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Abstract 

Background Dementia is defined as a cognitive decline that affects functional status. Longitudinal ageing surveys 
often lack a clinical diagnosis of dementia though measure cognition and daily function over time. We used unsuper‑
vised machine learning and longitudinal data to identify transition to probable dementia.

Methods Multiple Factor Analysis was applied to longitudinal function and cognitive data of 15,278 baseline par‑
ticipants (aged 50 years and more) from the Survey of Health, Ageing, and Retirement in Europe (SHARE) (waves 1, 
2 and 4–7, between 2004 and 2017). Hierarchical Clustering on Principal Components discriminated three clusters 
at each wave. We estimated probable or “Likely Dementia” prevalence by sex and age, and assessed whether demen‑
tia risk factors increased the risk of being assigned probable dementia status using multistate models. Next, we 
compared the “Likely Dementia” cluster with self‑reported dementia status and replicated our findings in the English 
Longitudinal Study of Ageing (ELSA) cohort (waves 1–9, between 2002 and 2019, 7840 participants at baseline).

Results Our algorithm identified a higher number of probable dementia cases compared with self‑reported cases 
and showed good discriminative power across all waves (AUC ranged from 0.754 [0.722–0.787] to 0.830 [0.800–
0.861]). “Likely Dementia” status was more prevalent in older people, displayed a 2:1 female/male ratio, and was associ‑
ated with nine factors that increased risk of transition to dementia: low education, hearing loss, hypertension, drink‑
ing, smoking, depression, social isolation, physical inactivity, diabetes, and obesity. Results were replicated in ELSA 
cohort with good accuracy.

Conclusions Machine learning clustering can be used to study dementia determinants and outcomes in longitudi‑
nal population ageing surveys in which dementia clinical diagnosis is lacking.

Keywords Dementia, Identification, Population‑based surveys, Longitudinal analysis, Unsupervised clustering, 
Machine Learning, Multistate models
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Introduction
Major neurocognitive disorder (MND), commonly 
known as dementia, is a clinical syndrome characterised 
by a decline in cognitive performance that compromises 
patient’s independence [1]. Repeated clinical visits and 
assessments reveal the progression from a healthy state 
to dementia. International diagnostic criteria are avail-
able to identify dementia cases. Yet, more than half of the 
cases in high income countries (HIC) [2] and up to 90% 
in low and middle income countries (LMIC) [3] remain 
undetected. For such, new methods are needed to iden-
tify dementia cases and to study dementia determinants 
at the level of countries or continents.

Several population-based surveys, modelled on the 
United-States Health and Retirement Study (HRS), are 
conducted in multiple countries to study the impact of 
the transition from late-life work to retirement [4]. The 
“HRS family” studies offer the opportunity to compare 
ageing outcomes internationally [5]. Yet, in these and in 
many other surveys, clinical dementia status is either not 
available or only self-reported by participants or their 
families, which underestimates the real number of cases.

In the absence of clinical diagnosis in population age-
ing surveys, unsupervised machine learning, generally 
used to discover clusters or patterns within datasets [6], 
can identify probable dementia cases. In a previous work, 
we applied an unsupervised clustering method to cross-
sectional data from HRS and Survey of Health, Age-
ing and Retirement in Europe (SHARE) to identify high 
likelihood of dementia [7] based on variables related to 
demographics, comorbidities, functional status, mobil-
ity, cognition, and neuropsychiatric symptoms. However, 
applying this clustering method to cross-sectional data 
did not allow us to investigate longitudinal transition 
from normal to impaired functional status, or to assess 
risk factors associated with transition to dementia status.

Herein, we built a clustering analysis for identifying 
transition to high likelihood of dementia in population 
ageing surveys using repeated measurements of cog-
nition and functional status with a modified unsuper-
vised machine-learning algorithm. Our objectives were 
to demonstrate that this method can identify probable 
dementia in population aging surveys where dementia is 
either poorly or non-diagnosed, and that this method is 
also efficient to study dementia risk factors. Three analy-
ses were used to ascertain the internal validity of “Likely 
Dementia” status: (1) comparing “Likely Dementia” iden-
tification with self-reported dementia, (2) studying the 
prevalence of “Likely Dementia” status according to sex 
and age, (3) testing whether traditional dementia risk 
factors were associated with a higher risk of transition 
to “Likely Dementia” cluster. To demonstrate replicabil-
ity, we conducted our study using SHARE survey and 

replicated it in the English Longitudinal Study of Ageing 
(ELSA).

Material and methods
Study design and participants
We used the harmonised dataset provided by the Gate-
way to Global Aging [5] of SHARE, a longitudinal panel 
study conducted across multiple countries in Europe and 
Israel [8]. This population survey takes place every two 
years and follows a representative sample of individuals 
aged 50  years or older from each participating country. 
The harmonised version of SHARE consisted of seven 
waves (the third being retrospective) conducted between 
2004 and 2017. We included subjects from countries who 
have participated in SHARE since the first wave (i.e., Aus-
tria, Belgium, Denmark, France, Germany, Greece, Israel, 
Italy, The Netherlands, Spain, Sweden, and Switzerland), 
aged 50 years or older, with consecutive follow-ups.

Selected variables
Variables related to cognition and function were retained 
in compliance with the DSM-5 criteria of MND. The 
selected variables are listed in the Supplementary Infor-
mation (Supplementary Tables  1 and  2). Variables with 
more than 30% missing values were discarded and the 
remaining data were imputed using the imputeMFA 
command of the missMDA R package [9].

