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Abstract

INTRODUCTION:We sought to develop a practical tool for predicting dementia risk

among rural-dwelling Chinese older adults.

METHODS: This cohort study included 2220 rural older adults (age ≥ 65 years) who

were dementia-free at baseline (2014) andwere followed in 2018. Dementiawas diag-

nosed following the DSM-IV criteria. The prediction model was constructed using Cox

models. We used C-index and calibration plots to assess model performance, and the

decision curve analysis (DCA) to assess clinical usefulness.

RESULTS:During the 4-year follow-up, 134 individualswere diagnosedwith dementia.

We identified age, education, self-rated AD8 score, marital status, and stroke for the

prediction model, with the C-index being 0.79 (95% confidence interval = 0.75–0.83)

and the corrected C-index for internal validation being 0.79. Calibration plots showed

good performance in predicting up to 4-year dementia risk and DCA indicated good

clinical usefulness.

DISCUSSION: The 4-year dementia risk can be accurately predicted using five easily

available predictors in a rural Chinese older population.
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Highlights

∙ We developed and internally validated a practical tool for dementia risk prediction

among a rural older population in China.
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∙ The prediction tool showed good discrimination and excellent calibration for

predicting up to 4-year risk of dementia.

∙ The prediction tool can be used to identify individuals at a high risk for dementia for

early preventive interventions.

1 BACKGROUD

Dementia has been recognized as a global public health priority.

There is currently no cure for dementia, and identifying individu-

als at an increased risk for dementia may provide a time window

for early preventive interventions to reduce the risk or delay the

onset of dementia.1,2 Indeed, previous research has shown that

preventive interventions targeting modifiable lifestyle factors in an

asymptomatic population may represent a cost-effective approach to

reducing dementia risk and the disease burden.3,4 Hence, a practical

tool that could identify individuals at an increased risk for dementia

will be crucial for effective interventions to delay onset of the dementia

syndrome.

Numerous tools for predictingdementia riskhavebeendeveloped in

the past 2–3 decades, with the predictive accuracy,measured using the

concordance (C)-statistic, ranging from 0.64 to 0.91.1,5–10 However,

most of the current dementia risk prediction models have been devel-

oped among high-income countries (HICs), especially among European

and North American populations.5,7,9 Of note, an external validation

study found that the dementia risk prediction models derived from

HICs (e.g., Australia and the Netherlands) were indeed not be appli-

cable to populations from low- and middle-income countries (LMICs)

such as China.11,12 This is partly because the risk prediction mod-

els for dementia may vary depending on the ethnic, socioeconomic,

and cultural backgrounds of the target populations where genetic

and environmental risk factors for dementia may differ.13 Develop-

ing the tailored dementia risk prediction models in LMICs for early

preventive interventions is also particularly relevant given the facts

that worldwide, around two-thirds of people with dementia are living

in LMICs and that the number of people with dementia is projected

to increase more rapidly in LMICs than in HICs because of a faster

increase in the absolute number of older people in LMICs.14 China,

which has the world largest dementia population, has experienced a

steady increase in theprevalence andburdenof dementia over thepast

three decades15; furthermore, rural older people are at a heightened

risk for dementia and are disproportionally affected by the devastating

disorder in China.16 However, preventive interventions to effectively

delay dementia onset among individuals at a high risk for demen-

tia have been hampered by the fact that, currently, there is lack of

a practical tool for predicting dementia risk in China. Thus, develop-

ing a simple, inexpensive, and easily implementable tool to identify

individuals at risk for dementia is crucial to facilitate early preventive

interventions.5,17

Therefore, in this population-based cohort study, we sought to

develop a practical tool for predicting dementia risk among a rural-

dwelling older population in China. To facilitate implementation, we

developed the tool based primarily on easily available predictors and

further transformed it into a user-friendly Web-based dementia risk

calculator.

