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Abstract. Evaluating the morphological changes in human brain and comparing it to
normal data allow the risks of brain deformation related diseases to be assessed and the
prevention process to be started earlier. Physiological age estimation based on human
brain MR images has been an interesting research ﬁeld over the past years. However,
it is diﬃcult to evaluate brain disorders based on morphological analysis as the brain
deformation progress is diﬀerent from person to person, and age range. To evaluate
brain deformation, this paper proposes an estimation method for both neonatal and adult
brain age using manifold learning, principal component analysis, followed by multiple
regression models. The regression model is automatically trained from a diverse set of
subjects exhibiting signiﬁcant variation, used to discover anatomical structure related to
age and deformation, and ﬁt new subjects to estimate age. The proposed method has been
evaluated using 15 neonatal subjects (Revised age: 0-120 days; Mean ± SD: 34.13±42.15
days) and 150 adult subjects (Real age 18-96 years; Mean ± SD: 51.72 ± 22.16 years).
Experiments demonstrate eﬀective outcomes for each dataset with a distinctive remark
of increased accuracy for common and age-speciﬁc methods.
Keywords: Magnetic resonance imaging, Manifold learning, Multiple regression model,
Principal component analysis, Brain development age

1. Introduction. The human brain undergoes dramatic developmental changes in the
ﬁrst stage of life. During the adulthood, deformation takes place with increasing age.
Structural MR imaging oﬀers the potential to model these changes over time and across
the human population, in order to understand normal growth patterns and assess potential
disorders [1], for example, neurodevelopmental disorders relating to pre-term birth [2,3]
or cognitive decline due to Alzheimer’s disease (AD) [4]. Brain deformation is closely
related to chronological age, and computational tasks of interest include automatically
learning links between a structural image with a region of interest and age with a lead of
estimating brain age of new subjects. In [5], adult brain shape deformation with aging
using multiple regression model has been estimated. However, it is not applicable to both
neonates and adults.
Previously, we have proposed a growth index of the brain, which is an index describing
neonatal brain development, using manifold learning to generate a fuzzy object growth
model [6]. However, newborn brain shape deforms quickly by natural growth, and the
growth speed is diﬀerent from person to person. Therefore, the manifold learning based
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method calculates growth index by evaluating the similarity of brain shape [7]. The experimental results showed that the growth index had a high correlation with both of the
revised age and the cerebral volume. However, the growth index is not directly corresponding to brain development and it is still diﬃcult to evaluate the brain development
delay of patients. Moreover, it failed to be functional for adult subjects.
The present study aims to create a regression model to predict a person’s age based on
landmarks extracted from MR images by assessing changes in landmark distances with
chronological age. We have introduced deformation index to evaluate deformation with
age. This paper contains three methods to estimate brain age using principal component analysis, manifold learning and multiple regression model. To evaluate the proposed
method, it has been applied publicly available dataset called OASIS database [8] for adults
and clinically available neonatal dataset.
This paper is structured as follows. In Section 2, the pre-processing methods are described along with subjects. The proposed methods are detailed in Section 3; results are
discussed in Sections 4 and 5. Section 6 concludes the study.
2. Preliminaries.
2.1. Subjects and material. This study employed both neonatal and adult subject’s
brain MR images. For neonatal dataset, we recruited 15 normal newborn subjects (9
males and 6 females) whose revised age was younger than 4 months old. The mean and
standard deviation of revised age were 33.74 ± 40.68 days. Revised age is deﬁned as an
age revised by normal fetal weeks (40 weeks) for premature babies.
T2-weighted MR images have been acquired using 3.0T MR scanner (Intera, Philips
Medical Systems) with a circularly polarized head coil as both the transmitter and receiver. T2-weighted MR image acquisition parameters are as follows: repetition time was
2000 msec; echo time was 101.73-165.25 msec; slice thickness was 1.5 mm; space between
slices was 0.75 mm; ﬁeld of view (FOV) and number of slices were adjusted by a size of
target head size, image matrix was 320 × 320 voxel; resolution was 0.75 × 0.75 × 0.75
mm3 .
For adult dataset, we have used publicly available imaging database called OASIS.
These subjects were selected from a larger database of individuals who had participated
in MRI studies at Washington University, were all right-handed and older adults had
a recent clinical evaluation. Older subjects with and without AD were obtained from