Clustering
We ran Multiple Factor Analysis (MFA) followed by 
Hierarchical Clustering on Principal Components 
(HCPC) using FactoMineR R package [10] and longitudi-
nal data from all waves at the same time. MFA is a prin-
cipal component method that balances for differences in 
the number of active variables per domain by forming 
active groups (details in Appendix and Supplementary 
Fig. 1). For the clustering, we retained only active groups 
that represented participants’ function or cognition (Sup-
plementary Tables  1 and 2). Each participant, at each 
wave, was assigned to one of the three possible clusters 
(i.e., each participant could transition from one cluster to 
another, from one wave to another longitudinally). The 
number of clusters was set at three based on previous 
work for identification of high likelihood of dementia [7]. 
First wave participants who presented impaired cogni-
tion and function were singled out in a highly probable-
dementia cluster (named “Likely Dementia”). Participants 
classified in “Likely Dementia” cluster were permanently 
assigned to it (i.e., making any incident case a prevalent 
one).

We took into account the attrition induced by study 
dropout and death across waves, and applied Inverse 
Probability Weighting (IPW) using the ipw R package 
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[11]. For each wave, a logistic regression model was built 
based on the participants’ age, sex, and country of origin 
characteristics collected at the previous wave. Weights 
were derived by inverting the product of the predicted 
probabilities computed by the model, and then integrated 
into both imputation and clustering methods.

Self‑reported diagnosis of dementia
The discrimination power of our clustering method and 
its ability to identify “Likely Dementia” status, compared 
with the self-reported dementia status, was evaluated 
in terms of Sensitivity, Specificity and Area Under the 
Curve (AUC) metrics using data collected from the sec-
ond wave of SHARE.

Effect of age, sex, and risk factors for dementia
The prevalence of “Likely Dementia” status of each wave 
was computed by sex and by age. Participants were 
divided into six age groups (under 65 years, 65–69 years, 
70–74  years, 75–79  years, 80–85  years, and more than 
85 years).

We examined the role of several established modifiable 
risk factors, identified by Livingston [12], in transitioning 
to “Likely Dementia” cluster: low education, hearing loss, 
hypertension, excessive alcohol drinking, current smok-
ing, depression, social isolation, physical inactivity, dia-
betes, obesity, and air pollution. Past history of traumatic 
brain injury was not available in the database and could 
not be tested. All risk factors were measured at baseline 
and were imputed whenever indicated.

All ordinal risk factors variables were dichotomised. 
Education level was categorised as high (upper secondary 
and vocational training or tertiary education) or low (less 
than upper secondary). For hearing loss, self-reported 
hearing capacity was used as a proxy considering it either 
being normal (excellent, very good, and good) or bad (fair 
or poor). Moderate and vigorous physical activity were 
merged into being physically active (frequency: more 
than once per week, once per week, one to three times a 
month) or inactive (hardly ever or never). The remaining 
risk factors were treated as dichotomous as they were in 
the database: hypertension (ever had high blood pressure 
vs. never had high blood pressure), drinking (21 units or 
more of alcohol per week vs. less than 21 units of alco-
hol per week), smoking (current smoker vs. non-current 
smoker), depression (Centre for Epidemiologic Studies 
Depression [CES-D] scale score greater than or equal to 
five vs. CES-D scale score less than five), social isolation 
(participating in social activities weekly vs. non-partici-
pating in social activities weekly), diabetes (ever had dia-
betes vs. never had diabetes), obesity (Body Mass Index 
[BMI] ≥ 30 kg/m2 vs. BMI < 30 kg/m2), air pollution (liv-
ing in urban area vs. living in rural area).

Multistate models
In each wave, a participant could be classified in one 
of the three clusters (Cluster 1, Cluster 2 or Cluster 3; 
see above). Data being interval-censored, we applied 
multistate models using MSM package [13] to study the 
impact of dementia risk factors on the risk of transition 
to “Likely Dementia” cluster.

Age was used as the time scale by calculating it as 
the difference between birth date and interview date 
in years, and then was divided by ten, in the multistate 
models, to facilitate the computational process with-
out altering the Hazard Ratios (HR) results. Sex was 
treated as a binary variable (male or female). All transi-
tions were adjusted for sex, and all covariates were set 
at baseline. Transition towards “Likely Dementia” clus-
ter was further adjusted for age. For each risk factor, we 
computed its corresponding HR.

The robustness of the multistate models was checked 
in two steps. First, we considered death as a compet-
ing risk and added it as an absorbing state in the mod-
els. This was investigated in SHARE where death was 
reported consistently. Second, we excluded early preva-
lent and incident dementia cases by excluding partici-
pants categorised with a likelihood of dementia at first 
and second waves, and ran multistate analyses again.

Replication cohort
In order to confirm our results, we chose the harmo-
nised version of ELSA [14] as a replication cohort. The 
latter is a representative longitudinal panel study of 
people aged 50  years and over in England, and com-
prises nine waves ranging from 2002 to 2019.

Standards of reporting
We followed both STROBE (STrengthening the Report-
ing of OBservational studies in Epidemiology) and 
MELODEM (The MEthods in LOngitudinal research 
on DEMentia) guidelines [15, 16] for the reporting of 
this study.

