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12-year prediction of mild cognitive
impairment aided by Alzheimer’s brain
signatures at mean age 56

McKenna E. Williams,1,2,3 Jeremy A. Elman,1,3 Linda K. McEvoy,4 Ole A. Andreassen,5,6

Anders M. Dale,4,7 Graham M. L. Eglit,1,3 Lisa T. Eyler,3,8 Christine Fennema-Notestine,3,4

Carol E. Franz,1,3 Nathan A. Gillespie,9 Donald J. Hagler Jr ,4 Sean N. Hatton,1,7

Richard L. Hauger,3,10 Amy J. Jak,3,11 Mark W. Logue,12,13,14 Michael J. Lyons,15

Ruth E. McKenzie,14,16 Michael C. Neale,9 Matthew S. Panizzon,1,3 Olivia K. Puckett,1,3

Chandra A. Reynolds,17 Mark Sanderson-Cimino,1,2,3 Rosemary Toomey,15 Xin M. Tu,18

Nathan Whitsel,1,3 Hong Xian19 and William S. Kremen1,3,10

Neuroimaging signatures based on composite scores of cortical thickness and hippocampal volume predict progression from mild

cognitive impairment to Alzheimer’s disease. However, little is known about the ability of these signatures among cognitively normal

adults to predict progression to mild cognitive impairment. Towards that end, a signature sensitive to microstructural changes that

may predate macrostructural atrophy should be useful. We hypothesized that: (i) a validated MRI-derived Alzheimer’s disease signa-

ture based on cortical thickness and hippocampal volume in cognitively normal middle-aged adults would predict progression to

mild cognitive impairment; and (ii) a novel grey matter mean diffusivity signature would be a better predictor than the thickness/vol-

ume signature. This cohort study was part of the Vietnam Era Twin Study of Aging. Concurrent analyses compared cognitively nor-

mal and mild cognitive impairment groups at each of three study waves (ns¼ 246–367). Predictive analyses included 169 cognitively

normal men at baseline (age¼ 56.1, range¼ 51–60). Our previously published thickness/volume signature derived from independent

data, a novel mean diffusivity signature using the same regions and weights as the thickness/volume signature, age, and an

Alzheimer’s disease polygenic risk score were used to predict incident mild cognitive impairment an average of 12 years after baseline

(follow-up age¼ 67.2, range¼ 61–71). Additional analyses adjusted for predicted brain age difference scores (chronological age

minus predicted brain age) to determine if signatures were Alzheimer-related and not simply ageing-related. In concurrent analyses,

individuals with mild cognitive impairment had higher (worse) mean diffusivity signature scores than cognitively normal partici-

pants, but thickness/volume signature scores did not differ between groups. In predictive analyses, age and polygenic risk score

yielded an area under the curve of 0.74 (sensitivity¼ 80.00%; specificity¼ 65.10%). Prediction was significantly improved with add-

ition of the mean diffusivity signature (area under the curve¼ 0.83; sensitivity¼ 85.00%; specificity¼ 77.85%; P¼0.007), but not

with addition of the thickness/volume signature. A model including both signatures did not improve prediction over a model with

only the mean diffusivity signature. Results held up after adjusting for predicted brain age difference scores. The novel mean diffusiv-

ity signature was limited by being yoked to the thickness/volume signature weightings. An independently derived mean diffusivity

signature may thus provide even stronger prediction. The young age of the sample at baseline is particularly notable. Given that the

brain signatures were examined when participants were only in their 50 s, our results suggest a promising step towards improving

very early identification of Alzheimer’s disease risk and the potential value of mean diffusivity and/or multimodal brain signatures.
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Introduction
Neuropathological differences related to Alzheimer’s disease

begin to accumulate early in the disease process,1 and reli-

able identification of these changes during the earliest stages

of Alzheimer’s disease remains a critical goal. Capitalizing

on regional patterns of neurodegeneration associated with

Alzheimer’s disease,2–4 composite scores of MRI-based brain

morphometry have been developed to distinguish between

early Alzheimer’s disease-related atrophy and normal age-

associated brain changes.5–7 Several of these composites,

commonly termed ‘Alzheimer’s disease signatures’, have

demonstrated associations with Alzheimer’s disease symptom

severity and Alzheimer’s disease-related biomarkers.

Additionally, they are predictive of progression to

Alzheimer’s disease.5,6,8–14 Given that ageing is associated

with atrophy in areas that partially overlap with regions

used in Alzheimer’s disease signatures,14–16 some Alzheimer’s

disease signatures have been adjusted for predicted brain

age in an effort to improve their predictive utility.16

The majority of research on Alzheimer’s disease signa-

tures has involved adults over 70 years of age.5,6,8–14 A

rare study examined prediction of progression to MCI ra-

ther than Alzheimer’s disease based on a cortical thick-

ness Alzheimer’s disease signature in cognitively normal

(CN) middle-aged adults.7 Lower cortical thickness signa-

ture scores (indicating thinner cortex) were associated

with increased risk of progression to MCI within 7 years

of baseline (average age¼ 56 years, SD¼ 10.4), but not

with progression that occurred more than 7 years from

baseline. Participants were highly educated (mean-

¼ 17.0 years), 75% had a first-degree relative with

Alzheimer’s disease, and the age range was relatively

wide. Almost all prior research has also been limited to

Alzheimer’s disease signatures that rely on macrostruc-

tural neuroimaging methods that are unable to detect

microstructural changes that may present early in the dis-

ease process. To our knowledge, a single exception is a

cross-sectional study using a composite based on multi-

shell diffusion measures [neurite density and orientation

dispersion (NODDI)], which reflect neural microstruc-

ture.17 Their diffusion-based signature discriminated be-

tween CN and MCI participants. Here again, the sample

was older (mean age¼ 73 years), highly educated (mean-

¼ 15.8 years), and at elevated risk for Alzheimer’s disease

(47.6% APOE-e4-positive). Additional research is thus

warranted to determine the utility of different Alzheimer’s

disease signatures to predict MCI/Alzheimer’s disease in

middle-aged samples that are also more representative in

terms of education and Alzheimer’s disease risk.