Washington University Alzheimer Disease Research Center (ADRC). From a total of 150
subjects (18 to 96 years), 120 randomly selected subjects of two diﬀerent age groups
namely younger age group (18 to 58 years, with Mean: 37.44 and STDEV: 11.24) and
older age group (59 to 96 years, with Mean: 78.28 and STDEV: 6.56) were taken as
training dataset among which 16 subjects were clinically detected with mild to moderate
AD. The representative MR imaging acquisition parameters were: repetition time (TR)
of 9.7 msec, echo time (TE) of 4.0 msec, image resolution (voxel) of 256 by 256, ﬂip angle
(FA) of 10 deg.
2.2. Landmark extraction. This method automatically detects landmarks of adult subjects from MR images using a set of analysis tools from FSL, developed by Analysis group,
FMRIB, Oxford, UK to analyze brain imaging like functional MRI, MRI, and diﬀusion
tensor imaging (DTI) data [9]. It includes brain extraction tool (BET), rigid image registration tool (FIRST), non-rigid image registration tool (FNIRT), and so on. Using these
tools, this method automatically detects the landmarks with the following steps [10].
Step 1: Delete non-brain tissues from MR images of the evaluating subject using brain
extraction tool (BET). This step estimates the inner skull surface.
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Step 2: Segmented brain MR image is registered to a template MR image using linear
image registration (FLIRT). The template MR image used is MNI152 brain MR
image which is the average of 152 normal MRI scans that have been matched to
an MRI scan and the brain region is segmented. This step estimates a linear aﬃne
parameter to transform the subject brain MR image into the template MR image.
The parameters are used as the initial parameter of the following non-rigid image
registration.
Step 3: Register the brain MR image to a template MR image using non-rigid linear
image registration FNIRT. Original raw MR images of the subject and of the
template are used in this step. The initial parameter obtained at the previous
step. A warping vector at every voxel from the subject MR image to the template
MR image is estimated.
Step 4: Compute an inverse warping vector from the template MR image to the subject
MR image.
Step 5: Apply the inverse warping vector to a user given landmark image. The template
MR image used is MNI152 brain MR image where the desired landmarks have
been inserted ﬁrst. The image is preliminary synthesized; image dimension and
pixel spacing of the landmark image are same as those of the template MR image
and identical values are stored to positions of landmarks.
Step 6: Detect landmarks with identical values in the warped landmark image. The coordinate values of the detected landmarks are used for the models.
2.3. Dimensionality reduction method.
2.3.1. Principal component analysis. Dimensionality reduction methods have been applied to a wide range of medical imaging applications in order to reduce the complexity
of high dimensional descriptors. PCA (principal component analysis) is a powerful tool
to analyze data by forming a custom set of “principal component” eigenvectors that are
optimized to describe the most data variance with the fewest number of components.
Algorithmically, the steps are simple: The principal components {Φk } of a dataset are
simply the eigenvectors of the covariance of that dataset,
∑ sorted by their descending eigenvalues which result to a new observation, C = µ + Ψk Φk where µ is the mean of the
initial dataset and Ψi is the reconstruction coeﬃcient for eigenvector Φi .
2.3.2. Manifold learning using Laplacian Eigenmaps. The Laplacian Eigenmaps algorithm is based on ideas from spectral graph theory. Given a graph and a matrix of
edge weights, W , the graph Laplacian, L, is deﬁned by the diagonal matrix, D, with
weight elements. The eigenvalues and eigenvectors of the Laplacian reveal a wealth of
information about the graph such as whether it is complete or connected. Here, the
Laplacian will be exploited to capture local information about the manifold.
For convenience, we recall the main steps of Laplacian Eigenmaps. Given n data
points x1 , x2 , . . ., xn sampled independently from a uniform distribution on a compact,
K-dimensional manifold M ⊂ Rd .
Step 1. Constructing the adjacency graph: Given a parameter m ⊂ N, put an edge
between nodes i and j if xi is among the m nearest neighbors of xj or vice versa.
Given a parameter t > 0, if nodes i and j are connected, set
Wij = e

−

∥xi −xj ∥2
t

.
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Step 2. Constructing the Laplacian matrix: Set
∑
Wij , and let L = D − W.
Dii =
j

Step 3. Computing the eigenmaps: Solve the generalized eigenvalue problem,
Lv = λDv.
Let v0 , v1 , . . ., vr be (r + 1) eigenvector solutions corresponding to the ﬁrst eigenvalues
0 = λ0 ≤ λ1 ≤ . . . ≤ λr . Discard v0 and use the next K eigenvectors to embed in
K-dimensional Euclidean space using the map xi → (v1 (i), v2 (i), . . ., vr (i)).
For example, we apply manifold learning to 3-D data which have Gaussian distribution
shape as shown in Figure 1. It shows that 3-D data are projected to 2-D space while the
positional relation of data is preserved.

