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Abstract: The utility of brain magnetic resonance imaging (MRI) for predicting demen-

tia is debated.We evaluated the added value of repeated brainMRI, including atrophy

and cerebral small vessel disease markers, for dementia prediction. We conducted a

landmark competing risk analysis in 1716 participants of the French population-based

Three-City Study to predict the 5-year risk of dementia using repeated measures of

41 predictors till year 4 of follow-up. Brain MRI markers improved significantly the

individual prediction of dementia after accounting for demographics, healthmeasures,

and repeated measures of cognition and functional dependency (area under the ROC

curve [95% CI] improved from 0.80 [0.79 to 0.82] to 0.83 [0.81 to 0.84]). Nonethe-

less, accounting for the change over time through repeated MRIs had little impact on

predictive abilities. These results highlight the importance of multimodal analysis to

evaluate the added predictive abilities of repeated brain MRI for dementia and offer

new insights into the predictive performances of variousMRImarkers.

KEYWORDS

brain volume, cognition, competing risks, dementia, hippocampal volume, landmark,mixedmodel,
survival, white matter hyperintensities

Highlights

∙ We evaluated whether repeated brain volumes and cSVDmarkers improve demen-

tia prediction.

∙ The 5-year prediction of dementia is slightly improved when considering brain MRI

markers.

∙ Measures of hippocampus volume are themainMRI predictors of dementia.

∙ Adjusted on cognition, repeated MRI has poor added value over single MRI for

dementia prediction.

∙ We utilized a longitudinal analysis that considers error-and-missing-prone predic-

tors, and competing death.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any

medium, provided the original work is properly cited, the use is non-commercial and nomodifications or adaptations aremade.

© 2024 The Authors. Alzheimer’s &Dementia: Diagnosis, Assessment &DiseaseMonitoring published byWiley Periodicals LLC on behalf of Alzheimer’s Association.

Alzheimer’s Dement. 2024;16:e12578. wileyonlinelibrary.com/journal/dad2 1 of 11

https://doi.org/10.1002/dad2.12578

mailto:ariane.bercu@u-bordeaux.fr
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://wileyonlinelibrary.com/journal/dad2
https://doi.org/10.1002/dad2.12578
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fdad2.12578&domain=pdf&date_stamp=2024-05-25


2 of 11 BERCU ET AL.

1 BACKGROUND

Given the aging of the population worldwide and the expected growth

in dementia burden, prevention of dementia is a major challenge for

the next years.1 As dementia is a long process with a phase of progres-

sive cognitive decline accompanied by brain modifications, including

atrophy, before symptoms are obvious,2 early detection of persons at

high risk of dementia is key to anticipating clinical management. It is

well-recognized that dementia is caused by a mix of neurodegenera-

tive processes and vascular brain injury.3 The most frequent vascular

brain disease is cerebral small vessel disease (cSVD) which is charac-

terized by the presence of subcortical and cortical lesions observed on

brain magnetic resonance imaging (MRI), such as white matter hyper-

intensities (WMH), dilated perivascular spaces (PVS), lacunae, cerebral

microbleeds ormicroinfarcts,4,5 as well as concomitant brain atrophy.6

In recent studies, performances of prediction models have been

improved by leveraging fluid and MRI biomarkers. However, only a

limited number of studies have assessed the efficacy of various MRI

indicators of brain aging, such as global and regional brain volumes

or cSVD markers, in predicting dementia beyond commonly utilized

factors, and their findings vary.7–11

The research hypotheses of this work are that dementia risk predic-

tion could be improved by incorporating, in addition to established risk

predictors, (1)MRImarkers, including both atrophy and cSVDmarkers;

and (2) repeated measurements of MRI markers compared to a single

measurement.

Two potential flaws need to be better addressed in prediction mod-

els. First, there is the competing risk of death: Since many predictors

of dementia risk are also predictors of death, it is possible that the

best predictors of the instantaneous risk of dementia as selected

by standard survival analysis (ie, Cox model) are different from the

best predictors of the cumulative risk to develop dementia before

death over a period of time that could be identified using a model

for competing risks. Second, although the natural history of demen-

tia is characterized by a progressive cognitive/functional deterioration,

most prediction models have relied on single time point measures of

MRI biomarkers or cognitive and functional levels. The added value of

repeated measures and whether accounting for the markers’ dynamic

change could improve dementia risk prediction are unclear.12

The objective of this work was to identify the best predictors of

the 5-year cumulative incidence function (CIF) of dementia among

cognitive and functional measures, MRImeasures including brain atro-

phy measures, and cSVD markers (repeated or single measure), along

with other standard risk factors considering repeated measures of the

time-dependent markers.

