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Purpose:  To determine whether a brain age prediction model could quantify individual deviations from a healthy brain-aging trajectory
(predicted age difference [PAD]) in patients with amnestic mild cognitive impairment (aMCI) and to determine if PAD was associated
with individual cognitive impairment.

Materials and Methods:  In this retrospective study, a machine learning approach was trained to determine brain age based on T1-weighted
MRI scans. Two datasets were used for model training and testing—the Beijing Aging Brain Rejuvenation Initiative (BABRI) (616
healthy controls and 80 patients with aMCI, 2010-2018) and the Alzheimer’s Disease Neuroimaging Initiative (ADNI) (589 healthy
controls and 144 patients with aMCI, 2010-2018). A total of 974 healthy controls were used for model training (490 from BABRI
and 484 from ADNI; age range, 4995 years). The trained model was then tested on both healthy controls (126 from BABRI and

105 from ADNI) and patients with aMCI (80 from BABRI and 144 from ADNI) to estimate PAD (predicted age — actual age).
Furthermore, the associations between PAD with cognitive impairment, genetic risk factors and pathologic markers of Alzheimer
disease (AD), and clinical progression in patients with aMCI were examined using a partial correlation analysis, a two-way analysis of
covariance, and a general linear model, respectively.

Results: Based on the prediction model, patients with aMCI were found to have higher PADs than those of healthy controls (BABRI:
2.65 = 4.91 [standard deviation] vs 0.18 = 4.79 [P < .001]; ADNI: 1.68 = 5.28 vs 0.05 * 4.41 [P < .001]). Moreover, the PAD
was significantly associated with individual cognitive impairment in several cognitive domains in patients with aMCI (P < .05, cor-
rected). When considering different AD-related risk factors, apolipoprotein E &4 allele carriers were observed to have higher PADs than
noncarriers (3.76 = 4.82 vs 0.10 = 5.05; P = .017), and patients with amyloid-positive aMCI were observed to have higher PADs
than patients with amyloid-negative status (2.40 = 5.25 vs 0.93 £ 5.20; P = .003). Finally, PAD combined with other markers of AD
at baseline for differentiating between progressive and stable aMCI resulted in an area under the curve value of 0.87.

Conclusion:  The PAD is a sensitive imaging marker related to individual cognitive differences in patients with aMCI.

Supplemental material is available for this article.

©RSNA, 2021

As a transitional phase from normal aging to Alzheimer dis-
ease (AD), amnestic mild cognitive impairment (aMCI)
involves episodic memory loss isolated from or associated
with other forms of cognitive decline (1). With advanced
neuroimaging techniques, aging-related trajectories of brain
structures and functions have been observed in patients with
aMCI that are distinct from those in healthy older individu-
als (2,3), suggesting a deviation from the typical brain-ag-
ing trajectory in aMCI. However, there is heterogeneity in
the clinical manifestations and progression to dementia in
patients with aMCI (4). Understanding the individual de-
viations from the typical brain-aging trajectory in aMCI is
important for the early identification of and intervention for
patients at high risk of developing AD.

To quantify the deviation from the typical brain-
aging trajectory, brain-based age prediction offers a
promising approach for providing personalized mark-
ers of future cognitive impairments (5,6). Brain age is
estimated by an age prediction model trained on a large
sample of the healthy population with neuroimaging
data (7,8). Establishing the typical trajectory of brain
aging in healthy older individuals provides a basis for
characterizing clinically relevant deviations. Using this
approach, accelerated brain aging was found in pa-
tients with AD (9), traumatic brain injury (10), hu-
man immunodeficiency virus (11), and schizophrenia
(12). Importantly, the predicted age difference (PAD)
(predicted age - chronologic age) could potentially
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Abbreviations

AD = Alzheimer disease, ADNI = Alzheimer’s Disease Neuroimag-
ing Initiative, aMCI = amnestic mild cognitive impairment, APOE
= apolipoprotein E, BABRI = Beijing Aging Brain Rejuvenation
Initiative, MMSE = Mini-Mental State Examination, PAD = pre-
dicted age difference, SUVR = standardized uptake value ratio

Summary

A model was developed to predict brain age to quantify individual
deviations from the typical brain-aging trajectory in amnestic mild
cognitive impairment.

Key Points
» The predicted age difference (PAD) (predicted age — actual age)

was associated with individual measures of cognitive impairment
measured in patients (from two different datasets) with amnestic
mild cognitive impairment (aMCI) in several domains, specifically
including memory (= -0.33, P = .005 and = -0.34, P < .001),
attention (assessed in only one dataset, 7 = -0.40, < .001), and
executive function (significant in only one dataset r = -0.26, P =
.002).

= In patients with aMCI, apolipoprotein E (APOE) €4 carriers had
higher PADs than noncarriers (3.76 £ 4.82 vs 0.10 = 5.05; P =
.017) and patients with amyloid-positive disease had higher PADs
compared with those with amyloid-negative disease (2.40 = 5.25
vs 0.93 £ 5.20; P =.003).

