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ABSTRACT
In population analysis, the images of different groups can be com-
pared to locate the effects of a particular disease or treatment and
also to generate biomarkers that help in the diagnosis process. Voxel-
Based Morphometry (VBM) is a set of widely extended techniques
to compare groups of images. VBM involves image normalization,
image smoothing, statistical map generation and correction for hy-
pothesis testing. In this paper, we propose the use of a nonpara-
metric mixed-effect model to study Alzheimer’s Disease (AD). The
proposed method can handle covariates and through the integration
of the smoothing and statistical map generation, individual specifici-
ties can be controlled. Moreover, it allows the reconstruction of the
typical shapes for each group and it can be advantageously used as
another VBM implementation.

Index Terms— Statistical analysis of populations, Voxel-based-
morphometry, Alzheimer’s disease, nonparametric mixed-effects
models

1. INTRODUCTION

The problem of assessing differences between groups through the
comparison of images is a common practice in medical image anal-
ysis. For instance, in neuro degenerative diseases, as Alzheimer’s
disease (AD), is relevant to quantify the modifications in the brain
anatomy and physiology due to the pathology, when comparing to
healthy elderly individuals. This has been done, among others, by
assessing the decreasing in white matter (WM) concentration [1] or
the change in the cortical thickness [2]. This problem has been tack-
led by the statistical voxel-based methods [3], which uses normal-
ized data to highlight morphological differences across a population
as in Voxel-Based Morphometry (VBM) or takes advantage of the
deformation resulting in the registration process, such as in Tensor-
Based Morphometry (TBM) [4]. Although VBM was born in the
neuroimaging domain, it is not restricted to this field. In [5] and [6],
authors use VBM to study dose distribution patterns in prostate can-
cer treatment with radiotherapy. After mapping the dose distribution
images against the same template, voxel-based statistics were used
to determine the differences in the irradiation patterns in patients
presenting some side-effect. In this paper the problem of assessing
differences among images of individuals is addressed. It is assumed
that images are normalized towards a stereotaxic coordinate system.

In VBM analysis, voxel-based computations are performed to
produce statistics that are used later to infer the voxel characteris-
tics. For example, a two-sample t-test can be used to identify if the
intensity at a specific voxel is higher for a given group of subjects.

Obviously, this implies the verification of the required assumptions
before drawing reliable conclusions. In presence of confounding fac-
tors, researchers can use a general linear model (glm) to isolate the
group effect [3]. The simplest case is when voxel intensities are as-
sumed to come from a Gaussian distribution. Under this assumption,
calculations are straightforward and rules to reject the statistical hy-
pothesis are clear.

Smoothing is one of the ways to deal with the lack of normal-
ity. By smoothing, each voxel becomes the weighted average of
a neighborhood. Thus, under some assumptions the Central Limit
Theorem allows to model the voxel distribution as Gaussian [3]. The
smoothing step involves two decisions: the shape and bandwidth of
the kernel. It has been shown that the bandwidth choice is a critical
one [9]. However, smoothing and statistical modeling can be per-
formed in the same step if the nonparametric framework is assumed.
This is shown in the literature concerning with nonparametric regres-
sion [10]. One of the advantages of the nonparametric framework is
that it provides criteria for bandwidth selection. It also takes into
account the “smooth” nature of the data under consideration. In this
paper it is shown how smoothing can be used to model intra vari-
ability without having several images from the same individual, as
in functional MRI (fMRI). Then, inference in the nonparametric re-
gression takes advantage of the smoothing [10].

Nonparametric regression techniques have experienced a fast
growing with increasing of available computation power. In par-
ticular this work exploits the nonparametric mixed-effect model,
developed for longitudinal studies. The Nonparametric Mixed-
Effects (NPME) model was firstly proposed in [11]. Nevertheless,
the mixed-effects (ME) model has been used in VBM to handle intra
subject variability in the time domain as in [12, 13, 14]. In [15], with
a straightforward reformulation of the nonparametric ME model in
the spatial domain, we showed that it could be advantageously ap-
plied to perform voxel-based group comparison. The formulation
presented herein still relies on the work by [11] and on the adap-
tion done in [15] but, in addition, it is shown how to handle other
covariates rather than the group effect.