(a)

(b)

Figure 1. Example of applying manifold learning. (a) 3D data which have
Gaussian distribution shape. (b) The result of manifold learning. 3D data
is projected to 2D space while the positional relation of data is preserved.
3. Proposed Methods. This paper proposes three methods for deriving a regression
model, which estimates brain age from brain MR images. All methods use landmark distances. The ﬁrst method named PCAR (principal component analysis regression) method
in the paper, deﬁnes the model using principal component (PC) scores of landmark distances of learning subjects’ data. This method is used to both neonatal and adult datasets.
As the neonatal cerebrum deformation by natural growth will be diﬀerent from person to
person, the model has a risk of decreasing estimation accuracy whereas due to the highly
correlated signiﬁcant diﬀerences in the adult brain, this method has a good chance of
accurate estimation.
The second method, called ML-PCAR (manifold learning-PCAR) method in the paper,
deploys a method to calibrate the landmark distances using deformation index, which is
calculated by manifold learning [11]. The third method called PCA-ML method in this
paper introduces a method to quantify deformation index from PC scores of landmark distances and calculate normalized vectors to drive multiple regression model. The ﬂowcharts
of PCAR method, ML-PCAR method, and PCA-ML method are shown in Figure 2. Detailed explanation of these methods is given below.
3.1. PCAR method. This method ﬁrst applies PCA to landmark distances and then
derives a multiple regression model of estimating subjects’ brain age using the PCs. The
learning stage consists of 3 steps.
Step 1: Detect anatomical landmarks in Y training data and calculate Euclidian distances
between all combinations of landmarks. Z C2 features are extracted for each training subject.
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Figure 2. Flow chart of the proposed methods: (a) PCAR method, (b)
ML-PCAR method, and (c) PCA-ML method
Step 2: Apply PCA to a matrix of Y data of Z C2 features to calculate PC score and
eigenvectors of landmark distance.
Step 3: Deﬁne a multiple regression model whose dependent variable is the revised/real
age, and independent variables are PC scores.
In the result of training stage, we obtain the following multiple regression model.
Ai =

n
∑

Rij Pij

(1)

j=1

where Ai is the estimated age of the ith subject, P are PC scores, R is the regression
coeﬃcient and n shows the number of dimensions of PCs.
In evaluation stage, for a new subject, Z brain anatomical landmarks are detected, and
Z C2 landmark distances are measured. Then, the method calculates PC scores of the
subject by multiplying eigenvector and Z C2 landmark distances. Next, it estimates the
revised/real age using the multiple regression model.
3.2. ML-PCAR method. Deformation index (DI) is a degree of brain deformation with
age. It is calculated by manifold learning which uses similarity of brain shape among
subjects in the training dataset. The method uses distances between all combination of
landmarks, a1 , . . ., ar , as high dimensional space, and calculates weighted matrix W using
Equation (2). The method hypothesizes that when the age between subjects is largely
diﬀerent, the brain shape might be largely diﬀerent and the brain deformation has a
correlation to the logarithm of age.
{
(
/)
exp − ∥ai − aj ∥22 t ∥ai − aj ∥2 < th, log(age) < thage
Wij =
(2)
0
otherwise
where th and th age are thresholds, and t is the weight parameter. In the current study, t
was 1000, th was 1000, thage was 0.8.
∑
The method calculates a diagonal matrix Dii = j Wij . Then a generalized eigenvalue
problem is solved to project the high dimensional data into 1-dimensional space using the
following equation.
Lv = λDv
(3)
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The eigenvalues, v1 , v2 , . . ., vr in the 1-dimensional space are normalized to a value between
0 and 1. It is deﬁned as DI in this paper.
The landmark distances in subjects, especially for neonates, should have variability even
though in the same age group. This variability will decrease the estimation performance
of PCAR method. To improve the accuracy of multiple regression model, we need to
remove variability of landmark distances. In order to remove such variability in learning
data, we normalize landmark distance m(p) by
∑Z − (G(i)−Gt )2
K
e
× di (p)
m(p) = i=1
(4)
∑Z − (G(i)−Gt )2
K
e
i=1
where di (p) is pth landmark distance of ith subject in the learning dataset, G(i) is deformation index of the ith subject, Gt referred the center of Gaussian function, and K is
a weight parameter √
which has a positive value. The relation between K and Gaussian
function is K = 0.2/ 2 ln 2. The shape of Equation (4) is illustrated in Figure 3.

