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Abstract In this review paper, we summarized the auto-
mated dementia identification algorithms in the literature from
a pattern classification perspective. Since most of those algo-
rithms consist of both feature extraction and classification, we
provide a survey on three categories of feature extraction
methods, including the voxel-, vertex- and ROI-based ones,
and four categories of classifiers, including the linear dis-
criminant analysis, Bayes classifiers, support vector machines,
and artificial neural networks. We also compare the reported
performance of many recently published dementia identifica-
tion algorithms. Our comparison shows that many algorithms
can differentiate the Alzheimer’s disease (AD) from elderly
normal with a largely satisfying accuracy, whereas distin-
guishing the mild cognitive impairment from AD or elderly
normal still remains a major challenge.

Keywords Dementia - Computer-aided diagnosis -
Medical imaging - Image processing - Feature extraction -
Pattern classification

C. Zheng - Y. Xia - Y. Pan

Shaanxi Key Lab of Speech & Image Information Processing
(SAIIP), School of Computer Science and Engineering,
Northwestern Polytechnical University, Xi’an 710072,
People’s Republic of China

C. Zheng - Y. Xia (X)) - Y. Pan

Centre for Multidisciplinary Convergence Computing (CMCC),
School of Computer Science and Engineering, Northwestern
Polytechnical University, Xi’an 710072, People’s Republic of
China

e-mail: yxia@nwpu.edu.cn

J. Chen (D<)

Department of Radiation Oncology, Shandong Tumor Hospital,
Jinan 250117, People’s Republic of China

e-mail: felixchen@163.com

1 Introduction

Dementia is a chronic and progressive decline in cognitive
function due to the damage or disease in the brain beyond
what might be expected from normal aging [1]. There exist
many varieties of dementia, among which the Alzheimer’s
disease (AD) and frontotemporal dementia (FTD) are two
of the most common types [2—4]. AD is the most prevalent
dementia type, representing 60-80 % of the cases [5]. FTD
was once considered rare, but it is now thought to account
for up to 4 and 20 % of all dementia and memory disorders
in clinics [6] and may be as common as AD among people
younger than age 65 [7]. Other conditions that can also
cause dementia include Creutzfeldt—Jakob disease (CJD),
Huntington’s disease, Lewy body disease, Parkinson’s
disease, vascular dementia, and Wernicke—Korsakoff
syndrome.

Dementia is now a major global health and social threat.
It was estimated that 35.6 million people worldwide were
suffering from dementia in 2010 and the population was
predicted to be doubled every 20 years as the world pop-
ulation ages [8, 9]. Due to the rapid increase of dementia
cases, this disease has become an increasing death-factor
around the whole world [10]. It is shown that, from 2000 to
2010, the deathrate of heart disease, breast cancer, prostate
cancer, stroke, and HIV has dropped by 16, 2, 8, 23, and
42 %, respectively, whereas the deathrate of AD has
increased by an astonishing 68 % [11]. Even worse,
dementia generally presents a duration of more than
10 years after diagnosis [12], which may bring enormous
impact and financial burden on individuals, families, health
care systems, and societies as a whole [13—15].

The early symptoms of dementia include memory
problems, difficulties in word finding and thinking pro-
cesses, a lack of initiative, changes in personality or
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behavior, in day to day function at home, or at work, and in
taking care of oneself. Some symptoms are reversible,
whereas others are irreversible, depending upon the etiol-
ogy of the disease. If the dementia can be diagnosed at its
early stage, it is still possible to repair some reversible
damages and thus slow down the process of irreversible
damages, since evidences showed that the currently avail-
able medications for dementia, which can help people to
maintain daily function and quality of life as well as sta-
bilize cognitive decline, may be more beneficial if given
early in the disease process. For instance, about 10-30 %
of people with the mild cognitive impairment (MCI), which
is usually thought to be the incubation of AD in clinical
practice, develop to AD every year, whereas the conversion
rate of normal aging group is just 1-3 % [16]. According to
recent research, diagnosing MCI at its early stage and
taking corresponding measures to protect certain neuro-
logical functions of patients will help to slow down the
conversion from MCI to AD.

