JOURNAL OF MEDICAL INTERNET RESEARCH

Cleret de Langavant et al

Original Paper

Unsupervised Machine Learning to Identify High Likelihood of
Dementia in Population-Based Surveys: Development and
Validation Study
Laurent Cleret de Langavant1,2,3,4,5, MD, PhD; Eleonore Bayen5,6,7,8, MD, PhD; Kristine Yaffe5,9, MD
1

Service de Neurologie, Hôpital Henri Mondor, Assistance Publique Hôpitaux de Paris, Créteil, France

2

Département de Neurologie, Faculté de Médecine, Université de Paris Est, Créteil, France

3

Neuropsychologie Interventionnelle U955 EQ1, Institut Mondor de Recherche Biomedicale, Inserm, Créteil, France

4

Département d'Études Cognitives, École Normale Supérieure, PSL Research University, Paris, France

5

Global Brain Health Institute, Memory and Aging Center, University of California, San Francisco, CA, United States

6

Service de Médecine Physique et Réadaptation, Hôpital de la Pitié Salpêtrière, Assistance Publique Hôpitaux de Paris, Paris, France

7

Médecine Physique et Réadaptation, Faculté de Médecine, Sorbonne University, Paris, France

8

Laboratoire d'Économie et de Gestion des Organisations de Santé, Département d'Économie de la Santé, Université Paris-Dauphine, Paris, France

9

Center for Population Brain Health, Department of Psychiatry, Neurology and Epidemiology and Biostatistics, University of California, San Francisco,
CA, United States

Corresponding Author:
Laurent Cleret de Langavant, MD, PhD
Service de Neurologie
Hôpital Henri Mondor
Assistance Publique Hôpitaux de Paris
51 Avenue du Maréchal de Lattre de Tassigny
3ème étage
Créteil, 94000
France
Phone: 33 149812308
Fax: 33 149812326
Email: laurent.cleret@gbhi.org

Abstract
Background: Dementia is increasing in prevalence worldwide, yet frequently remains undiagnosed, especially in low- and
middle-income countries. Population-based surveys represent an underinvestigated source to identify individuals at risk of
dementia.
Objective: The aim is to identify participants with high likelihood of dementia in population-based surveys without the need
of the clinical diagnosis of dementia in a subsample.
Methods: Unsupervised machine learning classification (hierarchical clustering on principal components) was developed in
the Health and Retirement Study (HRS; 2002-2003, N=18,165 individuals) and validated in the Survey of Health, Ageing and
Retirement in Europe (SHARE; 2010-2012, N=58,202 individuals).
Results: Unsupervised machine learning classification identified three clusters in HRS: cluster 1 (n=12,231) without any
functional or motor limitations, cluster 2 (N=4841) with walking/climbing limitations, and cluster 3 (N=1093) with both functional
and walking/climbing limitations. Comparison of cluster 3 with previously published predicted probabilities of dementia in HRS
showed that it identified high likelihood of dementia (probability of dementia >0.95; area under the curve [AUC]=0.91). Removing
either cognitive or both cognitive and behavioral measures did not impede accurate classification (AUC=0.91 and AUC=0.90,
respectively). Three clusters with similar profiles were identified in SHARE (cluster 1: n=40,223; cluster 2: n=15,644; cluster 3:
n=2335). Survival rate of participants from cluster 3 reached 39.2% (n=665 deceased) in HRS and 62.2% (n=811 deceased) in
SHARE after a 3.9-year follow-up. Surviving participants from cluster 3 in both cohorts worsened their functional and mobility
performance over the same period.
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Conclusions: Unsupervised machine learning identifies high likelihood of dementia in population-based surveys, even without
cognitive and behavioral measures and without the need of clinical diagnosis of dementia in a subsample of the population. This
method could be used to tackle the global challenge of dementia.
(J Med Internet Res 2018;20(7):e10493) doi: 10.2196/10493
KEYWORDS
dementia; cognition disorders; health surveys; electronic health records; diagnosis; unsupervised machine learning; cluster analysis;
data mining

Introduction
The number of cases of dementia is projected to triple by 2050
worldwide, with a steeper increase in Latin America and the
Caribbean, Africa, Asia, and Oceania [1]. Up to half of older
adults with dementia are not diagnosed in high-income countries
[2] and this proportion is thought to be even higher in low- and
middle-income countries [3]. For example, 77% of people with
dementia may be underdiagnosed in Brazil [4]. Not only is the
diagnosis of dementia complex because it usually relies on an
extensive evaluation, but it is also costly [5]. As a consequence,
epidemiological data related to dementia mainly comes from
Western Europe, East Asia, and North America, but it remains
scarce for other regions [6].
Population-based surveys of aging may represent an
underinvestigated source of information to study dementia and
its determinants. In population-based surveys, nonmedical
interviewers collect a rich set of sociodemographic, health, and
functional information from nonclinical and representative
populations. Several population surveys across four continents
are modeled according to the same protocol as the Health and
Retirement Study (HRS) in the United States, providing the
opportunity to compare aging outcomes between different
countries [7]. However, with a few exceptions, dementia
outcome is not reliably reported in these surveys.
Machine learning algorithms can assess vast numbers of
variables in large datasets, looking for combinations to reliably
predict outcomes [8]. This is the case for supervised machine
learning algorithms, which learn from specific outcomes
available in a subset of individuals, such as the clinical diagnosis
of dementia, to expand the acquired knowledge to the whole
sample, thanks to a statistical model. In a different approach,
unsupervised machine learning algorithms correspond to
data-driven techniques that automatically learn from the
relationships between elementary bits of information associated
with each variable of a dataset. Contrary to supervised machine
learning, unsupervised machine learning algorithms unbiasedly
reveal associations or clusters existing within datasets without
any a priori teaching model.
Because any representative sample of an aging population
includes a subgroup of persons living with dementia, we expect
unsupervised machine learning to automatically discover this
subgroup, without the need of the clinical diagnosis of dementia
in a subsample of this population. Our objective was to develop
a methodology capable to identify individuals with high
likelihood of dementia using a specific unsupervised machine
learning algorithm, hierarchical clustering on principal
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components, in a development cohort in the United States—the
HRS [9]. We tested the accuracy of this method by comparing
the outcome classification with the predicted probabilities of
dementia according to a previously computed supervised
machine learning model [10] using the same HRS dataset and
based on the clinical diagnosis of dementia available for a subset
of the HRS cohort in the Aging, Demographics, and Memory
Study (ADAMS) [11]. We also explored the impact of removing
cognitive and behavioral measures from the classification
algorithm. We then applied this methodology to a validation
cohort, the Survey of Health, Ageing and Retirement in Europe
(SHARE) [12]. In both cohorts, longitudinal follow-up during
the two waves following classification was used as an additional
method to validate the clinical relevance of the unsupervised
machine learning method.