2 METHODS

2.1 Three-City cohort

The Three-City Study (3C) is a population-based cohort study con-

ducted in the French elderly population that aims at investigating

the relationship between vascular risk factors and dementia.13 Par-

RESEARCH INCONTEXT

1. Literature review: The authors reviewed the literature

using traditional sources (eg, Google Scholar, PubMed).

The usefulness of MRI markers of brain aging in the pre-

diction of dementia has been widely described. Nonethe-

less, few studies have focused on its added value, in

particular of cSVDmarkers, after accounting for cognitive

and functional predictors, and none of them evaluated

predictive abilities of repeatedMRI.

2. Interpretation: This manuscript proposes amethodologi-

cal framework for building prediction models for demen-

tia based on repeated measures of numerous multimodal

predictors, avoiding selection biases and accounting for

competing risk of death. Our findings highlight that MRI

markers of brain aging measures can improve predictive

abilities over cognitive and functional assessments.

3. Future directions: Futurework could focus on replicating

the analysis on other cohort data and exploring the role of

other cSVDmarkers such as lacunae andmicrobleeds.

ticipants over 65 years old and living at home in three French cities

(Bordeaux, Dijon, Montpellier) were randomly selected from electoral

rolls and invited to enroll in the study between 1999 and 2001. After

baselinevisits, participantsunderwent follow-upvisits at2, 4, 7, 10, and

12 years. At each visit, a trained neuropsychologist completed a stan-

dardized medical and neuropsychological evaluation. Brain MRI scans

were carried out on subsamples at baseline and at the 4-year follow-up

visit (Visit_4y).

As MRI markers were not available in the center at Montpellier, the

current study was restricted to participants of Bordeaux and Dijon,

still at risk of dementia at the Visit_4y. Among the 7035 participants

enrolled in the cohort from Bordeaux and Dijon, 2210 had at least one

measureofMRImarkers, andamong them1757participantswere seen

and at risk (ie, not demented) at Visit_4y. After exclusion of 39 par-

ticipants with missing information on at least one predictor, the final

analytical samplewas composed of 1716 participants (see flow chart in

supplementary Figure S1).

2.2 Sociodemographic, cognitive, functional, and
health data collected

Sex is considered binary, female or male. Education level is classified

as low if the participants reached secondary school or less, and long

otherwise.

Functional impairment was characterized by three binary indica-

tors: (1) mobility impairment, from the Rosow and Breslau mobility

scale,14 which is defined as any restrictions in “walking between 500m

and 1 km” or “stair climbing” up to Visit_4y; (2) the basic activities

of daily living (ADL); and (3) the instrumental activities of daily living
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(IADL). The latter twowere assessedby theKatz and Lawton scale.15,16

A participant was labeled IADL-impair if not independent for four activ-

ities up to Visit_4y: telephone, transportation, medication, and budget.

A participant had an ADL impairment if not independent for five activ-

ities up to Visit_4y: bathing, dressing, going to the toilet, transferring,

and feeding.

Repeated indicators of health condition from the clinical exami-

nations included systolic blood pressure (SBP, mean of two evalu-

ations in seated position), body mass index (BMI, weight/height2),

depressive symptomatology score using the Center for Epidemiologic

Studies–Depression (CES-D) scale,17 medication intake (number of

drugs [#DRUGS]) as the number of regular drugs taken in the last

month before the follow-up visit, and the binary incontinence indicator

defined from the ADL scale.18

History of the following comorbidities at Visit_4y was considered.

A person was considered diabetic if under treatment or if blood glu-

cose was ≥7 mmol/L at least one visit up to Visit_4y. Coronary disease

history was defined as self-reported myocardial infarction or angina

pectoris or coronary surgery at least one timeup toVisit_4y. Strokewas

self-reported up to Visit_4y.

Genetic determinant of dementiawas defined by the apolipoprotein

E (APOE) gene, as carrying at least one ε4 allele.
Cognition was assessed through four cognitive tests, with higher

scores reflecting better cognitive functions: the Benton Visual Reten-

tion Test (BVRT)19 for visual memory and attention; the Mini-Mental

State Examination (MMSE)20 for global cognitive functioning; the Trail

Making Test A and B (TMT A and B)21 for visual scanning/processing

speed and executive function; and Isaacs’s Set Test22 (IST) for verbal

fluency (15 seconds for the semantic categories of animals, cities, fruit,

and colors). These cognitive testswere administered at baseline, 2- and

4-year follow-up examinations, excluding TMT at 2-year follow-up.