= Combining the PAD with other markers of Alzheimer disease
(APOE carrier status, amyloid status, and Mini-Mental State
Examination) showed the highest performance in differentiating
progressive aMCI from stable aMCI, with an area under the curve
value of 0.87.
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depict the extent of the deviation from healthy brain-aging
trajectories (5), which was shown to be sensitive to cogni-
tive impairment (9,13-15) and the incidence of dementia
(16). Some previous studies have found that the brain-aging
trajectory is related to cognitive impairments and that apo-
lipoprotein E (APOE) &4 and amyloid B have an effect on
the trajectory across the spectrum of AD (9,15,17). To our
knowledge, however, no study has systematically explored
the individual differences in the brain-aging trajectory of pa-
tients with aMCI.

Here, we aimed to explore whether PAD could quantify
individual deviations from the typical brain-aging trajectory
in patients with aMCI. We began by training a brain age
prediction model based on two imaging cohorts consisting
of individuals with normal cognition aged 49 to 95 years
old, and then we used this model to test the following hy-
potheses: () if patients with aMCI have higher PADs than
those of healthy older individuals, (4) if PAD is associated
with individual cognitive decline in patients with aMCI,
(c) if different risk factors for AD have an effect on the PAD
in patients with aMCI, and () if combining PAD with disease-
specific markers at baseline would improve the prediction accu-

racy of clinical progression in aMCI.

Materials and Methods

Patients

This retrospective study was approved by the ethics commit-
tee of the institutional review board of the Beijing Normal
University Imaging Center for Brain Research. Two indepen-
dent patient samples were included in the present study—the
Beijing Aging Brain Rejuvenation Initiative (BABRI) and the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) datasets
(http:/ladni.loni.usc.edu). The healthy controls in BABRI were
used to explore the relationship between structural connectiv-
ity degeneration and cognitive decline with normal aging in
our previous study (19). Detailed descriptions of the samples
from the two datasets are provided as follows.

BABRI dataset.— The present sample consisted of 616 healthy
controls and 80 patients with aMCI who were right-handed
and native Chinese speakers recruited from 2010 to 2018 from
the BABRI project, an ongoing longitudinal study in Beijing,
China. Diagnosis of aMCI was according to Petersen criteria
(20) as follows: (a) subjective memory complaints, (4) a score
of 24 or higher on the Chinese version of the Mini-Mental
State Examination (MMSE), (¢) intact activities of daily liv-
ing and instrumental activities of daily living, (@) no demen-
tia, and (e) cognitive impairments in memory. The criteria for
healthy controls were as follows: (2) no cognitive complaints,
(b) normal cognitive ability, and (¢) intact activities of daily
living and instrumental activities of daily living. The exclusion
criteria were as follows: (2) the presence of structural abnor-
malities other than cerebrovascular lesions (tumors, subdural
hematomas, and contusions owing to previous head trauma
that could impair cognitive function); (4) a history of addic-
tions, neurologic or psychiatric disease, or treatments that
would affect cognitive function; (¢) large vessel disease, such as
cortical or subcortical infarcts and watershed infarcts; and (d)
diseases with white matter lesions, such as normal pressure hy-
drocephalus and multiple sclerosis. All participants underwent
comprehensive neuropsychologic testing and MRI scanning,.
Each participant provided written informed consent.

ADNI dataset.— This study included 589 right-handed
healthy controls and 144 patients with aMCI recruited from
2010 to 2018 from the ADNI dataset (ie, ADNI-GO, ADNI-
2, and ADNI-3). In the present study, all participants had T1-
weighted MRI data. For all patients with aMCI, their APOE
genotype had been documented and amyloid fluorine 18
(**F)-florbetapir PET acquisition data were available. Among
these patients, 56 had up to 5 years of follow-up clinical data.
General criteria for categorizing healthy controls and patients
with aMCI are explained in the clinical protocols of the ADNI
dataset  (http://adni.loni.usc.edu/methodsidocuments/).  Up-to-
date information is available at wwuw.adni-info.org.

Neuropsychologic Testing

For the BABRI dataset, all participants underwent a multitude
of neuropsychologic tests assessing their general mental status
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Table 1: Demographic Characteristics of Training Healthy Control

individual using the CAT12 toolbox (http://www.
neuro.uni-jena.de/cat/). Hippocampal volume was

calculated with the sum of the values of the gray
matter volume map in the hippocampal region,

Education (y)
MMSE

11.7 = 3.2 (0-23)
28.0 + 1.6 (24-30)

Datasets
Characteristic BABRI ADNI
No. of individuals 490 484
Age (y) 66 = 7 (49-85) 73.9 = 6.7 (55.8-95.4)
Sex
No. of men 190 197
No. of women 300 287

16.7 = 2.4 (11-20)
29.0 £ 1.2 (24-30)

which was defined by the automated anatomic la-
beling atlas (22). To calculate the cortical standard-
ized uptake value ratio (SUVR) from PET images,
we normalized the averaged standardized uptake
value from the prefrontal, orbitofrontal, parietal,
temporal, anterior cingulate, and posterior cingu-
late regions with the mean uptake in the cerebellar
crus regions (23-26). Finally, participants were clas-

State Examination.

Note.—Continuous variables shown as mean = standard deviation, with
range in parentheses. ADNI = Alzheimer’s Disease Neuroimaging Initiative,
BABRI = Beijing Aging Brain Rejuvenation Initiative, MMSE = Mini-Mental

sified as amyloid-positive or amyloid-negative based
on a threshold of 1.36, which was the median value
of all individuals’ SUVR values. Detailed descrip-
tions of the processing procedure are provided in

(MMSE) and function in five cognitive domains, including
memory, attention, executive function, language, and visuo-
spatial ability. For the ADNI dataset, the MMSE was used to
assess general mental status. The ADNI-memory and ADNI-
executive function scores were used as cognitive domain mea-
surements (18). Detailed descriptions of neuropsychologic tests
in both datasets are provided in Appendix E1 (supplement).

