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Abstract

INTRODUCTION: Public health efforts promote dementia knowledge to reduce

risk, but it is unclear whether knowledge predicts lower risk compared to social

determinants like education and socioeconomic status (SES).

METHODS: We analyzed cross-sectional data from 1730 adults to examine how

age, sex, education, SES, family history of dementia, and Alzheimer’s disease (AD)

knowledge predicted behavioral and health-related dementia risk. We used linear

regressions and machine learning to compare the explanatory and predictive value of

each factor.

RESULTS: Lower SES and educationwere the strongest predictors of increased behav-

ioral risk. Health-related risk was associated only with SES. AD knowledge accuracy

and confidence were not significantly associated with either index. Machine learning

confirmed these patterns, with SES and education emerging as key features.

DISCUSSION: Low SES and educationweremore strongly linked to dementia risk than

AD knowledge. Findings underscore the need for equity-focused strategies beyond

public awareness campaigns to improve knowledge.
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Highlights

∙ Social disadvantage was the strongest predictor of dementia risk.

∙ Lower socioeconomic status (SES) and education predicted increased behavioral

risk.

∙ Only lower SES significantly predicted health-related risk.

∙ Alzheimer’s disease knowledge did not reduce behavioral or health-related risk.
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1 BACKGROUND

Dementia is one of the most pressing global health challenges of the

twenty-first century due to its growing prevalence and substantial

societal burden.1 Alzheimer’s disease (AD), the most common cause of

dementia, accounts for 60% to 80% of all cases.2,3 Although no cure

exists, up to 45% of cases may be preventable through modification of

risk factors across the lifespan.2,3 Understanding the drivers of these

risks and their variability across individuals is a critical scientific and

public health priority.

Modifiable dementia risk factors include both behavioral and

health-related domains, which frequently overlap, but differ in their

primary nature. Behavioral risks (e.g., physical inactivity, smoking,

social isolation) reflect individual habits but are strongly shaped by

structural and social determinants that influence access to support-

ive environments and healthy choices.3–6 Health-related risks (e.g.,

hypertension, diabetes, depression) are clinically diagnosed conditions

involving physiological dysregulation or chronic disease, often linked

to behavioral patterns.7,8 Both types of risk are unequally distributed

due to structural and social determinants,4,9,10 with individuals of

lower socioeconomic status (SES) and education experiencing higher

exposure andgreater barriers to prevention and care. Effective demen-

tia prevention requires addressing individual behaviors alongside the

structural and social determinants that shape them across the life

course.3,11

Structural and social determinants are strongly linked to behavioral

dementia risk factors. Socioeconomic disadvantage is associated

with lower physical activity and reduced smoking cessation.12,13 Low

socioeconomic position, irregular work schedules, and work–family

conflict contribute to excessive daytime sleepiness.14,15 Built-

environment factors shape social engagement and loneliness,16,17

and stronger social support predicts more positive attitudes

toward aging.18 These determinants also influence health-related

risks: lower income, neighborhood deprivation, food insecurity,

and limited social capital are associated with higher prevalence

and poorer control of hypertension,19 diabetes,20 and depressive

symptoms.21 Thus, behavioral and health-related risks are shaped by

broader social and structural conditions rather than individual choice

alone.9

Increasing dementia knowledge is often proposed as a risk-

reduction strategy, but evidence is mixed. Some campaigns improve

knowledge,22,23 while others showed no change.24,25 Greater knowl-

edge does not reliably translate into behavior change, particularly

among individuals with lower education.26 Evidence from vascular

dementia and cardiovascular risk indicates that knowledge alone

is insufficient for sustained lifestyle change, especially among pop-

ulations with lower education, SES, or limited access to health

services.27–29 Although socioeconomic disadvantage and low educa-

tion are well-established contributors to dementia vulnerability,4,30–33

these factors reflect broader structural inequalities shaping cognitive

vulnerability beyond individual-level characteristics.9,34–36 However,

RESEARCH in CONTEXT

1. Systematic Review:We reviewed the literature using tra-

ditional sources (e.g., PubMed) and reference tracking of

systematic reviews.While increasing Alzheimer’s disease

(AD) knowledge is often proposed as a preventive strat-

egy, evidence remainsmixed. Some awareness campaigns

improve knowledge, but effects on sustained behavior

change are inconsistent. No studies have directly com-

pared knowledge to sociodemographic factors as predic-

tors ofmodifiable dementia risk in healthy adults across a

broad age range.

2. Interpretation: Low socioeconomic status and education

are stronger predictors of behavioral dementia risk than

AD knowledge. Using regression and machine learning

in a large digital sample, we found that knowledge did

not significantly explain or predict risk, whereas social

disadvantage consistently did.