2.3 MRI examination

The detailed MRI acquisition process is outlined in Appendix A.23,24

Total white matter volume (WMV), total gray matter volume (GMV),

hippocampus volume (HIPP), and total cerebrospinal fluid volume

(CSFV) were obtained by automated procedures using Statistical Para-

metric Mapping and FreeSurfer software. Total intracranial volume

(TIV) was calculated as (WMV + GMV)/(WMV + GMV + CSFV). An

automated procedure for the assessment of WMH by multispectral

(T1, T2, PD) MRI was implemented.24 WMH volume was calculated as

the sum of the volumes of detected lesions in the WM. Perivascular

space burden in deep white matter and basal ganglia (DWM-PVS and

BG-PVS), that is, the number of PVS clusters, was obtained using the

SHIVA-PVS deep learning algorithm.25,26

2.4 Diagnosis of dementia and death

Potential dementia cases were ascertained at each visit according to

the Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition

revised (DSM IV-R) criteria, using a three-step procedure. The psy-

chologist initially screened participants based on neuropsychological

performance and decline. Participants suspected of having dementia

underwent examination by a senior neurologist for clinical diagnosis.

Final diagnosis was established by consensus of a classification com-

mittee of experts.27 Clinical dementia onset time was defined as the

midpoint between the last visit with a confirmed absence of dementia

(“negative diagnosis”) and the diagnosis visit.

Vital status and exact date of death were recorded throughout the

follow-up. The competing dementia-free-death was defined as a death

within 3 years following a negative diagnosis. Otherwise, the time to

dementia-free-death was censored at the last negative diagnosis time.

2.5 Statistical analysis: A landmark regularized
survival approach

We aimed at predicting the risk of dementia before death, from a

landmark time of 4 years after baseline (ie, Visit_4y), to a horizon of

prediction of 5 years, among participants free of dementia at the land-

mark time, using all the information collected up to the landmark time

(ie, baseline, Visit_2y, and Visit_4y). To avoid the bias due to the selec-

tionof the subjectswith completemeasures of all predictors atVisit_4y

and the bias due to themeasurement error on the predictors,28 the tra-

jectories of most of the repeated markers were first modeled using a

mixed effects model and their predicted values and slopes at Visit_4y

were then included as explanatory variables in a regularized Fine and

Gray (F&G)model to predict the 5-year risk of dementia. Note that the

quantitative valuesof the regressionparameters cannotbe interpreted

in F&Gmodels.29,30

The trajectories of 16 markers were modeled from baseline to

Visit_4y. This set of predictors included five cognitive test scores

(MMSE, IST, BVRT, TMTA and B), sixMRI variables (WMH, DWM- and

BG-PVS, HIPP, GMV, WMV), and five health indicators (SBP, #DRUGS,

BMI, CES-D, and incontinence). The trajectories were estimated by

curvilinear mixed models which extend the linear mixed model the-

ory to quantitative outcomes that are not necessarily Gaussian (eg,

MMSE or CES-D).31 The trajectories over time in the curvilinear mixed

models were assumed quadratic or linear with individual random

effects depending on the number of repeated measures for each time-

dependent variable. Backward selection based on p-value (α = 0.05)

was performed to optimize trajectories prediction (see supplementary

Table S1).

The analyses were carried out in R with the packages lcmm,32

Hdlandmark,33 and crrp34 for mixed models estimation, individual

predictions, and the F&G regularizedmodel, respectively.

2.6 Strategy of analysis

The full set of predictors was composed of 40 variables, including

four time-fixed variables observed at inclusion (sex, education level,

APOE4, and TIV), seven time-dependent variables observed at Visit_4y

(Age,Mobility, IADLandADL impairment, history of diabetes, coronary
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F IGURE 1 Exhaustive list of themultimodal candidate covariates for 5-year prediction of dementia risk in the Three-City Study cohort
(n= 1716). The candidates are presented by their affiliation to cognition, health indicators, brain volumes, cSVDmarkers, or as other variables.
Parenthetical notations indicate whether the candidate is defined as an observation at inclusion or at landmark time (ObsV0 andObsV4,
respectively; in roman), or if its value is predicted at landmark time (predlevelV4) in addition to its slope (slopeV4), both in italics. PredlevelV4 and
slopeV4were predicted from the curvilinear mixedmodel; ObsV0, ObsV0-V4, andObsV4were directly observed. ADL, activities of daily living;
BG, basal ganglia; BMI, bodymass index; BVRT, Benton Visual Retention; CES-D, Center for Epidemiologic Studies–Depression score; #DRUGS,
number of drugs; DWM, deepwhitematter; GMV, graymatter volume; HIPP, hippocampus volume; IADL, instrumental activities of daily living; IST,
Isaacs’s Set Test; MMSE,Mini-Mental State Examination; PVS, perivascular space; SBP, systolic blood pressure; TIV, total intracranial volume; TMT,
Trail Making Test;WMH, white matter hyperintensities;WMV, white matter volume.

disease, and stroke), sixteen predicted values and thirteen predicted

slopes of time-dependent variables at Visit_4y (listed above, Figure 1).