Data used in the preparation of this article were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
(adni.loni.ucla.edu). The primary goal of ADNI has been
to test whether serial magnetic resonance imaging (MRI), positron
emission tomography (PET), other biological markers, and clini-
cal and neuropsychological assessment can be combined to mea-
sure the progression of mild cognitive impairment (MCI) and early
Alzheimer’s disease (AD). For up-to-date information, see www.
adni-info.org.
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2. THE NONPARAMETRIC MIXED-EFFECTS MODEL

In this section the Nonparametric Mixed-Effects Model (NPME) is
presented. Assume there are n registered images from n different
and independent individuals which can be classified either in a group
of interest, say T , or its complement, say TC . Let fi (x) represents
the intensity at voxel x for the i-th individual and suppose that it can
be expressed using an additive model as in eq. (1),

fi (x) = m (x) + g (x) 1{i∈T} +Aia (x) + ei (x) + εi (x) ,
(1)

where m (x), g (x), a (x) and ei (x) are smooth functions and
εi (x) is a random error. 1{i∈T} is one if the i-th individual belongs
to group T and it is zero otherwise. The term m (x) + g (x) rep-
resents the mean of the group T , and m (x) the mean of the group
TC . The term a (x) represents the localized effect of the covariate
A (scalar). Further, ei (x) is the deviation of the i-th individual from
the corresponding mean of its group and it is assumed random from
the population perspective. Because this kind of model is composed
of population and individual features, it has been referred to in the
literature as a mixed-effects model. Moreover, let fe (t) the proba-
bility density function (pdf) of ei (x) and fε (t) be the pdf of εi (x).
Assuming that ei (x) and εi (x) are independent, the unconditional
pdf of fi (x) can be expressed as in eq. (2),

fε
(
t− [

m (x) + g (x) 1{i∈T} +Aia (x) + ei (x)
])× fe (t) . (2)

It has to be noted that, although for a single individual i, con-
ditioned with respect to himself, the function ei (·) is deterministic;
from the whole population perspective, this is quite a random fea-
ture.

Assume that all the functions in eq. (1) admit a first order ap-
proximation around x0. In addition let βm, βg , βa and bi, vectors

such that, for instance, βm =
[
m (x0) ∇mT (x0)

]T
and bi =[

ei (x0) ∇eTi (x0)
]T

. Finally, if Δx =
[
1 (x− x0)

T
]T

,
then fi (x) can be approximated as in eq. (3),

fi (x) = ΔT
xβm + 1{i∈T}ΔT

xβg +AiΔ
T
xβa +ΔT

xbi + εi (x) . (3)

Suppose now that the d image voxels are indexed as xs1 , xs2 ,
. . ., xsd . Thus, n×d points are available to estimate the model for all
the individuals. For each individual the response vector around xsj

is defined as Yi =
[
fi (xs1) . . . fi (xsd)

]T
, that in matrix

notation can be expressed as in eq. (4),

Yi = Xiβ +X∗bi + εi, (4)

with X∗ =

⎡
⎢⎢⎣

ΔT
j1

.

.

.

ΔT
jd

⎤
⎥⎥⎦, Xi =

[
X∗ 1{i∈T}X∗ AiX

∗ ]
, β =

[
βT
m βT

g βT
a

]T
and Δjk =

[
1 (xk − xj)

T
]T

. Moreover,

by concatenating the vectors and matrix as Y =
[

YT
1 . . . YT

n

]T
,

X =

⎡
⎢⎣

X1

.

.

.
Xn

⎤
⎥⎦, Z =

⎡
⎢⎣

X

. . .

X

⎤
⎥⎦ and b =

[
bT
1 . . . bT

n

]T
,

the model for all the individuals can be expressed as in eq. (5),

Y = Xβ + Zb+ ε. (5)

The vector ε is the evident concatenation of the εis vectors,
which contain the errors for the individuals at each voxel. The model

in eq. (5) has two random terms: the individual specificities repre-
sented in vector b that models intra-individual variability; the other
is the error vector ε which model inter-individuals variability. This
model has the form of a linear mixed-effects models (LME) and it
can be estimated using Maximum Likelihood (ML) or Restricted ML
(RML) as it is shown in [18]. The estimate of β, β̂, and the predic-
tion for b, b̂, contain the estimates of m

(
xsj

)
, g

(
xsj

)
, a

(
xsj

)
,

and ei
(
xsj

)
, i = 1, . . . , n. In order to weight the contribution

of the voxel xsk when estimating the terms around xsj a kernel

kh (·) = 1
h
k
( ·
h

)
is used. The parameter h is called the bandwidth.