Alzheimer’s disease signatures derived from diffusion

MRI (dMRI), such as grey matter mean diffusivity (MD),

may be a particularly useful early Alzheimer’s disease-

related biomarker. Although most dMRI studies have

focussed on white matter, we examined grey matter be-

cause of its greater relevance for Alzheimer’s disease. In

grey matter, variation in MD may reflect microstructural

integrity of neurites and cell bodies by measuring the

average water diffusion within a voxel, which increases

as microstructural barriers degenerate.18 Some evidence

suggests that these microstructural changes may predate

macrostructural atrophy as measured using conventional

structural MRI techniques.18,19 Several studies have found

increased cortical MD in individuals with MCI or

Alzheimer’s disease.18,20–23 Our group has shown that

variation in cortical and subcortical grey matter MD is

heritable and partly influenced by genetic factors that are

distinct from genetic factors influencing cortical thickness

or subcortical volumes.24,25 These findings suggest that

measures of cortical MD may capture information

regarding neuropathological changes early in the disease

process distinct from those measured using cortical thick-

ness or subcortical volumes.

Our group previously used data from the Alzheimer’s

Disease Neuroimaging Initiative (ADNI; average

age¼ 75.7 years, SD¼ 5.0) to identify eight cortical regions

of interest (ROIs) that discriminated between CN older

adults and individuals with mild Alzheimer’s disease9 and

predicted progression from MCI to Alzheimer’s disease.11

This signature of cortical thickness and hippocampal vol-

ume (referred to as ‘Alzheimer’s disease thickness/volume

signature’) was unique in that it used ROI-specific weights

to appropriately reflect the differential rates of atrophy

across regions observed in Alzheimer’s disease.6 Here, we

investigated the ability of this published thickness/volume

signature and a novel grey matter MD composite using the

same weights and regions (referred to as ‘MD signature’)

to predict incident MCI over an average follow-up of

12 years among a nationally representative cohort of men

in their 50 s. We used the same weightings for the MD sig-

nature because an MD signature has not yet been devel-

oped and validated in a sample of Alzheimer’s disease

cases and controls. We specifically tested whether these

Alzheimer’s disease signatures improved longitudinal predic-

tions over and above two established risk factors: age26–29

and Alzheimer’s disease polygenic risk.30–33 We hypothe-

sized that: (i) Alzheimer’s disease signatures in CN middle-

aged adults would predict progression to MCI; and (ii) the

MD signature would be a better predictor than the thick-

ness/volume signature because it is more sensitive to earlier

brain changes. Additional complementary analyses exam-

ined concurrent signature score differences in MCI and CN

participants. We also performed analyses adjusting for pre-

dicted brain age difference scores to differentiate between

general brain ageing and more specific Alzheimer’s disease-

related brain changes.

Materials and methods

Participants

Participants were men from the Vietnam Era Twin Study

of Aging (VETSA), a longitudinal study beginning in

Midlife Alzheimer’s disease signatures BRAIN COMMUNICATIONS 2021: Page 3 of 14 | 3



middle age.34–36 They comprise a nationally representa-

tive, community-dwelling sample of male–male twins who

are similar to American men in their age range with re-

spect to health and lifestyle characteristics.37 At baseline,

all participants were between the ages of 51 and 60 years.

All served in the US military at some point between

1965 and 1975. Approximately 80% reported no combat

exposure. For the present analyses, exclusionary criteria

included conditions that could contribute to cognitive im-

pairment unrelated to MCI: seizure disorder, multiple

sclerosis, stroke, HIV/AIDS, schizophrenia or substance

dependence.38 Traumatic brain injury was not an exclu-

sion criterion because it is associated with increased risk

for MCI; however, the CN and MCI groups did not dif-

fer with respect to traumatic brain injury.

Table 1 shows the sample characteristics. We examined

concurrent group differences at the three study waves

(n¼ 564; Table 1) between individuals who remained CN

at all waves for which they had data (robust-CN,

n¼ 489) and individuals diagnosed with MCI (n¼ 75).

For these analyses, participants were excluded if they

reverted from MCI to CN at any subsequent wave.

Predictive analyses included 169 participants who met

the following criteria: (i) CN at baseline; (ii) had both

Alzheimer’s disease signature scores at baseline and an

Alzheimer’s disease polygenic risk score (AD-PRS); and

(iii) had cognitive data at Wave 3 (Table 2). At the

Wave 3 follow-up, 20 (11.83%) converted to MCI. The

study was approved by the Institutional Review Boards

at the University of California, San Diego (UCSD),

Boston University, and the Massachusetts General

Hospital (MGH).

Definition of mild cognitive
impairment

The Jak–Bondi approach was used to diagnose MCI.39,40

In a direct comparison of ADNI participants with

diagnoses based on Petersen criteria, Jak–Bondi diagnoses

were associated with a higher proportion of participants

progressing to Alzheimer’s disease, a lower proportion

reverting to normal, a higher proportion being

Alzheimer’s disease biomarker-positive, and a higher pro-

portion being APOE-e4 positive.41

Participants completed a neuropsychological battery

comprising 18 tests that encompassed six cognitive

domains: memory, executive functioning, attention, lan-

guage, visuospatial ability and processing speed.38

Criteria for impairment within a domain required per-

formance on 2þ tests that were each >1.5 SDs below

age- and education-adjusted normative means. Although

the Jak–Bondi approach allows for different impairment

cut-offs,40 requiring performance >1 SD below normative

means on 2þ tests is most common. However, in prior

work with Drs. Jak and Bondi, we used the more conser-

vative threshold of 1.5 SDs because of the younger age

of the VETSA sample.42 The more commonly used

threshold identified an unrealistic 32% of this relatively

young sample as having MCI. In line with psychometric

principles, we determined that the threshold needed to be

more conservative given the expected lower base rate of

MCI in a sample as young as the VETSA cohort.

