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Abstract 

Background We aimed to develop risk tools for dementia, stroke, myocardial infarction (MI), and diabetes, for adults 
aged ≥ 65 years using shared risk factors.

Methods Data were obtained from 10 population-based cohorts (N = 41,755) with median follow-up time (years) 
for dementia, stroke, MI, and diabetes of 6.2, 7.0, 6.8, and 7.4, respectively. Disease-free participants at baseline were 
included, and 22 risk factors (sociodemographic, medical, lifestyle, laboratory biomarkers) were evaluated. Two risk 
tools (DemNCD and DemNCD-LR based on Fine and Gray sub-distribution and logistic regression [LR], respectively) 
were developed and validated. Predictive accuracies of these risk tools were assessed using Harrel’s C-statistics 
and area under the curve (AUC) and 95% confidence interval (CI). Model calibration was conducted using Hosmer–
Lemeshow goodness of fit test along calibration plots.

Results Both the DemNCD and DemNCD-LR resulted in similar predictive accuracy for each outcome. The overall 
AUC (95% CI) for dementia, stroke, MI, and diabetes risk tool were 0·68 (0·65, 0·70), 0·58 (0·54, 0·61), 0·65 (0·61, 0·68), 
and 0·68 (0·64, 0·72), respectively, for males. For females, these figures were 0·65 (0·63, 0·67), 0·55 (0·52, 0·57), 0·65 (0·62, 
0·68), and 0·61 (0·57, 0·65).

Conclusions The DemNCD is the first tool to predict both dementia and multiple cardio-metabolic diseases using 
comprehensive risk factors and provided similar predictive accuracy to existing risk tools. It has similar predictive accu-
racy as tools designed for single outcomes in this age-group. DemNCD has the potential to be used in community 
and clinical settings as it includes self-reported and routinely available clinical measures.
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Background
Dementia is a global health problem, currently affecting 
over 55 million people worldwide, two thirds of whom 
reside in low- and middle-income countries and risk 
reduction is a key public health priority [1, 2]. Cardio-
metabolic disease, e.g., stroke, myocardial infarction, and 
diabetes, are strong independent risk factors for demen-
tia [3–6]. A recent study has reported that dementia risk 
associated with high cardio-metabolic multimorbidity 
was three time greater than that associated with genetic 
risk [3]. Moreover, researchers have identified key modi-
fiable risk factors for dementia [4, 7] including physi-
cal inactivity, unhealthy diet, excessive alcohol intake, 
smoking, hypertension, high cholesterol, obesity, sleep 
problems, and depression, which are also shared with 
these non communicable diseases (NCDs) among older 
adults in varying degree with each gender [8]. Therefore, 
dementia prevention strategies are now focused on pre-
vention of these cardiometabolic disease to achieve maxi-
mum benefit [2, 4].

Validated risk factor assessment tools play a cruicial 
role in raising awareness of risk factors for chronic dis-
ease. They may allow for the early identification of high-
risk individuals and population groups and guide health 
professionals’ recommendations for interventions to 
improve lifestyle habits. Although several independent 
risk tools for dementia [9–11], stroke [12–14], MI [15–
17], and diabetes [18] have been developed, recent stud-
ies have explored the potential of cardiovarascular risk 
tools in predicting dementia [19, 20]. This is based on 
evidence that vascular risk factors consistently linked to 
cognitive decline [21]. However, such approach may not 
incorporate all the modifiable risk factors of dementia 
identified by the recent Lancet commission report [4].

Additionally, awareness of the shared risk factors 
between dementia and NCDs among general population 
remains low [22, 23]. Therefore, a unified risk assessment 
tool that incorporates modifiable risk factors for these 
NCDs would be efficient in increasing risk awareness and 
more cost effective than assessing risks for each individ-
ual NCD [24]. Such a tool could better support clinicians 
in their efforts at health promotion by showing the pleio-
tropic benefits of lifestyle changes on patients’ health. A 
recent report also indicated a positive views among gen-
eral practionner in adopting such tool in their practices 
[25]. It may guide policy-makers in their development of 
population-based prevention strategies.

We aimed to develop a new risk prediction tool called 
“DemNCD” (Dementia and other NCDs) to predict the 
risks of dementia, stroke, diabetes, and MI in older adults 
(age ≥ 65  years) using a broad range of shared risk fac-
tors. DemNCD was derived from analysis of 10 prospec-
tive cohort studies (to provide sufficient sample size) that 

measured risk factors for the four outcomes of interest 
and incident disease during follow-up.

Methods
Data and participants
Data were obtained from prospective population-based 
cohorts identified through searches of consortia web-
sites, databases, and consultation with experts. Details 
of the study methods and procedures are described else-
where [26]. Briefly, 10 cohorts were selected based on the 
availability of a clinical diagnosis of dementia and other 
NCDs, risk factors, length of follow-up time, sample 
size, and availability of data from the study custodians. 
The cohorts included the Atherosclerosis Risk in Com-
munities (ARIC) [27], the Cardiovascular Health Study 
(CHS) [28], the Framingham Heart Study (FHS) [29], the 
MRC Cognitive function and Ageing Studies (both MRC 
CFAS-I and CFAS-II) [30, 31], the Sydney Memory and 
Aging Study (MAS) [32], the Maastricht Aging Study 
(MAAS) [33], the Health and Retirement Study-Aging, 
Demographics, and Memory Study (HRS ADAMS) [34], 
the RUSH Memory and Aging project (MAP) [35], and 
the Singapore Longitudinal Ageing Study-I (SLAS-I) [36]. 
Additional file 1: Section S1 describes each study, includ-
ing study recruitment and longitudinal timelines. Addi-
tional details on the selection of studies are also available 
in the DemNCD protocol paper [26]. The baseline age 
distribution varied across the studies with CHS, CFAS I, 
and CFAS II including data only for adults aged 65 and 
above. Therefore, we included participants who were 
aged ≥ 65 years at inception or time of first assessment for 
dementia and other NCDs. We therefore considered sub-
sets of these cohorts with participants aged ≥ 65 years for 
analysis. Covariates from each dataset were harmonized 
to allow merging. In the pooled sample, 41,755 older par-
ticipants were available from 10 cohorts for analysis.

Outcomes
The outcomes for the risk prediction model included 
diabetes, stroke, MI, and dementia. Dementia was diag-
nosed according to the Diagnostic and Statistical Man-
ual of Mental Disorders criteria (DSM-III-R, IV) or 
other well-established criteria that included the Men-
tal State − Automated Geriatric Examination for Com-
puter Assisted Taxonomy (GMS-AGECAT), criteria 
of National Institute of Neurological and Communica-
tive Disorders and Stroke, and the Alzheimer’s disease 
and Related Disorders Association. For diabetes, stroke, 
and MI, a clinical diagnosis was preferred but otherwise 
a self-reported diagnosis was used (Additional file  1: 
Table S1).
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Predictors
We used a four-stage process to select predictors (see Addi-
tional file 1: Fig. S1). Stage I included selecting potential pre-
dictors from the latest comprehensive systematic reviews [7, 
37–43], Lancet Commissions [1, 44], and WHO Guidelines 
[2]. Stage II comprised additional predictors identified from 
existing published risk tools for each outcome [12, 45–51]. 
At stage III, all predictors identified in the previous two 
stages were reviewed and ranked independently by subject 
matter experts into order of importance (see [26]). Finally, 
all the identified predictors were checked for availability in 
the datasets (Additional file 1: Table S2). Overall, 22 demo-
graphic (age, sex, and education), medical (self-reported 
high blood pressure, depression, obesity using measured 
body mass index (BMI), atrial fibrillation (AF), total choles-
terol and both high- and low-density lipoprotein, traumatic 
brain injury (TBI), left ventricular hypertrophy, chronic kid-
ney disease and hearing loss), and lifestyle (cigarette smok-
ing, alcohol consumption, weekly fruit and vegetable intake, 
fish intake, loneliness, low cognitive engagement, sleep 
problems and physical inactivity) predictors were selected 
based on their availability in the cohort datasets. Left ven-
tricular hypertrophy and chronic kidney disease were 
excluded from the analysis due to their unavailability in 
most (≥ 7) of the datasets. Additional file 1: Table S3 reports 
definitions of the covariates used in the data harmonization. 
Selection of predictors was primarily based on routinely 
collected information, focusing on data readily available 
to clinicians and individuals, that provide ready targets for 
intervention. As a result, biomarkers that are rarely available 
(e.g., APOE e4) were not included.