Image Acquisition

BABRI dataset.— The BABRI MRI dataset was acquired with a
3-T MRI scanner (Trio, Siemens Healthineers) in the Imaging
Center for Brain Research at Beijing Normal University. High-
resolution T1-weighted imaging covering the whole brain was
performed using sagittal three-dimensional magnetization-pre-
pared rapid gradient-echo sequences. The acquisition parameters
were as follows: repetition time msec/echo time msec/inversion
time msec, 1900/3.44/900; section thickness, 1 mm; no intersec-
tion gap; 176 axial sections; matrix size, 256 X 256; field of view,
256 X 256 mm? flip angle, 9% and voxel size, 1 X 1 X 1 mm?.

ADNI dataset.— High-resolution three-dimensional T1-
weighted MRI was performed with 3.0-T scanners (GE
Healthcare) at muldple centers using accelerated sagit-
tal magnetization-prepared rapid gradient-echo sequences
(2300/2.98/900; section thickness, 1 mm; no intersection gap;
176 axial sections; matrix size, 240 X 256; field of view, 240 X
256 mm? flip angle, 9% and voxel size, 1 X 1 X 1 mm?) and
inversion recovery fast spoiled gradient-echo sequences (echo
time msec/inversion time msec, 3.1/400; section thickness, 1
mm; no intersection gap; 196 axial sections; matrix size, 256 X
256; field of view, 256 X 256 mm?; flip angle, 11°; and voxel
size, 1 X 1 X 1 mm?®). Additionally, '®F-florbetapir PET data
were acquired 50-70 minutes after injection. For the detailed
scanning parameters, see Jack et al (21) or www.adni-info.org.

Image Processing

For the T1-weighted image, a gray matter volume map in
Montreal Neurological Institute space was generated for each
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Brain Age Prediction

To construct a brain age prediction model, approximately four-
fifths of healthy control samples in the BABRI (1 = 490) and
ADNI (7 = 484) datasets were selected as the training dataset
(Table 1), with a simple random sampling. The other one-fifth
of the healthy controls (BABRI: # = 126; ADNI: » = 105)
in the two datasets were used as the test dataset. In addition,
all patients with aMCI in the two datasets were used as a test
dataset to evaluate whether the brain age prediction model
could quantify individual deviations from the typical brain-
aging trajectory in patients with aMCI. The pipeline for brain
age prediction consisted of the following four steps: () feature
extraction, () model construction, (¢) model evaluation, and
(d) brain age prediction (Fig 1). A detailed description of each
step follows.

Feature extraction.— For each participant, we extracted inten-
sity values from the gray matter volume map and converted
them into a row vector, each element of which represented the
intensity value of a voxel. Then, all vectors from each individual
were concatenated into a feature matrix. Before these features
were normalized, the features for which standard deviations
among the training dataset were equal to zero were removed.
Finally, the mean values and standard deviations of the features
in the training dataset were used to normalize the feature values

for all individuals.

Model construction.— We trained the elastic net model with
two hyperparameters to predict age. These two hyperparam-
eters include o, which controls the amount of shrinkage of a
model’s parameter, and N, which controls the relative weight-
ing of the L1-norm and L2-norm contributions. To optimize
the hyperparameters, three-fourths of the training dataset was
used for training the models with different possible hyperpa-
rameters. Specifically, the a was set as o = ¢, where y was
chosen from 20 values in the range of [-6, 5] and N was chosen
from 10 values in the range of [0.2, 1.0] (27,28). Therefore,
a total of 200 possible parameter sets (o, N) were obtained.
For each set of hyperparameters, we trained the model on the
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A Dataset splitting
Training dataset

T1-weighted

structural images

Healthy participants
N =974

B Image preprocessing

Grey matter tissue
segmentation

C Feature preprocessing

Feature matrix

D Supervised learning in training dataset

Grid search

e —

Best elastic net
model

Elastic net models
Figure 1:

Non-linear Dartel
registration to template

Feature cleaning
and normalization

Test dataset

Healthy controls
N =231

aMCI patlents
N =224

Resampling to MNI
space

Preprocessed feature matrix

E Age prediction in test dataset

-

Predicted age

Age

Flowchart shows framework of brain age prediction model. (A) Imaging data were split into fraining and test datasets. Training da-

taset consisted of structural MR data from 974 healthy individuals, whereas test dataset included data from two groups—231 healthy controls and
224 patients with amnestic mild cognitive impairment (aMCl). (B) Conventional statistical parametric mapping structural preprocessing pipeline was
used to generate gray matter volume maps in Montreal Neurological Institute (MNI) space. Dartel = diffeomorphic anatomic registration through ex-
ponentiated lie algebra. (€) Infensity values from gray matter volume maps were exiracted and concatenated to create feature matrix that was then
cleaned and normalized. (D) The best elastic net model was obtained by performing supervised learning on training dataset. To optimize hyper-
parameters, grid search was performed. (E) Test dataset was input into frained model. Age was predicted for every patient included in test dataset.
Predicted age difference (PAD) scores were calculated by subtracting patient's chronologic age from his or her predicted age.