3. Future Directions: Future research should use longitu-

dinal designs to clarify how knowledge interacts with

structural and psychological factors over time. Interven-

tions must be co-developed with vulnerable groups and

can be tested using scalable digital tools.

their relative importance compared to dementia knowledge, a common

target of public health campaigns, remains unclear. No studies have

directly quantified the relative contributions of sociodemographic fac-

tors (education, SES, age, sex, family history) versus AD knowledge

using both explanatory and predictive approaches. Addressing this gap

is critical to determine whether knowledge-based interventions can

meaningfully reduce risk once upstream social determinants are taken

into account.

To address this gap, we used the Neureka app, a digital plat-

form, to assess dementia risk in a large community-based sample.37,38

Neureka integrates self-report with cognitive and behavioral mea-

sures delivered through self-administered science challenges.37 We

analyzed data from 1730 adults to examine associations between

sociodemographic factors, dementia knowledge, and two compos-

ite indices of modifiable dementia risk: a behavioral index (physical

activity, social engagement, loneliness, drowsiness, smoking, attitudes

toward aging) and a health-related index (hypertension, diabetes,

depressive symptoms). Predictors included age, sex, education, SES,

family history of dementia, and dementia knowledge. Regression and

machine learning models were used to compare the explanatory

and predictive contributions of sociodemographic and knowledge-

based factors, with implications for future targeted public health

strategies.
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2 METHODS

2.1 Participants

From all Neureka app users,37,38 we included those who completed

Risk Factors and Remember This modules. Sixty-seven individuals

were excludeddue to self-reporteddementia or incomplete data, yield-

ing a final sample of 1730 participants (Figure 1A). The sample was

75% female, aged 18 to 88 years (M = 49.81, standard deviation

[SD] = 14.11), and spanned 36 countries, primarily the United King-

dom (n= 1099), United States (n= 357), Ireland (n= 232), and Canada

(n = 25; Figure 1A). The sample provided > 0.99 power (α = 0.05) to

detect small-to-moderate effects in multiple linear regression models

with up to seven predictors.

The study was approved by the research ethics committee of the

School of Psychology, Trinity College Dublin. All participants provided

informed consent. Neureka data are stored and processed in accor-

dance with the European Union General Data Protection Regulations.

2.2 Procedure and instruments

Neureka is a free smartphoneappdevelopedby theGillan LabatTrinity

CollegeDublin for large-scale brain health research.37 Participants are

recruited through media campaigns, advertisements, research studies,

and citizen science initiatives. All users provide informed consent. Eligi-

bility requires age≥18; tasks are self-guided and uncompensated. This

study analyzed the Risk Factors and Remember This modules.

The Risk Factors module38 includes self-reported sociodemo-

graphic, medical, and lifestyle data (Table 1). Validated instruments

assessed key domains: the Godin–Shephard Leisure-Time Physical

Activity Questionnaire,39 the Lubben Social Network Scale,40 the Uni-

versity of California Los Angeles (UCLA) Loneliness Scale,41 and the

Center for Epidemiologic Studies Depression Scale (CES-D),42 and the

“Attitudes Toward Own Aging” (ATOA) subscale of the Philadelphia

Geriatric CenterMorale Scale.43

The Remember This module includes the 30 original items of the

Alzheimer’s Disease Knowledge Scale,44 withoutmodification. In addi-

tion, participants provided True/False responses and rated confidence

(0–100%) for each item. Although a repeat assessment is prompted

after 2 weeks, only the first completion was analyzed. Two pre-

dictors were derived: proportion correct and mean confidence. The

full item set is available in Supplementary Material S1 in supporting

information.

2.3 Data analysis

We used statistical and machine learning methods to examine associa-

tions among sociodemographic factors, dementia knowledge, andmod-

ifiable risks.Weestimatedeffect directionandmagnitudeandassessed

the predictive importance of each predictor group. Regression models

quantified associations, whereasmachine learning captured non-linear

patterns, improved prediction, and identified key contributors.45 This

combined approach enhanced interpretability and robustness. Mea-

sures used to operationalize each predictor and risk factor are detailed

in Table 1.

Modifiable risk factors2,3 were grouped into two theoretically

defined categories (Figure 1B; Table 1). Behavioral risk included low

physical activity, low social engagement, loneliness, drowsiness, smok-

ing, and negative attitudes toward aging.3,4,26,46,47 Health-related risk

included hypertension, diabetes, and depressive symptoms, represent-

ing medical or mental health conditions that may be behaviorally

influenced but are not solely lifestyle driven.3,4,11 Variables were

reverse-coded as needed so that higher values indicated greater risk.