Statistical analysis
The pooled dataset was randomly split into two parts using 
65:35 ratios for development (model data) and validation 
data. Proportionate representation of age, sex, and study 
cohort was ensured in the development and validation sam-
ples. In the model dataset, a large amount of missing data 
was observed due to complete non-response (absence of var-
iables) and partial missingness. Multivariate normal multiple 
imputation was used to impute missing values in the model 
dataset. Cohort-specific indicator variables along with all 
the outcomes and covariates in the analysis models were 
used as covariates in the imputation model. Twenty imputed 
datasets were considered in the model dataset based on von 
Hippel et al. guidelines [52]. Following imputation, the Fine 
and Gray sub-distribution model was used [53] to regress 
the sub-distribution hazards of respective outcomes to the 
model data according to the following models:

�dementia(t) = �dementia,0(t)exp(α ∗ X + α1 ∗ diabetes + α2 ∗MI + α3 ∗ stroke)

with death as competing event to the imputed datasets 
stratified by cohorts and sex, where X = (age, education, 
obesity, alcohol consumption, smoking, hypertension, 
cholesterol, high- and low-density lipoprotein, depres-
sion, fish serve, fruits and vegetable intake, TBI, loneli-
ness, insufficient physical activity, AF, sleep problems, 
hearing loss). We also included cognitive engagement as 
a covariate for the dementia outcome. Only individuals 
with known incident outcome status were included in the 
model.

For each sex, the resultant cohort-specific regression 
coefficients were then combined using Rubin’s rule 
[54]. These sex and cohort specific regression coeffi-
cients for each of the risk factors were further aggre-
gated across different cohorts through random-effects 
meta-analysis. In this step, regression coefficients of 
the covariates were only included in the meta-analy-
sis if covariate information were available for a given 
cohort. This restriction was imposed to avoid an influ-
ence of large cohorts on the imputed values of non-
response variables. The final regression coefficients 
were then converted to obtain point-based scoring 
algorithms for each sex and outcome [55]. The sex-
specific point-based risk scores were then validated 
using the validation sample. The accuracy of the risk 
scores for identifying participants at risk of dementia 
and other outcomes were quantified by calculating the 
Harrel’C statistics [56] and associated 95% CIs. Cut-off 
values (quantile ranks) for the risk scores were com-
pared relative to sub-distribution hazards ratios and 
for sensitivity and specificity.

We also calculated risk scores from the cohorts under 
consideration using logistic regression models as a sen-
sitivity analysis in order to obtain the impact of miss-
ing event time where outcome status were available. In 
this case, we modeled binary outcomes with the same 
predictors and methodology as of the above survival 
analysis. The risk score was then calculated using the 
methodology described above. The resulting risk score 
was also validated using the validation sample. Model 
calibration was conducted using Hosmer–Lemeshow 
goodness of fit test along calibration plots [57]. The 

�stoke(t) = �stroke,0(t)exp(β ∗ X + β1 ∗ diabetes + β2 ∗MI)

�MI (t) = �MI ,0(t)exp(γ ∗ X + γ1 ∗ diabetes + γ2 ∗ stroke)

�diabetes(t) = �diabetes,0(t)exp(δ ∗ X)
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performance of the risk scores for identifying par-
ticipants at risk of dementia and other outcomes was 
quantified by calculating the area under the curves 
(AUCs) and associated 95% CIs. For a given cut-off 
(quantile ranks) of the risk scores, we also compared 
relative odds ratios, sensitivity, and specificity. We vali-
dated each of these risk scores to include results for a 
model including only age, to examine whether the addi-
tion of other variables improved prediction.

Results
Description of the study dataset
Additional file  1: Table  S2 presents covariates and out-
come distribution in the study datasets. There was heter-
ogeneity in sample size, profile of conditions/covariates, 
and outcomes across the datasets. Table 1 shows the dis-
tributions of outcomes and covariates in the model devel-
opment (n = 27,162) and validation (n = 14,613) samples. 
The distribution of covariates in the model develop-
ment and validation samples are similar. The mean age 
of study participants was 75·3 (6·8) years and 42% were 
male. Nearly a third of the study sample had a tertiary 
level of education. Median follow-up times (in years) for 
dementia, stroke, MI, and diabetes were 6.2, 7.0, 6.8, and 
7.4, repectively. The major medical risk factors across 
cohorts were hypertension (47%), obesity (29.5%), hear-
ing loss (15%), sleep problems (10%), TBI (9%), depres-
sion (9%), high total cholesterol (9%), and AF (6%). In 
terms of behavioral risk factors, 12% reported being a 
current smoker, 8% as heavy drinkers, and approximately 
12% were engaged in moderate to high cognitive activi-
ties. A large proportion of covariates had missing data 
due to complete non-response of covariates. Nearly, 11%, 
8%, 6%, and 4% of the pooled sample was diagnosed with 
incident dementia, stroke, MI, and diabetes, respectively. 
Around two thirds of the study participants died dur-
ing follow-up. Among the cohorts, HRS ADAMS had 
only a few cases of incident diabetes (n = 19), MI (n = 4), 
and stroke (n = 15), MAAS had lowest number of inci-
dent strokes recorded (n = 3), and the Sydney Memory 
and Ageing Study had lowest number of incident diabe-
tes cases (n = 17). All the cohorts had ample number of 
dementia cases (Additional file 1: Table S2).

Development of DemNCD risk tools
Table  2 reports the combined regression coefficients 
estimated in meta-analysis of parameters from the Fine 
and Gray sub-distribution model for dementia, stroke, 
MI, and diabetes, for males and females. In the dementia 
model, higher age, lower than tertiary education, insuf-
ficient physical activity, hearing loss, and stroke were sig-
nificantly associated with increased dementia risk. For 
females, higher age, depression, loneliness, and stroke 

were significantly associated with increased dementia 
risk, whereas high cognitive activity, late-life obesity/
overweight, late-life moderate to high alcohol consump-
tion, and sleep problems were significantly associated 
with a lower dementia risk.

In the stroke model, only hypertension was associated 
with increased risk for males. For females, hypertension, 
obesity, and high HDL were associated with decreased 
risk of stroke, whereas having had TBI and AF both were 
significantly associated with increased stroke risk.

In the MI model, previous history of diabetes was sig-
nificantly associated with MI for both sexes. Among 
other medical covariates, hypertension, and AF, both 
were significantly associated with increased MI risk for 
females.