three-fourths of the training dataset and evaluated the model
performance on the remaining one-fourth of the training da-
taset. The best model was selected with the highest Pearson
correlation coefficient between actual age and predicted age
according to the calculation using the one-fourth left-out par-
tition of the training data. To evaluate the effects of different

machine learning algorithms, we also applied the same pipeline
to train two other types of linear regression models (ie, least
absolute shrinkage and selection operator regression and ridge
regression), support vector regression model, Gaussian process
regression model, and convolutional neural network model
with the same architecture as a previous study (29).
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Model evaluation.— Model accuracy was assessed on the one-
fifth test dataset using several measures, including the Pearson
correlation coefficient, mean squared error, mean absolute
error, and predicted R* (30), which has been suggested as an
alternative to the statistical & measure for assessing numeric
accuracy in regressions.

Brain age prediction.— Finally, the test dataset was input into
trained models. An age was predicted for every participant
included in the test dataset. The PAD scores were calculated
by subtracting the participants chronologic age from his or
her predicted age. The pipeline was carried out using Python
software (version 3.8, hitps:/fwww.python.org/), Python library
scikit-learn (version 0.23.2, hitps:/iscikit-learn.org/stable/), and
PyTorch (version 1.8.0, https:/Ipytorch.orgl).

Statistical Analysis

For the test samples, group differences in demographic character-
istics and neuropsychologic scores between patients with aMCI
and healthy controls were compared using two-sample 7 tests;
the exception to this was sex, which was compared using the
x* test. To compare the PADs between the healthy control and
aMCI groups, a general linear model or a Mann-Whitney test
was carried out depending on whether the PADs of the healthy
control and aMCI groups followed a normal distribution.

Partial correlation analyses with the Bonferroni correction
were performed to explore the relationship between PADs and
multiple cognitive scores in patients with aMCI. P < .008
(.05/6) and < .017 (.05/3) were considered statistically signifi-
cant in the BABRI and ADNI datasets, respectively, because the
BABRI dataset includes six cognitive scores and the ADNI data-
set includes three cognitive scores. To evaluate how much of the
variance of cognition could be explained by the PAD and the
whole model, we constructed a general linear model in which
cognitive scores were dependent variables and in which age, sex,
years of education, and PAD were independent variables. Then
we calculated R* to evaluate the proportion of the variance ex-
plained by the PAD (R, ) and the whole model (R* ), respec-
tively (31). We also performed a linear mixed model to validate
the relationship between PAD and cognition.

To assess the effect of amyloid and APOE &4 and their in-
teraction on PAD in patients with aMCI, a two-way analysis
of covariance was performed. Moreover, the partial correlation
between the PAD and amyloid SUVR values was evaluated. Fi-
nally, a general linear model was used to compare the PADs be-
tween progressive and stable in patients with aMCI. To evaluate
the ability of the PAD at baseline combined with other patho-
logic markers of AD to predict clinical progression in aMCI, we
used a naive Bayesian classifier to classify progressive aMCI from
stable aMCI with different feature sets and compared their per-
formances with leave-one-out cross-validation. The significance
of accuracy, sensitivity, and specificity were obtained by permu-
tation tests. Age, sex, and years of education were regressed out
as control variables.

All of the aforementioned statistical analyses were performed
with R software (version 3.6.2, hups://www.r-project.orgl), R
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libraries relaimpo (version 2.2-3, https://cran.r-project.orghveb/
packages/relaimpolindex.html), and lme4 (version 1.1-23, hrtps://
github.com/lmed/lmed)).

Data Availability

The datasets generated and analyzed in the present study will
be made available from the corresponding author to other sci-
entists on request in anonymized format and according to data
protection policy in the ethics agreement.

Results

Demographic and Neuropsychologic Characteristics

The training datasets consisted of 490 healthy controls (190
men) 49 to 85 years of age in the BABRI dataset and 484
healthy controls (197 men) 56 to 95 years of age in the ADNI
dataset. The average years of education were 11.7 years = 3.2
[standard deviation] and 16.7 years * 2.4 in the BABRI and
ADNI datasets, respectively. The MMSE scores were greater
than 24 for all individuals within the training datasets (Table
1). For the test samples in the BABRI dataset, no group dif-
ferences in age, sex, or years of education were found between
patients with aMCI and healthy controls.

For neuropsychologic scores in the BABRI dataset, patients
with aMCI had lower scores than did healthy controls on the
MMSE (26.7 = 1.8 vs 28.1 = 1.5; P < .001) as well as on the
memory (-1.02 = 0.50 vs 0.30 = 0.71; P < .001), executive
function (-0.27 = 0.79 vs 0.34 £ 0.52; P < .001), attention
(-0.19 = 0.73 vs 0.34 = 0.60; P < .001), language (-0.48 =
0.73 vs 0.28 £ 0.64; P < .001), and visuospatial ability (-0.25
* 0.86 vs 0.28 £ 0.64; P < .001) assessments.