All risk factors were z score standardized and averaged to derive the

corresponding risk indices (Figure 1C).

We ran two linear regressionmodelswith thebehavioral andhealth-

related risk indices as outcomes (Figure 1D). Predictors included age,

sex (women as reference), education, SES, family history of demen-

tia, dementia knowledge, and confidence. Standardized betas and R2

were reported.Univariatemodels assessed consistencywithmultivari-

ate results. Predictor correlations andmulticollinearitywere evaluated

using variance inflation factor and tolerance.

To assess predictive performance, we trained Extreme Gra-

dient Boosting (XGBoost) classifiers on binarized risk indices

(high vs. low, median split). Performance was evaluated using

stratified repeated random splits (10 repeats, 80% training, 20%

testing), with hyperparameters tuned via grid search and 5-fold

cross-validation within training sets. SHapley Additive exPlana-

tions (SHAP)48 were used to estimate predictor contributions and

direction (Figure 1E). Performance was quantified using area under

the curve (AUC; 95% confidence interval [CI]), accuracy, precision,

recall, and F1 score. Robustness was examined using alternative

70/30 splits and random forest classifiers under both partitioning

schemes.

3 RESULTS

Participants answered an average of 80% of items correctly (range:

40%–100%; Figure 2A). Item #29 (“Alzheimer’s disease cannot be

cured”) had the highest accuracy, whereas item #2 (“Mental exercise

can prevent Alzheimer’s disease”) had the lowest (Figure 2B). Demen-

tia knowledge was higher among participants with greater education

(r= 0.25, p< 0.001) and older age (r= 0.20, p< 0.001; Figure 2C). Edu-

cationwaspositively associatedwithSES (r=0.34,p<0.001), andolder

age with reporting a family history of dementia (r = 0.30, p < 0.001;

Figure 2C). Variance inflation factors (1.03–1.21) and tolerance values

(0.83–0.97) indicated nomulticollinearity.

In the behavioral risk model (R2 = 0.24, F = 77.12, p < 0.001), lower

SES, lower education, and younger agewere associatedwithhigher risk

(Figure 3A). SES showed the strongest association (partial R2 = 0.24,

β = 0.44, p < 0.001), followed by education (partial R2 = 0.05, β = 0.07,
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(A)

(B)

(C) (D) (E)

F IGURE 1 Dataset overview and analysis pipeline. A, Data were collected from 1730 participants across 36 countries on six continents.
Participant counts per country are shown in brackets. B, Overview of the seven predictors, six behavioral risk factors, and four health-related risk
factors included in the study. C, Behavioral and health-related risk factors were standardized using z-score normalization to construct two
composite risk indices. D, Two linear regressionmodels—one for each risk index—were conducted using the full set of predictors. E, Two Extreme
Gradient Boosting (XGBoost) classifiers—one per index—were trained to predict binarized risk (high vs. low) based on themedian split. SHapley
Additive exPlanations values were computed to estimate the relative contribution and direction of each predictor tomodel outputs
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TABLE 1 Measures used to assess predictors and risk factors, with corresponding descriptive data.

Measure Description Statistics

Predictors

Education 0=No formal education

1= Lower secondary education

2=Upper secondary education

3=University/college degree or equivalent

4=Master’s degree or equivalent

5= PhD or equivalent

M= 2.82

SD= 0.99

Range= 0–5

SES Participants were asked to choose a place in a ladder between 1 and 10, to represent themselves

based onmoney and job in relation to other people in their country of residence

M= 5.94

SD= 1.71

Range= 0–10

Family history of dementia Participants were asked if either of their parents or their siblings have been diagnosedwith

dementia

Yes= 426 (24.62%)

No= 1304 (75.37%)

Health-related index

Hypertension Participants answered if they were diagnosedwith hypertension by a doctor Yes= 293 (16.93%)

No= 1437 (83.06%)

Diabetes Participants answered if they were diagnosedwith diabetes by a doctor Yes= 99 (5.72%)

No= 1631 (94.27%)

Depression Center for Epidemiological Studies Depression (CES-D): 20-item self-report tomeasure

depressive symptoms

M= 18.23

SD= 13.69

Range= 0–60

Behavioral risk index

Smoking 1. Non-smoker

2. Ex-smoker

3. Current smoker

4. Unknown

Yes (1,2)= 595 (34.39%)

No (3,4)= 1135 (65.60%)

Physical activity Godin-Shephard Leisure-Time Physical Activity Questionnaire: self-report tomeasure physical

activity, specifically strenuous, moderate, andmild exercise

M= 32.65

SD= 25.44

Range= 0–120

Social network Lubben Social Network Scale: self-report measure of social engagement M= 15.59