In the diabetes model, overweight and obesity were 
associated with increased risk among males. For females, 
diabetes risk increased for less than tertiary education, 
obesity, being a former smoker, and having had hyperten-
sion. However, higher age, moderate drinking, and having 
had high HDL decreased the risk of diabetes for females.

Despite most factors not being significantly associated 
with outcomes in the current analysis, we included all the 
covariates in the tool because risk assessment in practice 
is a key objective for the development of DemNCD tool. 
The approach aimed to provide comprehensive informa-
tion of all the practical risk/protective factors to support 
clinical advice on risk reduction or enhancing protec-
tion. The points allocated to individual risk factors for the 
DemNCD tool associated with the regression coefficients 
are shown in Table 3.

Validation of the DemNCD risk tools
Table  4 reports the Harrel C statistics of the DemNCD 
tool for predicting dementia, stroke, MI, and diabetes in 
the validation sample. The overall C-statistics (95% CI) 
for predicting dementia were 0·68 (0·65, 0·70) for males 
and 0·65 (0·63, 0·67) for females in the combined valida-
tion sample. On validating the model against each cohort 
separately, all the cohorts exhibited good prediction 
properties except for MAAS and FHS. This was because 
MAAS has only two female and four male dementia 
cases in the validation sample. In general, cohorts with 
longer exposure times, such as ARIC, CFAS I, CFAS II, 
and CHS, demonstrated better performance compared to 
other cohorts. The resulting wide confidence interval in 
the SLAS I dataset suggests significant population heter-
ogeneity. Overall, prediction for dementia was better for 
females than males in all the validation cohorts except for 
FHS, MAAS, and MAS. CFAS II had the highest C-sta-
tistics for predicting dementia for females, where Harrel 
C (95% CI) was 0·75 (0·68, 0·82), whereas ARIC had the 
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Table 1 Study characteristics of the validation and development sample

Combined sample

Development sample
n = 27,162 (%)

Validation sample
n = 14,613 (%)

Cohorts
 Atherosclerosis Risk in Communities (ARIC) Study 3854 (14·2) 2076 (14·2)

 Cognitive function and Ageing Study-I (CFAS-I) 8453 (31·1) 4551 (31·1)

 Cognitive function and Ageing Study-II (CFAS-II) 5047 (18·6) 2715 (18·6)

 The Cardiovascular Health Study (CHS) 3830 (14·1) 2058 (14·1)

 The Framingham Heart Study (FHS) 2138 (7·9) 1150 (7·9)

 Rush Memory and Aging Project (MAP) 1375 (5·1) 737 (5·0)

 The Singapore Longitudinal Ageing Studies (SLAS-I) 915 (3·4) 492 (3·4)

 Sydney Memory and Aging Study (MAS) 676 (2·5) 361 (2·5)

 HRS- Aging, Demographics and Memory Study (HRS-ADAMS) 557 (2·1) 299 (2·1)

 Maastricht Aging Study (MAAS) 317 (1·2) 174 (1·2)

Covariates
 Age group (in years)

  65–69 6385 (23·5) 3439 (23·5)

  70–74 7204 (26·5) 3875 (26·5)

  75–79 6206 (22·8) 3342 (22·9)

  80–84 4541 (16·7) 2445 (16·7)

  85–89 2145 (7·9) 1151 (7·9)

  90 + 681 (2·5) 361 (2·5)

  Age (mean, SD) M = 75·3, SD = 6·8 M = 75·3, SD = 6·8

Sex
 Male 11,300 (41·6) 6079 (41·6)

Education
 Primary 3672 (13·5) 2038 (13·9)

 Secondary 13,916 (51·2) 7485 (51·2)

 Tertiary 9164 (33·7) 4865 (33·3)

 Missing 410 (1·5) 225 (1·5)

Obesity
 Under weight 235 (0·9) 146 (1·0)

 Normal weight 4389 (16·2) 2373 (16·2)

 Overweight 5102 (18·8) 2705 (18·5)

 Obese 2955 (10·9) 1565 (10·7)

 Missing 14,481 (53·3) 7824 (53·5)

Smoking history
 Never 11,193 (41·2) 5964 (40·8)

 Former 11,960 (44·0) 6466 (44·2)

 Current 3118 (11·5) 1690 (11·6)

 Missing 891 (3·3) 493 (3·4)

High blood pressure
 Yes 12,807 (47·2) 6962 (47·6)

 Missing 540 (2·0) 280 (1·9)

Physical activity
 Less than sufficient 3294 (12·1) 1834 (12·6)

 Sufficient 6827 (25·1) 3592 (24·6)

 Missing 17,041 (62·7) 9187 (62·9)

High total cholesterol
 Yes 2357 (8·7) 1273 (8·7)
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Table 1 (continued)

Combined sample

Development sample
n = 27,162 (%)

Validation sample
n = 14,613 (%)

 Missing 15,154 (55·8) 8184 (56·0)

High-density lipoprotein
 High 6183 (22·8) 3311 (22·7)

 Missing 17,886 (65·8) 9634 (65·9)

Low-density lipoprotein
 High 1121 (4·1) 615 (4·2)

 Missing 17,710 (65·2) 9535 (65·3)

Traumatic brain injury
 Yes 2502 (9·2) 1367 (9·4)

 Missing 7271 (26·8) 3942 (27·0)

Depression
 Yes 2410 (8·9) 1325 (9·1)

 Missing 2418 (8·9) 1305 (8·9)

Alcohol consumption
 Abstain 7537 (27·7) 3995 (27·3)

 Moderate 6769 (24·9) 3667 (25·1)

 Heavy 2054 (7·6) 1161 (7·9)

 Missing 10,802 (39·8) 5790 (39·6)

Fruits and vegetable
 ≥ 5 servings/week 8830 (32·5) 4707 (32·2)

 Missing 16,736 (61·6) 9023 (61·7)

Fish intake
 ≥ 2 servings/week 5861 (21·6) 3144 (21·5)

 Missing 14,380 (52·9) 7813 (53·5)

Cognitive engagement
 Low 5138 (18·9) 2809 (19·2)

 Moderate 1662 (6·1) 878 (6)

 High 1508 (5·6) 771 (5·3)

 Missing 18,854 (69·4) 10,155 (69·5)

Loneliness
 Yes 875 (3·2) 483 (3·3)

 Missing 14,075 (51·8) 7573 (51·8)

Atrial fibrillation
 Yes 1662 (6·1) 897 (6·1)

 Missing 16,467 (60·6) 8856 (60·6)

Hearing loss
 Yes 4092 (15·1) 2130 (14·6)

 Missing 4267 (15·7) 2298 (15·7)

Sleep problem
 Yes 2795 (10·3) 1504 (10·3)

 Missing 13,154 (48·4) 7086 (48·5)

Outcomes
 Diabetes
  Incident 1145 (4·2) 591 (4·0)

  Prevalent 3737 (13·8) 2029 (13·9)

  Missing 322 (1·2) 172 (1·2)
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highest C-statistics for males (C-statistics, 0·72 95% CI 
0·68, 0·76).