In the ADNI dataset, patients with aMCI and healthy con-
trols had similar ages and years of education, but the aMCI
group had a higher proportion of men than did the healthy con-
trol group (58.3% vs 41.0%; P = .01). For neuropsychologic
scores, patients with aMCI scored lower than healthy controls
on the MMSE (28.0 £ 1.7 vs 29.1 = 1.3; P < .001) as well as
on the memory (0.26 * 0.61 vs 1.03 = 0.53; P < .001) and
executive function (0.21 * 0.81 vs 0.94 *= 0.85; P < .001)
assessments. Detailed descriptions of the demographic informa-
tion and neuropsychologic performance of the test samples are
provided in Table 2.

Prediction Performance of Different Machine Learning
Methods

As expected, chronologic age could be accurately predicted
from T1-weighted MRI scans. Of the models tested, the elas-
tic net model achieved the highest performance in predicting
the chronologic age of healthy controls in the test dataset (pre-
dicted chronologic age correlation » = 0.872, predicted R* =
0.753, mean squared error = 16.605, mean absolute error =
3.012 years). To evaluate the influence of different machine
learning methods on the prediction results, we also compared
the performance of five other models trained with different
machine learning algorithms (Fig 2). Table 3 shows perfor-
mance metrics for the other five models assessed. Moreover,
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Table 2: Demographic Characteristics and Neuropsychologic Performance of the Test Population
BABRI ADNI
TorF TorF
Variable HC (= 126) aMCI (z = 80) PValue Statistic HC (7 = 105) aMCI (n = 144) P Value Statistic
Demographic
information
Age (y) 66 = 8 (46-86) 67 £ 8 (54-86) 71* 0.38* 73.4 + 7.0 747 = 7.6 14* -1.49*
(56.2-91.4) (56.2-93.2)
Sex 27° 1.20% .01% 6.72f
Men 44 34 43 84
Women 82 46 62 60
Education 11.9 % 3.0 (6-18) 114 * 3.4 (1-17) .25°  -115* 165 % 2.4 (12-20) 16.0 * 2.8 (8-20) .14*  1.47*
)
Cognition
information
MMSE 28.1 = 1.5 26.7 = 1.8 (24-30) <.001* -5.90* 29.1 * 1.3 (24-30) 28.0 = 1.7 (24-30) <.001* -5.72*
(24-30)
Memory 0.30 £ 0.71 -1.02 = 0.50 <.001* -15.33* 1.03 = 0.53 (-0.22 0.26 * 0.61 (-1.30 <.001* -10.34
(-1.19t0242)  (-1.74t00.13) t02.21) t0 2.28)
Executive 0.34 *+ 0.52 -0.27 = 0.79 <.001* -6.00* 0.94 = 0.85 (-1.10 0.21 * 0.81 (-2.23 <.001* -6.62
function (-1.27 to 1.69) (-2.87 to 1.21) to 2.99) to 2.25)
Attention  0.34 £ 0.60 -0.19 £ 0.73 <.001* -5.33* NA NA NA NA
(-1.78 to 2.43) (-2.29 t0 1.31)
Language  0.28 £ 0.64 -0.48 = 0.73 <.001* -7.58% NA NA NA NA
(-1.43 to 1.73) (-2.10 to 1.80)
Visuospatial 0.28 * 0.64 -0.25 = 0.86 <.001* -3.95* NA NA NA NA
function (-1.43 to 1.73) (-4.77 t0 0.78)
Note.—Continuous variables shown as mean * standard deviation, with range in parentheses. ADNI = Alzheimer’s Disease Neuroimag-
ing Initiative, aMCI = amnestic mild cognitive impairment, BABRI = Beijing Aging Brain Rejuvenation Initiative, HC = healthy control,
MMSE = Mini-Mental State Examination, NA = not available.
* The P values were obtained by using two-sample 7 tests, with T statistic shown.
" The P values were obtained by using x? tests, with F statistic shown.

the prediction accuracies in terms of mean absolute error in our
models were comparable with those obtained from other stud-
ies (9,10,12-17,32) with similar brain age prediction frame-
works (Table E1 [supplement]).

To explore which brain regions contributed to brain age pre-
dictions, we selected the gray matter voxels with a nonzero re-
gression coeflicient in the trained elastic net model. As shown
in Table E2 (supplement), the medial temporal cortex, superior
frontal cortex, and some subcortical nuclei played important
roles in brain age prediction.

Predicted Brain Age Correlates with Individual Cognitive
Impairment of Patients with aMCl

For each test sample, a PAD score was obtained according to
the trained elastic net model. Compared with healthy con-
trols, patients with aMCI from both the BABRI and ADNI
datasets showed higher PADs (BABRI: 2.65 = 4.91 vs 0.18
*+ 479 [P < .001]; ADNI: 1.68 *= 5.28 vs 0.05 * 4.41 [P
<.001]) (Fig 3A). Furthermore, in the BABRI dataset, PAD
was associated with memory (r = -0.33, P = .005), attention
(r = -0.40, P < .001), and language (r = -0.33, P = .004)
(Fig 3B).

In the ADNI dataset, PAD was also correlated with mem-
ory (r=-0.34, P < .001), executive function (r = -0.26, P =
.002), and MMSE (7= -0.32, P < .001) scores in patients with
aMCI (Fig 3C). When removing two outliers with PAD of
greater than 15, the results remained largely unchanged. How-
ever, no such correlation between PADs and cognitive scores
was observed in healthy control groups in either the BABRI or
ADNI datasets (Table 4). To validate the result, a linear mixed
model was performed; the correlation results remained largely
unchanged (Table E3 [supplement]). All #, ‘and R*
ues are shown in Table 4.