SD= 6.31

Range= 0–30

Attitute toward own aging Attitudes TowardOwnAging (ATOA) subscale of the Philadelphia GeriatricMorale Scale:

measures self-perception of aging

M= 2.87

SD= 1.70

Range= 0–5

Drowsiness Participants were asked 4 questions about feelings of drowsiness throughout their day:

1. Are you drowsy and lethargic during the day, despite getting enough sleep the night before?

2. Do you sleep 2 ormore hours during the day (before 7:00 p.m.)?

3. Are there times when your flow of ideas is disorganized, unclear, or not logical?

4. Do you tend to stare into space for long periods of time?

M= 1.21

SD= 1.18

Range= 0–4

Loneliness UCLA Loneliness Scale: self-report scale that measures loneliness M= 21.12

SD= 15.48

Range= 0—60

Abbreviations: SD, standard deviation; UCLA, University of California Los Angeles.

p = 0.001), and age (partial R2 = 0.02, β = −0.08, p < 0.001), corre-

sponding to large,medium, and small effects, respectively. In the health

risk model (R2 = 0.12, F = 34.34, p < 0.001), only SES was a signif-

icant predictor (partial R2 = 0.11, β = 0.34, p < 0.001). Sex, family

history of dementia, AD knowledge, and confidence were not asso-

ciated with either index (Figure 3A). This pattern was replicated in

univariate analyses.

Machine learning results using XGBoost confirmed these patterns

showing that lower SES was linked to higher predicted risk across

both indices (Figures 3C, 3B, 3D). For behavioral risk, SES was the

strongest predictor, followed by age and education. For health-related

risk, SES remained the top predictor, followed by education and age.

Predictive performance was consistently higher for the behavioral

than for the health risk index in the primary XGBoost models (80/20

split). For behavioral risk, XGBoost achieved an AUC of 0.73 (95% CI

[0.67, 0.78]), with accuracy = 0.66 ± 0.02, precision = 0.68 ± 0.02,

recall = 0.62 ± 0.03, and F1 = 0.65 ± 0.02. Performance was lower

for the health risk index (AUC = 0.68, 95% CI [0.62, 0.74]; accu-
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(A) (B) (C)

F IGURE 2 Distribution of Alzheimer’s disease knowledge questionnaire answers and correlations between predictors. A, General distribution
of correct answers across the 1730 participants, and (B) question-specific distribution. C, Correlationmatrix between predictors

(A) (B)

(D)(C)

F IGURE 3 Results from linear regression and ExtremeGradient Boosting (XGBoost) models using the 80% training and 20% testing partition.
A, Standarized beta values for each predictor from the linear regressionmodels. B, Receiver operating characteristic (ROC) curves for the XGBoost
models predicting high versus low risk for each index. C, D, SHapley Additive exPlanations (SHAP) summary plots showing the contribution and
impact of each predictor on the behavioral risk index and health-related risk index, respectively. Each point represents a participant; color
indicates the value of the predictor (red= high, blue= low), and SHAP values on the x axis indicate the direction andmagnitude of the predictor’s
influence.Wider distributions reflect greater overall importance to themodel

racy = 0.65 ± 0.01; precision = 0.69 ± 0.03; recall = 0.48 ± 0.02;

F1 = 0.56 ± 0.01). Validation with random forest models under the

same80/20 scheme showeda similar pattern,with higher performance

for behavioral risk (AUC=0.72, 95%CI [0.66, 0.77]) than for health risk

(AUC = 0.67, 95% CI [0.61, 0.72]). Predictor rankings were consistent

across XGBoost and random forest models.

Results from alternative 70/30 splits, consistent with the 80/20

partition, are reported in S2 in supporting information. Figure S1 in

supporting information shows receiver operating characteristic (ROC)

curves for random forest models under both 80/20 and 70/30 splits,

and for XGBoost models under the 70/30 split used in robustness

analyses.
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4 DISCUSSION

This study assessed the contribution of sociodemographic and

knowledge-based factors to modifiable dementia risk. Lower SES

and education were the strongest predictors of behavioral risk, while

only SES predicted health-related risk. Younger age was modestly

associated with higher behavioral risk. Sex, family history, and demen-

tia knowledge were not associated with either risk index. Dementia

knowledge correlated positively with education and negatively with

age, and older age was modestly associated with reporting a family

history. Overall, social disadvantage, reflected by SES and education,

showed a stronger association with dementia risk than AD knowledge

and should be prioritized in prevention efforts.

