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Abstract -This study analyzed the differences of brain
network between Alzheimer's disease (AD),mild cognitive
impairment (MCI), and control groups, in which magnetic
resonance images (MRIs) and mini-mental state
examination(MMSE) data were downloaded from ANDI(N=40,
each group). The correlation maps for analyzing brain
network were created by fractal dimension (FD) analysis that
can quantify the morphological change of cortical and
cerebral regions. In the present study, we applied the graph
theory, in which a node represents each parcellated region
and an edge between two nodes, to calculate the small-world
network properties of each group.
In comparison with the control group, AD group
presents significantly lower FD values (p<0.05) in temporal
lobe, motor cortex, part of occipital and parietal,
hippocampus, amygdala, and entorhinal, accompanied by the
atrophy of these regions. The regions highly related to
memory were also found to manifest significantly lower FD
values in MCI, including hippocampus, parahippocampus,
amygdala, and entorhinal cortex. Moreover, less connectivity
and decreased efficient network were found in AD and MCI.
In conclusion, FD can be used to demonstrate the
progress of declination from MCI to AD. In the future, more
clinical assessments are needed to substantiate the findings in
the present study.
Keywords:Alzheimer's
Disease,
Alzheimer’s
Disease
Neuroimaging Initiative, Fractal Dimension, Mild Cognitive
Impairment, Small-World Network.

1

Introduction

Alzheimer’s Disease is a chronic neurodegenerative
disease, and it is the most common form of the dementia. It
was discovered and named by Dr. Alois Alzheimer in1906.
Early symptom includes difficulty in memorizing the recent
events and short-term memory dysfunction. With the advance
of disease, more abnormalities such asthe problem of
language, orientation, and independent living skill would
occur.So far, the tools used to assist in diagnosing AD
includes imaging,for examples MRI, PET; biochemistry,
neuropsychological
test,such
as
mini-mental
state
examination (MMSE), Clinical Dementia Rating (CDR),

Global Deterioration Scale (GDS)[18]. In terms of anatomy
and physiology, it was discovered the accumulation of βamyloid plaque and neurofibrillary tangle, that will cause
seriously loss of neurons and synapse, and make the neuron
connection loss and the volume atrophy occur on many region
of brain cortex [8,13,14]. The typical symptoms of AD,
including the disorders of memory, language, disorientation,
motion, are derived from these impairments in brain. Also,
Ronald C. Petersen [17] indicated that amnesic mild cognitive
impairment might be the early stage of the AD.
The progress of dementia is a slow process and the stage
is referred to as mild cognitive impairment (MCI), indicating
the intermediate stage between the expected cognitive decline
of normal aging and the more serious decline of dementia. It
can involve abnormalities in memory, language, thinking and
judgment[17].Recently, studies showed that about 10% to 15%
of patients with amnesic MCI eventually deteriorate in AD[17].
Previous studies reported that MR images of MCI presents
the atrophy in the hippocampus and temporal lobe, and also
demonstrated amyloid accumulation in PET [17].
In addition, fractal dimensions (FD), which can quantify
the brain cortex complexity, has been applied on the normal
and several diseases [1,4,5,8]. Previous studies demonstrated
that the patients with AD showed significantly decreased in
several cortical regions and hippocampus [14]. Moreover, Stam
et al. [3] also demonstrated that the patients with AD showed
impaired small-world network, which has short distance of
the connection between brain regions and high cluster level of
nearby regions [4]. Therefore, in the present study, we aimed
to investigate the differences of FD and the properties of
small-world network created by FD between AD, MCI, and
normal control. We hypothesized that the complexity of
cortical surface would decrease in the atrophic brain regions,
which would be the memory-related regions, such as
hippocampus.

2
2.1

Material and Method
Image acquisition and Subjects

MRI images and data used in this work were obtained
from the Alzheimer's Disease Neuroimaging Initiative (ADNI)
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database. It is an open dataset, belonging to Laboratory of
Neuro Imaging (LONI), University of Southern California
(USC). We only used the baseline data including a total of
120 subjects (40 NC, 40 MCI and 40 AD). The general
inclusion/exclusion criteria used by ADNI are summarized as
follow: 1) Normal subjects: Mini-Mental State Examination
(MMSE) scores between 24 and 30 (inclusive), a Clinical
Dementia Rating (CDR) of 0, non-depressed, non-demented
and non-MCI; 2) MCI subjects: MMSE scores between 24
and 30 (inclusive), a memory complaint, have objective
memory loss measured by education adjusted scores on
Wechsler Memory Scale Logical Memory II; 3) AD subjects:
MMSE scores between 20 and 26 (inclusive), CDR of 0.5 or
1.0, and meets NINCDS/ADRDA criteria. No significant
group differences were noted in age or sex ratio (Age P-value:
Normal-MCI: 0.15, Normal-AD: 0.74, MCI-AD: 0.34; Sex Pvalue: Normal-MCI: 0.22, Normal-AD: 0.34, MCI-AD: 0.06).
Details of the demographics and clinical characteristics of the
sample used in this paper are presented in Table1

accurately capturing the structure of the pattern. Using the
box counting method, fractal dimension is again the slope of
the line when we plot the value of log(count) on the Y-axis
against the value of log(1/b) on the X-axis. N is the number of
boxes that cover the pattern, and b is the box size. (Figure1)