Role of the funding source
Sponsors of the study had no role in study design, data 
collection, data analysis, data interpretation, or writing 
of the report.

Results
Identification of probable dementia
Of the initial sample of SHARE (n = 30,419), we 
restricted our analyses to participants aged 50  years 
and over at baseline (n = 29,102), who had consecu-
tive follow-ups (n = 15,278) (Fig.  1). After running the 
clustering, the distribution between the clusters was 
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uneven. At baseline, the first cluster (n = 11,369) and 
the second (n = 3374) encompassed the majority of 
the sample, leaving a small part for the third cluster 
(n = 535) (Table  1). Participants of the first and sec-
ond clusters had similar baseline characteristics evok-
ing healthy ageing. Participants of the third cluster 
were older (mean age 76.5 years [SD 11]), often female 
(n = 368 [68.6%]), had lower education level (n = 426 

[79.6%] attained less than upper secondary education), 
more mobility impairment (mean mobility impairment 
score 4.9 [SD 1.5]), more functional impairment (mean 
Activities of Daily Living [ADL] score 3.1 [SD 1.7] and 
mean Instrumental Activities of Daily Living [IADL] 
score 4.2 [SD 1.8]), and more impaired cognition (mean 
immediate word recall test 2.6 [SD 1.9] and mean ver-
bal fluency 10.4 [SD 6]) than participants of the first 

Fig. 1 Flowchart for the Survey of Health, Ageing and Retirement in Europe (SHARE) participants

Table 1 Baseline characteristics of the SHARE study participants according to the three clusters identified by the algorithm

a  Missing values were imputed using MissMDA package

SHARE

Cluster 1 (n = 11,369) Cluster 2 (n = 3374) Cluster 3 (n = 535)

Age, Years 64.6 (9.6) 65.2 (9.7) 76.5 (11)

Sex

 Female 6251 (55%) 1704 (50.5%) 368 (68.8%)

 Male 5118 (45%) 1670 (49.5%) 167 (31.2%)

Education

 Less than upper secondary education 5632 (49.5%) 1834 (54.4%) 426 (79.6%)

 Upper secondary and vocational training 3446 (30.3%) 928 (27.5%) 69 (12.9%)

 Tertiary education 2291 (20.2%) 612 (18.1%) 40 (7.5%)

Mobilitity impairment score [0–7] 1 (1.4) 1 (1.4) 4.9 (1.5)

Autonomy

 ADL score [0–6]a 0.1 (0.3) 0.1 (0.4) 3.1 (1.7)

 IADL score [0–7]a 0.2 (0.5) 0.2 (0.6) 4.2 (1.8)

Cognition

 Immediate Word Recall [0–10]a 5 (1.7) 4.7 (1.9) 2.6 (1.9)

 Verbal Fluency [0–67]a 19.7 (7.1) 18.7 (7.3) 10.4 (6)
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and second clusters at baseline. These characteristics 
corroborated that the third cluster was the one reflect-
ing a high likelihood of dementia, thus named “Likely 
Dementia” cluster. Conversely, the first and second 
clusters’ participants were deemed dementia-free.

Discrimination power
We compared our algorithm identification with the self-
reported dementia diagnosis in the SHARE dataset, 
which was available from wave 2 (Table  2). Our clus-
tering algorithm allowed the identification of a higher 
number of “Likely Dementia” cases compared with self-
reported dementia cases. The AUC metric ranged from 
0.754 (0.722–0.787) to 0.830 (0.800–0.861), suggesting 
good discrimination power. Sensitivity peaked at wave 4 
reaching 0.714 (0.659–0.770) then slowly decreased after. 
Specificity remained high (> 0.9) in all waves. Results by 
country are given in Supplementary Information (Sup-
plementary Table 3).

Effect of age and sex
Older age and female sex were both associated with an 
increased risk of entering “Likely Dementia” cluster. The 
prevalence of “Likely Dementia” was higher in women 
with approximatively a 2:1 female to male ratio across 
all waves (Fig.  2A). The number of “Likely Dementia” 
cases increased with age (Fig. 2B). For instance, at wave 
2, the prevalence of “Likely Dementia” cases gradu-
ally rose with age: 1.8% in those under 65 years, 3.1% in 
65–69 years, 5.9% in 70–74 years, 10.2% in 75–79 years, 
18.9% in 80–85  years, and 37.4% in more than 85  years 
old participants.

Multistate models
To assess the associations of dementia risk factors with 
the risk of transitioning to “Likely Dementia” cluster 
(Table  3), we computed a multistate model (Fig.  3A). 
Nine of the eleven dementia risk factors, chosen a pri-
ori, were associated with an increased risk of transition 
from Cluster 1 to “Likely Dementia” cluster: low educa-
tion level (Hazard Ratio [HR] 1.92, 95%CI [1.58 − 2.33]), 
poor hearing (1.74 [1.45 − 2.09]), hypertension (1.35 
[1.14 − 1.16]), smoking (1.45 [1.13 − 1.87]), depression 
(2.51 [1.06 − 3.07]), social isolation (1.66 [1.39 − 1.98]), 
physical inactivity (3.66 [2.97 − 4.51]), diabetes (2.4 
[1.94 − 2.96]), and obesity (1.7 [1.39 − 2.07]). Some of 
these associations were also significant for transition 
from Cluster 2 to “Likely Dementia” cluster: depression 
(2.39 [1.62 − 3.53]), social isolation (2.31 [1.51 − 3.53]), 
physical inactivity (3.21 [2.12 − 4.87]), and obesity (1.58 
[1.08 − 2.32]).