Our findings reinforce evidence that social disadvantage is a key

contributor to dementia risk.4,33 Although measured at the individual

level, SES and education reflect broader structural conditions shaping

access to resources, exposure to chronic stressors, and opportuni-

ties for health-promoting behaviors.49,50 Individuals with lower SES

or education face greater barriers to healthy lifestyles due to eco-

nomic constraints, environmental disadvantage, stress, and limited

health literacy.50 Education may further support the understanding

and application of health information, facilitating risk reduction.33

The modest association between younger age and higher behavioral

risk may reflect generational differences in norms or delayed engage-

ment in health behaviors earlier in life.51 These findings highlight the

need for early, equity-oriented prevention strategies that address both

individual behaviors and upstream social conditions across the life

course, with age-sensitive interventions prioritizing socioeconomically

disadvantaged populations.

Across univariate andmultivariatemodels, accuracy and confidence

in AD knowledge were not associated with lower risk. This suggests

that improving dementia knowledge alone, although commonly pro-

posed as a preventive strategy, may be insufficient, particularly in

socially disadvantaged populations.24,27–29 While informational cam-

paigns can improve awareness, their population-level impact remains

inconsistent.22–25 Translating knowledge into preventive behavior

requires cognitive, motivational, and contextual resources that are

inequitably distributed.24,52 Evidence from dementia and cardiovas-

cular research shows a weak link between awareness and sustained

behavior change,27–29 underscoring the need for approaches that

extend beyond knowledge dissemination.

Predictive performance was consistently stronger for the behav-

ioral risk index across models and validation splits. Physical inactivity,

low social engagement, and negative attitudes toward agingwere asso-

ciated with both SES and education, consistent with their reliance

on daily opportunities, health literacy, and social participation.53,54

The inverse association with age likely reflects life-course or gener-

ational differences in health behaviors.55 Health-related risks were

associated only with SES, suggesting cumulative socioeconomic expo-

sures such as chronic stress, environmental adversity, neighborhood

disadvantage, and health-care access.19–21 Although higher educa-

tion has been linked to lower risks of hypertension,56 diabetes,56

and depression,57 these associations often attenuate after account-

ing for structural disadvantage,58,59 consistent with our findings.

Overall, behavioral and health-related risks capture partially dis-

tinct socioeconomic dimensions, supporting the prioritization of

dementia risk reduction among socioeconomically disadvantaged

populations.11

From a public health perspective, these findings underscore the

limits of information-only strategies. While awareness is necessary, it

is rarely sufficient to change socially embedded behaviors. Effective

dementia prevention must also address structural barriers to healthy

behavior, particularly among higher risk groups.11,27 Tailored strate-

gies grounded in lived realities and implemented through policy-level

actions are essential to reduce disparities and promote brain health

across the lifespan.

Several limitations should be noted. The cross-sectional design pre-

cludes causal inference. Self-reported data may be affected by social

desirability bias. The predominantly female, self-selected, English-

speaking app-based sample limits generalizability. Not all modifiable

risk factors were assessed (e.g., hearing loss, head trauma, alcohol

use). Model discrimination was modest (AUC at the lower acceptable

range) and should be interpreted accordingly; additional variables may

improve performance. Future research should use longitudinal designs

to examine how knowledge and social factors interact over time and

to identify psychological and contextual mediators of knowledge–

behavior links. Equity-oriented interventions should be co-developed

with vulnerable populations and combine educational and structural

components.

In conclusion, SES and education were more strongly associated

with behavioral than health-related dementia risk, while AD knowl-

edge was not a significant predictor of either index. These findings

underscore the limitations of awareness-based approaches and high-

light the importance of addressing structural conditions that constrain

healthy behaviors. Equity-focused, context-sensitive strategies are

essential to reduce dementia risk and promote brain health across

diverse populations.

ACKNOWLEDGMENTS

Artificial intelligence–assisted technologies were used to improve

spelling and grammar.

CONFLICT OF INTEREST STATEMENT

S.B. is supported by Global Brain Health Institute, Alzheimer’s Asso-

ciation, Alzheimer’s Society UK, Pilot Awards for Global Brain Health

Leaders (Grant Number: GBHI ALZ UK- 25-1289623). A.M.R. has

received consulting fees from Tolion Health AI. C.M.G. is supported by

ERC starting grant (ERC-H2020-HABIT) and Science Foundation Ire-

land (19/FFP/6418). S.R.M. has nothing to disclose. Author disclosures

are available in the supporting information.

ETHICAL APPROVAL

All participants gave their informed consent before participating in the

study.

 15525279, 2026, 2, D
ow

nloaded from
 https://alz-journals.onlinelibrary.w

iley.com
/doi/10.1002/alz.71260 by T

rinity C
ollege D

ublin, W
iley O

nline L
ibrary on [08/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



8 of 9 BAEZ ET AL.