We also compared the PAD values between healthy con-
trols and all patients with MCI (» = 175) in the BABRI
dataset, including both aMCI (» = 80) and nonamnestic
MCI (7 = 95) groups. Similarly, the patients with MCI had
higher PADs than did the healthy controls (1.60 = 5.06 vs
0.18 = 4.79, P < .001). Moreover, the PAD was correlated
with executive function score (r = -0.25, P = .003), atten-
tion score (r = -0.25, P = .002), and language score (r =
-0.29, P =.001) but not with memory score (r=-0.16, P =
.055), across all patients with MCI (nonamnestic and am-
nestic) (Fig E1 [supplement]). All #*, 'and R*

wl val-

. Values are
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Figure 2: Performance of different machine learning approaches in predicting chronologic age of healthy controls in test dataset. Scatterplots show actual age and

brain age predicted with different machine learning methods. CNIN = convolutional neural network, GPR = Gaussian process regression, LASSO = least absolute shrinkage

and selection operator, MAE = mean absolute error, SVR = support vector regression.

Table 3: Performance of Different Machine Learning Algorithms

Predicted Chronologic Age

Algorithm Correlation Predicted ## MSE MAE (y)
LASSO regression 0.828 0.682 21.3 3.5
SVR 0.830 0.674 21.9 3.5
GPR 0.861 0.734 17.9 3.1
Ridge regression 0.863 0.739 17.6 3.1
CNN 0.870 0.753 16.6 3.0
Elastic net model 0.872 0.753 16.6 3.0

Note.—CNN = convolutional neural network, GPR = Gaussian process regression, LASSO
= least absolute shrinkage and selection operator, MAE = mean absolute error, MSE = mean
squared error, SVR = support vector regression.

Effects of AD Risk Factors on the
Predicted Brain Age of Patients with
aMCl

For amyloid status, the patients with
aMCI from the ADNI dataset were
classified into 71 amyloid-negative and
73 amyloid-positive patients with a
SUVR threshold of 1.36. When con-
sidering APOE genotypes, there were
62 APOE &4 carriers and 82 noncar-
riers. Detailed descriptions of the de-
mographic characteristics and neuro-
psychologic performance of the aMCI

shown in Table E4 (supplement). The demographic charac-
teristics and neuropsychologic performance of all patients
with amnestic and nonamnestic MCI are presented in Table

E5 (supplement).
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subgroups are provided in Table 5.

Two-way analysis of covariance

revealed significant main effects of amyloid deposition (F =
9.45, P = .003) and APOE &4 (F = 5.82, P = .017) on the
PADs of patients with aMCI (Fig 4), suggesting that APOE

€4 carriers exhibited higher PADs than those of noncarriers
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and that amyloid-positive patients with aMCI exhibited
higher PADs than those of amyloid-negative patients. No in-
teraction was found between amyloid and APOE &4 regard-
ing PAD (F = 0, P = .996). When treating amyloid SUVR as
a continuous variable, the results showed a significant cor-
relation between the amyloid SUVR and PAD score across
patients with aMCI (r = 0.17, P = .046).

Brain Age Predicts the Clinical Progression of Patients with
aMCl

During longitudinal follow-up for up to 5 years (= 56 patients),
33 patients with aMCI progressed to AD and 23 remained stable.
No group differences in baseline demographic data, including age,
sex, and years of education, were found between the progressive

and stable aMCI groups. Based on the baseline T1-weighted im-
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Table 4: Pearson Correlation between Cognition and PAD in Healthy Control and aMCI
Groups
Healthy Control aMCI
Variable 7 Value P Value 7 Value PValue R, (%) R (%)
BABRI
Memory 0.07 43 -0.33 .005* 4.47 23.10
Executive function -0.13 .16 -0.28 .016 NA NA
Attention -0.06 51 -0.40 <.001*  8.57 24.63
Language 0.16 .009 -0.33 .004* 5.68 17.97
Visuospatial function 0 >.99 -0.03 .76 NA NA
MMSE -0.17 .06 -0.12 .29 NA NA
ADNI
Memory -0.10 .33 -0.34 <.001*  8.19 15.69
Executive function 0.06 .58 -0.26 .002* 3.06 16.19
MMSE 0.08 43 -0.32 <.001* 6.01 14.48
Note.—ADNI = Alzheimer’s Disease Neuroimaging Initiative, aMCI = amnestic mild cognitive impair-
ment, BABRI = Beijing Aging Brain Rejuvenation Initiative, MMSE = Mini-Mental State Examination,
NA = not available, PAD = predicted age difference.
* P values are significant.