To account for longstanding differences in cognitive

performance, all scores were adjusted for a measure of

general cognitive ability that was previously administered

to participants at an average age of 20 years.43 Scores for

returning participants from Waves 2 and 3 were add-

itionally adjusted for practice and attrition effects using a

replacement-subjects method as described previously.44,45

Briefly, this method assumes that if two groups are

drawn from the same population and the only difference

is that one group has taken a test before and the other is

being tested for the first time, any group difference can

be attributed to practice effects. Therefore, we compared

the scores between returnees taking the test for a second

time and the scores of demographically-matched attrition

Table 1 Concurrent analyses: Demographic characteristics of cognitively normal men and those with MCI at each

wave.

All in analyses

(n 5 564)

Wave 1 Wave 2 Wave 3

Robust-CN MCI Robust-CN MCI Robust-CN MCI

Sample size with thickness/vol signature 561 339 28 276 29 288 48

Sample size with MD signature 497 258 22 245 26 209 37

Age range 51–71 51–60 51–60 55–65 55–65 61–71 61–71

Age 61.68 (5.36) 56.10 (2.60) 56.93 (2.53) 61.83 (2.64) 62.44 (2.43) 67.72 (2.57) 67.40 (2.66)

Years of education 13.88 (2.16) 14.00 (2.23)* 12.86 (1.60)* 13.92 (2.14) 13.38 (1.70) 14.24 (2.14) 13.58 (2.13)

AD-PRS 58.38 (7.52) 58.38 (7.61) 59.26 (6.29) 57.65 (7.12) 57.56 (6.76) 57.77 (7.58)* 60.70 (8.41)*

Number of APOE-e4 carriers (%) 133/564 (24%) 89/339 (26%) 6/28 (21%) 69/276 (25%) 7/29 (24%) 63/288 (22%) 12/48 (25%)

Mean (SD) descriptive statistics by group (robust-CN and MCI) at each wave. For Waves 1–3, demographic characteristics of sample with thickness/volume signature are reported;

characteristics of sample with MD signature did not differ from sample with thickness/volume signature at any wave (Ps > 0.05). Three participants with data for the MD signature

did not have useable data for the thickness/volume signature at any wave. The VETSA sample comprises participants involved in multiple waves, and some entered the study after

wave 1. Additional information about sample sizes across waves is available in the supplemental materials.

AD-PRS, Alzheimer’s disease polygenic risk score; CN, cognitively normal; MCI, mild cognitive impairment; MD, mean diffusivity.

*P < 0.05 for differences between robust-CN and MCI groups at a particular wave.
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replacement subjects taking the test for the first time. To

avoid overestimating practice effects because dropouts are

usually lower functioning than returnees, this approach

also calculates the attrition effect as the difference in the

mean score of returnees at a prior wave and the mean

score of all individuals at that prior wave. The practice

effect of each test was then calculated as the difference

score minus the attrition effect.45

MRI acquisition and processing

Images at Wave 1 (baseline) were acquired on Siemens

1.5 T scanners at UCSD and MGH. Images at Wave 2

were acquired with a GE 3 T Discovery 750x scanner

(GE Healthcare, Waukesha, WI, USA) with an 8-channel

phased array head coil at UCSD and with a Siemens Tim

Trio (Siemens USA, Washington, D.C.) with a 32-channel

head coil at MGH. Images at Wave 3 were acquired at

UCSD with two GE 3 T Discovery 750� scanners with

eight-channel phased array head coils. Volumetric seg-

mentation46,47 and cortical surface reconstruction46–49

methods were performed with FreeSurfer version 5.1

(http://surfer.nmr.mgh.harvard.edu Accessed 30 July

2021). Raw images were visually inspected for quality

and excluded for excessive motion or acquisition arte-

facts. Processed structural images were manually edited

to correct errors in cortical surface reconstruction and

subcortical segmentation was visually reviewed. Subjects

with major segmentation or surface reconstruction fail-

ures were excluded from analysis.

Structural MR images were processed as described pre-

viously.46–51 Briefly, this involves correction of distortion

due to gradient nonlinearity,52 image intensity normaliza-

tion,53 rigid registration into standard orientation with

1 mm isotropic voxel size, and removal of non-brain tis-

sue. Boundaries between grey matter, white matter, and

CSF were defined and the cortical surface was then div-

ided into 66 distinct regions (33 per hemisphere)

according to the Desikan-Killiany atlas.47,54 Mean cortical

thickness was calculated for each ROI.

Briefly, diffusion MRI images were processed as follows.

A robust and accurate procedure for reducing spatial and

intensity distortions in EPI images caused by B0 field was

applied55 that relies on the reversing gradient method.56,57

Pairs of b¼ 0 (i.e. non-diffusion weighted) images with op-

posite phase encoding polarities (and thus opposite spatial

and intensity distortion patterns) were aligned using a fast,

nonlinear registration procedure. The displacement field vol-

ume was adjusted (i.e. translation and rotation) for esti-

mated head motion and then used to unwarp distortions in

each frame (i.e. diffusion-weighted volume). Eddy current

distortions were corrected with a nonlinear estimation pro-

cedure that used the diffusion gradient orientations and

amplitudes to predict the pattern of distortions across the

entire set of diffusion weighted volumes.58 Corrections were

restricted to translation and scaling along the phase-encode

direction, avoiding spurious head rotations introduced by

affine registration. Gradient nonlinearity distortions were

corrected for each frame.52 Head motion was corrected by

registering each frame to a corresponding image synthesized

from a tensor fit, thus accounting for variation in image

contrast across diffusion orientations.59 The diffusion gradi-

ent matrix was then adjusted for head rotation.59,60 For

both motion correction and eddy current distortion correc-

tion, robust diffusion tensor estimation was used to exclude

the contribution of dark slices, which are caused by abrupt,

severe head motion. As part of motion correction, such out-

lier values were replaced—an entire slice at a time for a

given diffusion direction—with values synthesized from the

robust tensor fit. T2-weighted b¼ 0 images were registered

to T1-weighted structural images using mutual information61

after coarse pre-alignment via within-modality registration

to atlas brains. This provides a robust and accurate registra-

tion, and registrations were reviewed manually for quality.