The weighing matrix is defined as Kh = diag (Kjh, . . . ,Kjh) (a
nd× nd matrix), where

Kjh = diag
(
kh

(∥∥xs1 − xsj

∥∥) , . . . , kh
(∥∥xsd − xsj

∥∥))

is a d×d matrix a kernel function with bandwidth h. The model to be
estimated is the one of eq. (5) pre-multiplying both sides by K

1/2
h .

Assuming that b and ε are both independent Gaussian vector with
covariance matrix D and V , respectively, the local joint weighted
log-likelihood can be written as in eq. (6),

l (β,b|Y) = −1

2

(
rTVhr+ bTD−1b

)
+ C, (6)

with r = Y − Xβ − Zb, Vh = K
1/2
h V −1K

1/2
h and C = log |V | +

log |D| − nd+4n
2

log (2π). By minimizing (6), the Local Polinomial
ME (LPME) estimates are obtained [10, 19]. Additionally, this min-
imization should be done for each voxel xsj in order to have the cor-

responding estimates m̂
(
xsj

)
, ĝ

(
xsj

)
, â

(
xsj

)
. In this work, the

estimates divided by their corresponding standard errors are used as
statistics to assess the significance of the estimates. The distribution
of those statistics is assumed standard normal. The standard errors
are taken from the estimated fixed-effects covariance matrix.

3. APPLICATION TO AD STUDY

In this study, we investigated the ability of our method to detect dif-
ferences in gray matter (GM) between a population of healthy el-
derly (HE) individuals, and Alzheimer’s disease patients (AD) and
compared the results with SPM8. From the ADNI database we se-
lected 22 AD patients (mean age at baseline 75.58 ± 5.69, mean
MMSE 23.41 ± 1.79), a first group with 22 HE controls (mean age
at baseline 74.83± 5.49, mean MMSE 28.71 ± 1.45) and a sec-
ond group with 22 HE controls (mean age at baseline 70.82± 3.11,
mean MMSE 28.91 ± 1.34). All images were identified in the ADNI
database as best in terms of the quality ratings. All patients were im-
aged on a 1.5 T scanner with in-plane resolution of 0.94 × 0.94 mm,
1.25 × 1.25 mm and 1.30 × 1.30 mm, and slice thickness of 1.2 mm
(Detailed information about MR acquisition procedures is available
at the ADNI website www.adni-info.org). All images were corrected
for gradient non-linearity distortion, intensity non-uniformity, and
were scaled for gradient drift using the phantom data.

The MRI were segmented and normalized towards a stereotaxic
coordinate system using SPM8. Modulated probability maps were
then used as input in both, our method and in VBM as it is performed
by SPM.

When assessing the localized effects of the AD using the first
group of HE controls and the AD patients, it is expected that the age
has not an important effect in the analysis. However, when using
the second group of HE controls and the AD patients the contrary is
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NPME SPM8
Without age With age Without age With age

Structure P<0.05 P<0.001 P<0.05 P<0.001 P<0.05 P<0.001 P<0.05 P<0.001
Hipp L 59.30% 25.21% 58.16% 26.45% 72.62% 20.76% 70.76% 24.59%
Hipp R 55.70% 28.36% 54.49% 27.25% 70.33% 25.43% 68.82% 23.71%
ITG L 18.82% 1.97% 17.78% 1.85% 30.33% 0.58% 27.90% 0.49%
ITG R 11.48% 0.36% 10.47% 0.38% 23.84% 0.08% 22.53% 0.05%

Table 1. Estimated percentage of volume affected by the AD. Results of analysis performed with group 1 of HE vs. AD.

NPME SPM8
Without age With age Without age With age

Structure P<0.05 P<0.001 P<0.05 P<0.001 P<0.05 P<0.001 P<0.05 P<0.001
Hipp L 78.20% 55.58% 58.47% 23.04% 74.90% 37.19% 55.37% 9.61%
Hipp R 64.38% 45.91% 53.78% 27.85% 67.51% 20.48% 56.71% 11.60%
ITG L 35.10% 6.80% 22.05% 2.58% 28.45% 0.15% 24.24% 0.00%
ITG R 30.91% 5.21% 22.14% 1.75% 24.83% 0.05% 38.26% 0.05%

Table 2. Estimated percentage of volume affected by the AD. Results of analysis performed with group 2 of HE vs. AD.

