

(Table 1). In one of the medication-wide studies,24 217 out of the

744 medications were associated with increased risk including medi-

cations expected a priori with indications for cardiovascular disease,

diabetes, depression, neurodegenerative diseases, and symptoms or

complications of dementia. Additional medications found to be asso-

ciated with increased risk were for conditions such as dyspepsia and

gastroesophageal reflux disease (HR range 1.14 to 1.63), drugs used

in nausea and vertigo (HR range 1.20 to 2.88), laxatives (HR range

1.39 to 2.27), proton pump inhibitors, hypnotics and anxiolytics (HR

range 1.27 to 3.37), analgesics (HR range 1.22 to 1.89), anticonvul-

sants (HR range 1.53 to 4.99), drugs used in substance abuse, and drugs

for genitourinary disorders (HR range 1.38 to 3.44). Of note, some of

these medications have also been found to be associated with reduced

risk (see previous section). However, in a sensitivity analysis includ-

ing drugs first prescribed 10 or more years before diagnosis, it was

primarily antidepressants and antipsychotics that were still associated

with higher dementia incidence.24 In the medication-wide study by Hu

et al.30 medications associated with increased AD risk included sev-

eral used for depression/anxiety (sertraline, escitalopram, trazodone,

mirtazapine) and antipsychotics (quetiapine). When associations were

examined only for drugs from clinical trials for treating AD, again

medications indicated for depression/anxiety, insomnia, seizures, and

Parkinson’s showed increased risk (HR range 3.11 to 4.03).30

In the study by Zhou et al.33 where the top repositioned drug can-

didates were clinically corroborated using EHR population-level data,

statins (fluvastatin, pravastatin), sulfamethoxazole (antibacterial), and

pioglitazone (for diabetes), were associated with increased AD risk

(adjusted OR range 1.14 to 1.32). Top-ranked drugs associated with

all-cause dementia in addition to those for AD risk were as follows:

neostigmine (used in the treatment of myasthenia gravis), disulfi-

ram (alcohol dependence), gemfibrozil (hyperlipidemia), anastrozole

(breast cancer), prednisone (inflammatory conditions), and etoricoxib

(anti-inflammatory analgesic). In the study using claims data covering

Japanese citizens,27 antidepressants, antipsychotics, hypnotics, and

antithromboticmedications predicted all-cause dementia andAD. Vas-

cular dementia predictors included antidepressants and antipsychotics

(OR range 1.06 to 2.25).27

Six studies reported on ML models to predict AD/dementia risk in

individuals aged 70 years and older. In a study using regularly col-

lected claim data and aiming to predict AD risk in people over 75

years old,25 use ofNSAIDswas the onlymedication predictorwith high

appearance frequency among the 13 features selected in the model
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with best performance. Using among others a prescriptions-focused

model, Miled et al. showed that the model could predict dementia

1 year and 3 years prior to diagnosis with an accuracy of 70% and

65% respectively; antidepressants, diuretics, antihyperlipidemics, and

antihypertensives were among the top predictive features.29 Aiming

for a 4- to 5-year prediction prior to dementia diagnosis, the final

model by Nori et al. included 18 medications among the top predic-

tors; antidepressants were among the top five medications followed

by anticholinergics (for overactive bladder), pain killers, and drugs

to treat vascular disease and diabetes.16 In a smaller EHR dataset

from the US, Xu et al.32 developed several ML models for 0- to 3-

year prediction windows of AD risk, all achieving an AUC above 73%.

Top featured medications verified by XGBoost included anti-dementia

drugs (eg, memantine), antipsychotics, antiepileptics, angiotensin II

antagonists, adrenergics, anti-inflammatory agents, antivirals, and

antidepressants.32 Two medications, an antipsychotic (zotepine) and

an antispasmodic (eperisone), were identified among the top selected

features from logistic regression in Park et al.’s28 model. Despite devel-

oping a 0- to 4-year AD risk predictionmodel, important features were

only reported for the 0-year incidence.28 Finally, Reinke et al.17 devel-

oped models to predict dementia incidence including more than 300

features from German claims data. Nearly half of the top features

were prescribed medications associated with increased risk includ-

ing antipsychotics, antidepressants, psychostimulants, urologicals, and

insulin preparations.17

Overall, use of antidepressants, antipsychotics, and medications for

cardiovascular disease and diabetes were among the top predictors in

several ML models developed for the early identification of dementia

using EHR or claims data.16,17,28,29,32 A similar pattern of associa-

tions was observed in the non-ML studies. There was minimal overlap

of specific agents indicating a significant association with increased

dementia risk across studies/datasets, with 13 out of more than 200

drugs appearing in two or three studies: citalopram, escitalopram, lev-

etiracetam,metformin,mirtazapine, oxybutynin, quetiapine, sertraline,

simvastatin, sulfamethoxazole, tramadol, trazodone, and venlafaxine.