Compared with dementia, the DemNCD resulted in 
similar C-statistics for MI and diabetes, however, was 
somewhat lower for stroke. The overall C-statistics (95% 
CI) for predicting stroke were similar for both males 0·58 
(0·54, 0·61) and females 0·55 (0·52, 0·57) in the combined 
sample. All the cohort components of the validation sam-
ple provided similar C-statistics. For prediction of MI 
using the DemNCD tool, the overall C-statistics (95% CI) 
were also similar for males 0·65 (0·61, 0·68) and females 
0·65 (0·62, 0·68) in the combined sample. For prediction 
of diabetes using the DemNCD tool, the overall C-statis-
tics (95% CI) were 0·68 (0·64, 0.72) and 0·61 (0·57, 0·65) 
for males and females, respectively, in the combined sam-
ple. Among the individual cohorts in the validation sam-
ple, all the cohorts provided similar C-statistics, except 
for HRS-ADAMS and MAS for males’ sample. This was 
because low number of incident diabetes were avail-
able in the validation sample for these cohorts (two inci-
dent diabetes cases in males for both HRS-ADAMS and 
MAS).

Comparison of sensitivity, specificity, and cutoff points 
of DemNCD
Table  5 reports the quantile cut-offs, sub-distribution 
hazards ratios, sensitivity, and specificity for predict-
ing dementia, stroke, MI, and diabetes. The final risk 
scores for predicting the four outcomes were similar 
for the model development and validation cohorts and 
sexes. The final score ranges from − 34 to 72 for demen-
tia, − 24 to 32 for stroke, − 7 to 47 for MI, and − 42 to 45 

for diabetes. Overall, the sub-distribution hazards (sHR) 
increased for higher quantile-cut-offs for DemNCD risk 
for all outcomes. The model and validation datasets pro-
vided similar sensitivity and specificity for a given cut-off.

Sensitivity analysis: DemNCD risk tool development 
and validation using logistic regression (DemNCD-LR)
Additional file 1: Table S4 reports the combined regres-
sion coefficients estimated by meta-analysis of logistic 
regression model parameters for dementia, stroke, MI, 
and diabetes for both males and females. In general, the 
regression coefficients from logistic regression models 
were comparable to the regression coefficients of Fine 
and Gray sub-distribution models. The corresponding 
points for the DemNCD-LR tools are given in Additional 
file 1: Table S5.

Figure 1 and Additional file 1: Table S6 show the pre-
dictive accuracy of the DemNCD-LR risk tools. We 
obtained very similar predictive accuracy in the Dem-
NCD-LR for males and females for all four outcomes. 
The AUC (95% CI) for dementia were 0·70 (0·68, 0·72) 
and 0·66 (0·64, 0·68), for stroke 0·57 (0·54, 0·60) and 0.61 
(0·59, 0·64), for MI 0·67 (0·65, 0·70) and 0·65 (0·62, 0·68), 
and for diabetes 0·69 (0·65, 0·72) and 0·63 (0·59, 0·66) 
for males and females, respectively. The Hosmer–Leme-
show goodness of fit (Additional file 1: Table S7) and the 
calibration plots (Additional file 1: Figs. S2-S5) show that 
the DemNCD-LR provides systematic overestimation of 
risks in males, but relatively poor calibration for stroke, 
MI, and diabetes in females.

Finally, Additional file  1: Table  S8 reports sensitiv-
ity, specificity, and OR corresponding to the quantiles 

Table 1 (continued)

Combined sample

Development sample
n = 27,162 (%)

Validation sample
n = 14,613 (%)

Stroke
 Incident 2146 (7·9) 1083 (7·4)

 Prevalent 1720 (6·3) 955 (6·5)

 Missing 273 (1·0) 161 (1·1)

MI
 Incident 1701 (6·3) 928 (6·4)

 Prevalent 2509 (9·2) 1389 (9·5)

 Missing 357 (1·3) 191 (1·3)

Dementia
 Incident 2931 (10·8) 1575 (10·8)

 Prevalent 928 (3·4) 480 (3·3)

 Missing 2623 (9·7) 1429 (9·8)

Death 18,127 (66·7) 9820 (67·2)

Definition of covariates and outcome are provided in Additional file 1: Table S1 and Table S3, respectively
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Table 2 Sub-distribution hazards regression coefficients for individual risk/protective factors (β, 95% CI) obtained through meta-
analysis following Fine and Gray sub-distribution hazards model

Covariates Dementia Stroke MI diabetes

Male Female Male Female Male Female Male Female

Age
 65–69  − 0·38 

(− 0·71, − 0·05)
 − 0·47 
(− 0·77, − 0·16)

 − 0·12 
(− 0·34, 0·11)

 − 0·00 (− 0·22, 
0·21)

0·14 (− 0·09, 
0·36)

0·10 (− 0·13, 
0·34)

0·24 (− 0·12, 
0·61)

0·15 (− 0·08, 0·38)

 70–74 Ref Ref Ref Ref Ref Ref Ref Ref

 75–79 0·54 (0·33, 
0·75)

0·39 (0·14, 
0·64)

0·08 (− 0·15, 
0·31)

0·20 (0·02, 
0·38)

0·17 (− 0·07, 
0·41)

0·14 (− 0·08, 
0·35)

0·06 (− 0·24, 
0·36)

 − 0·27 
(− 0·53, − 0·01)

 80–84 0·77 (0·44, 
1·10)

0·92 (0·49, 
1·35)

0·22 (− 0·03, 
0·47)

0·09 (− 0·31, 0·50) 0·14(− 0·33, 
0·61)

0·07 (− 0·20, 
0·34)

 − 0·38 
(− 0·93, 0·17)

 − 0·47 
(− 0·82, − 0·12)

 85–89 1·27 (0·94, 
1·60)

1·18 (0·52, 
1·85)

 − 0·25 
(− 0·72, 0·23)

 − 0·00(− 0·50, 
0·49)

 − 0·09 
(− 0·98, 0·80)

 − 0·02 
(− 0·43, 0·39)

 − 0·37 
(− 1·15, 0·40)

 − 1·03 
(− 1·69, − 0·37)

 90 + 2·45 (1·52, 
3·39)

1·60 (0·92, 
2·28)

 − 0·31 
(− 1·63, 1·01)

 − 0·74 (− 1·76, 
0·29)

0·43 (− 0·62, 
1·49)

 − 0·08 
(− 1·20, 1·05)

* *

Education
 Less 
than second-
ary

0·35 (0·10, 
0·60)

0·14 (− 0·06, 0·33)  − 0·03 
(− 0·29, 0·24)

0·18 (− 0·02, 0·39) 0·00 (− 0·26, 
0·26)

0·20 (− 0·17, 
0·57)

0·05 (− 0·32, 
0·43

0·49 (0·18, 0·79)

 Upper 
secondary

0·22 (0·02, 
0·42)

0·10 (− 0·05, 0·25) 0·05 (− 0·16, 
0·27)

0·08 (− 0·11, 0·27)  − 0·08 
(− 0·45, 0·29)

0·27 (0·06, 
0·48)

0·05 (− 0·25, 
0·34)

0·26 (0·00, 0·51)

 Tertiary Ref Ref Ref Ref Ref Ref Ref Ref

Obesity
 Under-
weight

0·55 (− 0·36, 1·47) 0·09 (− 0·39, 0·56)  − 0·03 
(− 1·15, 1·09)

 − 0·28 (− 0·84, 
0·29)

0·58 (− 0·53, 
1·69)

 − 0·07 
(− 0·75, 0·61)

*  − 0·51 (− 1·68, 
0·67)

 Normal Ref Ref Ref Ref Ref Ref Ref Ref

 Over-
weight

 − 0·01 (− 0·21, 
0·20)