(a) HE control brain. (b) AD brain. (c) P − values < 0.001.

Fig. 1. Typical 75 year old individual GM brain models generated with the NPME model and p-value (darkest points correspond to significant
values).

expected and modeling the impact of age should affect the results.
The effect of the age in GM changes has been studied for example
in [20]. There VBM is used to examine the effects of aging on gray
matter asymmetry.

Firstly, localized effects of the AD were assessed using the AD
and the first group of HE controls. Secondly, the same was per-
formed using the second group of HE controls. In both cases the
localized effects were assessed with and without include the age as
covariate. Four regions were selected to perform the analysis: the
left hippocampus (Hipp L), right hippocampus (Hipp R), left infe-
rior temporal gyrus (ITG L) and right inferior temporal gyrus (ITG
R). The percentage of affected volume was calculated as the num-
ber of significant voxels within a region divided by the total number
of voxels of that region. Two confidence levels were used: 95%
(P<0.05) and 99.9% (P<0.001). As the methodologies to perform
correction for FPR with the NPME are matter of future research,
the uncorrected p-values are used for both methodologies. A sym-
metric kernel of 8mm Full Width at Half Maximum (FWHM) was
used in SPM8 to smooth the images. The same kernel was used
in the nonparametric mixed-effects model. The methodology was
programmed using R [21]. The experiment results are presented in
tables 1 and 2.

4. DISCUSSION

From tables 1 and 2 it can be noticed that the proposed methodol-
ogy produces consistent results for both HE control groups when
modeling the age. As it was expected, when using the first group
of controls the impact of modeling the age was not significant. By
the contrary, when using the second group of controls the proposed
methodology, including the age as covariate, exhibits similar results
than when using the first HE controls. The results obtained with
SPM8 substantially change depending on the control group.

In addition, it is possible to derive a voxel-based model for the
GM. As it is assumed that the random deviations ei (xsk ) are zero-
mean normal variables, the expected intensities of GM for typical
HE control and AD patients at a given age A, for the xsk voxel, can
be written as in eq. (7) and (8), respectively,

f̂ (xsk ) = m̂ (xsk ) +A× a (xsk ) , (7)

f̂ (xsk ) = m̂ (xsk ) + ĝ (xsk ) +A× a (xsk ) . (8)

Moreover, using the eq. (7) and (8) it is possible to recon-
struct the typical brains for HE and AD patients. Figures 1(a) and
1(b) depict this reconstruction for two 75 year old patients. Figure
1(c) shows the p-value map to assess the differences among the two
groups. The interest of doing this type of reconstruction is that for
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a new patient, whose diagnose is not known, it would be possible to
use those models to identify the one which it has the better corre-
spondence. This could be done applying voxel-wise goodness of fit
tests and choosing the model that match better the new patient.

In this work a 8 mm FWHM Gaussian kernel was used. There
are several proposals in the literature to chose the optimal bandwidth.
Some authors suggest using different bandwidths to estimate fixed
and random effects [22]. For such a purpose, bandwidth selection
strategies based on cross-validation can be used [19, p. 87]. How-
ever, they are computationally expensive to be applied in voxel-wise
models and efficient methods should be developed to use a cross-
validation bandwidth selection strategy. For instance, the optimal
bandwidth could be selected as the one that minimizes the leave-
one-patient-out cross-validation error shown in eq. (9),

CV (h) =
1

n× d

n∑
i=1

d∑
k=1

(
f̂
(h)
i (xsk )− fi (xsk )

)2

, (9)

where f̂
(h)
i (xsk ) is the estimate of fi (xsk ) using a model estimated

without the i-th individual and the bandwidth h. By choosing h in
this way, the conclusions will be supported in the fitted model that
better describes the population.

Finally, we have shown that the proposed method can be used
to perform VBM, but in addition it could allow as well to do clas-
sification or to help in the diagnose process. Moreover, using the
developed theory for NPME it would be possible to develop method-
ologies for objective kernel bandwidth selection. Efficient methods
to perform voxel-wise goodness of fit tests and kernel bandwidth se-
lection are matter of future works.
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