ORCID

SandraBaez https://orcid.org/0000-0003-0875-1709

REFERENCES

1. The Lancet Public H. Reinvigorating the public health response to

dementia. Lancet Public Health. 2021;6:e696.
2. Livingston G, Huntley J, Sommerlad A, et al. Dementia prevention,

intervention, and care: 2020 report of the Lancet Commission. Lancet.
2020;396:413–446.

3. Livingston G, Huntley J, Liu KY, et al. Dementia prevention, interven-

tion, and care: 2024 report of the Lancet standing Commission. Lancet.
2024;404:572–628.

4. Hernandez H, Santamaria-Garcia H, Moguilner S, et al. The expo-

some of healthy and accelerated aging across 40 countries. Nat Med.
2025;31(9):3089–3100.

5. Paradela RS, Calandri I, Castro NP, et al. Population attributable

fractions for risk factors for dementia in seven Latin American coun-

tries: an analysis using cross-sectional survey data. Lancet Glob Health.
2024;12:e1600-e1610.

6. Mukadam N, Sommerlad A, Huntley J, Livingston G. Population

attributable fractions for risk factors for dementia in low-income

andmiddle-income countries: an analysis using cross-sectional survey

data. Lancet Glob Health. 2019;7:e596–e603.
7. Miranda JJ, Barrientos-Gutierrez T, Corvalan C, et al. Understand-

ing the rise of cardiometabolic diseases in low- and middle-income

countries.NatMed. 2019;25:1667–1679.
8. Corcoran J, Marinescu I, Vogelsang C, Kim JC, Morgan S. Prevalence

of depression inwomenwith low income living in developed countries.

Depress Anxiety. 2021;38:1046–1053.
9. Barnes LL, ZuelsdorffM. The social determinants of health: disparities

in cognitive aging and dementia. Annu Rev Dev Psychol. 2025;7:485–
508

10. Santamaria-Garcia H, Sainz-Ballesteros A, Hernandez H, et al. Factors

associated with healthy aging in Latin American populations.Nat Med.
2023;29:2248–2258.

11. Bransby L, Rosenich E, Maruff P, Lim YY. How modifiable are mod-

ifiable dementia risk factors? a framework for considering the mod-

ifiability of dementia risk factors. J Prev Alzheimers Dis. 2024;11:22–
37.

12. Stringhini S, Carmeli C, Jokela M, et al. Socioeconomic status and the

25×25 risk factors as determinants of premature mortality: a multi-

cohort study and meta-analysis of 1.7 million men and women. Lancet.
2017;389:1229–1237.

13. Avila JC, Lee S, Osuoha E, Maglalang DD, Sokolovsky A, Ahluwalia JS.

Socioeconomic status across the life course and smoking cessation

amongolder adult smokers in theU.S.Addict Behav. 2022;135:107454.
14. Hale L, Emanuele E, James S. Recent updates in the social and

environmental determinants of sleep health. Curr Sleep Med Rep.
2015;1:212–217.

15. Cunningham TR, Guerin RJ, Ferguson J, Cavallari J. Work-related

fatigue: a hazard for workers experiencing disproportionate occupa-

tional risks. Am J IndMed. 2022;65:913–925.
16. Li W, Zhang X, Gao H, Tang Q. Heterogeneous effects of socio-

economic status on social engagement level among Chinese

older adults: evidence from CHARLS 2020. Front Public Health.
2024;12:1479359.

17. Choi EY. Longitudinal associations of neighborhood social cohesion

with self-perceptions of aging and loneliness. J Gerontol B Psychol Sci
Soc Sci. 2024;79:gbad148.

18. Buzgova R, Kozakova R, Bobcikova K. Predictors of attitudes towards

aging in elderly living in community care. BMCGeriatr. 2024;24:266.
19. Leng B, Jin Y, Li G, Chen L, Jin N. Socioeconomic status and hyperten-

sion: a meta-analysis. J Hypertens. 2015;33:221–229.

20. Kanny S, Hall LC, BridgesWC Jr, Westbrook Sherrill W. Development

of the diabetes index for Social Determinants of Health (DISDOH).

BMJOpen Diabetes Res Care. 2025;13:e005113.
21. Lopes CS, Hellwig N, E Silva GA, Menezes PR. Inequities in access

to depression treatment: results of the Brazilian National Health

Survey—PNS. Int J Equity Health. 2016;15:154.
22. Heger I, Deckers K, van Boxtel M, et al. Dementia awareness and risk

perception inmiddle-aged andolder individuals: baseline results of the

MijnBreincoach survey on the association between lifestyle and brain

health. BMC Public Health. 2019;19:678.
23. Van Asbroeck S, van Boxtel MPJ, Steyaert J, et al. Increasing knowl-

edge on dementia risk reduction in the general population: results of a

public awareness campaign. PrevMed. 2021;147:106522.
24. Heger I, Kohler S, van Boxtel M, et al. Raising awareness for dementia

risk reduction through a public health campaign: a pre-post study.BMJ
Open. 2020;10:e041211.