Diffusion-weighted images were resampled into a standard

orientation with 2 mm isotropic resolution; the number of

resampling steps was reduced by combining this with the

motion correction. Cubic interpolation was used for all

resampling steps. Conventional diffusion tensor imaging

(DTI) methods were used to model the diffusion tensor as

an ellipsoid where eigenvalues k1, k2 and k3 define the

three primary axes,62–64 and MD was calculated as the

average diffusion in all directions. Raw and processed

images were visually inspected to exclude data with severe

scanner artefacts or excessive head motion.

At each vertex, seven samples were taken in 0.2 mm

increments along the vector normal to the grey/white

boundary surface, from 0.8 to 2 mm outwards into the

cortical mantle. Multiple samples were taken because

these vectors may be oblique to the image matrix, and

can thus pass through multiple voxels with varying prop-

erties. Samples were not taken at the boundaries of the

cortical ribbon due to the potential for small errors in

co-registration which may result in edges partially overlap-

ping with CSF or white matter. In order to minimize the

Table 2 Predictive analyses: characteristics of individu-

als who remained cognitively normal and those who

progressed to MCI by Wave 3

Remained

CN

Progressed

to MCI

N 149 20

Age at baseline 55.90 (2.66) 57.17 (2.16)

Age at Wave 3 67.02 (2.71) 68.45 (2.19)

Years of education 14.09 (2.36) 14.35 (1.95)

AD-PRS 58.59 (8.03) 60.71 (7.33)

Number of APOE-e4 carriers (%) 39/149 (26%) 7/20 (35%)

Baseline thickness/volume

signature z score

�0.03 (1.01) 0.21 (0.90)

Baseline MD signature z score �0.03 (1.02) 0.25 (0.83)

Mean (SD) demographic characteristics by group (remained CN or progressed to MCI

at Wave 3). All participants were CN at Wave 1. All group comparisons were non-

significant (Ps > 0.05).

CN, cognitively normal; MCI, mild cognitive impairment; MD, mean diffusivity.
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effects of partial voluming and regional variations in cor-

tical thickness, we calculated weighted averages of MD

based on the proportion of grey matter in each voxel.

White and grey matter voxels were labelled using the cor-

tical surfaces generated by FreeSurfer in processed T1 image

resolution (1 mm isotropic). These masks were resampled

into the resolution of the pre-processed dMRI image (2 mm

isotropic) using cubic interpolation. Thus, every voxel in

the dMRI image was given a corresponding volume frac-

tion ranging from 0 to 1 representing the proportion of

each tissue type contained in the voxel. The 7 samples

along the normal vector at each surface vertex were aver-

aged using weights determined by the grey matter volume

fraction map. The weighting factor given to each voxel

was calculated using Tukey’s bisquare weight function65:

w xð Þ ¼ 1� 1�v
t

� �2
� �2

; v > t 0; v � t

(

where v is the volume fraction and t is a tunable scaling

factor, here set to 0.5. In practical terms, this will set

any voxel with a volume fraction less than 0.5 to 0, and

any voxel with a volume fraction above 0.5 to a weight

ranging between 0 and 1. This weighting function was

used to exclude or downweight the contribution of voxels

with a low proportion of grey matter. In addition to its

use in robust estimation, previous uses of the Tukey bis-

quare weight function have included edge-finding in noisy

images,66 image registration67 and image segmentation.68

Average grey matter MD was calculated for all 66 ROIs

in the Desikan–Killiany atlas.54

For subcortical ROIs, contamination due to partial volu-

ming in the ROI with CSF is suppressed by calculating

weighted averages. Specifically, weighting factors for each

voxel in the ROI are calculated based on the difference of

MD values relative to the median within each ROI. The

typical dispersion of MD values is defined for each ROI as

the median absolute deviation from the median (MAD),

averaged across subjects. Weighting factors are calculated

using Tukey’s bisquare function such that lower weights are

assigned to voxels with MD values farther from the median

value, relative to the dispersion values multiplied by 4.7.

Alzheimer’s disease polygenic risk
score

Summary data from the Alzheimer’s disease genome-wide

association study (GWAS) of European-descent subjects69

were used to compute the AD-PRS for VETSA partici-

pants in a prior publication.33 We included the first 3

principal components as covariates to account for any

cryptic population substructure.33 As polygenic risk

scores are not as predictive outside of the population

used to calculate the GWAS,70 and because VETSA has

so few non-European subjects, AD-PRSs were calculated

only for non-Hispanic white participants of European-

American ancestry.33 In the VETSA sample, higher AD-

PRSs have been associated with significantly greater odds

of having MCI than being CN.33 Genotyping methods

have been described previously.33

Alzheimer’s disease brain signatures
and predicted brain age difference
scores

First, we used an Alzheimer’s disease brain signature previ-

ously developed by our group using independent data from

ADNI.9,11 This signature is a weighted average of thickness

in seven cortical regions plus hippocampal volume, with

separate weights for left and right hemisphere regions: ento-

rhinal cortex (LH¼ 0.626; RH¼ 0.586), middle temporal

gyrus (LH¼ 0.554; RH¼ 0.496), bank of superior temporal

sulcus (LH¼ 0.444; RH¼ 0.435), superior temporal gyrus

(LH¼ 0.410; RH¼ 0.322), isthmus cingulate (LH¼ 0.377;

RH¼ 0.387), lateral orbitofrontal cortex (LH¼ 0.303;

RH¼ 0.245), medial orbitofrontal cortex (LH¼ 0.263;

RH¼ 0.279) and hippocampus (LH¼ 0.696; RH¼ 0.621).