The acquisition consisted of T1- weighted MRI scans,
using a sagittal gradient-echo sequence(MP-RAGE), with
repetition time (TR) of 9 msec, echo time (TE) of 4 msec, flip
angle of 8, and acquisition matrix size of 256 · 256 · 166 with
a voxel size of 0.94 · 0.94 · 1.2 mm. the raw T1- weighted
MRI applied N3 algorithm for intensity inhomogeneity
correction.

2.4.1

Table1. ADNI Data
Group

MMSE

Genders

Age

Normal (N=40)

29.33±0.92

M:22,F:18

77.40±5.03

MCI (N=40)

27.78±1.64

M:25,F:15

78.85±3.77

AD (N=40)

22.95±2.12

M19:,F:21

77.80±5.80

Figure1. FD: Box-counting method

2.4

Small-World Network

Structural Correlation Matrix
Structural correlation networks (SCN) was constructed
at the group level. An 86 × 86 association matrix was
generated for each group where the entry of each matrix was
calculated by performing Pearson correlation coefficient
between the FD values of any paired regions across subjects
within this group. These morphometric correlations might
reflect anatomical connectivity, as axonal connected regions
are believed to be influenced by common developmental,
trophic or maturational effects[15,16].
2.4.2

2.2

Imageprocessing

We used SPM12(Statistic Parametric Mapping,
University College of London) for transformation of the
original data into the ACPC coordinate. Using volumetric
segmentation and cortical surface reconstruction methods
based on the publicly available FreeSurfer software package
(Laboratory for Computational Neuroimaging), volumetric
measures were created for hippocampus, amygdala, caudate,
putamen, nucleus accumbens and thalamus. The surface was
then parcellated into cortical ROIs (Desikan-Killiany Atlas)
in subject-specific native space.

2.3

Fractal Dimensions: Box-counting method

FD could be used to quantify the complexity of object’s
surface. We use Box-counting method to calculate and
quantify each ROI on cortical surface. First, we cover the
image with a grid, and then count how many boxes of the grid
are covering part of the image. Then we repeat the same
procedure but using a finer grid with smaller boxes. By
shrinking the size of the grid repeatedly, we end up more

Small-World Network Indicators
We computed five different Small-World Network
Indicator, namely, Degrees, Strengths, Clustering coefficient,
Efficiency and Distances. In the network, every node has its
connection with other nodes (𝐾𝑖,𝑖=1,2,…𝑁 ), and “Degrees” is
the numbers of connection connected to the node. Then, we
calculated the average to be the Global Degrees of this
network. “Strengths” refers to how strong the connection is
(denoted by 𝑍(𝑖, 𝑗) ), which is represented by correlation
coefficient. The nodal Strengths calculate from the
summation all of the node’s correlation coefficients and
divide by every node’s Degrees. Global Strengths of network
is the average of Strengths of every node.“Clustering
coefficient” is calculated as the ratio which is the number of
real connections among the nodes that connect to a specific
node divided by the number all possible connections among
these nodes.“Efficiency” is the reciprocal of Distance. The
shorter the Distance from one node to another node is, the
higher the transfer efficiency. Global Efficiency (𝐸𝐺𝑙𝑜𝑏𝑎𝑙 ) is
the average of nodal Efficiencies. “Distance” is the average of
path length from a node to another node (denoted by 𝐿𝑖,𝑗 ), and
the average of nodal Distances is the Global Distance
(denoted by 𝐿𝐺 ) (Table2).
Table2. Small-World Network Indicator and Formulas
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Indicators

Formula
1

Degrees

𝐾𝐺𝑙𝑜𝑏𝑎𝑙 = ∑𝑖∈𝑁 𝐾𝑖 ……………………….…(2)

Strengths

𝐸𝐺𝑙𝑜𝑏𝑎𝑙 =

Clustering
coefficient

𝐶𝐺 =

Efficiency

𝐸𝐺𝑙𝑜𝑏𝑎𝑙 =

Distances

𝐿𝐺 = ∑𝑖∈𝑁

3

𝑁

1
𝑁

1
𝑁

∑𝑖∈𝑁(

∑𝑖∈𝑁

1
𝐾𝑖

∑𝑗∈𝑁 𝑍(𝑖, 𝑗))……….......(3)

(𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑟𝑒𝑎𝑙𝑐𝑜𝑛𝑛𝑒𝑐𝑡)
𝐾𝑖 (𝐾𝑖 −1)/2
1

𝑁(𝑁−1)

1

1

𝑁

𝑁−1

∑𝑖≠𝑗∈𝑁

1
𝐿𝑖,𝑗

…….…....(4)

……………..……(5)

∑𝑗≠𝑖∈𝑁 𝐿𝑖,𝑗 …………….……(6)

Results

3.1 Fractal Dimensions
We performed Two-Sample T-test at same region
between two groups, which are NC vs. MCI, MCI vs. AD and
NC vs. AD) and colored the significant difference (Pvalue<0.05) areas on brain model as displayed in Figure 2.
MCI and AD group have the significantly (P-value<0.05)
lower FD value at entorhinal cortex(black arrow)compared
with Normal group. Also, the temporal lobe shows the
significantly (P-value<0.05) lower FD value, which is one of
the target areas that appear atrophy in AD patients. In
comparison with the MCI group, AD group have lower FD
not only in temporal lobe but also at occipital lobe, part of
parietal lobe, hippocampus(blue arrow) and amygdala. These
areas that have significant lower FD demonstrate the gradual
atrophy when people progress from Normal to AD.
Left
Hemisphere

Right
Hemisphere

NormalMCI

Figure3. Small-World Network
Furthermore, we calculated network strength on six
regions, namely, the frontal lobe, farietal lobe, temporal lobe,
occipital lobe, cingulate cortex and the subcortical region and
cerebellum. Figure 4 displays two different patterns of
network strengths in the left and right panels, respectively. In
the left panel, the strength in the frontal lobe, parietal lobe
and temporal lobe are significant higher than the MCI and
AD groups. In contrast, there are no significant network
strength differences between MCI, AD and control groups in
the occipital lobe, cingulate cortex, subcortical region and
cerebellum.

Subcortical
P-value
<0.05

MCIAD

NormalAD

Figure2. Fractal Dimensions significant lower area

3.2

Figure4. Regional network Strength on six regions, including
frontal lobe, parietal lobe, temporal lobe, occipital lobe,
Cingulate cortex and the remaining area (Subcortical region
and Cerebellum)

Small-World Network

The Normal group has the larger Degrees, stronger
Strengths, higher Efficiency, and shorter Distances then the
MCI and AD groups. These results manifest the trend that
Normal group has the superior network performance than the
MCI and AD groups.

4

Discussion and Conclusions

In the present study, both MCI and AD had
significantly diminished FD in the memory-related regions.
Moreover, the progress of the deterioration was demonstrated;
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that is, the FD values of subcortical regions, such as
hippocampus, entorhinal cortex, and amygdala, had
decreased in MCI, and of further regions, including temporal
lobe and part of parietal lobe, were found in AD (Fig. 2).
Also, compared to normal control, both AD and MCI had
decreased connectivity and less efficient network, which
were shown by the lower strengths, efficiency and longer
distance in these patient groups (Fig. 3).
It is known that cerebral cortex, especially temporal,
parietal and pre-frontal lobes are related to our memory,
orientation, calculation and abstract thinking. So, the weaker
network connectivity in the frontal, parietal, and temporal
lobes in the AD and MCI groups compared to the normal
subjects may reflect on their memory impairment and
mentality decline. (left panel of Fig.4) However, it is
interesting that the occipital lobe, cingulate cortex, basal
ganglia and the cerebellum of the AD and MCI patients are
relatively spared from the disease process in our study. (right
panel of Fig.4).
Being consistent with previous studies, temporal region
was regarded as the target region of atrophy in the patients
with AD[14].Temporal lobe is the main region for language,
learning, semantic and recognition memory, and the
impairments of AD in memory and language are highly
correlated with this region. In addition, impaired smallnetwork was also found in previous studies [3]. Stam et al.
demonstrated that AD was characterized by a longer
characteristic path length with relative sparing of the local
clustering. The significant correlation between path length
and cognitive assessment provided further evidence for the
concept of AD as a disconnection syndrome.
Consequently, since that FD represented different
declination from MCI to AD, FD analysis may be used to
evaluate the progress of cognitive degeneration. The
properties of network created by FD can indicate the
abnormality at the prodromal stage of dementia, i.e. MCI. In
the future, FD may develop to be a tool for assist in diagnosis.
To provide stronger evidence, the relationship between the
decreased FD and cognitive declination, collected by clinical
assessments, are needed to examine in the future.
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