2 METHODS

This study was conducted and reported following the updated guid-

ance for reporting clinical prediction models that use regression or

machine learningmethods (TRIPOD+AI).18

2.1 Study populations

This was a population-based prospective cohort study. We used data

thatwere collected at twowaves of examination in the same geograph-

ical rural region of Yanlou Town, Yanggu County, western Shandong

province, China, that is, the Shandong Yanggu Study of Aging and

Dementia (SYS-AD) in August–December 2014 and the Multimodal

Interventions to Delay Dementia and Disability in Rural China (MIND-

China) in March–September 2018, as previously reported.19–22 In

brief, in August–December 2014 (baseline), a total number of 3193

participants (age ≥65 years) were examined for SYS-AD; of these,

973 were excluded due to prevalent dementia that was diagnosed at

baseline according to the Diagnostic and Statistical Manual of Mental

Disorders, Fourth Edition (DSM-IV) criteria (n = 201), major psychi-

atric disorders or incomplete data for diagnosis of dementia status

(n = 109), death prior to the follow-up examination (n = 215), and loss

to the follow-up examination in 2018 (n = 448). Thus, a total of 2220

participants were included in the current analysis. Figure 1 shows the

flowchart of the study participants.

2.2 Data collection and assessments

At baseline (2014), data were collected by trained medical staff fol-

lowing a structured questionnaire through face-to-face interviews,

clinical examinations, cognitive testing, and laboratory tests.19,21 We

collected data on sociodemographic factors (e.g., age, sex, educa-

tion, marital status, and occupation), lifestyle factors (e.g., smoking,

alcohol drinking, oral hygiene, and physical activity), cardiometabolic

factors (e.g., hypertension, diabetes, and hyperlipidemia), clinical con-

ditions (e.g., cardiovascular disease, stroke, cancer, traumatic brain

injury, and thyroid disorders), and apolipoprotein E (APOE) genotype.



LIU ET AL. 3 of 12

F IGURE 1 Flowchart of study participants, Shandong Yanggu
Study on Aging andDementia, 2014–2018. SYS-AD, the Shandong
Yanggu Study on Aging andDementia.

Arterial blood pressure was measured on the right arm in a sitting

position after a 5-min rest using an electronic blood pressure mon-

itor (Omron HEM-7127J; Omron Corporation, Kyoto, Japan), with

the cuff maintained at the heart level. Current use of medications

(e.g., bloodpressure-loweringdrugs, bloodglucose-loweringdrugs, and

lipid-loweringdrugs)was recordedbasedon self-reported information,

and whenever possible, vials were checked to verify the report. The

Ascertain Dementia 8-item Questionnaire (AD8) was administered to

participants to assess changes in memory, problem-solving abilities,

orientation, and daily activities.23 After an overnight fast, peripheral

blood samples were taken and fasting blood glucose and total choles-

terol were measured at the clinical laboratory of local town hospital

(DIRUI CS-600B; DIRUI Industrial Co., Ltd., Changchun, China). The

APOE genotypeswere determined using themultiple polymerase chain

reactionmethods.

We pre-specified 27 potential predictors for dementia accord-

ing to current literature.2,24 We dichotomized educational level as

“illiterate (no schooling)” and “literacy (primary school or above),” occu-

pation as “farmer” and “non-farmer,” and marital status as “married”

and “others (e.g., single/widowed/divorced).” The APOE genotype was

dichotomized into carriers versus non-carriers of the ε4 allele. Tooth

brushing habit was categorized as yes versus no. Smoking status was

categorized as never/former and current smoking. Alcohol drinking

was classified as not drinking alcohol and regular alcohol consump-

tion (i.e., drinking alcohol at least once a week during the past 12

months). Physical inactivity at leisure timewas defined as participating

in any physical activities less than once a week during the leisure time.

RESEARCH INCONTEXT

1. Systematic review: We searched PubMed for literature

on dementia risk prediction models. The large majority

of the current prediction models for dementia risk have

been developed among high-income countries, especially

among European andNorth American populations. There

is a lack of dementia predictionmodels in the general pop-

ulation in China. The prediction models for dementia risk

varydependingon theethnic, socioeconomic, and cultural

backgrounds of the target populations where genetic and

environmental risk factors for dementia differ. Thus, the

prediction models for dementia risk from high-income

countries are not applicable to low- and middle-income

countries or ethnically diverse populations.

2. Interpretations: We developed a practical tool for pre-

dicting dementia risk among a rural-dwelling older pop-

ulation in China. The tool showed good discrimination

and excellent calibration for predicting a short-term (up

to 4 years) risk of dementia. The prediction tool can be

used to identify individuals at a high risk for dementia

in the rural older population in China for early interven-

tions. This is highly relevant because evidence has shown

that preventive and therapeutic interventions are more

effective for delaying cognitive decline and the onset of

dementiawhenbeing implemented in the early stage (e.g.,

preclinical or prodromal phase) of the disease.We further

created a user-friendly Web-based calculator to facili-

tate the implementation of this practical tool by health

professionals and the public.