Figure 1 displays the regions and weights used to create the

signatures. We regressed out effects of age and scanner for

each ROI, as well as estimated intracranial volume for the

hippocampus. Standardized residuals of ROIs were then

weighted accordingly and summed together to form the

thickness/volume signature scores. Second, because there is

as yet no independently created Alzheimer’s disease grey

matter MD signature, we applied these same weightings to

the MD values for each ROI and carried out the same

steps to generate our novel MD signature scores.

To account for variance associated with general ageing,

we also examined thickness/volume and MD signature

scores after adjusting for predicted brain age difference

(PBAD) scores. In doing so, we sought to determine if

removing variance associated with general ageing would im-

prove the Alzheimer’s disease signatures by presumably

making them more Alzheimer’s disease-specific, or if the sig-

natures were really just functioning as indices of general

ageing. A similar approach has been applied to the

Alzheimer’s disease brain signature of Dickerson et al.5 in

older ADNI participants, and adjusting for age-related vari-

ance increased the predictive utility of their cortical thickness

Alzheimer’s disease signature.16 Predicted brain age was cal-

culated using the publicly available Brain-Age Regression

Analysis and Computation Utility Software (BARACUS).71

Detailed PBAD methodology has been described elsewhere

by our group.72 PBAD was calculated by subtracting pre-

dicted brain age from chronological age, such that lower

(more negative) values indicate more advanced brain age.

Statistical analysis

Concurrent group differences

Concurrent group differences in signature scores between

robust-CN and MCI were examined using linear mixed

effects models. Subjects nested within twin pairs were

6 | BRAIN COMMUNICATIONS 2021: Page 6 of 14 M. E. Williams et al.



included as random effects to control for repeated meas-

ures within subject across the waves and correlations

within twin dyads. Group (robust-CN, MCI), wave (1, 2,

3), and their interaction were included as fixed effects.

Significant associations were determined using type III

fixed effects with Satterthwaite’s approximation method.

Effect sizes were calculated using a standardized mean

difference (SMD) measure analogous to Cohen’s d.73,74

Predictive analyses

In separate predictive analyses, we investigated the ability

of signatures to predict CN versus MCI at the Wave 3

follow-up. We fit a series of mixed effects logistic regres-

sion models with the following predictors:

Model 1: age þ AD-PRS

Model 2: age þ AD-PRS þ thickness/volume signature

Model 3: age þ AD-PRS þMD signature

Model 4: age þ AD-PRS þ thickness/volume signature þ MD

signature

Model 5: age þ AD-PRS þ PBAD-adjusted thickness/volume signa-

ture þ PBAD-adjusted MD signature.

All predictors were z-scored and all models included a

random effect to account for non- independence of obser-

vations in the twin data. Area under the curve (AUC) of

receiver operating characteristics (ROCs) between models

were statistically compared using a stratified bootstrap

method with 2000 permutations using predicted probabil-

ities from fixed effects estimates of the mixed models.

Optimal ROC thresholds were calculated using Youden’s

J statistic, which maximizes the sum of sensitivity and

specificity.75 A false discovery rate of 0.05 was applied

separately to concurrent and predictive analyses to con-

trol for multiple comparisons;76 original P-values are

reported. All analyses were conducted using R v4.0.0 in

RStudio v1.2.1335.77–80

Data availability

VETSA data are publicly available to qualified research-

ers, with restrictions. Information regarding data access

can be found at http://www.vetsatwins.org/for-researchers/.

Results

Concurrent group differences

Figure 2 displays mean standardized signature scores by

group at each study wave. Linear mixed effects models

revealed nonsignificant group-by wave interactions for

both thickness/volume [F(2, 718.68) ¼ 0.888, P¼ 0.412]

and MD signature scores [F(2, 636.20) ¼ 0.010,

P¼ 0.990], indicating that the concurrent associations be-

tween signature scores and MCI status were not different

across waves. Accordingly, models were rerun with only

the main effects of group and wave as fixed effects. The

effect for thickness/volume signature scores was in the

expected direction with the MCI group demonstrating

lower scores compared to the robust-CN group, but the

difference was only at trend level (t603.03¼1.85,

P¼ 0.065, SMD¼ 0.16). In contrast, the MCI group

showed significantly higher (worse) MD signature scores

compared to the robust-CN group (t527.15¼3.99,

P< 0.001, SMD¼ 0.36). Similar results were obtained

after adjusting signature scores for PBAD, such that

group differences were observed for PBAD-adjusted MD

signature scores (t550.67¼3.60, P<0.001, SMD¼ 0.45) but

not for PBAD-adjusted thickness/volume signature scores

(t599.20¼1.40, P¼ 0.162, SMD¼ 0.16). The correlation

between thickness/volume and MD signature scores was

small at Wave 1 (r¼ �0.28, P< 0.001), medium at Wave

2 (r¼ �0.50, P< 0.001), and large at Wave 3 (r¼
�0.62, P< 0.001). All significant effects survived correc-

tion for multiple comparisons.

Prediction of MCI based on baseline
Alzheimer’s disease signatures

Table 3 shows the results of the regression models using

baseline data to predict MCI status 12 years later at Wave

3. ROC curves are displayed in Figure 3. Our model with

only age and AD-PRS (Model 1) yielded an AUC of 0.74

(95% CI: 0.61–0.85; sensitivity¼ 80.00%; specific-

ity¼ 65.10%; accuracy¼ 66.86%). Adding the thickness/

volume signature (Model 2) resulted in a numerically higher

AUC of 0.80 (95% CI: 0.70–0.89; sensitivity¼ 60.00%;

specificity¼ 89.26%; accuracy¼ 85.80%), though this

Figure 1 Regions and corresponding weights used to create Alzheimer’s disease signatures. The cortical thickness/volume signature

is a weighted average of thickness in seven cortical regions (entorhinal cortex, middle temporal gyrus, bank of superior temporal sulcus,

superior temporal gyrus, isthmus cingulate, lateral orbitofrontal cortex and medial orbitofrontal cortex) plus hippocampal volume, with separate

weights for left and right hemisphere regions. We applied the same weightings to MD values for each of these ROIs to generate our novel MD

signature scores.
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model was not a significant improvement over Model 1

(P¼ 0.056). In contrast, adding the MD signature to

Model 1 (Model 3) did result in a significant improvement

in model fit (AUC¼ 0.83; 95% CI: 0.73–0.91; sensitivity¼
85.00%; specificity¼ 77.85%; accuracy¼ 78.70%;

P¼ 0.007).