 − 0·15 
(− 0·29, − 0·00)

0·11 (− 0·11, 
0·32)

 − 0·09 (− 0·25, 
0·07)

0·24 (0·03, 
0·45)

0·16 (− 0·05, 
0·36)

0·59 (0·19, 
0·99)

0·19 (− 0·06, 0·44)

 Obese 0·06 (− 0·22, 0·34)  − 0·32 
(− 0·52, − 0·13)

0·04 (− 0·26, 
0·33)

 − 0·20 
(− 0·40, − 0·01)

0·19 (− 0·24, 
0·63)

0·22 (− 0·18, 
0·62)

0·98 (0·59, 
1·37)

0·89 (0·55, 1·24)

Alcohol consumption
 Low Ref Ref Ref Ref Ref Ref Ref Ref

 Moderate  − 0·23 
(− 0·45, − 0·00)

 − 0·28 
(− 0·46, − 0·10)

0·12 (− 0·12, 
0·35)

 − 0·04 (− 0·21 
0·13)

0·09 (− 0·12, 
0·30)

 − 0·00 
(− 0·27, 0·27)

 − 0·19 
(− 0·47, 0·08)

 − 0·29 
(− 0·56, − 0·03)

 High  − 0·06 (− 0·38, 
0·26)

 − 0·47 
(− 0·89, − 0·05)

0·15 (− 0·18, 
0·48)

 − 0·15 (− 0·56, 
0·26)

0·02 (− 0·32, 
0·37)

0·46 (− 0·89, 
1·80)

 − 0·05 
(− 0·49, 0·39)

 − 0·66 (− 1·41, 
0·09)

Smoking
 Non-
smoker

Ref Ref Ref Ref Ref Ref Ref Ref

 Current 
smoker

 − 0·14 (− 0·31, 
0·04)

 − 0·12 (− 0·28, 
0·03)

 − 0·07 
(− 0·31, 0·16)

 − 0·12 (− 0·27, 
0·02)

0·14 (− 0·06, 
0·33)

0·07 (− 0·10, 
0·24)

0·05 (− 0·20, 
0·31)

0·13 (− 0·07, 0·34)

 Former 
smoker

 − 0·02 (− 0·32, 
0·29)

0·21 (− 0·04, 0·45)  − 0·13 
(− 0·57, 0·31)

0·14 (− 0·20, 0·48)  − 0·10 
(− 0·69, 0·49)

 − 0·10 
(− 0·40, 0·20)

0·14 (− 0·29, 
0·57)

0·38 (0·08, 0·69)

Hyperten-
sion (yes)

 − 0·01 (− 0·18, 
0·17)

 − 0·05 (− 0·21, 
0·11)

0·19 (0·01, 
0·36)

0·26 (0·06, 
0·46)

0·07 (− 0·11, 
0·25)

0·19 (0·02, 
0·36)

0·19 (− 0·05, 
0·42)

0·28 (0·09, 0·48)

Cholesterol 
(high)

0·19 (− 0·27, 0·66) 0·24 (− 0·01, 0·48) 0·28 (− 0·11, 
0·66)

 − 0·11 (− 0·36, 
0·15)

 − 0·14 
(− 0·58, 0·30)

0·04 (− 0·26, 
0·34)

0·32 (− 0·28, 
0·92)

 − 0·23 (− 0·60, 
0·14)

High HDL 0·13 (− 0·10, 0·36)  − 0·13 (− 0·30, 
0·05)

 − 0·18 
(− 0·38, 0·02)

 − 0·16 
(− 0·31, − 0·00)

 − 0·05 
(− 0·25, 0·15)

 − 0·12 
(− 0·30, 0·06)

 − 0·22 
(− 0·50, 0·07)

 − 0·29 
(− 0·52, − 0·06)

High LDL 0·08 (− 0·49, 0·65)  − 0·26 (− 0·62, 
0·09)

0·07 (− 0·64, 
0·78)

0·37 (− 0·22, 0·96) 0·34 (− 0·11, 
0·79)

0·07 (− 0·29, 
0·43)

 − 0·39 
(− 1·04, 0·25)

 − 0·14 (− 0·58, 
0·29)

Depression 
(yes)

 − 0·09 (− 0·41, 
0·23)

0·21 (0·00, 
0·42)

0·33 (− 0·11, 
0·77)

0·00 (− 0·23, 0·23) 0·23 (− 0·14, 
0·60)

 − 0·03 
(− 0·27, 0·22)

 − 0·07 
(− 0·53, 0·39)

0·17 (− 0·10, 0·44)

Fish serve 0·09 (− 0·11, 0·30) 0·00 (− 0·15, 0·15)  − 0·02 
(− 0·21, 0·17)

0·02 (− 0·13, 0·18)  − 0·03 
(− 0·22, 0·16)

 − 0·06 
(− 0·24, 0·12)

0·02 (− 0·25, 
0·29)

0·07 (− 0·16, 0·30)
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cut-offs for DemNCD-LR risk scores for males and 
females. Similar to the DemNCD risk tools, the final risk 
scores for predicting the four outcomes were similar for 
the model development and validation cohorts.

Comparison of the full DemNCD/DemNCD-LR versus age 
only model
We also examined whether the DemNCD/DemNCD-LR 
models with all the risk/protective factors provided bet-
ter predictive ability compared with the age only model, 
as previous dementia risk tools suggest that an age alone 
model for dementia provides similar predictive ability as 
a full model [9]. Similar to the previous tools, the age only 
model provided similar C-statistics as the full model (see 
Additional file 1: Table S9). However, for other outcomes, 
adding risk factors to age improved the predictive ability.

Discussion
To our knowledge, DemNCD is the first attempt to 
develop a risk tool based on a common set of predic-
tors for dementia, stroke, MI, and diabetes that is suit-
able for use in routine clinical practice. The DemNCD 
focuses on relatively short term prediction and hence can 

be used as an educational and motivational tool as well 
as to target the interventions for those most at risk. Our 
results demonstrate that the proposed risk tools (Dem-
NCD/DemNCD-LR) provide good prediction proper-
ties for dementia, MI, diabetes, and strokes especially for 
older adults aged 65 and above. For estimating dementia 
risk, comparable C-statistics were obtained using Dem-
NCD and DemNCD-LR, as are found with existing risk 
tools for dementia (CogDrisk, ANU-ADRI, CAIDE, and 
LIBRA [9, 11]). For predicting stroke, we obtained lower 
C-statistics compared to dementia prediction, but com-
parable C-statistics estimate was obtained to those of 
existing risk scores such as the Framingham stroke risk 
score [12], the Stroke Riskometer [13], and the Qstroke 
for older adults [58]. In addition, similar C-statistics for 
predicting stroke and cardiovascular disease among older 
adults have been reported elsewhere [58–60].

For estimating risk of MI, our DemNCD/DemNCD-
LR risk tools provide comparable AUC (95% CI) esti-
mates to the TMTI (AUC ranges from 0·65 to 0·68) 
[15], the INHEART (AUC (95% CI) for men > 55 years 
and female > 65 years is 0·67 (0·65, 0·69)) [17], and the 
Essen risk score (AUC 0·64 95% CI (0·57–0·71) [16]. 