In the first sensitivity analysis which took into account 
death (Fig.  3B), we excluded 105 participants due to 

inconsistencies between interview and death dates. All 
of the above-described associations between dementia 
risk factors and transition to “Likely Dementia” cluster 
remained significant albeit with lower HR, except for 
hypertension. Of more, smoking became significantly 
associated with the risk of transition from Cluster 2 to 
“Likely Dementia” cluster (2.23 [1.57 − 3.16]). In the 
second sensitivity analysis, where prevalent and inci-
dent cases at wave 1 (2004 − 05) and wave 2 (2006 − 07) 
(n = 983) were further removed, HRs of transition from 
cluster 1 to “Likely Dementia” cluster did not change, 
but excessive alcohol drinking became a significant 
risk factor (1.34 [1.17 − 1.53]). As for transitions from 
Cluster 2 to “Likely Dementia” cluster, only smoking 
(2.68 [1.79 − 4.03]) and depression (1.65 [1.07 − 2.54]) 
remained significant.

Replication in ELSA
Of the initial sample of ELSA (n = 12,099), we restricted 
our analyses to participants over 50  years at baseline 
(n = 11,522) and further restricted to participants who 
had consecutive follow-ups (n = 7840) (Supplementary 
Fig. 2). Overall, results obtained with ELSA participants 
were similar to those found in the SHARE cohort (Sup-
plementary Table 4).

At baseline, participants of the third cluster (n = 659) 
were more likely older (mean age 69.8 [SD 11]), more 
likely female (n = 401 [60.8%]), of lower education level 
(n = 423 [64.2%] attained less than upper secondary edu-
cation), had more mobility impairments (mean mobility 
impairment score 4.9 [SD 1.5]), more functional impair-
ment (mean ADL score 2.7 [SD 1.5] and mean IADL 
score 2.5 [SD 1.4]), worse cognition (mean immediate 
word recall test 4.6 [SD 1.9], and mean verbal fluency 
16.5 [SD 6]) than the other clusters.

Our clustering algorithm identified a higher number 
of “Likely Dementia” cases compared with self-reported 
dementia cases. Except for wave 1 (2002 − 03) in which 
the number of self-reported dementia cases was small 
(n = 24), the algorithm identification AUC metric values 
were similar to those found with SHARE (Supplementary 
Table 5). Sensitivity and specificity were balanced.

Women were more likely to be in the “Likely Dementia” 
group, and prevalence of “Likely Dementia” status rose 
with age (Supplementary Fig. 3).

Ten dementia risk factors were tested (not air pollution 
due to missing urbanicity data). Their associations with 
transition to “Likely Dementia” cluster remained similar 
to those found with the SHARE dataset (Supplementary 
Table 6) except for excessive alcohol drinking which was 
protective for the transition from Cluster 1 to “Likely 
Dementia” cluster (HR 0.6 [0.43 − 0.83]). Four risk factors 
were associated with an increased risk of transition from 
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Cluster 2 to “Likely Dementia” cluster: hypertension (1.64 
[1.13 − 2.38]), depression (2 [1.26 − 3.17]), physical inac-
tivity (2.69 [1.73 − 4.18]), and diabetes (2.23 [1.26 − 3.95]). 
We did not take death into account in the multistate 

models as death data were not available for each wave in 
the sensitivity analysis.

Removing prevalent and incident cases at wave 1 
(2002 − 03) and wave 2 (2004 − 05) in sensitivity analysis 

Fig. 2 Prevalence of participants of the “Likely Dementia” cluster A by sex, and B by age

Table 3 Multistate models for the transition to cluster 3 (“Likely Dementia”)

Analyses using age as time‑scale. All transitions were adjusted for sex. Transition towards the third cluster (“Likely Dementia”) was further adjusted for age and each 
risk factor individually. All risk factors were taken at baseline. Main analysis was based on a multistate model (Model 1). Sensitivity analyses were based on a multistate 
survival model with death as an absorbing state. First, 105 participants were removed because of inconsistencies of dates (Model 2). Second, cases identified either at 
the first or the second waves were removed (Model 3)

HR hazard ratio, CI Confidence interval

SHARE

Main analysis Sensitivity analyses

Model 1 (n = 15,278) Model 2 (n = 15,173) Model 3 (n = 14,190)

HR (95% CI) 
(1 → 3)

HR (95% CI) 
(2 → 3)

HR (95% CI) 
(1 → 3)

HR (95% CI) 
(2 → 3)

HR (95% CI) 
(1 → 3)

HR (95% CI) (2 → 3)

Low education 1.92 (1.58–2.33) 1.32 (0.91–1.9) 1.86 (1.6–2.17) 1.18 (0.86–1.61) 1.77 (1.52–2.07) 0.97 (0.67–1.4)

Hearing loss 1.74 (1.45–2.09) 1.23 (0.85–1.79) 1.38 (1.2–1.59) 1.03 (0.75–1.42) 1.2 (1.03–1.4) 0.88 (0.59–1.32)

Hypertension 1.35 (1.14–1.16) 1.24 (0.9–1.72) 1.36 (1.2–1.55) 1.14 (0.86–1.5) 1.34 (1.17–1.53) 1.09 (0.76–1.55)

Drinking (> 21 
units)