Methods
Populations
The HRS is a longitudinal population-based survey exploring
the health and economic well-being of adults older than 50 years
in the United States done every two years since 1992. The HRS
sample is stratified geographically and covers all demographic
groups. The respondent is randomly selected from all
age-eligible household members. Although baseline interviews
are conducted face-to-face, follow-up interviews are done by
telephone (until 2004), with the exception of respondents older
than age 80 years [9]. We chose cross-sectional data from wave
6 of the HRS (January 2002 to February 2003; 18,165
individuals) as our development cohort.
The SHARE is a longitudinal population-based survey of
individuals aged 50 years or older based on the same protocol
as the HRS. We chose wave 4 of SHARE (May 2010 to April
2012; 58,202 individuals from 16 countries including Austria,
Belgium, Czech Republic, Denmark, Estonia, France, Germany,
Hungary, Italy, Netherlands, Poland, Portugal, Slovenia, Spain,
Sweden, and Switzerland) as our validation cohort.

Measures
Harmonized data (ie, with identically defined variables), from
both the HRS and SHARE surveys were downloaded from the
Gateway to Global Aging platform [7]. We included variables
covering the domains of demographics, health, health care
utilization, and cognition that were present in both the HRS and
SHARE cohorts. Variables related to insurance, income,
financial and housing wealth were removed a priori from both
cohort datasets in order to develop a classification method
applicable whatever the economic context. Two different
behavioral scales were used for the evaluation of depression:
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The Center for Epidemiological Study of Depression scale
(CES-D) [13] for HRS and the European Union initiative to
compare symptoms of depression scale (EURO-D) [14] for
SHARE. A total of 92 variables were selected for the HRS
cohort and 91 for SHARE (Multimedia Appendix 1). Variables
with more than 33% of the data missing were arbitrarily
discarded. The remaining missing values were imputed with
the regularized iterative principal component analysis (PCA)
algorithm of the missMDA package of R software [15], which
allows the imputed values to have no weight on the PCA results.
This imputation method is complementary to the unsupervised
machine learning algorithm we used for classification. Three
different datasets were used for each cohort: one with the
previous selected variables, one omitting cognitive measures,
and one omitting both cognitive and behavioral measures.

Unsupervised Machine Learning Classification
We ran an agglomerative hierarchical clustering on the 10 first
principal components resulting from PCA of the datasets
(FactoMineR package, R software) [16]. Hierarchical clustering
on principal components was considered to be the best
unsupervised machine learning technique in this context because
(1) PCA allows to reduce the number of variables without losing
important information, (2) hierarchical clustering is a very stable
method compared to other unsupervised machine learning
techniques (eg, k-means), and (3) it complements the imputation
method we used to obtain a dataset without missing values. The
optimal number of clusters in each dataset was determined after
running the NbClust package of R software [17].

Predicted Probability of Dementia in the Health and
Retirement Study
A subset of HRS (856 adults older than age 70) received
in-home clinical assessments of dementia (cognitive, behavioral,
and functional status) between August 2001 and December 2003
(approximately 1 year after their HRS evaluation) by a nurse
and neuropsychology technician, as part of the ADAMS study.
Definitive diagnosis of dementia in the ADAMS sample was
assigned by a consensus of clinical experts [11], using
international diagnostic criteria for dementia (cognitive or
behavioral disorders associated with significant decline in social
or occupational functioning) [18]. Hurd and colleagues [10]
used HRS data and the clinical diagnosis of dementia from
ADAMS to compute predicted probabilities of having dementia
1 year after HRS evaluation based on two ordered probit models
[19]. They used variables related to age, education, sex, activities
of daily living (ADL), and instrumental activities of daily living
(IADL) limitations, cognitive scores from the HRS interview
immediately preceding the ADAMS assessment, and changes
in ADL and IADL limitations, and in cognitive scores from the
two preceding HRS surveys (2 years and 4 years before) in a
first model. When the respondents in HRS were not capable to
answer questions assessing cognition and behavior, they used
items from the Informant Questionnaire on Cognitive Decline
in the Elderly [20], consisting of 16 questions that address the
respondent’s memory and ability to function independently, to
compute a second model. Predicted probabilities of dementia
from these models were available for 7574 HRS respondents
for 2003 [7]. Here, we define high likelihood of dementia in
http://www.jmir.org/2018/7/e10493/
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this HRS sample as a predicted probability of dementia greater
than .95.