Table 2 (continued)

Covariates Dementia Stroke MI diabetes

Male Female Male Female Male Female Male Female

Fruits and 
vegetable

 − 0·02 (− 0·38, 
0·34)

 − 0·20 (− 0·55, 
0·14)

 − 0·30 
(− 0·76, 0·17)

 − 0·20 (− 0·65, 
0·26)

0·55 (− 0·08, 
1·17)

0·11 (− 0·45, 
0·66)

0·03 (− 0·58, 
0·64)

0·22 (− 0·51, 0·95)

TBI (yes) 0·00 (− 0·22, 0·22)  − 0·03 (− 0·26, 
0·19)

0·09 (− 0·20, 
0·38)

0·32 (0·03, 
0·61)

0·04 (− 0·31, 
0·40)

 − 0·31 
(− 0·77, 0·14)

 − 0·02 
(− 0·48, 0·43)

0·21 (− 0·18, 0·61)

Loneliness 
(yes)

0·22 (− 0·26, 0·70) 0·44 (0·10, 
0·44)

0·26 (− 0·21, 
0·73)

 − 0·01 (− 0·31, 
0·28)

0·24 (− 0·23, 
0·71)

0·03(− 0·33, 
0·38)

 − 0·09 
(− 0·86, 0·69)

0·14 (− 0·27, 0·55)

Insufficient 
physical 
activity

0·28 (0·06, 
0·49)

0·08 (− 0·09, 0·24)  − 0·02 
(− 0·41, 0·37)

 − 0·03 (− 0·26, 
0·20)

0·07 (− 0·44, 
0·59)

0·12 (− 0·06, 
0·30)

 − 0·11 
(− 0·42, 0·19)

 − 0·03 (− 0·31, 
0·24)

Cognitive activity
 Low Ref Ref Not included Not included Not included

 Moderate 0·06 (− 0·48, 0·59)  − 0·03 (− 0·33, 
0·27)

 High  − 0·63 (− 1·35, 
0·09)

 − 0·40 
(− 0·80, − 0·01)

Atrial fibril-
lation

0·14 (− 0·10, 0·38) 0·12 (− 0·08, 0·32) 0·25 (− 0·01, 
0·52)

0·34 (0·09, 
0·59)

0·37 (− 0·31, 
1·06)

0·45 (0·10, 
0·80)

 − 0·02 
(− 0·40, 0·36)

0·01 (− 0·33, 0·36)

Sleep prob-
lem

0·00 (− 0·47, 0·47)  − 0·23 
(− 0·43, − 0·03)

0·26 (− 0·14, 
0·65)

 − 0·10 (− 0·28, 
0·09)

0·50 (− 0·26, 
1·25)

0·13 (− 0·09, 
0·34)

0·14 (− 0·29, 
0·57)

 − 0·12 (− 0·40, 
0·16)

Hearing 
loss

0·22 (0·03, 
0·41)

 − 0·00 (− 0·17, 
0·17)

0·01 (− 0·23, 
0·26)

0·12 (− 0·09, 0·34)  − 0·12 
(− 0·46, 0·22)

0·17 (− 0·10, 
0·44)

0·04 (− 0·30, 
0·38)

0·21 (− 0·12, 0·53)

Diabetes 0·02 (− 0·17, 0·20) 0·04 (− 0·11, 0·19) 0·15 (− 0·07, 
0·36)

0·14 (− 0·03, 0·31) 0·23 (0·04, 
0·43)

0·32 (0·15, 
0·50)

Not included

Stroke 0·65 (0·48, 
0·83)

0·41 (0·24, 
0·59)

Not included 0·13 (− 0·08, 
0·34)

0·35 (− 0·14, 
0·83)

MI  − 0·21 (− 0·52, 
0·09)

 − 0·08 (− 0·26, 
0·11)

0·13 (− 0·05, 
0·32)

0·22 (− 0·03, 0·40) Not included
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Table 3 Points for DemNCD risk tools associated with dementia, stroke, MI, and diabetes following Fine and Gray sub distribution 
hazards model

Covariates Dementia Stroke MI Diabetes

Male Female Male Female Male Female Male Female

Age
 65–69  − 8  − 9  − 2 0 3 2 5 3

 70–74 0 0 0 0 0 0 0 0

 75–79 11 8 2 4 3 3 1  − 5

 80–84 15 14 4 2 3 1  − 8  − 9

 85–89 25 24  − 5 0  − 2 0  − 7  − 21

 90 + 49 32  − 6  − 15 9  − 2 * *

Education
 Less than secondary 7 3  − 1 4 0 4 1 10

 Upper secondary 4 2 1 2  − 2 5 1 5

 Tertiary 0 0 0 0 0 0 0 0

Obesity
 Underweight 11 2  − 1  − 6 12  − 1 *  − 10

 Normal weight 0 0 0 0 0 0 0 0

 Overweight 0  − 3 2  − 2 5 3 12 4

 Obese  − 1  − 6 1  − 4 4 4 20 18

Alcohol consumption
 Low 0 0 0 0 0 0 0 0

 Moderate  − 5  − 6 2  − 1 2 0  − 4  − 6

 High  − 1  − 9 3  − 3 0 9  − 1  − 13

Smoking
 Non-smoker 0 0 0 0 0 0 0 0

 Current smoker  − 3  − 2  − 1  − 2 3 1 1 3

 Former smoker 0 4  − 3 3  − 2  − 2 3 8

Hypertension (yes) 0  − 1 4 5 1 4 4 6

Cholesterol (high) 4 5 6  − 2  − 3 1 6  − 5

High HDL 3  − 3  − 4  − 3  − 1  − 2  − 4  − 6

High LDL 2  − 5 1 7 7 1  − 8  − 3

Depression (yes)  − 2 4 7 0 5  − 1  − 1 3

Fish serve 2 0 0 0  − 1  − 1 0 1

Fruits and vegetable 0  − 4  − 6  − 4 11 2 1 4

TBI (yes) 0  − 1 2 6 1  − 6 0 4

Loneliness (yes) 4 9 5 0 5 1  − 2 3

Physical activity 6 2 0  − 1 1 2  − 2  − 1

Cognitive activity Not included Not included Not included

 Low 0 0

 Moderate 1  − 1

 High  − 13  − 8

Atrial fibrillation 3 2 5 7 7 9 0 0

Sleep problem 0  − 5 5  − 2 10 3 3  − 2

Hearing loss 4 0 0 2  − 2 3 1 4

Diabetes 0 1 3 3 5 6 Not included

Stroke 13 8 Not included 3 7 Not included

MI  − 4  − 2 3 4 Not included Not included
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However, there are key differences in underlying popu-
lation characteristics where the above risk tools were 
employed. The TMTI was developed and validated 
among patients who were using aspirin, and the Essen 
risk score was based on a population with cardiovas-
cular risk. The INHEART risk score is the only risk 
score validated using data with non-laboratory-based 
risk factors similar to ours [17]. Note that while car-
diovascular risk tools generally yield c-statistics closer 
to 0.7–0.8 [14, 61] when applied to samples of adults 
of all ages, analyses specifically focused on older adults 
typically result in c-statistics ranging from 0.58 to 0.65 
[58, 60, 62, 63]. A recent report found that the relative 
risk associated with various cardiovascular risk factors 
including obesity, hypertension, diabetes, dyslipidae-
mia, smoking, and physical inactivity decreases with 
increasing age, providing lower C-statistics for MI 
and stroke among older adults compared with all age 
groups [58, 60] including early life, midlife, and late-
life. In general, while the literature has documented 
the weak performance of various risk assessment 
tools among older adults, these findings have not been 
widely recognized.