Figure 3. Shape of Gaussian function with Gt as center
At training stage, the ML-PCAR method ﬁrst calculates normalized landmark distances
using anatomical landmark distances.
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where V is the feature vector and mij is normalized landmark distance whose deformation
index is i. Next, the method applies PCA and regression analysis as well as PCAR method
described earlier. Here, the dependent variable is the weighted average value of the revised
age. At evaluation stage, ML-PCAR estimates the brain age as well as the PCAR method.
ML-PCAR method uses the regression model derived using the normalized distances.
3.3. PCA-ML method. In this method, we introduce a diﬀerent approach to calculate
DI. For better optimization of the parameter used in manifold learning, PCA has been
used to anatomical landmark distances ﬁrst. The absolute value drawn from PCA helped
to identify the desired parameter. The training stage consists of 5 steps.
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Step 1: Detect anatomical landmarks in Y training data and calculate Euclidian distances
between all combinations landmarks. Z C2 features are extracted for each training
subject.
Step 2: Apply PCA to a matrix of Y data of Z C2 features to calculate PC scores and
eigenvectors.
Step 3: Apply manifold learning to PC scores. The eigenvalues in the 1-dimensional space
are normalized to a value between 0 and 1 which gives the deformation index.
Step 4: The method gets normalized vectors with corresponding deformation index using
a weighted average. The equation is same as ML-PCA method.
Step 5: Deﬁne a multiple regression model whose dependent variable is the weighted average value of the revised age.
In the result of training stage, we obtain a multiple regression model.
Ai =

n
∑

Rij Vij

(6)

j=1

where Ai is the estimated age of the ith subject, R is the regression coeﬃcient, V represents
normalized vectors derived using DI by assessing landmark distances. In evaluation stage,
ﬁrst PC scores of evaluation data have been drawn using Steps 1 and 2. Next, we estimate
brain age using regression model.
4. Experimental Results. The proposed methods have been applied to 15 neonates and
150 adult subjects. Among the neonatal subjects, we have chosen 11 subjects (8 males
and 3 females) as learning dataset. The remaining 4 subjects (1 male and 3 females)
were used as evaluation data. In case of adults, 120 randomly selected subjects (18-96
years) were taken as training dataset. The remaining 30 subjects were used for evaluation
purpose.
In the experiment, following brain anatomical landmarks were used: the inferior extremity of genu corporis callosi, the inferior extremity of splenium corporis callosi, interpeduncular cistern, the right and the left cross points of the superior frontal sulcus
and the precentral sulcus, the right and the left anterior extremity points of temporal
lobe, the right and the left anterior extremity points of frontal lobe, the right and the
left posterior extremity points of occipital lobe. For neonates, they were detected manually using multi-planer reconstruction (MPR) images by well-trained radiologists, and
distances between all combinations of landmarks were calculated. For adults, we used
automated landmark detection method.
In PCAR method, the diﬀerence between real and estimated age (average ± standard
division) for the neonatal subjects was 46.29 ± 37.24 days where for the young adult
subjects it was 6.73 ± 5.87 years and for the older adult subjects, it was 16.01 ± 10.06
years. Figure 4 shows the experimental results for both learning and testing dataset.
Using the obtained DI, ML-PCAR method ﬁrst calculated normalized landmark distances and then it followed PCAR method. In this case, the diﬀerence between real and
estimated age (average ± standard division) for neonatal subjects was 37.08 ± 21.85 days.
The diﬀerence between real and estimated age (average ± standard division) for young
adult subjects was 12.63 ± 6.98 years and for the older adult subjects was 23.60 ± 15.49
years. Figure 5 draws the experimental results for ML-PCAR method.
PCA-ML method generated normalized vectors multiple regression model in the training stage. To evaluate, a regression model was applied to the evaluation data, and we
calculated the diﬀerence. The diﬀerence between real and estimated age (average ± standard division) in neonatal subjects was 155.41 ± 206.38 days. The diﬀerence between real
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(a)