25. Paauw D, Heger I, Bjerre JF, et al. Increasing awareness for demen-

tia risk reduction through a public awareness campaign in Denmark:

a pre-post study. PrevMed. 2024;179:107848.
26. Vrijsen J, Matulessij TF, Joxhorst T, de Rooij SE, Smidt N. Knowl-

edge, health beliefs and attitudes towards dementia and dementia

risk reduction among the Dutch general population: a cross-sectional

study. BMC Public Health. 2021;21:857.
27. Negesa LB, Magarey J, Rasmussen P, Hendriks JML. Patients’

knowledge on cardiovascular risk factors and associated lifestyle

behaviour in Ethiopia in 2018: a cross-sectional study. PLoS One.
2020;15:e0234198.

28. Parial LL, Lam SC, Ho JYS, Suen LKP, Leung AYM. Public knowledge

of the influence of modifiable cardiovascular risk factors on dementia:

a systematic literature review and meta-analysis. Aging Ment Health.
2021;25:1395–1409.

29. Coulson I,MarinoR,MinichielloV.Older people’s knowledge andprac-

tice about lifestyle behaviors thatmayprevent vascular dementia.Arch
Gerontol Geriatr. 2001;33:273–285.

30. Bjelland I, Krokstad S, Mykletun A, Dahl AA, Tell GS, Tambs K. Does a

higher educational level protect against anxiety and depression? The

HUNT study. Soc Sci Med. 2008;66:1334–1345.
31. Di Chiara T, Scaglione A, Corrao S, Argano C, Pinto A, Scaglione R.

Education and hypertension: impact on global cardiovascular risk.Acta
Cardiol. 2017;72:507–513.

32. Nandi A, Glymour MM, Subramanian S. Association among socioeco-

nomic status, health behaviors, and all-cause mortality in the United

States. Epidemiology. 2014;25:170–177.
33. Gonzalez-Gomez R, Legaz A, Moguilner S, et al. Educational dispari-

ties in brain health and dementia across Latin America and the United

States. Alzheimers Dement. 2024;20:5912–5925.
34. Moguilner S, Baez S, Hernandez H, et al. Brain clocks capture diversity

and disparities in aging and dementia across geographically diverse

populations.NatMed. 2024;30:3646–3657.
35. Legaz A, Altschuler F, Gonzalez-Gomez R, et al. Structural inequality

linked to brain volume and network dynamics in aging and dementia

across the Americas.Nat Aging. 2025;5:259–274.
36. Abouelmagd ME, AbdelMeseh M, Elrosasy A, Eldeeb HA, Nabil Y.

Adverse childhood experiences and risk of late-life dementia: a sys-

tematic review and meta-analysis. Soc Psychiatry Psychiatr Epidemiol.
2025;60:1087–1098.

37. Donegan KR, Brown VM, Price RB, et al. Using smartphones to opti-

mise and scale-up the assessment of model-based planning. Commun
Psychol. 2023;1:31.

38. Rosicka AM, Teckentrup V, Fittipaldi S, et al. Modifiable dementia risk

factors associated with objective and subjective cognition. Alzheimers
Dement. 2024;20:7437–7452.

39. Godin G. The Godin-Shephard leisure-time physical activity question-

naire.Health Fit J Can. 2024;4:18–22.

 15525279, 2026, 2, D
ow

nloaded from
 https://alz-journals.onlinelibrary.w

iley.com
/doi/10.1002/alz.71260 by T

rinity C
ollege D

ublin, W
iley O

nline L
ibrary on [08/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://orcid.org/0000-0003-0875-1709
https://orcid.org/0000-0003-0875-1709


BAEZ ET AL. 9 of 9

40. Lubben JE. Assessing social networks among elderly populations. Fam
Community Health. 1988;11:42–52.

41. Russell D, Peplau LA, Cutrona CE. The revised UCLA Loneliness Scale:

concurrent and discriminant validity evidence. J Pers Soc Psychol.
1980;39:472–480.

42. Radloff LS. The CES-D Scale: a self-report depression scale for

research in the general population. Appl Psychol Meas. 1977;1:385–
401.