Note that predicted slopes in linear mixed models are defined as the

value of the first derivative at Visit_4y. The slopes of the three cSVD

markerswere not considered because the Pearson’s correlationmatrix

(supplementaryFigureS2) showed that thepredictedvalues and slopes

of cSVDmarkers brought the same information (correlation of>0.95).

We first considered the full set of predictors and identified the

predictors associated with better estimation of the CIF of dementia

in a penalized F&G model. Minimax concave penalty (MCP) was cho-

sen because it provides a postselection Wald test for the regression

parameters.35 We then applied the same approach to select the most

predictive variables from three reduced sets of candidate predictors:

(1) excluding MRI measures, (2) excluding only cSVD markers, and (3)

excluding predicted slopes at Visit_4y (slopeV4) of MRI measures (to

quantify the improvement in predictive abilities when using repeated

MRI measures vs a single measure). To account for brain reserve,36,37

the analyses were adjusted for TIV.

The 5-year predictive abilities of the four models were compared

using the time-dependent area under the (receiver operating char-

acteristic [ROC]) curve (AUC) and the time-dependent Brier Score

(BS).38 The AUC quantifies the probability at 5 years that a random

subject with dementia has a higher predicted dementia probability

than a random dementia-free subject.38 BS is the mean squared error

between dementia status and the predicted probability to develop

dementia within the 5-year window.39 Censoring was accounted for

by an inverse probability of censoring weighting estimator (timeROC

R package).38 To avoid overfitting, the AUC and BS were estimated

by repeated 5-fold cross-validation. Standard error of the AUC, BS,

and differences of the AUC and BS between models were estimated

empirically over the50 repetitions inorder to compute95%confidence

intervals (CIs). The predictive abilities of twomodels were significantly

different if zero was not in the 95%CI of the difference of AUC or BS.

3 RESULTS

3.1 Sample description

Tables 1 and 2 display characteristics of the 1716 participants included

in the analysis. Participants’ mean age at Visit_4y was 76 years (SD 4.0

years), 62% were female, 58% had a low educational level, 20% had at

least one APOE ε4 allele. Few participants were dependent at Visit_4y

(5%, 4%, and 1% for mobility, IADL, and ADL, respectively), 10% of the

participants had a history of diabetes or coronary artery disease, and

3% had a history of stroke at Visit_4y.

During the 5 years following Visit_4y, 111 participants were diag-

nosed with dementia (86 with Alzheimer’s disease [AD], 10 mixed, 15
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TABLE 1 Characteristics of participants at landmark time (Visit_4y).

Variablesa
Incident dementia

cases (n= 111)

Incident death

dementia-free (n= 109)

No event

(n= 1 496) All (n= 1716)

Measured at enrollment in cohort

Female sex (n, %) 74 (67) 45 (41) 948 (63) 1067 (62)

Short educational level (n, %) 68 (61) 71 (65) 854 (57) 993 (58)

At least one APOE ε4 allele (n, %) 35 (32) 21 (19) 295 (20) 351 (20)

Total intracranial volume (in cm3) 1249 (137) 1290 (155) 1329 (147) 1314 (149)

Measured at landmark time

Age (in years) 78 (3.92) 77 (3.90) 75 (3.76) 76 (3.96)

Dependent in mobility (n, %) 16 (14) 16 (15) 56 (4) 88 (5)

Dependent in instrumental

activities of daily living (n, %)
16 (14) 18 (17) 32 (2) 66 (4)

Dependent in activities of daily

living (n, %)
3 (3) 7 (6) 13 (1) 23 (1)

History of diabetes (n, %) 16 (14) 20 (18) 136 (9) 172 (10)

History of stroke (n, %) 4 (4) 4 (4) 39 (3) 47 (3)

History of coronary disease (n, %) 17 (15) 11 (10) 145 (10) 173 (10)

Notes: The 3C cohort, n = 1716. 3C-Patients’ characteristics observed at landmark time are defined per subgroups of events and globally (n = 1716). Cate-

gorical variables are only binary and described in terms of number of subjects and percentage per subgroups. Continuous variables are described in terms of

mean and standard deviation. APOE, apolipoprotein E.
aContinuous data are the mean and standard deviation in parentheses; binary data are the numbers of patients and percentages in parentheses (from

subgroups of event).

other type), and 109 participants died dementia-free. The mean time

to onset of dementia after Visit_4ywas 2.55 years (SD 1.21; range 1.37

to 4.76 years). Participants who died during this 5-year period were

followed 2.35 years on average (SD 1.31; range 0.29 to 4.98 years).