Longitudinal Change in the Created Clusters
Because predicted probabilities of dementia based on the
ADAMS clinical diagnosis of dementia are only available in
the HRS cohort, we also used longitudinal follow-up in both
the HRS and SHARE cohorts to prove the clinical relevance of
our unsupervised machine learning classification. To examine
longitudinal change in mobility and functional limitations for
individuals of the clusters created by our unsupervised machine
learning method based on cross-sectional data, we merged data
from the classification wave 6 of HRS with data from waves 3,
4, 5, 7, and 8. The longitudinal HRS follow-up covers an average
10-year period, with 6.1 years before classification wave and
3.9 years after. Similarly, data from SHARE classification wave
4 were merged with data from waves 1, 2, 5, and 6 (wave 3
corresponding to SHARE Life study was discarded because of
its different protocol). The longitudinal SHARE follow-up
covers an average 10.5-year period, with 6.6 years before
classification wave and 3.9 years after. Only individuals present
in both the earliest and the latest waves were included in both
longitudinal datasets (N=10,235 individuals in HRS and N=8245
individuals in SHARE from nine countries including Austria,
Belgium, Denmark, France, Germany, Italy, Spain, Sweden,
and Switzerland).

Results
Development Cohort: Health and Retirement Study
We identified three clusters after running unsupervised machine
learning classification (Figure 1). Cluster 1 (n=12,231)
corresponds to individuals without any functional impairment
on both IADL and ADL, and without significant mobility
limitation for climbing stairs or walking. Cluster 2 (n=4841)
shows moderate mobility limitations, but no functional
impairment. Cluster 3 (n=1093) includes individuals with
significant functional impairment and mobility limitations.
Compared to clusters 1 and 2, individuals in cluster 3 were
older, more often women, more often black or Hispanic, less
educated, with poorer memory performance, and less likely to
be working (Table 1). The percentage of missing values for
cognitive variables before imputation differs in the three
clusters: 7.30% (893/12,231) in cluster 1, 10.39% (503/4841)
in cluster 2, and 59.10% (646/1093) in cluster 3 (P<.001).
Similarly, missing values for behavioral measures of depression
before imputation amounted to 7.30% (893/12,231) in cluster
1, 10.39% (503/4841) in cluster 2, and 59.01% (645/1093) in
cluster 3 (P<.001).
Cluster 3 showed 89.5% sensitivity, 93.3% specificity, 93.1%
accuracy overall, and an area under the curve (AUC) of 0.91
for dementia compared to the high likelihood of dementia
defined as a predicted probability of dementia >.95 (see Table
2 for other thresholds and for comparison to ADAMS). When
cognitive measures were removed from the dataset, classification
into cluster 3 showed 88% sensitivity, 93.4% specificity, 93.1%
accuracy, and an AUC of 0.91.

J Med Internet Res 2018 | vol. 20 | iss. 7 | e10493 | p. 3
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Cleret de Langavant et al

Figure 1. Unsupervised hierarchical clustering in the Health and Retirement Study cohort. Scatterplot of the two first dimensions of the principal
component analysis (dimension 1 and dimension 2 with explained variance) for individuals in the three clusters (red=cluster 1, blue=cluster 2, green=cluster
3).

When both cognitive and behavioral variables were removed,
classification into cluster 3 reached 87% sensitivity, 93.6%
specificity, 93.3% accuracy, and an AUC of 0.90. A 98.2%
concordant accuracy was found when classifications with and
without cognitive variables were compared to each other. The
concordant accuracy reached 94.4% between classifications
with and without both cognitive and behavioral variables.
Among the 18,165 individuals present at the time of
classification (wave 6), 14,670 individuals remained present at
wave 8, 1152 individuals were dropouts, and 2343 were
deceased. The three clusters differed regarding their survival
rate after a 3.9-year period following classification. Survival
rate was 94.2% (n=715 deceased) in cluster 1, 80.1% (n=963
deceased) in cluster 2, and 39.2% (n=665 deceased) in cluster
3 (P<.001). Longitudinal change in mobility and functional
limitations for the surviving individuals also differed across the
three clusters (Figure 2). Individuals in cluster 1 remained stable
during the 10-year period of follow-up (from 6 years before
classification wave to 4 years after) according to ADL, IADL,
and mobility scores. Individuals in cluster 2 showed mild
worsening of ADL and IADL scores and moderate worsening
of mobility scores during the same 10-year period. Individuals
in cluster 3 showed the steepest worsening of ADL, IADL, and
mobility scores during the same period.