Table 5: Demographic Characteristics and Neuropsychologic Performance of aMCl Subgroups in ADNI Dataset
APOE g4-, Amyloid- (» APOE g4-, Amyloid+ APOE g4+, Amy-  APOE &4+, Amy-
Variable = 54) (n=28) loid- (7 =17) loid+ (2 = 45) P Value F Statistic
Age (y) 74.9 +7.2(61.8-91.6) 80.1 =5.4 (71.0— 69.0 * 8.4 (56.2— 73.2 £ 6.6 (56.5— <.001 10.34
93.2) 84.1) 86.3)
Sex 43 2.74
Men 30 15 13 26
Women 24 13 4 19
Education (y) 16.2 * 2.5 (8-20) 163 + 3.0 (11-20) 163 = 3.5 (8-20) 153 = 2.6(11-20) .32  1.18
MMSE 28.6 = 1.4 (25-30) 27.6 £ 1.4 (25-30) 27.9 = 1.9 (24-30) 27.5 = 1.8 (24-30) .006 4.37
Memory 0.48 = 0.58 (-0.53t0  0.35 £ 0.58 (-0.59 to 0.21 £ 0.53 (-1.17 -0.06 = 0.56 (-1.30 .001 7.54
2.28) 1.80) to 1.06) t0 0.99)
Executive function  0.47 = 0.85 (-2.23t0  0.13 £ 0.74 (-1.41 to 0.08 = 0.71 (-1.17 -0.01 = 0.73 (-1.64 .02 3.38
2.25) 2.23) to 1.42) to 1.28)
Note.—Continuous variables shown as mean * standard deviation, with range in parentheses. Differences among the four groups were
compared with analysis of variance or X tests as appropriate. Amyloid- = amyloid-negative patients, Amyloid+ = amyloid-positive
patients, APOE = apolipoprotein E, APOE4- = APOE &4 noncarriers, APOE4+ = APOE &4 carriers, MMSE = Mini-Mental State Ex-
amination.

age, PAD scores were calculated for both groups. The progressive
aMCI group had a higher baseline PAD than did the stable aMCI
group (4.83 £ 4.70 vs 0.40 = 4.81, P < .001) (Fig 5A). The
performance of different combinations of AD-related features in
differentiating progressive aMCI and stable aMCI is shown in
Table 6. PAD at baseline combined with the MMSE score, amy-
loid SUVR values, and APOE &4 genotype had an area under the
curve value of 0.87 for differentiating between stable and progres-
sive aMCI (Fig 5B).

Discussion

This study included a large sample of middle-aged and older
adults from muldiple centers that was used to develop a ma-
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chine learning model for brain age prediction according to
MRI-derived gray matter tissue volume. We found that pa-
tients with aMCI had brain aging trajectories that were distinct
from aging trajectories in healthy individuals. We used the
developed model to predict brain age of patients with aMCI
and then assessed if there were associations with risk factors
for cognitive decline. The individual differences in brain aging
were modulated with the APOE &4 genotype and amyloid 8
level. Finally, we found that patients with progressive aMCI
exhibited more deviations from typical normal aging than did
patients with stable aMCI, and the use of the PAD score along
with other AD-specific markers had higher performance for
predicting the progression of aMCI.
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On the basis of the T1-weighted MR images, we con-
structed six models to predict individual age and compared
their performance. The six models predicted age accurately;
however, the elastic net model slightly outperformed other
methods, likely because this method consists of a combination
of the other methods tested (ie, ridge and least absolute shrink-
age and selection operator regression). Therefore, we chose the
elastic net model for the subsequent analyses because of its
higher performance and interpretability. The elastic net model
is a sparse model that during training adjusts to zero the weight
of features that contribute little to predicting age. The remain-
ing features with weights greater than zero were located in the
temporal and frontal lobes and some subcortical nuclei, which
atrophy with aging (33-35). Specifically, atrophy of the para-
hippocampal gyrus, hippocampus, middle temporal gyrus, and
medial superior frontal gyrus was more prevalent in patients
with AD or with aMCI (36,37).

Our results and those of previous studies (9,10,12-17,29)
indicated that the choice of machine learning models may not
have a considerable effect on the accuracy of predicting the
chronologic age; however, the training dataset is important.
Compared with the previous studies, ours had a relatively large
training dataset and included only geriatric data. Our model had
higher performance than other studies that used young and mid-
dle-aged participants for model training. However, younger and
middle-aged populations have different brain-aging trajectories
than older adults. These trajectories can be difficult to model,
which may explain why these models have lower performance.

The predictive model we generated was highly accurate at
estimating chronologic age in healthy participants based only
on the appearance of T1-weighted MRI scans. In contrast, for
aMClI, the model estimated brain age to be greater than 2.7
years older on average than the patient’s chronologic age. This
discrepancy was independent of the aging and was not observed
in healthy controls, whose predicted brain age was 0.2 years

older on average than their chronologic age, which supports the
theory proposed by Driscoll et al (38) that aMCI may hasten the
aging process and is consistent with long-term structural brain
abnormalities reported in neuroimaging and neuropathology
studies in patients with aMCI. Nevertheless, the degree to which

APOE: p =0.017 | Amyloid: p =0.003
Interaction: p = 0.996
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Figure 4:  Violin plot shows effects of different Alzheimer disease risk factors on
predicted age difference (PAD) in patients with amnestic mild cognitive impairment
(aMCI). Main effects of apolipoprotein E (APOE) and amyloid status on PAD in
patients with aMCl were statfistically significant, whereas amyloid x APOE status
inferaction effect on PAD was not significant. There were 54 APOE &4 noncarriers
with amyloid-negative (Amyloid-) status, 28 APOE &4 noncarriers with amyloid-
positive (Amyloid+) status, 17 APOE &4 carriers with amyloid-negative (APOE4-)
status, and 45 APOE &4 carriers with amyloid-positive (APOE4+) sfatus.
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Figure 5: Clinical progression prediction with predicted age difference (PAD) in patients with amnesfic mild cognitive impairment

[aMCI). (A) Violin plot shows progressive aMCl group had larger PAD than stable aMClI group. (B) Graph shows PAD at baseline com-
bined with Chinese version of Mini-Mental State Examination [MMSE) score, amyloid standardized uptake value ratio, and apolipoprotein
E (APOE) allele status outperformed any single feature in discriminating progressive aMCl from stable aMCI. Hipp = hippocampal volume,

Multifeatures = PAD, MMSE, amyloid, and APOE allele status.
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this aging process is accelerated in these individuals has not been
precisely quantified.