3. Future directions: Our cohort of Chinese older adults

can be a valuable data source for external validation of

dementia risk prediction models currently available in

the literature. In addition, future research may assess

whether the effectiveness of multimodal interventions to

delay cognitive decline and the onset of dementia varies

by risk levels stratified using this risk predictionmodel.

Hypertension was defined as systolic blood pressure ≥140 mmHg or

diastolic blood pressure≥90mmHg or current use of antihypertensive

drugs. Diabetes mellitus was defined as having a self-reported history

of diabetes, use of glucose-lowering drugs, insulin injection, or fasting

blood glucose level ≥7.0 mmol/L. Stroke was ascertained according to

self-reported history of stroke and neurological examination.

2.3 Clinical diagnosis of dementia

The neurologists who specialized in dementia diagnosis and care

made the clinical diagnosis of dementia according to the guidelines
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outlined in the DSM-IV criteria,25 in which a three-step diagnostic

procedure was followed, as previously described.23 Briefly, the trained

interviewers first made a preliminary judgment for participants who

were suspected of having cognitive impairment or dementia based

on their performances during the interviews and neuropsycholog-

ical assessments. Then, the senior neurologists make a preliminary

diagnosis of dementia by reviewing all records of functional, medical,

neurological, psychiatric, andneuropsychological data, andpreliminary

judgments made by interviewers. Finally, the neurologists conducted

the second face-to-face interviews with participants who received a

preliminary diagnosis of dementia or who had insufficient information

for the diagnosis of dementia and informants (e.g., family members,

neighbors, or village doctors who provided routine primary health

care services to local residents), and reassessed their medical history,

the date of onset of signs or symptoms of dementia, cognitive status,

ADLs, and whenever available, neuroimaging data. Following all the

interviews and assessments, a panel of neurologists specializing

in dementia diagnosis and care made the final clinical diagnosis of

dementia.

2.4 Statistical analysis

2.4.1 Model development

The model was developed following the steps below. First, we con-

ducted the Wilcoxon rank-sum test or Student t-test for continuous

variables, and the chi-square test for categorical variables to screen

all factors that were potentially associated with dementia at p < 0.10.

Then, univariableCoxproportional hazardsmodelswereused to exam-

ine the association of the predictors selected in the previous step with

incident dementia and selected those predictors at p< 0.10 for further

model development, a cut-off of p-value for screening predictors in the

development of risk prediction models used in previous studies.26,27

In the Cox models, we used follow-up time as the time scale, which

was estimated from the date of baseline examination to the date of

dementia onset for individuals who developed dementia and the date

of follow-up examination for those who did not. Third, we used the

least absolute shrinkage and selection operator (LASSO) technique and

the stepwisemultivariable Cox regression analysis to select predictors

at p < 0.05 for the prediction model from all factors that were iden-

tified to be associated with incident dementia in the aforementioned

univariable Cox regression analysis. The LASSO method is adapted to

penalize the model’s regression coefficients, which is particularly use-

ful for preventing model overfitting and model misspecification.28,29 A

penalty parameter λ is used to shrink regression coefficients of predic-
tors, eventually removingpredictor variables from themodel by setting

their respective regression coefficients to zero in LASSO regression

using the 10-fold cross-validation. We selected the optimal values for

parameters λbased onone standard error away from theminimal error

(lambda.1se), aiming to make the model more stable, prevent overfit-

ting, and enhance its generalization to new data. Finally, we used Cox

proportional hazard models to develop the final model for predicting

dementia risk for up to 4 years among a rural older population in China,

which included five predictors, that is, age, education, marital status,

self-rated AD8 score, and stroke history.