Participants alive and without dementia diagnosis were followed on

average for 4.85 years (SD 0.48; range 2.60 to 5 years).

3.2 Selected variables for predicting dementia

From the full set of 40 predictors (Figure 1), theMCP-regularized F&G

model selected 17 predictors of 5-year dementia risk. Since quantita-

tive values of parameters do not have a meaningful interpretation, we

reported in Figure 2 the direction of the association with a deleteri-

ous/protective association with the CIF of dementia (ie, higher/lower

incidence) indicated by bars showing positive/negative values, and the

strength of evidence indicated by the height of each bar which corre-

sponded to the log (p-value) (ie, the higher the bar, themore significant

the association). The evolution of parameter values as the intensity of

the penalization increases is displayed in supplementary Figure S3. The

selected predictors among cognitive, functional, health, andMRImark-

ers were age, sex, APOE gene, educational level, MMSE, IST, depressive

symptomatology, SBP, #DRUGS, mobility, IADL and ADL impairment,

TIV, GMV, HIPP, and WMH volume. Higher cognitive test scores at

Visit_4y were significantly associated with a lower CIF of dementia.

APOE genotype and IADL dependency at Visit_4y were significantly

associated with a higher CIF of dementia. Age, sex, educational level,

depressive symptomatology, SBP, #DRUGS, mobility, and ADL were

selected but not significantly associated with the CIF of dementia at

the 5% level. Among MRI markers, both higher volumes and slower

atrophy (less negative slope) of HIPP were associated with a lower

CIF of dementia. Although TIV and GMV were selected in the final

model, they were poorly associated with dementia risk in the adjusted

model. Finally, among cSVD markers, only WMH volume at Visit_4y

was selected, higher volume being associated with a higher CIF of

dementia but this association was not significant.

To assess the impact of MRI measures in the prediction models,

we performed the same analysis excluding all MRI measures from the

initial set of predictors (Figure 2, top panel). The selected variables

among cognitive, functional, and health indicators were identical with

andwithout includingMRImarkers although significance levels for age,

APOE, and education were deeply reducedwhen adjusting onMRI.

3.3 Predictive abilities

To evaluate the respective contribution of MRI, repeated MRI, and

cSVD markers to the prediction of the CIF of dementia, we compared

the repeated 5-fold cross-validated AUC (the higher the value, the

more discriminative) andBS (the lower the value, themore accurate) of

models built byMCP regression (Table 3). All models showed good per-

formance in predictive abilitieswith ameanAUCabove 0.80. However,

considering MRI measures in addition to cognition and health indica-

tors led to slightly but significantly better predictive performances (eg,
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TABLE 2 Characteristics of participants for time-dependent variables at inclusion and landmark time (Visit_4y).

Time-dependent variablesa
Incident dementia

cases (n= 111)

Incident death

dementia-free (n= 109) No event (n= 1 496) All (n= 1 716)

Health indicators

Incontinence (n, %)

At enrollment 25 (23) 16 (15) 299 (20) 340 (20)

At 4-year follow-up 28 (25) 18 (17) 244 (16) 290 (17)

Depressive symptomatology score using Center

for Epidemiologic Studies–Depression scale

At enrollment 10.6 (10.2) 8.0 (6.9) 8.9 (8.3) 8.9 (8.4)

At 4-year follow-up 11.7 (8.8) 9.3 (7.7) 8.3 (7.7) 8.6 (7.8)

Bodymass index (in kg/m2)

At enrollment 25.7 (3.9) 26.3 (3.7) 25.5 (3.7) 25.6 (3.7)

At 4-year follow-up 25.4 (3.9) 25.7 (3.6) 25.4 (3.7) 25.4 (3.7)

Number of drugs used (/month)

At enrollment 4.8 (3.1) 4.5 (3.0) 3.9 (2.8) 4.0 (2.8)

At 4-year follow-up 5.9 (3.3) 5.3 (3.2) 4.8 (3.2) 4.9 (3.2)