For diabetes, we observed somewhat lower C-statistics/
AUC (95% CI) estimates compared to existing diabetes 
risk scores [18] where AUC for the risk models involving 
self-reported variables generally ranged between 0.7 and 
0.8. This might be due to our use of late-life cohorts in 
developing and validating diabetes risk. Most prior dia-
betes risk tools were developed using mid-life to early 
late-life cohorts [18].

We observed a paradoxical association between risk 
factors including obesity, alcohol consumption, high 
HDL and hypertension with dementia, diabetes, and 
stroke especially for older women. Similar results are also 
reported eslewhere [64–68] for older adults. Older adults 
undergo substantial physical changes leading twowards 
disability and frailty. Thus, the relationship between these 
risk factors assessed in midlife may not be relevant to 
later life risk.

Although we aimed to show that our proposed Dem-
NCD risk tools are comparable with the existing risk 
tools, we acknowledge that the proper comparison 
of the various risk tools would need to be conducted 
within a single dataset using same methodology, which 
is beyond the scope of present paper. While model 

Table 4 Predictive accuracy of the DemNCD tool following Fine and Gray model [Harrel’ C (95% CI)] associated with the diagnosis of 
dementia, stroke, MI, and diabetes

Dementia Stroke MI Diabetes

Validation data n Harrel’ C 95% CI n Harrel’ C 95% CI n Harrel’ C 95% CI n Harrel’ C 95% CI

Combined data Male 4862 0·68 (0·65, 0·70) 5073 0·58 (0·54,0·61) 4631 0·65 (0·61, 0·68) 4607 0·68 (0·64,0·72)

Female 6924 0·65 (0·63, 0·67) 7323 0·55 (0·52, 0·57) 7205 0·65 (0·62, 0·68) 6807 0·61 (0·57, 0·65)

Data components

 ARIC Male 801 0·72 (0·68, 0·76) 761 0·63 (0·55, 0·70) 665 0·59 (0·52, 0·67) 536 0·61 (0·54, 0·68

Female 1104 0·74 (0·71, 0·78) 1043 0·60 (0·54, 0·66) 990 0·68 (0·62, 0·73) 771 0·59 (0·51, 0·67)

 CFAS I Male 1707 0·67 (0·62, 0·72) 1606 0·56 (0·49, 0·63) 1495 0·49 (0·39, 0·59) 1645 0·64 (0·56, 0·72)

Female 2550 0·68 (0·64, 0·71) 2473 0·60 (0·53, 0·67) 2447 0·63 (0·52, 0·74) 2489 0·55 (0·47, 0·64)

 CFAS II Male 1048 0·64 (0·53, 0·75) 971 0·50 (0·34, 0·67) 887 0·53 (0·12, 0·95) 885 0·65 (0·54, 0·76)

Female 1175 0·75 (0·68, 0·82) 1129 0·75 (0·61, 0·89) 1156 0·59 (0·45, 0·74) 1077 0·53 (0·40, 0·66)

 CHS Male 476 0·67 (0·60, 0·74) 828 0·58 (0·53, 0·63) 739 0·53 (0·49, 0·58) 669 0·65 (0·57, 0·72)

Female 704 0·70 (0·65, 0·75) 1156 0·58 (0·54, 0·61) 1106 0·56 (0·52, 0·61) 989 0·67 (0·60, 0·73)

 FHS Male 190 0·60 (0·52, 0·68) 374 0·50 (0·41, 0·59) 269 0·54 (0·44 0·64) 318 0·56 (0·40, 0·72)

Female 290 0·43 (0·37, 0·48) 540 0·63 (0·57, 0·68) 435 0·48 (0·39, 0.58) 478 0·57 (0·43, 0·71)

 ADAMS Male 77 0·65 (0·52, 0·79) 74 0·75 (0·45, 1·00) NA 65 0·42 (0·00, 0·87)

Female 81 0·70 (0·59, 0·82) 78 0·59 (0·26, 0·92) 83 0·66 (0·33, 0·99)

 MAAS Male 81 0·60 (0·31, 0·89) NA 73 0·45 (0·16, 0·73) 76 0·54 (0·26, 0·82)

Female 79 0·45 (0·32, 0·57) N/A 77 0·77 (0·98, 0·96) 67 0·77 (0·64, 0·90)

 MAP Male 170 0·69 (0·60, 0·78) 170 0·79 (0·64, 0·94) 155 0·64 (0·47, 0·81) 150 0·73 (0·61, 0·86)

Female 506 0·74 (0·69, 0·79) 480 0·58 (0·47, 0·69) 487 0·58 (0·44, 0·72) 476 0·64 (0·55, 0·73)

 MAS Male 150 0·70 (0·62, 0·79) 142 0·59 (0·41, 0·78) 127 0·47 (0·23, 0·72) 128 0·39 (0·26, 0·53)

Female 184 0·63 (0·55, 0·72) 179 0·53 (0·36, 0·69) 169 0·49 (0·24, 0·74) 165 0·76 (0·65, 0·87)

 SLAS I Male 162 0·72 (0·59, 0·85) 147 0·65 (0·40, 0·91) 151 0·49 (0·30, 0·68) 135 0·66 (0·54, 0·78)

Female 251 0·74 (0·57, 0·91) 245 0·59 (0·30, 0·87) 249 0·46 (0·29, 0·63) 212 0·48 (0·24, 0·72)
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selection can narrow the set of risk factors and may 
improve prediction, such analysis is beyond the scope 
of this paper because of heterogeneity of our cohorts. 
Such an approach can be tested in future research.

Our study had strengths and limitations. The large num-
ber of cohorts with standardized measures provides a 
large set of covariates, which may not be possible with a 
single cohort where some covariates are entirely missing. 

Table 5 Comparison of sensitivity and specificity for a given cut-off of DemNCD risk scores for predicting dementia

sHR, sub distribution hazards

Outcomes (DemNCD score 
range)

Percentile 
cutoff ( ≥)

Cut-off 
Score

Model data Validation data

sHR (95% CI) Sensitivity 
(%)

Specificity 
(%)

sHR Sensitivity 
(%)

Specificity 
(%)

For males

Dementia (model data: −33, 
72; validation data: −34, 44)

16·6%  − 6 2·16 (1·45, 3·21) 96·3 18·7 1·31 (0·82, 2·07) 94·0 18·1

33·3% 1 3·05 (2·08, 4·46) 87·7 37·5 1·67 (1·09, 2·61) 85·8 36·6

50% 8 4·59 (3·18, 6·63) 75·6 55·1 2·97 (1·96, 4·48) 74·0 55·0

66·7% 14 5·89 (4·11, 8·46) 58·3 70·9 3·45 (2·32, 5·15) 57·7 69·5

83·3% 21 10·43 (7·34, 14·81) 36·1 86·2 5·74 (3·89, 8·47) 33·5 86·1

Stroke (model data: −18, 32; 
validation: −16, 29)

16·6%  − 1 0·99 (0·71, 1·37) 86·0 21·8 1·12 (0·68, 1·84) 88·7 21·7

33·3% 1 1·09 (0·83, 1·44) 77·0 35·0 1·74 (1·18, 2·57) 80·3 34·0

50% 4 1·46 (1·09, 1·94) 60·0 56·7 1·59 (1·03, 2·47) 57·3 55·5

66·7% 6 2·06 (1·60, 1·52) 46·6 69·6 1·57 (104, 2·37) 44·7 67·8

83·3% 10 2·16 (1·66, 2·82) 21·1 87·0 2·59 (1·76, 3·81) 26·3 85·4

Myocardial infarction (model 
data: −7, 45; validation: −6, 
47)