2.4.2 Internal validation

The performance of the risk prediction model was evaluated using

two parameters: discrimination and calibration. Discrimination refers

to the capability of a model to correctly differentiate individuals who

will develop dementia during the follow-up period and those who will

not.30 We used the C-index to assess the discriminative ability, which

indicates the overall proportion of all individuals that can be classi-

fied such that people who will develop dementia during the follow-up

period indeedhave ahigher predicted risk. TheC-index ranges from0.5

to 1.0, with 0.5 indicating random concordance and 1.0 indicating the

perfect discrimination of the model.31 Calibration refers to the agree-

mentbetween the frequencies of outcomespredictedby themodel and

the observed frequencies of the outcomes under study, which can be

evaluated using calibration plots.30 We assessed the performance of

the risk prediction model by applying the enhanced bootstrap meth-

ods with 1000 bootstrap samples for each model to evaluating the

robustness of themodel.30 TheC-index from the final predictionmodel

was corrected for optimismusing the enhanced bootstrapmethod. The

Brier score that indicates the overall performance for a model ranges

from 0 for a perfect model to 0.25 for a non-informative model with

a 50% incidence of the outcome.32 In addition, decision curve analy-

sis (DCA) was performed to assess the clinical usefulness of the model

regarding whether use of a prediction model in the clinic to inform

decision-making would domore good than harm.33

2.4.3 A Web-based nomogram and calculator for
predicting dementia risk

Nomogram is a reliable tool to quantify the survival likelihood of an

individual by incorporating the important factors that affect occur-

rence of the disease. This approach has been widely used to evaluate

prognostic factors of a disease in the general population. A score

is given for each of the contributing factors. Then, the total sum-

mary score of all factors is calculated and used to predict the survival

probability of each individual.34,35 In addition, we developed a user-

friendly Web-based tool for predicting dementia risk using the R

packages, which allows to predict dementia risk of individuals by

adding predictors to input fields.

2.4.4 Power estimation and descriptive statistics

We supposed that Cox-Snell R2 = 0.05, the cumulative incidence of

dementia was 0.06, and the follow-up time was 4 years. Using the

“pmsampsize” package in R, we estimated that the sample size was

1750with 105 outcomes.
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We presented mean (standard deviation) for continuous variables

and frequencies (%) for categorical variables. Baseline characteristics

of study participants by dementia status determined at follow-upwere

compared using Kruskal–Wallis tests for continuous variables and chi-

squared test or Fisher’s exact test for categorical variables.

Out of the2220participants in the analytical sample, the proportion

of participants with missing values ranged from < 1% (e.g., diabetes,

coronary heart disease, stroke, hypertension, occupation, hyperlipi-

demia, marital status, and self-rated AD8 score) through 1%–3%

(e.g., alcohol drinking, tooth brushing, smoking, chronic kidney dis-

ease, visual impairment, hearing problems, physical exercise, chronic

obstructive pulmonary disease, and traumatic brain injury) to up to

∼5% (e.g., APOE genotype, diet, and BMI). To assess the extent to

whether the main results might be biased due to missing data on vari-

ous covariables, we performed sensitivity analyses by imputingmissing

data with multiple imputation (MI) approach using random forest by

missForest package in R.

All analyses were performed using R 4.1.0 packages (R Core Team,

2018; R Foundation for Statistical Computing, Vienna, Austria). A two-

tailed p< 0.05was considered statistically significant.

3 RESULTS

3.1 Characteristics of study participants

At baseline, the mean age of the 2220 participants was 70.40 years

(SD= 4.77), 59.41%were females, and 38.78%were illiterate (Table 1).

Compared with individuals without dementia, participants who were

diagnosed with dementia at the follow-up examination were older at

baseline and less educated, more likely to be females and farmers, less

likely to smoke, andmore likely to live alone andhaveworseoral health,

unbalanced eating habits, a higher self-rated AD8 score, hearing prob-

lems, and a history of stroke (p<0.05), but the twogroups did not differ

significantly in the proportion of APOE ε4 allele (Table 1). In addition,

comparedwith individualswhowere examined at follow-up (n=2220),

those who were lost to follow-up (n = 663) were older, more likely to

be males, less educated, less likely to be farmers, live alone, currently

smoke, drink alcohol, and have hypertension, hyperlipidemia, and dia-

betes, and more likely to have coronary heart disease and a history of

stroke (p< 0.05) (Table S1).

During the mean follow-up of 3.99 (SD= 0.39) years, 134 out of the

2220 participants were diagnosed with incident dementia. The crude

cumulative incidence of dementia was 6.04% (95% confidence interval

[CI]: 5.10–7.13) in the total sample, 4.11% (2.95%–5.67%) inmales, and

7.35% (6.03%–8.93%) in females (for sex difference, p< 0.05).