Systolic blood pressure (mmHg)

At enrollment 148.1 (23.2) 151.9 (25.9) 146.3 (22.1) 146.7 (22.4)

At 4-year follow-up 136.6 (19.2) 141.0 (25.5) 136.6 (20.0) 136.8 (20.3)

Cognition

Benton Visual Retention

At enrollment 11.05 (1.94) 11.57 (1.89) 11.95 (1.77) 11.87 (1.80)

At 4-year follow-up 10.61 (2.00) 11.27 (1.95) 11.64 (1.86) 11.55 (1.89)

Mini-Mental State Examination

At enrollment 27.19 (1.90) 27.83 (1.72) 27.95 (1.64) 27.89 (1.67)

At 4-year follow-up 26.68 (2.01) 27.53 (1.99) 27.97 (1.70) 27.85 (1.77)

Isaacs’s Set Test

At enrollment 30.34 (5.82) 31.98 (6.77) 34.33 (6.56) 33.92 (6.61)

At 4-year follow-up 29.50 (6.06) 32.15 (7.28) 35.84 (6.20) 35.19 (6.50)

Trail Making Test A (# goodmoves/time)

At enrollment 26.94 (8.87) 29.69 (12.40) 30.85 (9.47) 30.53 (9.69)

At 4-year follow-up 24.85 (8.51) 28.01 (11.78) 30.95 (9.65) 30.38 (9.85)

Trail Making Test B (# goodmoves/time)

At enrollment 11.54 (5.94) 13.64 (7.07) 14.77 (7.03) 14.49 (7.00)

At 4-year follow-up 9.97 (6.47) 11.85 (6.94) 14.10 (7.13) 13.70 (7.16)

Magnetic resonance imaging (MRI)

Whitematter hyperintensities (in cm3)

At enrollment 5.77 (5.30) 5.09 (3.83) 4.86 (3.76) 4. 93 (3.89)

At 4-year follow-up 7.63 (5.75) 6.38 (5.33) 5.83 (4.68) 5.96 (4.80)

Whitematter—perivascular spaces (# of)

At enrollment 295.47 (101.33) 306.99 (105.89) 306.86 (110.35) 306.13 (109.49)

At 4-year follow-up 306.36 (108.17) 299.56 (105.97) 308.86 (106.74) 308.26 (106.73)

Basal ganglia—perivascular spaces (# of)

At enrollment 20.43 (9.29) 22.06 (10.35) 18.69 (8.14) 19.02 (8.42)

At 4-year follow-up 22.52 (11.43) 23.36 (10.54) 20.83 (9.48) 21.05 (9.68)

(Continues)
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TABLE 2 (Continued)

Time-dependent variablesa Incident dementia

cases (n= 111)

Incident death

dementia-free (n= 109)

No event (n= 1 496) All (n= 1 716)

Hippocampus volume (in cm3)

At enrollment 6.21 (0.86) 6.51 (0.90) 6.71 (0.78) 6.67 (0.80)

At 4-year follow-up 5.82 (0.91) 6.28 (0.90) 6.51 (0.83) 6.46 (0.85)

Graymatter volume (in cm3)

At enrollment 488.46 (42.23) 493.19 (51.91) 502.29 (49.74) 500.82 (49.56)

At 4-year follow-up 470.72 (40.41) 475.79 (56.19) 491.15 (48.88) 489.23 (49.09)

Whitematter volume (in cm3)

At enrollment 459.96 (45.96) 468.48 (55.69) 466.35 (52.25) 466.07 (52.90)

At 4-year follow-up 448.27 (50.48) 460.55 (68.23) 469.19 (64.73) 467.56 (64.33)

Notes: The 3C cohort, n = 1716. 3C-Patients’ characteristics observed at enrollment and landmark time are defined per subgroups of events and globally

(n=1716). These characteristicswill be summarized at landmark time through predicted value and slope. Categorical variables are only binary and described

in terms of number of subjects and percentage per subgroups. Continuous variables are described in terms of mean and standard deviation.
aContinuous data are the mean and standard deviation in parentheses; binary data are the numbers of patients and percentages in parentheses (from

subgroups of event).