16·6% 4 1·83 (1·27, 2·64) 93·3 20·3 1·84 (1·16, 2·90) 92·7 20·8

33·3% 7 3·39 (2·45, 4·67) 84·0 35·2 3·19 (2·14, 4·77) 82·4 35·1

50% 12 3·42 (2·46, 4·76) 64·2 53·5 3·18 (2·11, 4·79) 62·0 53·1

66·7% 16 3·89 (2·77, 5·48) 46·9 71·1 2·28 (1·43, 3·63) 42·9 70·9

83·3% 20 5·50 (3·99, 7·57) 33·2 85·0 4·91 (3·38, 7·36) 31·3 84·9

Diabetes (model data: −18, 37; 
validation: −20, 35)

16·6%  − 2 1·84 (1·20, 2·83) 91·9 18·4 1·01 (0·55, 1·84) 90·8 18·6

33·3% 3 1·52 (0·89, 2·60) 75·9 41·8 1·73 (0·90, 3·33) 79·7 42·0

50% 5 1·85 (1·19, 2·88) 70·7 52·5 1·65 (0·94, 2·91) 72·8 52·3

66·7% 8 3·41 (2·23, 5·21) 57·9 71·4 2·80 (1·62, 4·82) 59·0 71·7

83·3% 13 6·33 (4·28, 9·36) 40·4 84·9 5·65 (3·45, 9·25) 42·2 85·2

For females

Dementia (model data: −36, 
47; validation: −34, 44)

16·6%  − 11 1·44 (1·13, 1·85) 94·9 19·5 1·63 (1·16, 2·30) 95·0 19·0

33·3%  − 4 1·80 (1·41, 2·29) 85·6 38·6 2·13 (1·53, 2·98) 84·5 38·4

50% 2 2·46 (1·95, 3·09) 75·0 55·4 2·58 (1·87, 3·56) 72·7 54·3

66·7% 9 3·56 (2·86, 4·44) 59·2 71·1 3·71 (2·72, 5·07) 55·7 70·6

83·3% 19 5·05 (4·05, 6·29) 33·7 87·7 4·60 (3·37, 6·29) 29·7 86·7

Stroke (model data: −24, 27; 
validation: −22, 29)

16·6%  − 1 1·03 (0·83, 1·28) 82·3 21·5 0·74 (0·54, 1·02) 80·7 22·3

33·3% 1 0·99 (0·81, 1·20) 70·5 34·4 0·86 (0·66, 1·12) 72·1 34·2

50% 4 0·87 (0·71, 1·10) 52·8 54·6 0·77 (0·57, 1·03) 53·5 54·8

66·7% 6 1·00 (0·82, 1·23) 40·3 69·6 0·83 (0·63, 1·10) 41·8 68·9

83·3% 9 1·56 (1·30, 1·88) 24·2 85·8 1·41 (1·11, 1·81) 26·8 85·0

Myocardial infarction (model 
data: −7, 43; validation: −7, 
44)

16·6% 6 1·12 (0·84, 1·50) 90·2 19·8 0·97 (0·67, 1·40) 88·3 19·1

33·3% 9 1·28 (0·93, 1·76) 78·8 39·5 1·25 (0·85, 1·85) 75·7 39·3

50% 11 1·67 (1·27, 2·20) 71·1 52·1 1·12 (0·77, 1·64) 65·7 52·4

66·7% 14 2·27 (1·75, 2·94) 56·2 69·7 1·72 (1·22, 2·43) 54·8 69·2

83·3% 19 4·77 (3·73, 6·10) 36·1 87·5 3·14 (2·27, 4·33) 34·3 86·4

Diabetes (model data: −42, 45; 
validation: −40, 45)

16·6%  − 5 1·38 (0·95, 2·00) 91·1 18·1 0·82 (0·50, 1·35) 87·5 17·6

33·3% 1 1·90 (1·31, 2·74) 80·1 36·6 1·86 (1·20, 2·90) 78·1 36·6

50% 5 1·79 (1·25, 2·57) 68·1 51·2 1·11 (0·69, 1·77) 62·6 50·7

66·7% 9 2·62 (1·87 3·66) 55·1 68·2 1·37 (0·88, 2·14) 51·4 67·7

83·3% 15 6·05 (4·41, 8·29) 34·7 86·3 3·68 (2·47, 5·47) 31·6 86·1
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Multi-country cohort data in the development and valida-
tion of the risk tools enhances the generalisability of the 
DemNCD risk tool to a wide range of populations. How-
ever, the cohorts were heterogeneous in terms of sample 
size, length of follow-up and age of recruitment, and out-
come measures. We opted to conduct meta-analyses of 
regression coefficients from individual cohorts to avoid 
the effect of cohorts with large sample sizes on the final 
estimated regression coefficients. We were unable to esti-
mate the baseline risk of the outcomes or provide the 5- 
or 10-year risk score for each of the individual outcomes 
because of because we used meta analysis of regression 
coefficients from individual cohorts. Moreover, different 
diagnostic methods for dementia, stroke, MI, and diabetes 
across cohorts may cause potential biases. To assess the 
impact of this and other cohort specific biases, we studied 
the cohort-specific prediction in addition to aggregate pre-
dictions for all cohorts. Yet, the use of heterogeneous data-
sets for calculating risk scores is increasing in the literature 
(e.g., PREVENT [69], the American Heart Association’s 
new cardiovascular disease risk tool) due to the benefit of 
having large contemporary sample that may produce more 
accurate risk score for diverse groups of the population.

The performance of DemNCD risk tool is very simi-
lar to an age only model. This is because all modifiable 
dementia risk factors increases with age and accumu-
late over time. Older age often serves as an indicator of 

time and risk exposure, functioning as a proxy measure 
for underlying cumulative exposure of life time risk fac-
tors. As a result, age is the most significant predictor 
of dementia, the performance of an age only model in 
dementia risk assessment is very similar to various risk 
models that included age and other risk factors [9, 70]. 
However, age itself is merely a measure of time and 
lacks biological or causal attributes. So, it does not fun-
damentally explain risk or its modification. The recent 
Lancet commission suggests that 14 dementia risk fac-
tors account for 45.3% of the population attributable 
risk of dementia [4]. Early identification of high-risk 
individuals could improve risk perceptions and help 
health professionals to recommend interventions that 
mitigate such risks.

In this paper, we considered a large number of risk/
protective factors across all four conditions irrespective 
of their statistical significance in our data analysis. This 
may potentially cause low C-statistics. However, all of 
these risk/protective factors were considered based 
on the literature and expert panel judgment, existing 
risk tools, and current recommendations. Therefore, 
consideration of all of these risk/protective factors in 
community settings and in intervention studies may 
provide great scope in risk identification and behavio-
ral changes to enhance risk reduction for dementia and 
other NCDs.

Fig. 1 AUC of the DemNCD-LR tool following logistic regression associated with the diagnosis of dementia, MI, stroke, and diabetes
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Conclusions
The novel DemNCD-Risk tool provides risk information 
for dementia and three other cadiometabolic conditions 
(stroke, MI, and diabetes), on the basis of a single assess-
ment. It has been shown to provide efficient and reason-
able predictive properties for all of these outcomes. The 
tool has the potential to be used in community and clini-
cal settings, primary care and for policy development in 
preventive health.
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