Individual PADs in patients with aMCI were related to the
severity of cognitive impairment, especially in memory, which
was validated in both datasets, and the same relationship was not
discovered in healthy controls. This evidence showed that brain
age could explain individual differences of cognitive decline that
were caused by AD pathologic characteristics rather than aging
and that it has potential to be a quantitative measure of clinical
progression in patients with aMCI. The result was also consistent
with the concept that accelerated brain aging is the substrate of
cognitive impairment (39). Moreover, we also found that PAD
could capture cognitive impairments in attention that were typi-
cally influenced by AD in the BABRI dataset, which implied
PAD might be a general marker of brain health. Furthermore,
the significant correlation between PADs and MMSE scores in-
dicated that PAD has potential as a fully automated criterion
that could be used to assess the disease severity independent of
typical aging in aMCI. Previous studies have demonstrated that
PAD is related to the severity of disease within the whole spec-
trum of AD (9). However, whether PAD can quantify the degree
of clinical progress in patients with aMCI, which is a critical
stage to prevent or mitigate cognitive impairments, remained
unclear before this study. Our results showed that PAD may
have good potential for early diagnosis and monitoring response
to treatment.

In aMCI, APOE &4 carriers had higher PADs than those of
noncarriers. This finding suggests that the brains of APOE &4
carriers may age faster than noncarriers, which has been sup-
ported by longitudinal studies (40). Similarly, we found that in
patients with aMCI, those with amyloid-positive disease also
had higher PADs than those who were amyloid negative. These
results suggest the brains of patients in different aMCI sub-
groups atrophy along various brain-aging trajectories, namely,
more rapid progression to AD in aMCI groups with AD risk fac-
tors, such as APOE &4 and amyloid pathologic characteristics.
These results also indicate that individual differences in brain
aging in aMCI were modulated by multiple risk factors for AD,
including APOE genotype and amyloid 3 deposition. In addi-
tion, the nonsignificant interaction effect showed that APOE
genotype and amyloid B influence the brain-aging trajectory
independently, which explains why there is no interaction be-
tween APOE &4 and cerebral amyloid (3 load in the context of
cognitive function (41).

Patients with progressive aMCI had higher PADs compared
with those with stable disease, which suggests that patients with
progressive disease may have more severe brain degeneration and
are in a later stage of the AD spectrum, which is consistent with
the results of Lowe et al (15). In contrast to our findings, one
study reported that the PAD could not distinguish stable aMCI
from progressive aMCI (9). A possible explanation for this dis-
crepancy is the fact that the brain age model by Beheshti et al (9)
was not accurate enough (mean absolute error = 4.02, r = 0.68)
to detect the subtle differences between the two aMCI groups.
Moreover, the individual differences in brain-aging trajectories
may explain the heterogeneous clinical progression of aMCI.
More importantly, the classification results between stable and
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progressed aMCI indicate that combining PAD with more
disease-specific markers will lead to further improvements in
disease prediction. Compared with hippocampal volume, PADs
might involve more comprehensive brain structure impairments;
thus, the combination of the PAD, MMSE score, amyloid level,
and APOE status may provide the highest performance. These
results strongly suggest the potential of including PAD values
for screening patients with aMCI, with the goal of identifying
those at particularly high risk of progressing to AD as opposed to
patients who will remain at a stable cognitive level.

A few other potential limitations of the study should also be
noted. First, our model may not be precise enough to represent
healthy brain-aging trajectories because we did not exclude older
individuals who may have potential pathologic findings, such as
small vessel ischemic disease, amyloid plaques, and T neurofibril-
lary tangles. This means that our model may be affected by some
neuropathologic aging, which limits its ability to detect some
subtle pathologic findings. Therefore, future work should be done
to build a more precise brain age prediction model that can be
applied in clinical settings. Second, the proportion of the variance
of cognition explained by PAD was low in patients with aMCI.
‘This may be because we considered only structural degeneration in
brain aging, whereas functional degeneration and vascular health
are important for brain health and are associated with cognitive
performance and the incidence of AD. Thus, multimodal imaging
is needed for a more comprehensive brain age prediction model.

In conclusion, our study demonstrated that PAD could quan-
tify individual deviations from the typical brain-aging trajectory
in patients with aMCI and that this deviation was related to cog-
nitive impairment, APOE genotype, amyloid 3 deposition, and
clinical progression in patients with aMCL. In this process, we
were able to leverage the developed algorithms for PAD quantifi-
cation for assessment with the aforementioned clinical variables.
Taken together, this study suggests that PAD has the potential
to be developed into a computerized marker for early diagnosis
of cognitive impairment and monitoring response to treatment.
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