Validation Cohort: Survey of Health, Ageing and
Retirement in Europe
The three clusters, cluster 1 (N=40,223), cluster 2 (N=15,644),
and cluster 3 (N=2335), identified in the SHARE dataset (Figure
3) showed similar characteristics compared to those identified
http://www.jmir.org/2018/7/e10493/
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for HRS (Table 3). Individuals in cluster 3 were older, more
often women, less educated, and less likely to be working
compared to clusters 1 and 2. The percentage of missing values
for cognitive variables before imputation differed in the three
clusters: 1.97% (791/40,223) in cluster 1, 2.85% (446/15,644)
in cluster 2, and 18.67% (436/2335) in cluster 3 (P<.001).
Missing values for behavioral measures of depression before
imputation reached 1.29% (518/40,223) in cluster 1, 1.89%
(296/15,644) in cluster 2, and 15.53% (363/2335) in cluster 3
(P<.001). Similar clusters were created if cognitive and
behavioral variables were removed from the datasets (96.4%
accuracy between classifications with and without cognitive
variables; 94.3% accuracy between classifications with and
without both cognitive and behavioral variables).
Among the 58,202 individuals present at the time of
classification (wave 4), 32,325 were interviewed again at wave
6, whereas 22,406 individuals were dropouts (5861 of those
lived in a country not assessed during wave 6) and 3471 were
deceased. After a 3.9-year period following classification, the
survival rate was 97.1% (n=1067 deceased) in cluster 1, 88.6%
(n=1593 deceased) in cluster 2, and 62.2% (n=811 deceased)
in cluster 3 (P<.001). The surviving individuals in cluster 1
remained stable during a 10.5-year period (6 years before
classification wave to 4 years after), whereas those from cluster
2 showed moderate mobility decline and very mild functional
decline. The surviving individuals from cluster 3 showed
progressive loss of autonomy according to ADL and IADL
scores, and severe mobility impairment over the same period
(Figure 2).
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Table 1. Demographic and clinical characteristics in the three clusters created by unsupervised machine learning in the Health and Retirement Study
(HRS) cohort.
Demographic and clinical characteristics

All (N=18,165)

Cluster 1 (n=12,231)

Cluster 2 (n=4841)

Cluster 3 (n=1093)

P valuea

Age (years), mean (SD)

68.4 (10.5)

66.1 (9.5)

71.4 (10.4)

79.7 (11.3)

<.001

Gender (male), n (%)

7456 (41.05)

5580 (45.62)

1510 (31.19)

366 (33.49)

<.001

Education (years), mean (SD)

12.1 (3.4)

12.8 (3.0)

10.9 (3.5)

10 (4.0)

<.001

White

14,967 (82.39)

10,373 (84.81)

3770 (77.87)

824 (75.39)

<.001

Black

2508 (13.81)

1423 (11.63)

866 (17.89)

219 (20.04)

<.001

Hispanic

1472 (8.10)

886 (7.24)

465 (9.61)

121 (11.07)

<.001

Other race/ethnicity

685 (3.77)

434 (3.55)

201 (4.15)

50 (4.57)

.07

3773 (20.77)

3470 (28.37)

301 (6.22)

2 (0.18)

<.001

0.4 (1.0)

0 (0.2)

0.5 (0.8)

3.6 (1.4)

<.001

ADL (0-5)

0.4 (1.0)

0 (0.1)

0.6 (0.9)

3.5 (1.4)

<.001

Mobilityd (0-5)

1.2 (1.5)

0.4 (0.7)

2.5 (1.4)

3.9 (1.4)

<.001

Total word recall (0-20)

9.4 (4.1)

10.5 (3.4)

8.4 (3.5)

2.2 (4.2)

<.001

CES-De (0-8)

1.6 (2.1)

0.9 (1.3)

3.2 (2.2)

3.4 (3.2)

<.001

Ever had high blood pressure

9167 (50.47)

5265 (43.05)

3183 (65.75)

719 (65.78)

<.001

Ever had diabetes

3029 (16.67)

1456 (11.90)

1286 (26.56)

287 (26.26)

<.001

Ever had cancer

2337 (12.87)

1364 (11.15)

788 (16.28)

185 (16.93)

<.001

Ever had lung disease

1473 (8.11)

499 (4.08)

801 (16.57)

173 (15.83)

<.001

Ever had heart disease

4219 (23.23)

1854 (15.16)

1843 (38.07)

521 (47.67)

<.001

Ever had stroke

1567 (8.63)

469 (3.83)

654 (13.51)

444 (40.62)

<.001

Ever had arthritis

10,231 (56.32)

5501 (44,98)

3903 (80.62)

826 (75.57)

<.001

Ever smoked

10,623 (58.48)

7105 (58.09)

2954 (61,02)

564 (51.60)

<.001

Ever drank alcohol

8103 (44.61)

6573 (53.74)

1410 (29.13)

120 (10,98)

<.001

Body mass index, mean (SD)

27.2 (5.4)

26.9 (4.7)

28.3 (6.5)

25.2 (6.4)

<.001

Race/ethnicity, n (%)

Working full time, n (%)
Functional characteristics, mean (SD)
IADLb (0-5)
c

Clinical characteristics, n (%)

a

P values are from one-way analysis of variance (ANOVA) or chi-square tests as appropriate.

b

IADL: instrumental activities of daily living, including any difficulty using a telephone, taking medication, handling money, shopping, and preparing
meals.
c

ADL: activities of daily living, including any difficulty bathing, eating, dressing, walking across a room, and getting in or out of bed.

d

Mobility: any difficulty for walking several blocks, walking one block, walking across the room, climbing several flights of stairs and climbing one
flight of stairs.
e

CES-D: Center for Epidemiological Study of Depression Scale [13].
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Table 2. Classification performance of cluster 3 from unsupervised machine learning in the Health and Retirement Study (HRS) cohort compared to
various thresholds of predicted probabilities of dementia from Hurd et al’s model and to the Aging, Demographics, and Memory Study (ADAMS)
clinical diagnosis of dementia.
Classification performance of cluster 3

a

Predicted probability of dementiaa (N=7574)

ADAMS clinical diagnosis of dementia (N=834)

>.50

>.75

>.90

>.95

Sensitivity (%)

62.9

77.3

86.7

89.5

59.3

Specificity (%)

96.4

95.1

94.2

93.3

93.0

Accuracy (%)

92.1

93.6

93.7

93.1

81.3

Hurd et al’s model [10].