A model (Model 4) that included both signatures, age,

and AD-PRS also significantly improved the AUC over

Model 1 (AUC¼ 0.83; 95% CI: 0.73–0.91; sensitivity¼
75.00%; specificity¼ 81.88%; accuracy¼ 81.07%;

P¼ 0.018), but did not appreciably differ from Model 3.

Adjusting the two signatures for PBAD in Model 5 did

not substantively change the predictive value

(AUC¼ 0.82; 95% CI: 0.72–0.91; sensitivity¼ 70.00%;

specificity¼ 85.23%; accuracy¼ 83.43%). Secondary

analyses that replaced the AD-PRS with APOE status

(e4þ versus e4�) in models 1–5 yielded significantly

lower AUCs, suggesting that the predictive utility of the

AD-PRS was not driven solely by APOE (Supplementary

Table 1).

Odds ratios (ORs) from Model 4 indicated a positive

association among all predictors and incident MCI: thick-

ness/volume signature OR¼ 1.65 (95% CI: 0.78–3.60;

P¼ 0.265); MD signature OR¼ 2.23 (95% CI: 0.96–

5.67; P¼ 0.089); age OR¼ 2.92 (95% CI: 1.12–6.37;

P¼ 0.057); and AD-PRS OR¼ 1.69 (95% CI: 0.79, 3.29;

P¼ 0.235). The direction of effect for the thickness/vol-

ume signature was unexpected because greater thickness/

volume at Wave 1 was associated with higher odds of

MCI at Wave 3. Given this counterintuitive finding, we

examined the signatures across age for individuals who

were CN at Wave 1 and remained CN (CN-stable) or

Figure 2 Concurrent group differences in signature scores. Mean standardized signature scores by group (robust-CN or MCI) at each

VETSA wave. Error bars represent 61 standard error of the mean. In linear mixed effects models, no significant group differences were

observed in thickness/volume signature scores (t603.03 ¼ 1.85, P ¼ 0.065, n ¼ 561, SMD ¼ 0.16). Individuals with MCI displayed significantly

higher MD signature scores compared to the robust-CN group across the three VETSA waves (t527.15 ¼ 3.99, P < .001, n ¼ 497, SMD ¼ 0.36).

Table 3 Predicting 12-year progression to MCI: ROC results

Model AUC Sensitivity Specificity Accuracy PPV NPV

1. Age þ AD-PRS 0.74 0.80 0.65 0.67 0.24 0.96

2. Thickness/Vol þ Age þ AD-PRS 0.80 0.60 0.90 0.86 0.43 0.94

3. MD þAge þ AD-PRSa 0.83 0.85 0.78 0.79 0.34 0.97

4. Thickness/Vol þ MD þAge þ AD-PRSa 0.83 0.75 0.82 0.81 0.36 0.96

5. PBAD-Adjusted Signatures þ Age þ AD-PRSa 0.82 0.70 0.85 0.83 0.39 0.95

Optimal threshold was selected for high and balanced sensitivity and specificity (Youden method).

AD-PRS, Alzheimer’s disease polygenic risk score; AUC, area under the curve; MCI, mild cognitive impairment; MD, mean diffusivity; ROC, receiver operating characteristics; PPV,

positive predictive value; NPV, negative predictive value; PBAD, predicted brain age difference; Vol, volume.
aA model with significantly higher AUC compared to a model with Age þ AD-PRS after FDR correction.
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who progressed to MCI by Wave 3 (CN-MCI) in post

hoc analyses using mixed models that accounted for non-

independence of twins and repeated measurements across

waves. The CN-MCI group displayed slightly higher

thickness/volume signature scores at earlier ages, but

lower thickness/volume signature scores at later ages

(roughly after age 65) compared to the CN-stable group

(Supplementary Figure 1a). In contrast, the MD signature

scores trended higher (worse) across age for the CN-MCI

group compared to the CN-stable group (Supplementary

Figure 1b).

Discussion
We demonstrated that MRI-derived Alzheimer’s disease

signatures among CN adults who are only in their 50 s

can aid in prediction of progression to MCI an average

of 12 years later. Adding the MD signature alone signifi-

cantly improved AUC values over age and AD-PRS, but

additionally including the thickness/volume score added

little predictive utility. Given that the majority of research

concerning Alzheimer’s disease signatures has involved

adults over 70 years of age,5,6,8–14 the finding that an

Alzheimer’s disease signature in middle-aged adults can

improve prediction of progression to MCI over a decade

later has important implications for very early identifica-

tion of individuals at risk for MCI or Alzheimer’s dis-

ease. Additionally, the finding that adjusting signatures

for PBAD did not substantively change predictions lends

support to the idea that these signatures are Alzheimer’s

disease-related and not just indicators of general ageing.

The predictive utility of these MRI-based signatures,

when combined with age and a static marker of

Alzheimer’s disease risk (AD-PRS), appears to be reason-

ably comparable to findings using other biomarkers of

Alzheimer’s disease pathology among older adults over

shorter intervals. We do not see Alzheimer’s disease sig-

natures as sufficient by themselves; rather, they represent

an additional biomarker that might improve prediction.

For example, Steenland et al.81 demonstrated that total

tau and amyloid-b42 together predicted progression from

CN to MCI over a 3-year follow-up period (average

baseline age¼ 74.5, SD¼ 5.5) with 68% sensitivity, 64%

specificity, and 65% accuracy. In a sample of similar

mean baseline age as the present study but with a much

larger age range (average baseline age¼ 56.9, SD¼ 8.4),

CSF amyloid-b and phosphorylated tau together with age

and education predicted progression from CN to MCI

over a 5-year follow-up with 57% sensitivity and 75%

specificity.82 The same study found a combination of

eight measures (age, education, amyloid-b, phosphory-

lated tau, hippocampal and entorhinal cortex volume,

Digit Symbol Substitution test and Paired Associates

Immediate Recall scores, and APOE-e4 status) best pre-

dicted progression from CN to MCI over a 5-year fol-

low-up period with 80% sensitivity and 75% specificity.