3.2 Selection of variables for the prediction
model

Univariable Cox regression analysis suggested that age, sex, edu-

cation, marital status, self-rated AD8 score, current smoking, tooth

brushing, balanced diet, vegetable-based diet, stroke, hearing prob-

lem (p < 0.05), alcohol consumption (p = 0.054), and regular physical

exercise (p = 0.072) were significantly or marginally associated with

the risk of incident dementia. The multivariable Cox regression anal-

ysis showed that age, education, marital status, self-rated AD8 score,

and stroke history were significantly associated with incident demen-

tia at p < 0.05 (Table 2). The optimal parameter λ in LASSO regression

was based on lambda.1se (λ = 0.017) (Figure S1A). The multivariable

Cox regression and the optimal λ in LASSO regression analysis sug-

gested that age, education, marital status, self-rated AD8 score, and

stroke history were finally selected in the best fit model for predicting

dementia risk.

3.3 Development and performance of the
prediction models

Older age was considered the strongest risk factor and educational

attainmentwas a strong protective factor for dementia. Thus, to assess

the extent to which the final prediction model could perform better

than the basicmodels that included age and education, we constructed

threemodels, which included only age inmodel 1; age and education in

model 2; and age, education, self-rated AD8 score, marital status, and

stroke history in model 3 (Table 3). The C-index in model 3 (final risk

prediction model) was significantly different from those from model 1

(p < 0.001) and model 2 (p = 0.004). The model 3 showed the best pre-

dictive performance in different predicted time periods than the other

two models, with the C-index (discriminative ability) being 0.79 (95%

CI: 0.75–0.83) for predicting the 4-year risk of dementia (Table 3 and

Figure 2). The optimism-adjusted Harrell’s C-index of 4-year follow-up

was 0.79 and brier score was 0.05 for the final risk prediction model,

suggesting the high stability with the best prediction model. An over-

all good calibration was observed based on the comparable intercepts

for models across derivation samples at 2, 3, and 4 years of follow-up

(Figure 3). As demonstrated by the favorable probability, theDCAanal-

ysis showed the better net benefit of the final risk prediction model

than the intervention for all and no intervention (Figure 4).

3.4 Model application: nomogram and Web-based
calculator

A nomogram of the weights and points of the dementia risk prediction

score allowed to estimate an individual’s probability to developdemen-

tia.We developed a nomogram to visualize the 2-, 3-, and 4-year risk of

dementia for individuals with different combinations of five predictors

(Figure 5). The use of the nomogram involves three steps. First, on the

scale for each variable, the value corresponding to a specific individual

is read and the point scale is used to calculate the points for all variable

values. Second, the points of all variables obtained in the previous step

were added up to have the total point scale. Third, the probability of an

event corresponding to the total point of the individual at risk is repre-

sented on the risk scale. Finally, we developed aWeb-based calculator

for estimating the predicted dementia risk of individuals based on the

final risk predictionmodel (Figure S2).
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F IGURE 2 The AUC curves of the best model for predicting dementia risk over 2, 3, and 4 years, 2014–2018. AUC, the area under a receiver
operating characteristic (ROC) curve; CI, confidence interval.

F IGURE 3 Calibration curves of the best model for predicting dementia risk over (A) 2, (B) 3, and (C) 4 years, 2014–2018. The x-axis indicates
the probability of predicted incident dementia, and the y-axis indicates the actual probability of occurrence of incident dementia. The black line
indicates the agreement between the predicted and actual incident dementia.
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TABLE 1 Baseline characteristics of study participants by dementia status at follow-up.

Characteristicsa

Total sample Dementia status at follow-up

(n= 2220) No (n= 2086) Yes (n= 134) p-Value

Age (years) 70.39 (4.77) 70.14(4.59) 74.33 (5.77) <0.001

Female sex 1319 (59.41) 1222 (58.58) 97 (72.39) <0.001

Education

Illiteracy 861 (38.78) 768 (36.82) 93 (69.40)

Literacy 1359 (61.22) 1318 (63.18) 41 (30.60) <0.001

Occupation

Farmers 2005 (90.48) 1877 (90.15) 128 (95.52)

Non-farmers 211 (9.52) 205 (9.85) 6 (4.48) 0.040

Marital status

Married 1660 (75.08) 1588 (76.46) 72 (53.73)