Figure 2. Longitudinal change of instrumental activities of daily living (IADL), activities of daily living (ADL), and mobility scores in both Health
and Retirement Study (HRS) and Survey of Health, Ageing and Retirement in Europe (SHARE) cohorts. Linear models with date of assessment at each
wave as an independent variable were used to depict the longitudinal change of IADL, ADL, and mobility scores in the three clusters (red=cluster 1,
blue=cluster 2, green=cluster 3) in both HRS (left) and SHARE (right) cohorts. A 99% confidence interval (gray color) is drawn for each cluster. The
year corresponding to the time of classification is indicated by an arrow.
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Figure 3. Unsupervised hierarchical clustering in the Survey of Health, Ageing and Retirement in Europe cohort. Scatterplot of the two first dimensions
of the principal component analysis (dimension 1 and dimension 2 with explained variance) for individuals in the three clusters (red=cluster 1, blue=cluster
2, green=cluster 3).
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Table 3. Demographic and clinical characteristics in the three clusters created by unsupervised machine learning in the Survey of Health, Ageing and
Retirement in Europe (SHARE) cohort.
Demographic and clinical characteristics

All (N=58,202)

Cluster 1 (n=40,223)

Cluster 2 (n=15,644)

Cluster 3 (n=2335)

P valuea

Age (years), mean (SD)

65.4 (10.4)

62.7 (9.0)

70.7 (10.2)

77.4 (10.6)

<.001

Gender (male), n (%)

25,182 (43.26)

19,469 (48.40)

4825 (30.84)

888 (38.03)

<.001

Education (years), mean (SD)

10.3 (4.3)

11.1 (4.1)

8.8 (4.0)

7.8 (4.3)

<.001

Working, n (%)

3889 (6.68)

3591 (8.93)

281 (1.80)

17 (0.73)

<.001

IADLb (0-5)

0.2 (0.8)

0 (0.2)

0.3 (0.6)

3.1 (1.5)

<.001

ADLc (0-5)

0.2 (0.8)

0 (0.1)

0.4 (0.7)

3.2 (1.4)

<.001

Mobilityd (0-4)

0.6 (1.0)

0.1 (0.4)

1.3 (1.0)

3.1 (1.1)

<.001

Total word recall (0-20)

8.9 (3.8)

9.9 (3.4)

7 (3.5)

3.7 (3.8)

<.001

EURO-De (0-12)

2.6 (2.3)

1.8 (1.7)

4.3 (2.4)

5.1 (2.8)

<.001

Ever had high blood pressure

22,848 (39.26)

12,840 (31.92)

8846 (56.55)

1162 (49.76)

<.001

Ever had diabetes

7208 (12.38)

3136 (7.78)

3481 (22.25)

591 (25.31)

<.001

Ever had cancer

3076 (5.29)

1510 (3.75)

1357 (8.67)

209 (8.95)

<.001

Ever had lung disease

3835 (6.59)

1444 (3.59)

2051 (13.11)

340 (14.56)

<.001

Ever had heart disease

7999 (13.74)

2975 (7.40)

4249 (27.16)

775 (33.19)

<.001

Ever had stroke

2547 (4.37)

638 (1.59)

1286 (8.22)

623 (26.68)

<.001

Ever had arthritis

14,192 (24.38)

5797 (14.41)

7347 (46.96)

1035 (44.33)

<.001

Ever smoked

27,097 (46.56)

20,120 (50.02)

6163 (39.40)

814 (34.86)

<.001

Ever drank alcohol

45,893 (78.85)

34,061 (84.68)

10,620 (67.89)

1212 (51.91)

<.001

Body mass index, mean (SD)

26.9 (4.8)

26.4 (4.2)

28.2 (5.9)

26.9 (5.8)

<.001

Functional characteristics, mean (SD)

Clinical characteristics, n (%)

a

P values are from one-way ANOVAs or chi-square tests as appropriate.

b

IADL: instrumental activities of daily living, including any difficulty using a telephone, taking medication, handling money, shopping, and preparing
meals.
c

ADL: activities of daily living, including any difficulty bathing, eating, dressing, walking across a room, and getting in or out of bed.

d

Mobility: any difficulty for walking 100 meters, walking across a room, climbing one flight of stairs, and climbing several flights of stairs.

e

EURO-D: European Union initiative to compare symptoms of depression scale [14].