Over a 10-year follow-up, these eight measures predicted

progression from CN to MCI with 74% sensitivity and

77% specificity. Notably, participants were highly edu-

cated (mean¼ 17.1 years), the majority had a family his-

tory of dementia, and predictive ability was based on

data derived within the same sample, which may bias

diagnostic accuracy. Our MD signature was composed of

ROIs and weights derived in an independent sample.

Together with age and AD-PRS, it predicted incident

MCI over a 12-year follow-up period with 85% sensitiv-

ity, 78% specificity, and 79% accuracy.

There is also an extensive literature demonstrating the

predictive utility of standard Alzheimer’s disease bio-

markers (e.g. amyloid-b42, tau, neurofilament light chain)

among CN older adults for progression to MCI or

Alzheimer’s disease.83–88 Many of these studies report sig-

nificantly increased hazard ratios or progression rates for

clinical decline among CN individuals with elevated or

abnormal Alzheimer’s disease biomarkers. However, dir-

ect comparison to our study is limited due to differences

in outcome measures and sample characteristics. Many of

these studies included Alzheimer’s disease as an outcome

in addition to MCI, most involved adults over the age of

70 at baseline, and some were based on CN individuals

who reported subjective cognitive decline at baseline. The

baseline age difference is particularly important given our

focus on early identification. Our baseline age is generally

15–20 years younger than in most of these other studies,

and our average outcome age is younger than the average

baseline age of most of the other studies. Future work is

Figure 3 Predicting 12-year progression to MCI: ROC

curves. (*) indicates a significantly higher AUC compared to a

model with age and AD-PRS alone after FDR correction;

unadjusted p values for each model comparison are displayed in the

figure. The same 169 participants were included in all models.

Dotted line representing AUC ¼ 0.50 is displayed for reference.

AD-PRS, Alzheimer’s disease polygenic risk score; MCI, mild

cognitive impairment; MD, mean diffusivity; PBAD, predicted brain

age difference; ROC, receiver operating characteristics; Vol,

volume.
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likely to benefit from examining the predictive utility of

MRI-based Alzheimer’s disease signatures in combination

with biomarkers of Alzheimer’s disease pathology among

middle-aged adults. Although it is well known that age is

the best predictor of Alzheimer’s disease and other demen-

tias,26–29 that is true when considering a relatively wide

age range. The predictive utility of age was limited in the

VETSA sample due to the narrow age range (51–60 years

at baseline). We cannot rely on age as a strong predictor

if the goal is to be able to predict disease risk at a rela-

tively young age. Our results, however, suggest that com-

bining age, polygenic risk, and Alzheimer’s disease brain

signatures may bring us closer to such prediction.

Model 3 with the MD signature, age, and AD-PRS was

associated with greater sensitivity (0.85; 17/20 MCI cases

correctly classified) compared to Model 2 with the thick-

ness/volume signature, age, and AD-PRS (0.60; 12/20

MCI cases correctly classified). Interestingly, the thick-

ness/volume signature showed a greater degree of specifi-

city (0.90; 134/149 CN cases correctly classified)

compared to the MD signature (0.78; 118/149 CN cases

correctly classified). This difference may suggest that each

signature captures some unique information, yet combin-

ing them did not improve prediction over the MD signa-

ture alone. A related cross-sectional study by Vogt

et al.17 using NODDI also found that neural microstruc-

ture measures did better at discriminating between CN

and MCI participants than measures of cortical thickness

(AUC¼ 0.71 versus 0.66, respectively), though combining

measures in that study also did not substantially improve

discrimination (AUC¼ 0.72). Diagnostic accuracy in the

Vogt et al. study was determined using ROI-based results

from within the same study. Our AUC of 0.83 was

obtained with much younger participants and, as noted

above, with Alzheimer’s disease signatures that were

derived from an independent sample.

Unexpectedly, we found the baseline thickness/volume

signature was positively (albeit nonsignificantly) associ-

ated with incident MCI (OR¼ 1.65). Post-hoc examin-

ation suggested that the thickness/volume signature was

greater among the CN-MCI group compared to the

CN-stable group at younger ages, but this effect reversed

at later ages, presumably with the onset of MCI

(Supplementary Figure 1a). Although this finding seems

counterintuitive, previous cross-sectional studies have also

found increased cortical thickness among amyloid-positive

CN individuals compared to CN individuals without evi-

dence of Alzheimer’s disease pathology, but decreased

cortical thickness among individuals who had already

progressed to MCI or Alzheimer’s disease.89,90 It has

been suggested that this may represent an inverted-U pat-

tern in which cortical thickness initially increases in very

early disease states—possibly reflecting neuroinflammation

in response to amyloid pathology—and subsequently

decreases with disease progression and onset of symp-

toms.91 Our results (Supplementary Figure 1a) provide

longitudinal evidence that may be consistent with the

downslope of such an inverted-U pattern, but these find-

ings are somewhat tentative given that they were based

on a post-hoc analysis. Furthermore, our concurrent anal-

yses provide additional evidence that is consistent with

this hypothesis because, at each wave (cross-sectionally),

individuals who had already developed MCI tended to

have lower thickness/volume signature scores compared

to the robust-CN group at the same wave. Given these

concurrent analyses were cross-sectional in nature and

our statistical analysis showed no interaction between

group and wave for either signature, we cannot draw

firm conclusions about longitudinal changes in signature

scores across waves from this set of analyses (Figure 2).