43. Lawton MP. The Philadelphia Geriatric Center Morale Scale: a revi-

sion. J Gerontol. 1975;30:85–89.
44. Carpenter BD, Balsis S, Otilingam PG, Hanson PK, Gatz M. The

Alzheimer’sDiseaseKnowledge Scale: development andpsychometric

properties.Gerontologist. 2009;49:236–247.
45. Stahl D. New horizons in prediction modelling using machine learn-

ing in older people’s healthcare research. Age Ageing. 2024;53:

afae201.

46. van der Linde R, Stephan BC, Matthews FE, et al. Behavioural and

psychological symptoms in the older population without dementia–

relationship with socio-demographics, health and cognition. BMC
Geriatr. 2010;10:87.

47. Cavailles C, Berr C, Helmer C, Gabelle A, Jaussent I, Dauvilliers Y.

Complaints of daytime sleepiness, insomnia, hypnotic use, and risk of

dementia: a prospective cohort study in the elderly. Alzheimers Res
Ther. 2022;14:12.

48. Lundberg SM, Erion G, Chen H, et al. From local explanations to

global understanding with explainable AI for trees. Nat Mach Intell.
2020;2:56–67.

49. Mulder BC, de Bruin M, Schreurs H, van Ameijden EJ, van Woerkum

CM. Stressors and resources mediate the association of socioe-

conomic position with health behaviours. BMC Public Health.
2011;11:798.

50. Mudd AL, van Lenthe FJ, Verra SE, Bal M, Kamphuis CBM. How

structural and individual factors help explain socioeconomic inequal-

ities in health behaviors. European Journal of Public Health. 2021;31,
Supplement, ckab164.527, https://doi.org/10.1093/eurpub/ckab164.

527

51. Farina FR, BridgemanK, Gregory S, et al. Next generation brain health:

transforming global research and public health to promote preven-

tion of dementia and reduce its risk in young adult populations. Lancet
Healthy Longev. 2024;5:100665.

52. Alyafei A, Easton-Carr R. The Health Belief Model of Behavior Change.
StatPearls; 2025.

53. Sumimoto Y, Yanagita M, Miyamatsu N, et al. Association between

socioeconomic status and physical inactivity in a general Japanese

population: NIPPONDATA2010. PLoS One. 2021;16:e0254706.
54. Yang Y, Wang S, Chen L, et al. Socioeconomic status, social capital,

health risk behaviors, and health-related quality of life among Chinese

older adults.Health Qual Life Outcomes. 2020;18:291.
55. ChenH,CaoY,MaY,XuW,ZongG,YuanC.Age- and sex-specificmod-

ifiable risk factor profiles of dementia: evidence from the UK Biobank.

Eur J Epidemiol. 2023;38:83–93.
56. Zhang X, Yu SL, Qi LM, Xia LN, Yang QT. Association of educa-

tional attainmentwith hypertension and type-2 diabetes: aMendelian

randomization study. SSM Popul Health. 2024;25:101585.
57. Jareebi MA, Alqassim AY. The impact of educational attainment on

mental health: a Causal Assessment from the UKB and FinnGen

cohorts.Med (Baltim). 2024;103:e38602.
58. Granstrom F, Garvin P, Molarius A, Kristenson M. Distinguishing

independent and shared effects of material/structural conditions

and psychosocial resources on educational inequalities in self-rated

health: results from structural equation modelling. Public Health.
2021;196:10–17.

59. Zhang CQ, Chung PK, Zhang R, Schuz B. Socioeconomic inequalities

in older adults’ health: the roles of neighborhood and individual-

level psychosocial and behavioral resources. Front Public Health.
2019;7:318.

SUPPORTING INFORMATION

Additional supporting information can be found online in the Support-

ing Information section at the end of this article.

How to cite this article: Baez S, Marquez SR, Rosická AM,

Gillan CM. Social disadvantage outweighs knowledge in

dementia risk. Alzheimer’s Dement. 2026;22:e71260.

https://doi.org/10.1002/alz.71260

 15525279, 2026, 2, D
ow

nloaded from
 https://alz-journals.onlinelibrary.w

iley.com
/doi/10.1002/alz.71260 by T

rinity C
ollege D

ublin, W
iley O

nline L
ibrary on [08/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1093/eurpub/ckab164.527
https://doi.org/10.1093/eurpub/ckab164.527
https://doi.org/10.1002/alz.71260

	Social disadvantage outweighs knowledge in dementia risk
	Abstract
	Highlights
	1 | BACKGROUND
	2 | METHODS
	2.1 | Participants
	2.2 | Procedure and instruments
	2.3 | Data analysis

	3 | RESULTS
	4 | DISCUSSION
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	ETHICAL APPROVAL
	ORCID
	REFERENCES
	SUPPORTING INFORMATION