Discussion
We used unsupervised machine learning and cross-sectional
data from two population-based surveys in the United States
and Europe to identify individuals with high likelihood of
dementia. Although the clinical diagnosis of dementia usually
requires a lengthy and costly process based on human expertise
and clinical data, we show that unsupervised machine learning
applied to data from population-based surveys provides an
accurate estimation of the high probability of dementia, even
in the absence of cognitive or behavioral variables. The impact
of using unsupervised machine learning in nonmedical datasets
would serve to identify older adults with high likelihood of
dementia. Being classified into cluster 3 according to our
unsupervised machine learning method has clear clinical
implications, as shown by the low survival rate during follow-up
and the steep functional and mobility declines in the surviving
individuals in both the HRS and SHARE cohorts. The higher
death rate observed in HRS in comparison to SHARE is likely
http://www.jmir.org/2018/7/e10493/
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explained by the older age of the HRS cohort, the better
reporting of death date in HRS because of the National Death
Index, and the higher number of dropouts in SHARE. Because
this unsupervised machine learning method identifies the
individuals with worse clinical outcomes, it would be valuable
to target those individuals and offer them care including close
follow-up or even referral for trials.
Although supervised machine learning is being increasingly
used to predict dementia based on clinical data, this study is the
first to use unsupervised machine learning and nonclinical data
from population-based surveys to identify subjects at risk of
dementia. Yet, unsupervised machine learning may be difficult
to understand from a clinical perspective. Certain authors
compare this purely data-driven method to a “black box” in
which the actual mechanisms leading to the outcome remain
opaque [21]. In fact, these unsupervised techniques also bring
advantages. Because they do not rely on a prespecified clinical
outcome (eg, the diagnosis of dementia in a subsample of the
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population), they are more flexible than supervised machine
learning models and they can be more easily transferred to
different types of datasets. Here, this allows classification of
individuals from the SHARE cohort where clinical diagnosis
of dementia is not available. Moreover, because the
unsupervised machine learning algorithm we used is based on
PCA, it can assess many variables, such as educational level
[22], decline in physical activity [23], slowing gait [24], clinical
comorbidities, alcohol consumption, smoking, and weight
variations [25], or health care use [26], which are known to be
important in the context of dementia. This unsupervised machine
learning technique also demonstrates that removing cognitive
and behavioral measures from the datasets does not significantly
impact the accuracy of the classifications in both HRS and
SHARE. The latter result was unexpected given that the current
diagnosis criteria of dementia heavily relies on cognitive and
behavioral measures [18]. Presumably, this unsupervised
machine learning technique is capable of identifying participants
with significant decline in social or occupational functioning,
often associated with cognitive and behavioral disorders in the
context of dementia. It may be of interest for clinicians and
researchers because it could allow them to use datasets lacking
cognitive or behavioral information such as electronic medical
records (EMRs) for studying dementia.
Several aspects of the unsupervised machine learning
classification we used may allow for its wide application. In
both the HRS and SHARE cohorts, cluster 3 identifies
participants who are older; with more cognitive, motor, and
functional difficulties; and more likely to show further decline
and higher death rate. Thus, this unsupervised machine learning
classification technique could be used in other population-based
surveys of the HRS family lacking a clinical assessment of
dementia such as in ADAMS for the HRS cohort. The
longitudinal HRS family studies include the Mexican Health
and Aging Study, the English Longitudinal Study of Ageing,
the Costa Rican Longevity and Healthy Aging Study, the Korean
Longitudinal Study of Aging, the Indonesian Family Life
Survey, the Japanese Study of Aging and Retirement, the
Asian-African Study on Global AGEing and Adult Health, the
Irish Longitudinal Study on Ageing, the Chinese Health and
Retirement Longitudinal Study, and the Longitudinal Aging
Study in India [7]. Moreover, this unsupervised machine
learning algorithm uses cross-sectional data, thus allowing
classification of a larger sample of participants at each time
point of the survey than the sample that would be constituted
if longitudinal data were required. This explains why our method
can classify the whole cohort of HRS (N=18,165) compared to
the smaller sample (N=7574) in Hurd et al’s model [10].
Omitting both cognitive and behavioral variables might further
facilitate the inclusion of a larger number of individuals in
population surveys. Finally, because it is efficient in two
different populations in the United States and Europe even
without cognitive or behavioral measures, we expect this
classification method to be applicable in other datasets if they
constitute representative samples of an aging population.
A possible limitation in this study could be the chosen gold
standard to test the accuracy of our classification in HRS cohort.
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The predicted probabilities of dementia from Hurd et al’s models
[10] constitute the best reference standard available but they
are not definitive. Importantly, Hurd and colleagues provide
predicted probabilities of having dementia 1 year after HRS
evaluation, whereas our unsupervised machine learning
classification directly applies for the time of evaluation, which
might account for discrepancies between the two methods. In
addition, because Hurd and colleagues used two different
models, one when respondents provided answers to cognitive
and behavioral measures and another when proxies provided
these answers, this might constitute a bias in their predicted
probabilities of dementia. The .95 threshold we used for
predicted probability of dementia according to Hurd et al’s
model [10] undoubtedly identifies subjects with high likelihood
of dementia, but also misses actual cases of dementia with lower
predicted probabilities according to the same model. Indeed,
using either lower thresholds of predicted probability of
dementia or the actual clinical diagnosis in the smaller sample
from ADAMS [11], we obtain similar specificity, but lower
sensitivity of cluster 3 regarding the likelihood of dementia
(Table 2). Noteworthy, even the diagnosis of dementia from
ADAMS and thus the derived Hurd et al’s model might suffer
from a classification error bias like any clinical assessments
[27]. This is why we also use follow-up information related to
survival rate and to longitudinal change in functional and
mobility scores in the three clusters created after unsupervised
machine learning as another way to check for face validity. As
expected from patients with dementia, the individuals classified
into cluster 3 show a low survival rate and a progressive decline
beginning years before the classification time point. Altogether,
we acknowledge that this classification method cannot be
considered as a diagnosis tool for dementia, or even a
dementia-screening instrument, given its moderate sensitivity.
Yet, the outcome of this classification, cluster 3, still offers
opportunities for new medical applications and new avenues of
research in the field of dementia.
Our method could be applied to tackle global health estimates
of dementia burden. For example, using the HRS family studies,
it could provide a global estimate of dementia across four
different continents and an unprecedented cross-country
comparison of its socioeconomic consequences, determinants,
and risk factors. It could also be applied to other
population-based surveys based on different protocols or even
to EMRs, often lacking cognitive or behavioral measurements.
Whether or not and how the participants at risk of having
dementia should be informed after unsupervised machine
learning classification raises an ethical issue that would require
a large debate. After further validation and using more
parsimonious datasets, we expect this unsupervised machine
learning classification to impact clinical practice in
resource-poor areas with limited primary care access and limited
cognitive testing capacities. This technique could support, but
not replace, human expertise [28] by identifying groups of
individuals with high likelihood of dementia who could then
get further clinical assessment and care. Unsupervised machine
learning classification applied to existing population datasets
or EMRs may help prepare for the global challenge of dementia.