F IGURE 2 Direction of associations and significance level between the variables selected byminimax concave penalty regression and
cumulative incidence function (CIF) of dementia among the whole set of potential predictors includingMRI (bottom panel) and excludingMRI (top
panel), n= 1716. The figure presents the log (p-value) and the direction of the association with cumulative incidence of dementia (positive bars if
higher cumulative incidence for higher predictor value; negative bars if lower cumulative incidence for higher predictor value) for all the predictors
selected in the final model. ADL, activities of daily living; CES-D, Center for Epidemiologic Studies–Depression score; CIF, cumulative incidence
function; #DRUGS, number of drugs; GMV, graymatter volume; HIPP, hippocampus volume; IADL, instrumental activities of daily living; IST,
Isaacs’s Set Test, MMSE,Mini-Mental State Examination;MRI, magnetic resonance imaging; SBP, systolic blood pressure; TIV, total intracranial
volume;WMH, white matter hyperintensities.
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8 of 11 BERCU ET AL.

TABLE 3 Performances of different models based on the inclusion
of magnetic resonance imaging (MRI) markers to predict incident
dementia from landmark time to the next 5 years.

Modelsa
Area under the curve

[95%CI] Brier score [95%CI]

1 – Full model 0.828 [0.813 to 0.842] 0.047 [0.045 to 0.048]

2 –withoutMRI

markers

0.802 [0.788 to 0.817] 0.050 [0.049 to 0.051]

3 –without slopes

ofMRImarkers at

4 years follow-up

0.821 [0.805 to 0.836] 0.048 [0.047 to 0.049]

4 –without cSVD

markers

0.827 [0.814 to 0.841] 0.047 [0.046 to 0.048]

Notes: The 3C cohort, n = 1716. The performance of the models for 5-year

prediction of dementia are compared by area under the curve and Brier

Score computed by 5-fold cross-validation on the 3C cohort (n = 1716).

Four different models are presented. Variable selection for each model is

performed byminimax concave penalty (MCP) regularization using four dif-

ferent sets of initial candidate predictors. The set of candidate predictors

for Model 1 includes the 40 variables. The set of candidate predictors for

Model 2 excludesMRImarkers (thus it is composed of 30 variables); the set

of candidate predictors for Model 3 excludes only slopes of MRI markers

(thus it includes 37 variables)s the set of candidate predictors for Model 4

excludes only cerebral small vessel disease (cSVD)markers (37 variables).

Abbreviations: cSVD: cerebral small vessel disease; MRI: magnetic reso-

nance imaging.
aFull model is composed of 40 predictors: sex, education level, apolipopro-

tein E (APOE) ε4 allele, total intracranial volume, age, mobility, instrumental

activities of daily living (IADL) and activities of daily living (ADL) impair-

ment, history of diabetes, coronary disease and stroke, predicted values and

slopes of cognitive tests, health indicators, andMRImarkers.

AUC [95%CI]=0.83 [0.81 to0.84]withMRI vs0.80 [0.79 to0.82]with-

out MRI). Differences of AUC and BS between models are displayed in

Figure 3. Among models with MRI markers, excluding cSVD markers

(ie, predicted value at Visit_4y of WMH and PVS) did not significantly

alter the predictive performances since the 95% CIs of the differ-

ence included 0 (ΔAUC = −0.0003 [−0.006 to 0.005], ΔBS = −0.0000

[−0.0005 to 0.0005]). Excluding the slopes of all MRI markers did not

significantly modify the AUC (ΔAUC = −0.007 [−0.015 to 0.002]) but

slightly increased the BS (ΔBS= 0.0009 [0.0001 to 0.002]).

4 DISCUSSION

Adding MRI markers to a prediction model that includes classical

dementia risk factors, along with repeated cognitive and functional

assessments, improved the accuracy of 5-year prediction of demen-

tia. Given that cognitive and functional markers are good predictors of

dementia,12 itwas not obvious that the inclusion ofMRImarkerswould

significantly improve the predictive abilities. Our findings suggest that

low volume and steeper atrophy of the hippocampus increase the 5-

year risk. Conversely, cSVD markers (WMH volume and PVS burden)

didnot improve significantly the individual predictionof the cumulative

dementia risk in a predictionmodel that includes demographics, health

measures, and repeatedmeasures of cognition, functional dependency,

and brain volumes.

This work also aimed to address the utility of repeated measures

of MRI. Accounting for the change over time of hippocampal volume

through repeated MRIs had only a minor impact on predictive abili-

ties: This slightly increased the prediction accuracy but did not improve

significantly the discrimination between future cases of dementia and

other participants.

Few studies have focused on the added value of repeated measures

of brain volumes and cSVD markers on the prediction of dementia

while considering both known risk factors and measures of cognitive

and functional decline. Most of these studies are not population-based

and/or focused only on the transition from mild cognitive impairment

(MCI) to AD or dementia,40,41 In the 3C cohort, Stephan et al.7 showed

that HIPP andWMH at baseline were significantly associated with the

instantaneous risk of dementia after adjusting on conventional fac-

tors but it did not significantly improve the discrimination (C-index).