0.79 (0.55–1.14) 0.42 (0.16–1.09) 1.25 (0.99–1.58) 0.36 (0.13–1.04) 1.37 (1.09–1.73) 0.54 (0.21–1.41)

Smoking 1.45 (1.13–1.87) 1.29 (0.73–2.29) 1.64 (1.36–1.99) 2.23 (1.57–3.16) 1.7 (1.39–2.07) 2.68 (1.79–4.03)

Depression 2.51 (1.06–3.07) 2.39 (1.62–3.53) 2.05 (1.76–2.4) 1.98 (1.42–2.77) 1.78 (1.51–2.11) 1.65 (1.07–2.54)

Social isolation 1.66 (1.39–1.98) 2.31 (1.51–3.53) 1.61 (1.4–1.86) 1.6 (1.15–2.24) 1.56 (1.35–1.81) 1.15 (0.79–1.68)

Physical inactivity 3.66 (2.97–4.51) 3.21 (2.12–4.87) 2.48 (2.07–2.97) 2.89 (2–4.17) 2.09 (1.72–2.54) 1.33 (0.68–2.6)

Diabetes 2.4 (1.94–2.96) 1.32 (0.79–2.21) 2.15 (1.82–2.54) 1.32 (0.85–2.05) 2.22 (1.88–2.62) 0.88 (0.45–1.73)

Obesity 1.7 (1.39–2.07) 1.58 (1.08–2.32) 1.65 (1.41–1.93) 1.43 (1.01–2.01) 1.76 (1.5–2.06) 1.32 (0.83–2.1)

Air Pollution 0.84 (0.7–1.02) 1.26 (0.83–1.9) 0.92 (0.79–1.07) 1.32 (0.92–1.89) 0.94 (0.81–1.1) 1.32 (0.83–2.08)
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led to similar results with few exceptions. Excessive 
alcohol drinking was no longer significant for the tran-
sition from Cluster 1 to “Likely Dementia” cluster (0.79 
[0.58 − 1.08]). Only physical inactivity remained signifi-
cant for the risk of transition from Cluster 2 to “Likely 
Dementia” cluster (2.02 [1.1 − 3.69]).

Discussion
Unsupervised clustering applied to two longitudinal 
population-based surveys of ageing (SHARE and ELSA) 
identified participants with high likelihood of dementia 
using longitudinal data related to functional and cogni-
tive measurements. In both surveys, this method had a 
good discrimination performance when compared with 
self-reported diagnosis of dementia. “Likely Demen-
tia” status was more common in older participants and 
in women with a 2:1 sex ratio. Low education, hearing 
loss, hypertension, smoking, depression, social isolation, 
physical inactivity, diabetes, and obesity were associated 
with a higher risk of subsequent transition to “Likely 
Dementia” cluster. Results for excessive alcohol drinking 

and air pollution were inconclusive. Applying cluster-
ing to longitudinal cohorts for the identification of high 
likelihood of dementia paves the way for researchers to 
conduct future secondary analyses on population ageing 
surveys worldwide.

Although supervised machine learning algorithms have 
already been used in population surveys to identify per-
sons with dementia [17], they have their limitations, e.g., 
they require a subsample of data to be labelled “diagnosis 
of dementia”, and their external validity remains variable. 
Conversely, unsupervised machine learning may over-
come such limitations as suggested in a previous cross-
sectional study [7]. Here, we used an improved clustering 
method combining longitudinal data and a limited num-
ber of variables related to participants’ cognition and 
daily functions. Our clustering algorithm identified 
a greater number of people with a high likelihood of 
dementia in both SHARE and ELSA compared with self-
reported dementia cases. Identifying a higher number of 
probable dementia cases in population ageing surveys 
might give a better statistical power to future studies of 

Fig. 3 Three‑state models A Multistate model B Multistate survival model
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dementia determinants and outcomes. Moreover, this 
clustering method relies on cognitive and functional sta-
tus data, largely available in HRS family studies and in 
several population ageing surveys, which makes it very 
suitable to apply to other ageing surveys including those 
in LMIC. Noteworthy, our study took into account many 
biases inherent to longitudinal studies, in particular attri-
tion [18] due to loss to follow-up or death. Internal valid-
ity was assessed using different approaches: comparison 
with self-reported diagnosis of dementia, impact of age 
and sex on dementia prevalence, and impact of known 
dementia risk factor on the risk of being classified as a 
“Likely Dementia” case. Results were obtained using data 
of 12 countries participating in SHARE, and then repli-
cated in ELSA.