J Med Internet Res 2018 | vol. 20 | iss. 7 | e10493 | p. 9
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Cleret de Langavant et al

Acknowledgments
LCL, EB, and KY received funding support from the Global Brain Health Institute. KY was supported in part by K24 AG031155.
This work was supported by ANR-10-LABX-0087 IEC and ANR-10-IDEX-0001-02 PSL. The HRS is sponsored by the National
Institute on Aging (grant number NIA U01AG009740) and is conducted by the University of Michigan. The ADAMS is funded
by the National Institute on Aging with the specific aim of conducting a population-based study of dementia. The SHARE data
collection has been primarily funded by the European Commission through FP5 (QLK6-CT-2001-00360), FP6 (SHARE-I3:
RII-CT-2006-062193, COMPARE: CIT5-CT-2005-028857), and FP7 (SHARE-PREP: No 211909, SHARE-LEAP: No 227822,
SHARE M4: No 261982). The Gateway to Global Aging Data are funded by the National Institute of Aging (R01 AG030153,
RC2 AG036691, R03 AG043052) and developed and maintained by the Program on Global Aging, Health, and Policy, the USC
Dornsife Center for Economic and Social Research. LCL had full access to all data in the study and takes responsibility for the
integrity of the data and the accuracy of the data analysis. The sponsors were not involved in designing the study, collecting data,
analyzing data, reviewing, or approving the final manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Variables used in the Health and Retirement Study (HRS) and Survey of Health, Ageing and Retirement in Europe (SHARE)
datasets. Asterisk indicates variables related to the past year in SHARE, to the 2 past years in HRS; § to those omitted in datasets
without cognitive variables; and # to those omitted in the datasets without behavioral variables.
[PDF File (Adobe PDF File), 57KB-Multimedia Appendix 1]

References
1.
2.

3.
4.
5.
6.

7.
8.
9.
10.
11.

12.
13.
14.

15.

Norton S, Matthews FE, Brayne C. A commentary on studies presenting projections of the future prevalence of dementia.
BMC Public Health 2013 Jan 02;13:1 [FREE Full text] [doi: 10.1186/1471-2458-13-1] [Medline: 23280303]
Connolly A, Gaehl E, Martin H, Morris J, Purandare N. Underdiagnosis of dementia in primary care: variations in the
observed prevalence and comparisons to the expected prevalence. Aging Ment Health 2011 Nov;15(8):978-984. [doi:
10.1080/13607863.2011.596805] [Medline: 21777080]
Dias A, Patel V. Closing the treatment gap for dementia in India. Indian J Psychiatry 2009 Jan;51 Suppl 1:S93-S97 [FREE
Full text] [Medline: 21416026]
Nakamura AE, Opaleye D, Tani G, Ferri CP. Dementia underdiagnosis in Brazil. Lancet 2015 Jan 31;385(9966):418-419.
[doi: 10.1016/S0140-6736(15)60153-2] [Medline: 25706975]
Jedenius E, Wimo A, Strömqvist J, Jönsson L, Andreasen N. The cost of diagnosing dementia in a community setting. Int
J Geriatr Psychiatry 2010 May;25(5):476-482. [doi: 10.1002/gps.2365] [Medline: 19685441]
World Health Organization. Dementia: A Public Health Priority. Geneva: World Health Organization; 2012. URL: http:/
/apps.who.int/iris/bitstream/handle/10665/75263/9789241564458_eng.
pdf;jsessionid=8746C61E06238D457433FB5DCB73353C?sequence=1 [accessed 2018-07-02] [WebCite Cache ID
70cL4R7Jh]
Gateway to Global Aging Data. URL: https://g2aging.org/ [accessed 2018-03-23] [WebCite Cache ID 6y8PmdVVs]
Obermeyer Z, Emanuel EJ. Predicting the future-big data, machine learning, and clinical medicine. N Engl J Med 2016
Sep 29;375(13):1216-1219 [FREE Full text] [doi: 10.1056/NEJMp1606181] [Medline: 27682033]
Health and Retirement Study. URL: http://hrsonline.isr.umich.edu/ [accessed 2018-03-23] [WebCite Cache ID 6y8abpMa1]
Hurd MD, Martorell P, Delavande A, Mullen KJ, Langa KM. Monetary costs of dementia in the United States. N Engl J
Med 2013 Apr 4;368(14):1326-1334 [FREE Full text] [doi: 10.1056/NEJMsa1204629] [Medline: 23550670]
Langa KM, Plassman BL, Wallace RB, Herzog AR, Heeringa SG, Ofstedal MB, et al. The Aging, Demographics, and
Memory Study: study design and methods. Neuroepidemiology 2005;25(4):181-191. [doi: 10.1159/000087448] [Medline:
16103729]
SHARE: Survey of Health, Ageing and Retirement in Europe. URL: http://www.share-project.org/ [accessed 2018-03-23]
[WebCite Cache ID 6y8apxMp7]
CESD-R: Center for Epidemiologic Studies Depression Scale Revised. URL: http://cesd-r.com/ [accessed 2018-03-23]
[WebCite Cache ID 6y8ahBgWy]
Prince MJ, Reischies F, Beekman AT, Fuhrer R, Jonker C, Kivela SL, et al. Development of the EURO-D scale--a European,
Union initiative to compare symptoms of depression in 14 European centres. Br J Psychiatry 1999 Apr;174:330-338.
[Medline: 10533552]
Josse J, Husson F. missMDA: a package for handling missing values in multivariate data analysis. J Stat Soft 2016;70(1):1-31.
[doi: 10.18637/jss.v070.i01]

http://www.jmir.org/2018/7/e10493/

XSL• FO
RenderX

J Med Internet Res 2018 | vol. 20 | iss. 7 | e10493 | p. 10
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
16.
17.
18.
19.
20.
21.
22.
23.
24.