Single/widowed 551 (24.92) 489 (23.54) 62 (46.27) <0.001

Self-rated AD8 score≥2 1052 (47.60) 952 (45.86) 100 (74.63) <0.001

Current smoking 749 (34.11) 716 (34.71) 33 (24.81) 0.019

Alcohol drinking 749 (34.09) 714 (34.59) 35 (26.32) 0.051

Tooth brushing 1048 (47.70) 1001 (48.50) 47 (35.34) 0.003

Balanced diet 388 (18.41) 374 (18.86) 14 (11.20) 0.032

Meat-based diet 105 (5.01) 100 (5.08) 5 (4.00) 0.592

Vegetable-based diet 1675 (77.12) 1563 (76.54) 112 (86.15) 0.011

Regular physical exercise 1254 (58.11) 1172 (57.62) 82 (66.13) 0.062

Traumatic brain injury 133 (6.15) 125 (6.16) 8 (6.11) 0.981

Hypertension 1638 (73.88) 1533 (73.56) 105 (78.95) 0.170

Hyperlipidemia 619 (27.93) 576 (27.65) 43 (32.33) 0.243

Diabetes mellitus 305 (13.74) 289 (13.85) 16 (12.03) 0.553

Thyroid disorders 17 (0.78) 15 (0.73) 2 (1.53) 0.622

Cancer 33 (1.51) 31 (1.51) 2 (1.52) 1.000

Chronic kidney disease 19 (0.87) 17 (0.83) 2 (1.52) 0.733

Visual impairment 289 (13.21) 266 (12.94) 23 (17.42) 0.141

Hearing problem 148 (6.77) 133 (6.48) 15 (11.36) 0.030

Coronary heart disease 407 (18.34) 378 (18.12) 29 (21.80) 0.287

COPD 166 (7.60) 158 (7.69) 8 (6.11) 0.507

Stroke 195 (8.79) 173 (8.30) 22 (16.54) 0.001

Bodymass index (kg/m2) 25.11 (3.75) 25.13 (3.76) 24.69 (3.66) 0.209

APOE ε4 allele 325 (15.37) 304 (15.18) 21 (18.92) 0.287

Note: Data aremean (standard deviation) or n (%).
Abbreviations: AD8, The Ascertain Dementia 8-itemQuestionnaire; APOE, apolipoprotein E gene; COPD, chronic obstructive pulmonary disease.
aThe number of people with missing values was 4 in occupation, 9 in marital status, 10 in self-rated AD8 score, 24 in smoking, 23 in alcohol drinking, 180 in

BMI, 23 in tooth brushing, 112 in balanced diet, 126 in meat-based diet, 48 in vegetable-based diet, 62 in exercise, 59 in traumatic brain injury, 3 in hyper-

tension, 4 in hyperlipidemia, 1 in diabetes mellitus, 35 in thyroid disorders, 33 in cancer, 33 in chronic kidney disease, 33 in visual impairment, 34 in hearing

problems, 1 in coronary heart disease, 35 in COPD, 2 in stroke history, and 106 in APOE genotype.

3.5 Sensitivity analysis

First, the analyses using the imputed datasets yielded results that

were overall similar to those from the analysis of the original complete

datasets, as fully reported in Supplementary Tables S2–S4 and Sup-

plementary Figure S1B and Figures S3–S5. Furthermore, the analyses

using the competing risk models while taking into account competing

risk due to death yielded the results that were overall consistent with

those from the original Coxmodels (Table S5), with the AUCof the final

model for predicting 4-year dementia risk being 0.78 (95% CI: 0.74–

0.82) as compared with the AUC of 0.79 (95% CI: 0.75–0.83) that was

estimated using the original Coxmodels.
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TABLE 2 Hazard ratio (95%CI) of dementia associated with different factors.

Characteristics

Univariablemodel Multivariablemodel

β HR (95%CI) p-value β HR (95%CI) p-value

Age (years) 0.13 1.14 (1.11–1.17) <0.001 0.10 1.11 (1.07–1.15) <0.001

Female sex 0.60 1.82 (1.25–2.66) 0.002 — — —

Education (literacy vs. illiteracy) −1.32 0.27 (0.19–0.39) <0.001 −0.71 0.49 (0.30–0.80) 0.004

Occupation (non-farmers vs.

farmers)

−1.15 0.32 (0.12–0.86) 0.023 — —

Marital status (single or

widowed vs. married)