On the other hand, one should carefully examine our 
results. For instance, detecting a “Likely Dementia” sta-
tus by the algorithm cannot, by any stretch, be taken 
as a diagnosis of the disease without clinical validation. 
Future studies that compare our identification method 
with the recently developed cognitive assessment in HRS 
family cohorts using the Harmonized Cognitive Assess-
ment Protocol (HCAP) [19] are warranted. Our method 
cannot distinguish the aetiology of dementia, whether 
Alzheimer’s disease (AD) or others. Contrary to the 
results of our prior cross-sectional study, Cluster 1 and 
Cluster 2 participants were similar in terms of daily func-
tion, cognition, and mobility, yet they differed in their 
risk of transition to Cluster 3 (“Likely Dementia”). How-
ever, we cannot rule out the possibility that the non-sig-
nificant HRs observed for the transition from Cluster 2 to 
“Likely Dementia” cluster resulted from a lack of statisti-
cal power. Although this three-cluster partition remains 
consistent with our earlier work [7], future investigation 
will test the interest of further simplification by merg-
ing the first two clusters together. The lack of biological 
or imaging biomarkers in this study could also be seen 
as a limitation. Yet, biomarkers are often costly, expert-
dependent, and rarely available in large population ageing 
studies. As for genetics, Apolipoprotein E (APOE) [20] 
and polygenic scores [21] are associated with a higher risk 
of AD, but the role of genetic factors in explaining future 
risk of dementia remains modest [21, 22]. The results for 
excessive alcohol drinking were ambiguous. We observed 
a deleterious drinking effect in SHARE, whereas it was 
protective in ELSA. Excessive drinking has been entan-
gled for the brain damage it causes [23], yet its exact 
relationship with dementia risk is debated since alcohol 
thresholds and time of exposure differ between stud-
ies [24, 25]. The association between air pollution and 
dementia was inconclusive in SHARE and could not be 
explored in ELSA. Urbanicity (i.e., geographical variation 
between urban and rural areas) was used as a proxy for 

air pollution as proposed recently [12]. Yet, people living 
in rural areas have shown higher rates of dementia com-
pared with their urban counterparts [26, 27]. Switching 
to quantifiable pollution markers (fine particulate matter 
or ozone) that have been linked to an increased risk of 
dementia [28] is more than desirable.

Conclusion
Unsupervised clustering is an efficient method to detect 
people with probable dementia in population ageing sur-
veys using their cognitive and functional characteristics 
in a longitudinal setting. This approach opens new per-
spectives for the analyses of population data sets already 
available worldwide in HIC and LMIC to better compare 
and understand dementia determinants and outcomes.

Abbreviations
AD  Alzheimer’s disease
ADL  Activities of Daily Living
APOE  Apolipoprotein E
AUC   Area Under the Curve
BMI  Body Mass Index
CES‑D  Centre for Epidemiologic Studies Depression
ELSA  English Longitudinal Study of Ageing
HCAP  Harmonized Cognitive Assessment Protocol
HCPC  Hierarchical Clustering on Principal Components
HIC  High income countries
HR  Hazard Ratio
HRS  Health and Retirement Study
IADL  Instrumental Activities of Daily Living
IPW  Inverse Probability Weighting
LMIC  Low and middle income countries
MELODEM  MEthods in LOngitudinal research on DEMentia
MFA  Multiple Factor Analysis
MND  Major neurocognitive disorder
SHARE  Survey of Health, Ageing, and Retirement in Europe
STROBE  STrengthening the Reporting of OBservational studies in 

Epidemiology

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s13195‑ 023‑ 01357‑9.

Additional file 1. 

Acknowledgements
The Gateway to Global Aging Data project is developed by Centre for 
Economic and Social Research (CESR) at University of Southern California 
(https:// cesr. usc. edu/). The project is funded by National Institute on Aging, 
National Institutes of Health (R01 AG030153, RC2 AG036619, R03 AG043052, 
R24 AG048024)
SHARE was funded by the European Commission, through FP5 (QLK6‑
CT‑2001‑00360), FP6 (SHARE‑I3: RII‑CT‑2006‑062193, COMPARE: CIT5‑
CT‑2005‑028857, SHARELIFE: CIT4‑CT‑2006‑028812), FP7 (SHARE‑PREP: GA 
211909, SHARE‑LEAP: GA 227822, SHARE M4: GA 261982, DASISH: GA 283646), 
and Horizon 2020 (SHARE‑DEV3: GA 676536, SHARECOHESION: GA 870628, 
SERISS: GA 654221, SSHOC: GA 823782), and by DG Employment, Social Affairs 
and Inclusion (VS 2015/0195, VS 2016/0135, VS 2018/0285, VS 2019/0332 
and VS 2020/0313). Additional funding from the German Ministry of Educa‑
tion and Research, the Max Planck Society for the Advancement of Science, 
the US National Institute on Aging (U01_AG09740‑13S2, P01_AG005842, 

https://doi.org/10.1186/s13195-023-01357-9
https://doi.org/10.1186/s13195-023-01357-9
https://cesr.usc.edu/


Page 10 of 11Gharbi‑Meliani et al. Alzheimer’s Research & Therapy          (2023) 15:209 

P01_AG08291, P30_AG12815, R21_AG025169, Y1‑AG‑4553‑01, IAG_BSR06‑11, 
OGHA_04‑064, HHSN271201300071C, and RAG052527A) and from various 
national funding sources is gratefully acknowledged.
ELSA was funded by the National Institute on Aging (R01AG017644) and by 
a consortium of UK government departments: Department for Health and 
Social Care; Department for Transport; Department for Work and Pensions, 
which is coordinated by the National Institute for Health Research (NIHR, 198‑
1074). Funding has also been provided by the Economic and Social Research 
Council (ESRC).
First and foremost, we would like to express our gratitude to Julie Josse for all 
the methodological recommendations she gave for this project.
We would like to thank both Bioinformatics services of Institut Mondor de 
Recherche Biomédicale (IMRB) and Ecole Normale Supérieure (ENS) for their help 
in employing computer clusters for our analysis.

Authors’ contributions
A.G‑M. and L.C.L. contributed to the conceptualisation and design of the 
study. A.G‑M. analysed the data. F.H. granted statistical methods expertise. H.V. 
helped with the computational analyses. A.G‑M. and L.C.L. wrote the first draft. 
All authors reviewed and approved the final version of the manuscript. A.G‑M. 
decided to submit this manuscript for publication.