25.

26.

27.

28.

Cleret de Langavant et al

Lê S, Josse J, Husson F. FactoMineR: an R package for multivariate analysis. J Stat Soft 2008;25(1):1-18. [doi:
10.18637/jss.v025.i01]
Charrad M, Ghazzali N, Boiteau V, Niknafs A. NbClust: an R package for determining the relevant number of clusters in
a data set. J Stat Soft 2014;61(6):1-36. [doi: 10.18637/jss.v061.i06]
Blazer D. Neurocognitive disorders in DSM-5. Am J Psychiatry 2013 Jun;170(6):585-587 [FREE Full text] [doi:
10.1176/appi.ajp.2013.13020179] [Medline: 23732964]
Greene W. Econometric Analysis (8th Edition). London: Pearson; 2018.
Jorm AF. A short form of the Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE): development and
cross-validation. Psychol Med 1994 Feb;24(01):145-153. [doi: 10.1017/S003329170002691X]
Cabitza F, Rasoini R, Gensini GF. Unintended consequences of machine learning in medicine. JAMA 2017 Aug
08;318(6):517-518. [doi: 10.1001/jama.2017.7797] [Medline: 28727867]
Xu W, Tan L, Wang H, Tan M, Tan L, Li J, et al. Education and risk of dementia: dose-response meta-analysis of prospective
cohort studies. Mol Neurobiol 2016 Dec;53(5):3113-3123. [doi: 10.1007/s12035-015-9211-5] [Medline: 25983035]
Sabia S, Dugravot A, Dartigues J, Abell J, Elbaz A, Kivimäki M, et al. Physical activity, cognitive decline, and risk of
dementia: 28 year follow-up of Whitehall II cohort study. BMJ 2017 Jun 22;357:j2709 [FREE Full text] [Medline: 28642251]
Rosso AL, Verghese J, Metti AL, Boudreau RM, Aizenstein HJ, Kritchevsky S, et al. Slowing gait and risk for cognitive
impairment: the hippocampus as a shared neural substrate. Neurology 2017 Jul 25;89(4):336-342. [doi:
10.1212/WNL.0000000000004153] [Medline: 28659421]
Vos SJ, van Boxtel MP, Schiepers OJG, Deckers K, de Vugt V, Carrière I, et al. Modifiable risk factors for prevention of
dementia in midlife, late life and the oldest-old: validation of the LIBRA Index. J Alzheimers Dis 2017;58(2):537-547.
[doi: 10.3233/JAD-161208] [Medline: 28453475]
LaMantia MA, Stump TE, Messina FC, Miller DK, Callahan CM. Emergency department use among older adults with
dementia. Alzheimer Dis Assoc Disord 2016;30(1):35-40 [FREE Full text] [doi: 10.1097/WAD.0000000000000118]
[Medline: 26523710]
Plassman BL, Khachaturian AS, Townsend JJ, Ball MJ, Steffens DC, Leslie CE, et al. Comparison of clinical and
neuropathologic diagnoses of Alzheimer's disease in 3 epidemiologic samples. Alzheimers Dement 2006 Jan;2(1):2-11.
[doi: 10.1016/j.jalz.2005.11.001] [Medline: 19595851]
Chen JH, Asch SM. Machine learning and prediction in medicine-beyond the peak of inflated expectations. N Engl J Med
2017 Jun 29;376(26):2507-2509. [doi: 10.1056/NEJMp1702071] [Medline: 28657867]

Abbreviations
ADAMS: Aging, Demographics, and Memory Study
ADL: activities of daily living
ANOVA: analysis of variance
AUC: area under the curve
CES-D: Center for Epidemiological Study of Depression Scale
EMR: electronic medical record
EURO-D: European Union initiative to compare symptoms of depression scale
HRS: Health and Retirement Study
IADL: instrumental activities of daily living
PCA: principal component analysis
SHARE: Survey of Health, Ageing and Retirement in Europe

Edited by G Eysenbach; submitted 25.03.18; peer-reviewed by D Trepel, M Pino; comments to author 25.04.18; revised version
received 08.05.18; accepted 08.05.18; published 09.07.18
Please cite as:
Cleret de Langavant L, Bayen E, Yaffe K
Unsupervised Machine Learning to Identify High Likelihood of Dementia in Population-Based Surveys: Development and Validation
Study
J Med Internet Res 2018;20(7):e10493
URL: http://www.jmir.org/2018/7/e10493/
doi: 10.2196/10493
PMID: 29986849

http://www.jmir.org/2018/7/e10493/

XSL• FO
RenderX

J Med Internet Res 2018 | vol. 20 | iss. 7 | e10493 | p. 11
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Cleret de Langavant et al

©Laurent Cleret de Langavant, Eleonore Bayen, Kristine Yaffe. Originally published in the Journal of Medical Internet Research
(http://www.jmir.org), 09.07.2018. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on http://www.jmir.org/, as well as this copyright and license information
must be included.

http://www.jmir.org/2018/7/e10493/

XSL• FO
RenderX

J Med Internet Res 2018 | vol. 20 | iss. 7 | e10493 | p. 12
(page number not for citation purposes)