We note that factors associated (possibly causally) with both dementia

risk andmortality may not be predictive of the cumulative incidence of

dementia before death. Indeed, factors that increase the risk of death

reduce the time at risk of dementia and thus tend to reduce the CIF

of dementia. Studies that have investigated the link between cSVD

and mortality suggest that stroke and dementia explain only partly

the increased mortality observed in elderly individuals with extended

WMHvolumes. cSVD is also amarker of vascular damages in other ter-

ritories than the brain such as coronary arteries.42 To further explore

the role of cSVD in the prediction of dementia, it would be useful to

include more markers such as lacunae and microbleeds (not yet avail-

able in 3C data) and to include more repeated measures. The two

measures of WMH and PVS showed an increase over time of these

markers but they were too highly correlated to capture the individual

variability.

The strengths of the study include the population-based design of

the 3C cohort with a large number of participants, a standardized

clinical diagnosis of dementia, and a large set of potential predictors

measured with standardized methods. From a methodological point of

view, this analysis handled the competing risk of death,which is amajor

issue in the elderly population, particularly for dementia prediction,

given thatmost of the risk factors for dementia are also associatedwith

an increased risk of death. Using the F&G model, we were able to pre-

dict directly the probability to develop dementia before dying within

the next 5-years, which is a clinically meaningful indicator. Secondly,

repeated 5-fold cross-validation permitted the analysis to validate and

compare the predictive abilities of models avoiding over optimistic

results in AUC and BS. Finally, the landmark approach has three main

advantages. First, this approach is similar to the clinical setting where

the specialist uses all past and current information to assess a patient’s

future risk. Second, it accounts for repeated measures of the predic-

tors in order to evaluate if the change over time of the predictors

brings additional information to their current value. Third, using mixed

models to obtain predicted value and slope of the repeated predic-

tors limits the selection bias since participants without measures of

the predictors at the landmark time can be included in the analysis.
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BERCU ET AL. 9 of 11

F IGURE 3 The performances of themodels in comparison with two referencemodels—without magnetic resonance imaging (MRI; top panel)
or full model (bottom panel)—were computed by 50 repeated 5-fold cross-validation in the Three-City Study cohort, n= 1716. The performance of
themodels at the next 5 years after landmark time are analyzed through discrimination (differences in area under the curve—ΔAUC) and
calibration index (differences in Brier Score—ΔBS) in the 3C cohort (n= 1716). A value above 0 forΔAUC and under 0 forΔBS are associated with
better discrimination and calibration in comparison to the referencemodel. The full model is composed of 40 predictors: sex, education level,
apolipoprotein E allele, total intracranial volume, age, mobility, instrumental activities of daily living and activities of daily living impairment,
history of diabetes, coronary disease, and stroke, predicted values and slopes of cognitive test, health indicators, andMRImarkers. V4, 4-year
follow-up;WMH, white matter hyperintensities.

Using predicted values instead of the observed ones also reduces bias

due to measurement error on the predictors.43,44 This was confirmed

by a sensitivity analysis restricted to the 1108 participants with com-

plete data, where we replicated the landmark analysis by considering

theobservedvalues and slopes rather than thepredictedones (seeweb

Appendix Bwith Table S2 and Figures S4-5).

Some limitations should be considered when interpreting the

results. The 3C population-based cohort is composed of volunteers

who tend to have better global health than the general population,

especially for those who completed MRI.45 Thus, the incidence of

dementia may be lower compared to the general population, limiting

the power of the study. Nonetheless, the association between MRI

markers and CIF of dementia should be similar among all subgroups.

Bias in population could also have been introduced by the selection

process. All participants must have at least 4 years of follow-up, this

can lead to exclusion of participants with poor health. A limitation in

themethodology is the clinical interpretation of the parameters.While

this model is well adapted for building a predictionmodel in the frame-

work of competing risks, the quantitative values of its parameters have

no meaningful interpretation.30 We can only interpret the direction of

the association and the level of significance.

To conclude, we have demonstrated that combining MRI markers

with neuropsychological tests, functional evaluations, and established

and known demographic and clinical risk factors for dementia can

slightly but significantly improve the 5-year prediction of dementia

accounting for mortality. Especially, atrophy of the hippocampus is

the most useful predictor while cSVD markers and repeated MRI are

not necessary for individual prediction when cognitive trajectories are

considered. Future work including more cSVD markers with several

repeatedmeasures could be useful to confirm these results.
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