Funding
This work was supported by: French Institute for Public Health Research 
(IReSP), French National Institute for Health and Medical Research (Inserm), 
NeurATRIS Grant (ANR‑11‑INBS‑0011), and Front‑Cog University Research 
School (ANR‑17‑EUR‑0017).

Availability of data and materials
All the data we used are publicly available. We used the harmonised versions 
of SHARE and ELSA provided by the Gateway to Global Aging Data (https:// 
g2agi ng. org/). ELSA raw data can be downloaded via the UK Data Service 
(https:// ukdat aserv ice. ac. uk/ find‑ data/). SHARE raw data can be accessed on 
their website (http:// www. share‑ proje ct. org/ data‑ access. html).

Declarations

Ethics approval and consent to participate
All participants provided informed consent and both studies obtained 
ethical approvals from local research committees. SHARE was approved by 
committees at the University of Mannheim and the Max Planck society. ELSA 
was first approved by the London Multicenter Research Ethics Committee 
(MREC/01/2/91). Information about the ethical committees of the following 
waves is available at https:// www. elsa‑ proje ct. ac. uk/ ethic al‑ appro val.

Consent for publication
Not applicable.

Competing interests
E.B. is an advisory board member of SafelyYou. E.B. has vested stock options 
in SafelyYou stock. K.F. is a participant on a data safety monitoring board Eli 
Lilly and NIH‑sponsored trials. K.F. is a board member of Alector. A.C.B.L. has 
received academic grants from the French National Research Agency (ANR‑
17‑EURE‑0017) and NeurATRIS (ANR‑11‑INBS‑0011). A.C.B.L. has received fees 
for consultancy work from Roche. All other authors declare no competing 
interests.

Author details
1 Neuropsychologie Interventionnelle, U955 E01, Institut Mondor de 
Recherche Biomédicale & Département d’études Cognitives, INSERM, Ecole 
Normale Supérieure, Université PSL, Université Paris‑Est Créteil, Creteil 94000, 
France. 2 Institut Agro, Univ Rennes1, CNRS, IRMAR, Rennes 35000, France. 
3 Laboratoire de Neurosciences Cognitives et Computationnelles, Départe‑
ment d’études Cognitives, Ecole Normale Supérieure, Université PSL, INSERM, 
Paris 75005, France. 4 Département de Rééducation Neurologique, Sorbonne 
Université, Hôpital Pitié‑Salpêtrière–Assistance Publique Hôpitaux de Paris, 
Paris 75013, France. 5 Global Brain Health Institute, University of California, San 
Francisco, CA 94143, USA. 6 Departments of Psychiatry, Neurology and Epi‑
demiology and Biostatistics, University of California, San Francisco, CA 94143, 
USA. 7 Service de Neurologie, Centre de référence maladie de Huntington, 

Hôpital Henri Mondor, Assistance Publique Hôpitaux de Paris, 1 rue Gustave 
Eiffel, Creteil 94000, France. 

Received: 23 June 2023   Accepted: 21 November 2023

References
 1. American Psychiatric Association. Diagnostic and statistical manual of 

mental disorders: DSM‑5. 5th ed. Washington, DC: American Psychiatric 
Publishing, Inc.; 2013.

 2. Lang L, Clifford A, Wei L, Zhang D, Leung D, Augustine G, et al. Prevalence 
and determinants of undetected dementia in the community: a system‑
atic literature review and a meta‑analysis. BMJ Open. 2017;7(2):e011146.

 3. Alzheimer’s Disease International, McGill University. World Alzheimer’s 
Report 2021. Available from: https:// www. alzint. org/ resou rce/ world‑ alzhe 
imer‑ report‑ 2021/.

 4. Sonnega A, Faul JD, Ofstedal MB, Langa KM, Phillips JWR, Weir DR. 
Cohort profile: the Health and Retirement Study (HRS). Int J Epidemiol. 
2014;43(2):576–85.

 5. Lee J, Phillips D, Wilkens J, Gateway to Global Aging Data Team. Gateway 
to global aging data: resources for cross‑national comparisons of family, 
social environment, and healthy aging. J Gerontol B Psychol Sci Soc Sci. 
2021;76(Suppl 1):S5‑16.

 6. Wiemken TL, Kelley RR. Machine learning in epidemiology and health 
outcomes research. Annu Rev Public Health. 2020;41(1):21–36.

 7. de Langavant LC, Bayen E, Yaffe K. Unsupervised machine learning to 
identify high likelihood of dementia in population‑based surveys: devel‑
opment and validation study. J Med Internet Res. 2018;20(7):e10493.

 8. Börsch‑Supan A, Brandt M, Hunkler C, Kneip T, Korbmacher J, Malter F, 
et al. Data resource profile: the Survey of Health, Ageing and Retirement 
in Europe (SHARE). Int J Epidemiol. 2013;42(4):992–1001.

 9. Josse J, Husson F. missMDA: a package for handling missing values in 
multivariate data analysis. J Stat Softw. 2016;4(70):1–31.

 10. Lê S, Josse J, Husson F. FactoMineR: an R package for multivariate analysis. 
J Stat Softw. 2008;18(25):1–18.

 11. van der Wal WM, Geskus RB. ipw: An R package for inverse probability 
weighting. J Stat Softw. 2011;14(43):1–23.