The same medications were identified in the sub-analysis using the

Wilkinson paper as the base for comparisons in the overall demen-

tia risk and partly in the 5-year sensitivity analysis (data not shown),

with the addition of two agents: duloxetine and clopidogrel. See Table

S4 for medications associated with increased risk, the papers in which

they were identified, and their WHO anatomical therapeutic chemical

classification and indication.

3 . DISCUSSION

Focusing on studies using a data-driven approach to investigate asso-

ciations between prescribed medications and dementia risk, we iden-

tified 14 studies including administrative or medical records data for

more than 130 million individuals. Such studies are at risk of pro-

ducing false positive associations, and though all studies allowed for

this in their analysis, this systematic review provides an important

further check by looking for consistency of signal across different

papers, datasets, and methodologies. Overall, we found a lack of con-

sistency between studies in identifying individual drugs which modify

risk of all-cause dementia or AD. However, some drug classes with

biological plausibility were identified including antimicrobials, vac-

cines, anti-inflammatories, and antihypertensives for reduced risk; and

antipsychotics, antihypertensives, drugs for diabetes, and antidepres-

sants for increased risk. Some drugs featured in lists of those that were

associated with both increased and decreased risk. There are a num-

ber of possible explanations for this. The first is that the data used to

perform the analyses were not appropriate to identify robust associ-

ations or questions of causality. These are naturalistic datasets which

have been accumulated for clinical, not research, purposes and they

will therefore be suboptimal in a number of ways. All observational

cohort data are subject to confounding variableswhichmaymediate or

attenuate any effect which may mask any link between exposure and

outcome. These datasets may have substantial amounts of missing or

incorrectly entered data. For the results that are obtained it is impos-

sible to assess the direction of causality. For example, antidepressants

prescribed in early stages of dementia presenting with altered mood

would be associated with an increased likelihood of dementia diagno-

sis, though it is dementia which increases the risk of being prescribed

antidepressants (reverse causation).

Grouping drugs into apparently similar classes may lead to con-

flicting results due to differing effects of different class members. For

example, autophagy upregulation has been suggested as a potential

disease-modifying pathway.Many commonly prescribed antihyperten-

sives (eg, some calcium channel antagonists) upregulate autophagy in

animal models and can rescue neurodegenerative phenotypes.35 How-

ever, other antihypertensives donot cross theblood-brain barrier or do

not upregulate autophagy and therefore analysis of antihypertensives

as a class may mask beneficial effects of particular agents. Analyz-

ing the results in other ways (for example specific biological pathways

or particular receptor agonism) might yield different results. Despite

these challenges, thenumbersof people involvedwould seemtomakea

type II error unlikely. An alternative possibility is that there are no rou-

tinely prescribed individual medicines which alter the risk of dementia,

though this also seems unlikely given the number of drugs investigated

and their myriad pleiotropic mechanisms of action.

Despite the lack of consistency for individual drugs, there are

some themes that emerge for drug classes and are consistent with

previously published literature and biological plausibility. The asso-

ciation between antibiotics, antivirals, and vaccines and decreased

risk of dementia is intriguing. Viral and bacterial infectious causes

of common dementias have been proposed, supported by epidemi-

ological data linking infection to dementia risk, antiviral drugs have

been identified as some of the most promising repurposed drugs for

dementia, and there is increasing interest in vaccination as being gen-

erally protective.36–38 Our findings support these hypotheses and

lend further weight to these agents as being potentially disease-

modifying or preventative for dementia. Antihypertensives feature

as drugs which may decrease risk in several studies, despite being

prescribed for hypertension which is itself a risk factor for demen-

tia. This may be due to specific effects of some antihypertensives39
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or as a class effect by improving vascular health. Treating hyperten-

sion in midlife is something with pleiotropic positive benefits and our

findings support the identification and treatment of hypertension and

hyperlipidemia in midlife. The next most common group of medica-

tions associated with decreased risk were anti-inflammatories. This

fits with the increased interest in inflammation being a significant

pathogenic pathway, partly stimulated by genetic data supporting this

hypothesis.40 Agents addressing anti-inflammatory targets are among

the largest categories in the drug development pipeline for AD.41

Although some early clinical trials of these agents have yielded null

results,42 using the right agent at the right time point in disease pro-

gression, perhaps prior to manifestation of cognitive decline, may be

crucial and this is not covered in the studies included in the review.