(b)

Figure 4. PCAR method: (a) Neonatal dataset, and (b) Adult dataset
and estimated age (average ± standard division) in young adult subjects was 4.64 ± 5.96
years and in the older adult subjects was 8.68 ± 7.36 years. Figure 6 represents the
experimental results of the PCA-ML method.
5. Discussion. In this paper, we presented three models for brain age estimation using
multiple regression model both in neonates and adults. The ﬁrst method applies PCA to
brain shape data of learning data. And, generate multiple regression model using PCA
score and revised age. The second method ﬁrst estimates DI using brain shape data and
manifold learning. After generating deformation index, it estimates age using regression
analysis. The last method estimates deformation index with PCA score of landmark
distance and manifold learning before doing regression analysis.
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(a)

(b)

Figure 5. ML-PCAR method: (a) Neonatal dataset, and (b) Adult dataset
In the learning dataset of neonates, the number of subjects with similar age was small,
there were 2 subjects around 3 months old, and the closest subject to them was 5 weeks
old. Because the modeling performance of PCAR and ML-PCAR methods decreased
around 3 months old due to the small number of learning subjects, the accuracy of the
ﬁrst subject is low. In future, we are going to increase the number of subjects to derive
a good model for neonates.
For the adult subjects, ML-PCAR method failed to provide an acceptable result. To
get a proper estimation for adults, we need to get a normalized feature which can be
derived using PCA scores of landmark distances to a model of manifold learning. Active
component behind the screen lays on selecting feature parameter from prior knowledge
earned by principal component analysis where the absolute value of loading vector reviled
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(a)

(b)

Figure 6. PCA-ML method: (a) Neonatal dataset, and (b) Adult dataset
eﬀect of feature parameter more accurately. By optimizing input parameters of manifold
learning on the basis of principal component scores, feature extraction complexity reduced
with accuracy escalation. This hypothesis is supported by our previous work of feature
extraction. The deformation index generates normalized vector which derives multiple
regression model in PCA-ML method. In the case of adult subjects, learning data unveil
an interesting impact of age speciﬁcation. The young adult group has more accuracy in
terms of estimating age. This phenomenon embraces the anatomical variability of the
human brain in diﬀerent age which can be seen in Figure 7.
Subjects in younger age group have higher similarity than older age. As the OASIS
dataset contains mild to moderate AD patient above 60 years old, the variability is higher
in the older group. The results are summarized in Table 1 which integrates performance
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Figure 7. Brain MR image: (a) 18 years old, (b) 51 years old, (c) 74 years
old, and (d) 83 years old
Table 1. Diﬀerence between real and estimated age (average ± standard division)
Neonatal dataset Younger Age Group in Older Age Group in
(Days)
Adult dataset (Years) Adult dataset (Years)
PCAR
46.29 ± 37.24
6.73 ± 5.87
16.01 ± 10.06
ML-PCAR
37.09 ± 21.85
12.63 ± 6.98
23.60 ± 15.49
PCA-ML 155.41 ± 206.38
4.64 ± 5.96
8.68 ± 7.36
Method

of all the methods with a concluding remark that brain age can be estimated for both
neonates and adults using PCAR method with robustness and convenience. In age speciﬁc
condition, PCA-ML method outstands for adults and ML-PCAR outstand for neonates.
6. Conclusion. This paper has introduced three methods called PCAR method, MLPCAR and PCA-ML method to estimate brain age in neonates and adults using a multiple
regression model. ML-PCAR method deﬁnes the accurate multiple regression model by
using the neonatal brain growth model. PCA-ML method exhibits the best accuracy for
age-speciﬁc adult subjects to be precise for younger age group. PCAR method has been
able to show constant accuracy for both neonates and adults. As per the evaluation, we
can conclude with a quote that PCAR method is suitable for all range of age.
Future works will focus on increasing the number of subjects in order to improve estimation accuracy, and to optimize the feature vector.
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