Prior evidence suggests that changes in MD may pre-

date macrostructural atrophy as measured using conven-

tional structural MRI techniques.18,19 MD may detect

changes earlier and be more useful well before individuals

convert to MCI; our finding that the MD signature was

more predictive than the thickness/volume signature at

average age 56 is in line with this prior evidence. MD

may assess these early changes by directly measuring grey

matter microstructure, or it may essentially be a more

sensitive measure of cortical thinning due to possible bias

by partial volume effects, such that increased contribu-

tions of signal from CSF due to subtle cortical thinning

result in increased MD.24,92 However, we utilize a

method to weight MD values based on the fraction of

grey matter tissue in each sample, and our results suggest

that partial volume effects may not be driving observed

differences in MD. If MD were simply a reflection of

partial volume effects due to cortical thinning, then lower

MD signature scores would have to predict later MCI

since higher cortical thickness signature scores predicted

later MCI. We did not, however, observe such an inverse

relationship. Rather, in our predictive analyses among

only CN individuals, we found that both higher MD sig-

nature scores and greater thickness/volume signature

scores at Wave 1 were associated with increased risk of

incident MCI. This result thus suggests that the MD sig-

nature captured some unique information separate from

the thickness/volume signature. In addition, we know

from prior work from our group that variation in cor-

tical and subcortical grey matter MD is partly influenced

by genetic factors that are distinct from genetic factors

influencing cortical thickness or subcortical volumes.24,25

Studies examining early changes in MD have reported

mixed findings. Some studies demonstrate higher grey

matter MD in presymptomatic individuals with autosomal

dominant Alzheimer’s disease,93 while others have

reported initial lower grey matter MD in CN individuals

with evidence of Alzheimer’s disease pathology89 or in

presymptomatic individuals with autosomal dominant

Alzheimer’s disease91 that mirrors their findings of

increased cortical thickness in early stages of Alzheimer’s

disease. Montal et al.89 describe a biphasic model of

changes in Alzheimer’s disease in which higher cortical

thickness and lower MD occur in early preclinical
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Alzheimer’s disease stages, before reaching an inflection

point at which cortical thickness decreases, MD increases,

and clinical symptoms emerge. In our post-hoc longitu-

dinal analyses examining the MD signature across age

(Supplementary Figure 1b), we found MD signature

scores trended higher (worse) across age for the CN-MCI

group compared to the CN-stable group, though these

supplemental findings are tentative. If the inflection point

of changes in MD occurs earlier than the inflection point

of changes in cortical thickness and, therefore, before the

baseline age in our sample, it is possible that our results

may be consistent with a biphasic pattern of changes.

However, additional work is needed to examine the tem-

poral relationship between cortical thickness and MD sig-

natures. We also found that, among the subset of our

sample comprising robust-CN and MCI groups, the cor-

relation between the two Alzheimer’s disease signatures

increased in magnitude from Wave 1 (r ¼ �0.28) to

Wave 2 (r ¼ �0.50) to Wave 3 (r ¼ �0.62), which sug-

gests that the utility and optimal combination of signa-

tures could change at different ages or disease states.

Additional longitudinal studies are warranted to further

elucidate how cortical thickness and MD may change

across age and disease state, and to clarify processes

underlying the MD differences.

Here, we note some limitations of the study. For our

novel MD signature, we used ROIs and associated

weights that were optimized to discriminate Alzheimer’s

disease patients from controls based on cortical thickness

and hippocampal volume, not MD. It is possible that an

MD signature optimized to distinguish Alzheimer’s dis-

ease from control subjects may provide improved predict-

ive ability over that observed here. Our results also

suggest the potential value of developing a new MD sig-

nature similar to the way the thickness/volume signature

was developed. It is possible that there are some differen-

ces in PBAD scores due to the fact that the BARACUS

algorithm was developed on 3 T scanners, but PBAD

scores in the present study were based on scans from

study Wave 1, when imaging was conducted on 1.5 T

scanners. However, evidence strongly suggests that the

PBAD scores in the present study are valid. The brain

age estimates were highly correlated with estimates from

later study waves when 3 T scanners were employed. In

addition, heritability estimates were very similar across

waves and, as would be expected, brain age increased

with increasing age in subsequent waves. In our supple-

mental analyses, inferences about within-subject change in

signature scores across age are limited due to scanner dif-

ferences across waves. However, signature scores were

adjusted for scanner type and were z-scored at each

wave, which may reduce the influence of scanner differ-

ences. Although we examined AD-PRSs, we were unable

to confirm that MCI cases were Alzheimer’s disease-

related based on Alzheimer’s disease biomarkers.

Generalizability may be limited because the VETSA sam-

ple comprises only men and is largely white-non-

Hispanic. However, the participants comprising a com-

munity-dwelling sample with average educational attain-

ment and not being selected for elevated Alzheimer’s

disease risk improves generalizability. As with most

efforts to predict Alzheimer’s disease risk, our results

were significant at the group level. Although this study

represents a step in the direction of early prediction, the

observed heterogeneity in individual signature scores

across age (Supplementary Figure 1) underscores the need

for additional investigation into individual change in

Alzheimer’s disease signatures over time.

Conclusions
An Alzheimer’s disease signature based on grey matter

MD among CN adults who were only in their 50 s sig-

nificantly improved prediction of progression to MCI

over a follow-up period of 12 years. Grey matter MD sig-

natures may serve as useful imaging biomarkers that are

sensitive to Alzheimer’s disease-related changes as early

as middle age. The results constitute a step towards early

risk prediction in individuals much younger (by an aver-

age of approximately 20 years) than in most prior studies.

Our findings are also in line with previous evidence sug-

gesting that at early stages of Alzheimer’s disease, there

may be an inverted-U pattern of cortical thickness. Taken

together, these results suggest that the predictive utility of

Alzheimer’s disease signatures from different modalities

may change as a function of age and disease state.

Future work may benefit from further exploration of the

nature of these changes and from examining the predict-

ive utility of MRI-based Alzheimer’s disease signatures in

combination with biomarkers of Alzheimer’s disease path-

ology among middle-aged adults.

Supplementary material
Supplementary material is available at Brain

Communications online.
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