0.99 2.69 (1.91–3.78) <0.001 0.53 1.69 (1.13–2.53) <0.001

AD8 score≥2 1.21 3.37 (2.28–4.97) <0.001 0.80 2.21 (1.42–3.45) <0.001

Current smoking −0.47 0.63 (0.42–0.93) 0.021 — — —

Current alcohol drinking −0.38 0.68 (0.47–1.01) 0.054 — — —

Tooth brushing −0.53 0.59 (0.42–0.85) 0.004 — — —

Balanced diet −0.60 0.55 (0.32–0.96) 0.036 — — —

Vegetable-based diet 0.63 1.88 (1.14–3.09) 0.013 — — —

Regular physical exercise −0.06 0.94 (0.89–1.01) 0.074 — — —

Hearing problems 0.58 1.79 (1.05–3.07) 0.033 — — —

Stroke 0.75 2.12 (1.34–3.35) 0.001 1.12 3.08 (1.79–5.28) 0.001

Multivariable model included age, sex, occupation, marital status, self-rated AD8 score, smoking, current drinking alcohol, tooth brushing, balanced diet,

vegetable-based diet, physical exercise, hearing problem, and stroke.

Abbreviations: AD8, Ascertain Dementia 8-itemQuestionnaire.; CI, confidence interval; HR, hazard ratio.

TABLE 3 C-index (95%CI) of different models for predicting dementia.

Models Predictors C-index 95%CI

Model 1 Age 0.71 0.66–0.76

Model 2 Age, education 0.75 0.71–0.78

Model 3 Age, education, self-rated AD8 score, marital status, stroke 0.79 0.75–0.83

Abbreviations: AD8, Ascertain Dementia 8-itemQuestionnaire; CI, confidence interval.

4 DISCUSSION

In this population-based prospective cohort study, we developed a

practical tool for predicting dementia risk in a rural older population

in China. We used LASSO regression and stepwise Cox proportional

hazards to identify five easily available predictors for the risk predic-

tion model that included age, education, marital status, self-rated AD8

score, and stroke. We demonstrated that the practical tool had good

performance in predicting up to 4-year risk of dementia, which could

identify at-risk individuals for dementia and optimize risk stratification

for early preventive interventions as well as for multimodal interven-

tion studies and clinical trials of new treatments. We transformed this

model into a user-friendly dementia risk nomogram and a Web-based

calculator, which could facilitate communication and implementation

of the dementia risk prediction tool in the target populations.

It has been increasingly recognized that preventive or therapeutic

interventions for dementia are more effective when targeting indi-

viduals who are at an increased risk of dementia.36,37 Several models

for predicting dementia risk that incorporated demographic factors

(e.g., age, sex, and education), lifestyles, social factors, and comorbidi-

ties with genetic, blood-based, or neuroimaging biomarkers have been

reported amongNorthAmerican andEuropeanolder populations,with

the C-statistic ranging from 0.65 to 0.90.5,38–42 In addition, the Finnish

Cardiovascular Risk Factors, Aging and Dementia risk (CAIDE) score

was designed to predict late-life dementia risk when people were

assessed atmidlife of 39–64years of age.1 TheGermanStudyonAging,

Cognition and Dementia (AgeCoDe) score was developed to predict

dementia risk among older adults who were aged ≥75 years and had

overall high educational attainment.43 However, these previous risk

prediction models, when applied to Chinese older populations, exhib-

ited poor performance.11,44 In the present study, we developed a risk

prediction model for dementia among a rural Chinese older popula-

tion (age≥65 years) with very limited education and themodel showed

fairly good performance in terms of discriminative ability (area under

the curve [AUC] = 0.79). The overall accuracy of our prediction model

for dementia risk was comparable to the models previously published

from the general older populations and the patient populations in the

primary care settings.40,45
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F IGURE 4 Decision curve analysis (DCA) for predicting dementia risk at 2, 3, and 4 years, 2014–2018. The purple line represents the net
benefit of the final predictionmodel across different threshold probabilities; the vertical red line represents the standardized net benefit for the
strategy in which all older people underwent the early intervention (treat all); the horizontal solid black line (at 0 on the y-axis) represents the
standardized net benefit for the strategy in which none of the older people underwent the early intervention (treat none).