In terms of increased risk, antipsychotic medication appeared

strongly. Though, as with antidepressants, reverse causation cannot be

ruled out and indeed is likely to explain at least some of this associ-

ation, the finding is consistent with previous literature and serves as

a useful reminder of the need for caution with these agents, particu-

larly in populations at risk of, or already diagnosed with, dementia.43

Understanding the mechanism of this potential effect and whether it

is a true class effect or whether risk varies by specific drug would be

useful to help inform clinical practice. Antidepressants and other drugs

targeting thenervous system, and toa lesser extentdrugsprescribed to

manage blood glucose levels, were among the groups associated with

both reduced and increased dementia risk in some of the reviewed

studies. Although these observations may reflect methodological dif-

ferences such as thresholds formedication inclusion and timewindows

of relevant analyses, it is worth noting that those categories ofmedica-

tions were among the few that appeared to be significantly associated

with increased dementia risk in two or more datasets. Besides being

among widely prescribed medications, several agents in these drug

classes are proposed repurposed drugs in the current AD pipeline for

prodromal or mild to moderate dementia, for example, metformin and

escitalopram.41

Limitations of the reviewed studies need to be acknowledged. Data

on drug administration were not available and prescribed medica-

tion was considered as “exposure” although this does not guarantee

actual intake. Similarly, individuals may have used a drug without mak-

ing a prescription claim, and therefore exposure misclassification is

possible. Dose-response relationships or individual pharmacogenomic

responses were not examined within the reviewed studies. The role

of single versus multiple medications in dementia risk would also be

informative given the increased rates of multimorbidity as populations

age and adverse effects are potentially associated with polypharmacy.

Furthermore, bias is possible in pharmacoepidemiologic studies due

to the unavailability of confounding factors such as education level,

socioeconomic status, and genotyping (eg, apolipoprotein E [APOE]) or

biomarker information (eg, p-tau-217). Several included studies used

approaches to reduce the impact of confounding variables includ-

ing adjustments for age, gender, smoking status,24 comorbidities,27,31

using a self-controlled study design15 or propensity matching30,34

for analyses. ML studies used numerous variables as model predic-

tors including basic sociodemographic variables, medical diagnoses,

laboratory tests, and genome-wide association studies (GWAS) and

multi-omics findings to identify dementia risk predictors or drug

repurposing candidates.

Reverse causality is also plausible and has been discussed in many

of the included studies to interpret observed associations. Although

the clustering of medications around certain indications may aid the

identification of common symptoms preceding dementia diagnosis,

they may dilute true associations with dementia risk. Study designs

with appropriate lag time—removing years of observation timedirectly

before the outcome—might partly address this issue and be rare in

the current synthesis. Only one study conducted a sensitivity analysis

excluding medications first prescribed 5 and 10 years before diagnosis

and identified very few drugs still being associated with higher demen-

tia incidence, namely antidepressants and antipsychotics.24 There is

also potential inaccuracy in terms of the outcome, as dementia may be

under- or misdiagnosed. Several studies used a combination of diag-

nosis codes and anti-dementia drug prescriptions and/or consecutive

claims to identify dementia cases, and future studies could complement

their dementia identification algorithms with information within clini-

cal notes through natural language processing.44 Various medications

featured in the studies applying ML approaches to develop demen-

tia risk prediction models. Although the models generally showed

acceptable discriminatory power, external validation was not per-

formedand is requiredbefore considering their potential as supporting

tools for risk prediction. Finally, although we conducted comprehen-

sive and updated searches, the interest and application of data-driven

approaches utilizing medical and insurance claims data to predict dis-

ease risk including dementia and AD is growing rapidly and we may

havemissed recent publications.

The work presented here is the largest systematic review of stud-

ies using a data-driven approach to investigate associations between

medications currently in use and risk of developing dementia. Though

the results are not immediately clear-cut for individual drugs, some

expected and some unexpected patterns have emerged. Understand-

ing whether drugs in current use could be repurposed for use in

dementia is an urgent priority and will become more important with

the emergenceof platform trials in the field. Future studies augmenting

data-driven approaches using omics and drug target Mendelian ran-

domization for drug discovery and causality assessment can contribute

to this direction. The work presented here can be used to help pri-

oritize drug repurposing candidates and provides a basis for further

exploration of these datasets and potential pathogenic pathways.
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