 12. Livingston G, Huntley J, Sommerlad A, Ames D, Ballard C, Banerjee S, et al. 
Dementia prevention, intervention, and care: 2020 report of the Lancet 
Commission. The Lancet. 2020;396(10248):413–46.

 13. Jackson C. Multi‑state models for panel data: the msm package for R. J 
Stat Softw. 2011;4(38):1–28.

 14. Steptoe A, Breeze E, Banks J, Nazroo J. Cohort profile: the English longitu‑
dinal study of ageing. Int J Epidemiol. 2013;42(6):1640–8.

 15. von Elm E, Altman DG, Egger M, Pocock SJ, Gøtzsche PC, Vandenbroucke 
JP, et al. The Strengthening the Reporting of Observational Studies in 
Epidemiology (STROBE) statement: guidelines for reporting observational 
studies. Lancet Lond Engl. 2007;370(9596):1453–7.

 16. Weuve J, Proust‑Lima C, Power MC, Gross AL, Hofer SM, Thiébaut R, et al. 
Guidelines for reporting methodological challenges and evaluating 
potential bias in dementia research. Alzheimers Dement J Alzheimers 
Assoc. 2015;11(9):1098–109.

 17 Hurd MD, Martorell P, Langa KM. Monetary costs of dementia in the 
United States. N Engl J Med. 2013;369(5):489–90.

 18. Schmidt SCE, Woll A. Longitudinal drop‑out and weighting against its 
bias. BMC Med Res Methodol. 2017;17(1):164.

 19. Langa KM, Ryan LH, McCammon RJ, Jones RN, Manly JJ, Levine DA, 
et al. The health and retirement study harmonized cognitive assess‑
ment protocol project: study design and methods. Neuroepidemiology. 
2020;54(1):64–74.

 20. Gharbi‑Meliani A, Dugravot A, Sabia S, Regy M, Fayosse A, Schnitzler A, 
et al. The association of APOE ε4 with cognitive function over the adult 
life course and incidence of dementia: 20 years follow‑up of the Whitehall 
II study. Alzheimers Res Ther. 2021;13(1):5.

 21. Bellenguez C, Küçükali F, Jansen IE, Kleineidam L, Moreno‑Grau S, Amin 
N, et al. New insights into the genetic etiology of Alzheimer’s disease and 
related dementias. Nat Genet. 2022;54(4):412–36.

https://g2aging.org/
https://g2aging.org/
https://ukdataservice.ac.uk/find-data/
http://www.share-project.org/data-access.html
https://www.elsa-project.ac.uk/ethical-approval
https://www.alzint.org/resource/world-alzheimer-report-2021/
https://www.alzint.org/resource/world-alzheimer-report-2021/


Page 11 of 11Gharbi‑Meliani et al. Alzheimer’s Research & Therapy          (2023) 15:209  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 22. Leonenko G, Baker E, Stevenson‑Hoare J, Sierksma A, Fiers M, Williams J, 
et al. Identifying individuals with high risk of Alzheimer’s disease using 
polygenic risk scores. Nat Commun. 2021;12(1):4506.

 23. Evangelou E, Suzuki H, Bai W, Pazoki R, Gao H, Matthews PM, et al. Alcohol 
consumption in the general population is associated with structural 
changes in multiple organ systems. Elife. 2021;1(10):e65325.

 24. Sabia S, Fayosse A, Dumurgier J, Dugravot A, Akbaraly T, Britton A, et al. 
Alcohol consumption and risk of dementia: 23 year follow‑up of White‑
hall II cohort study. BMJ. 2018;1(362):k2927.

 25. Mewton L, Visontay R, Hoy N, Lipnicki DM, Sunderland M, Lipton RB, et al. 
The relationship between alcohol use and dementia in adults aged more 
than 60 years: a combined analysis of prospective, individual‑participant 
data from 15 international studies. Addiction. 2023;118(3):412–24.

 26. Liu CC, Liu CH, Sun Y, Lee HJ, Tang LY, Chiu MJ. Rural‑urban Disparities in 
the Prevalence of Mild Cognitive Impairment and Dementia in Taiwan: A 
Door‑to‑door Nationwide Study. J Epidemiol. 2022;32(11):502–9.

 27. Rahman M, White EM, Mills C, Thomas KS, Jutkowitz E. Rural‑urban differ‑
ences in diagnostic incidence and prevalence of Alzheimer’s disease and 
related dementias. Alzheimers Dement. 2021;17(7):1213–30.

 28. Weuve J, Bennett EE, Ranker L, Gianattasio KZ, Pedde M, Adar SD, et al. 
Exposure to air pollution in relation to risk of dementia and related out‑
comes: an updated systematic review of the epidemiological literature. 
Environ Health Perspect. 2021;129(9):96001.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.


	Identification of high likelihood of dementia in population-based surveys using unsupervised clustering: a longitudinal analysis
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Material and methods
	Study design and participants
	Selected variables
	Clustering
	Self-reported diagnosis of dementia
	Effect of age, sex, and risk factors for dementia
	Multistate models
	Replication cohort
	Standards of reporting
	Role of the funding source

	Results
	Identification of probable dementia
	Discrimination power
	Effect of age and sex
	Multistate models
	Replication in ELSA

	Discussion
	Conclusion
	Anchor 26
	Acknowledgements
	References