Given the fact that risk and protective factors for dementia vary

across ethnically, geographically, and socio-culturally diverse pop-

ulations, it is imperative to develop tailored risk prediction models

in different populations.46 Older age and low education have been

included in almost all the risk prediction models for dementia owing

to their strong associations with dementia risk in almost all study

populations.40,44 Thus, we first built the basic risk prediction models

by including only age (model 1) and age plus education (model 2). Then,

we developed the final risk prediction model (model 3) that included

the selected five predictors that aimed to show whether the final

prediction model could perform better than the basic models. Of the

five predictors in our final prediction model, self-rated AD8 score

and marital status were not part of most of the previous dementia

risk prediction models developed in European and North American

populations. The self-ratedAD8was abrief screening tool for cognitive

status sensitive to early cognitive changes, which might be powerful

for predicting a short-term risk of dementia. Indeed, some cognitive

screening tests (e.g., subjective cognitive decline and MMSE tests)

have been included in the prediction models for dementia risk in

previous studies,11,41 but the self-rated AD8 was relatively simple and

easy to administer. In addition, our study showed that marital status

(e.g., single, widowed, or divorced versus married) was an independent

predictor for dementia. This could be due partly to the fact that

being married was related to increased access to social engagement,

social support, and social integration; these psychosocial factors

have been frequently linked to a reduced dementia risk and cognitive

health.47,48

Our risk prediction model included a history of stroke, instead

of various individual cardiovascular risk factors (e.g., hypertension,

obesity, diabetes, and hyperlipidemia) that were included in several

previous risk prediction models for dementia.7,49 This was consistent

with a dementia prediction model developed in a Dutch population.40

Stroke, as a major risk factor for dementia, especially for a short-

term risk of dementia, could double or triple dementia risk depending

on stroke severity, lesion volume, lesion location, and multiplicity.50

Stroke causes direct injury to the brain structures and functional con-

nections that are critical for cognitive function.51 Notably, none of

the traditional lifestyle and cardiometabolic risk factors was selected

for our risk prediction model, due partially to the fact that some of

these factors (e.g., hypertension and obesity) could act as risk fac-
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F IGURE 5 The nomogram for the prediction of dementia risk based on five predictors (i.e., age, education, marital status, self-rated AD8 score,
and history of stroke). AD8, Ascertain Dementia 8-itemQuestionnaire.

tors for dementia only when occurring in midlife but not in late life.52

Of note, the APOE ε4 allele was not shown to be an independent

risk factor for dementia in our study sample. This was in line with

the fact that, compared with European populations, the proportion

of carrying the APOE ε4 allele was relatively low and the associa-

tion of APOE ε4 allele with AD dementia was weak among Chinese

populations.41,53

Our risk prediction tool for dementia is based on readily available

information without involving complex clinical, biochemical, or genetic

biomarkers and could be used in the rural older population to identify

individuals at increased risks of dementia for early preventive inter-

ventions. In addition, our risk prediction tool can be delivered via the

Internet, which provides a simple approach for dementia risk assess-

ment that can be easily used by health professionals (e.g., primary care

or memory clinic settings) and the general public as well. This will

facilitate implementation of public health policies for early interven-

tions to reduce the risk and delay the onset of dementia, especially

regardingmultimodal interventions.

Some limitations of our study also deserve mentioning. First, we

used a regularization method (LASSO) that automatically selected and

subsequently shrank effect sizes of important predictors for themodel,

whichmight underestimate the effects of some predictors in the devel-

opment sample but increase the likelihood of replication in the valida-

tion setting. Furthermore, our cohort study engaged older adults who

were living in rural communities in China. On one hand, this sociode-

mographic group has been substantially underrepresented in research

of dementia risk prediction, and findings from this studymaybridge the

relevant knowledge gaps. On the other hand, we do not have appropri-

ate populations for external validationof our risk prediction tool,which

deserves further investigation in the future. This should be kept inmind

when applying our risk prediction model for dementia to populations

with different ethnic, socioeconomic, and sociocultural backgrounds.

In conclusion, we developed and internally validated a practical tool

for predicting dementia risk among older adults who were living in the

rural communities in China. The tool showed good discrimination and

excellent calibration for predicting a short-term (up to 4 years) risk

of dementia. The prediction tool can be used to identify individuals

at a high risk for dementia for early preventive interventions in the

rural population. We further created a user-friendly Web-based cal-

culator to facilitate the implementation of this practical tool by health

professionals and the public. This is highly relevant given that evi-

dence has accumulated that preventive and therapeutic interventions

are more effective for delaying cognitive decline and clinical onset of

the dementia syndrome when being implemented in the early stage

(e.g., preclinical or prodromal phase) of the disease. The dataset for our

study could be used in the future to externally validate the dementia

risk predictionmodels available in the literature among a rural Chinese

older population.
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