There exist some brief (5—15 min) tests that have rea-
sonable reliability and can be used in the office or other
settings to screen cognitive status for deficits which are
considered pathological. Examples of such tests include the
abbreviated mental test score (AMTS), mini-mental state
examination (MMSE), modified mini-mental state exami-
nation (3MS) [17], cognitive abilities screening instrument
(CASI) [18], and clock drawing test [19]. Although these
tests can help diagnosing different types of dementia, they
are generally recognized to be inadequate to classify the
types of dementia at an early stage. Some people perform
well on brief screening tests, but their memory and think-
ing impairments may be found with more comprehensive
testing. Moreover, some tests have been shown to have
educational, social, and cultural biases.

Medical imaging offers the ability to visualize degener-
ative histological changes, including the amyloid plaques,
hypo-metabolism, and atrophy introduced by neurological
disorders, which occur long before the neurodegenerative
disorder is clinically detectable [20]. Hence, the widespread
applications of medical imaging have led to a revolution in
the early diagnosis of dementia [21-24]. The commonly used
imaging modalities in dementia diagnosis include the mag-
netic resonance imaging (MRI), positron emission tomog-
raphy (PET), and single-photon emission computed
tomography (SPECT). Structural MRI uses a magnetic field
and radio waves to create detailed images of the organs and
tissues within human body and has been shown to be a sur-
rogate for early diagnosis of AD, particularly in subjects
clinically classified as amnestic MCI (aMCI) [25]. This
technique offers several advantages, including greater
availability, better soft tissue contrast, faster data acquisi-
tion, lower cost, and the possibility of automatically deriving
quantitative indices of regional atrophy [26]. Accordingly,
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the validation of structure MRI as a marker of AD progres-
sion is the core project of the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI). Functional PET with various
radioactive tracers, e.g., 2-['®F]fluoro-2-deoxy-p-glucose
(FDG) and 18C-Pittsburgh Compound (*'C-PiB), can detect
subtle changes in cerebral metabolism or amyloid deposition
prior to anatomical changes are evident or a symptomato-
logical diagnosis of probable dementia can be made with
structure imaging [27-30]. Functional SPECT is similar to
PET in its use of radioactive tracer material and detection of
gamma rays. SPECT scans have low spatial resolution than
PET scans, but are significantly less expensive. However, the
interpretation of PET and SPECT images remains a chal-
lenge because the changes can be subtle in the early course of
the disease and there can be some overlap with normal aging
and other dementia types [31].

In medical imaging based dementia diagnosis, the acquired
3D images are still analyzed almost entirely through visual
inspection on a slice-by-slice basis in search of familiar dis-
ease patterns. This requires a high degree of skill and con-
centration, and is time-consuming, expensive, and prone to
operator bias. Thus, there is a strong demand for computer-
aided automated dementia classification, which is expected to
provide a useful “second opinion” and enable doctors to
bypass the aforementioned issues. As a result, a great number
of computer-aided automated dementia identification
approaches have been proposed. The targets of those
approaches are in threefold: (1) differentiating dementia cases
from normal controls (NCs); (2) identifying different stages of
dementia, such as separating MCI from AD cases; and (3)
identifying different types of dementia, such as separating AD
from FTD. There exist several publically available databases,
including the Early Lung Cancer Action Program (ELCAP)
[32], Open Access Series of Imaging Studies (OASIS) [33,
34], and Alzheimer’s disease Neuroimaging Initiative (ADNI)
[35]. These databases have been broadly used as the test bed in
many studies, and thus tremendously promoted the research
on automated dementia identification.

In this paper, we provide a survey of automated
dementia identification approaches in the literature from a
pattern classification perspective. Similar to other pattern
classification solutions, various dementia identification
approaches consist of two major steps: feature extraction
and classification. Hence, we review the feature extraction
methods and classifiers used in those approaches, respec-
tively. We also provide a comparison of the reported per-
formance of many available approaches.

2 Methods

Automated identification of dementia using medical
imaging with the aid of computers is essentially an image-
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based pattern recognition problem, which can be solved in
two successive steps: feature extraction and pattern clas-
sification. During the training stage, image features that can
characterize the patterns of various types or stages of
dementia are calculated based on the quantitative analysis
of medical images. Those features are usually selected and/
or combined to reduce their dimensionality before training
a classifier with the supervised learning techniques [36].
The trained classifier may be treated as a “black box,”
which encapsulates the knowledge gleaned from the ima-
ges and is capable of producing the expected predictions
[37]. For each testing image, the features extracted,
selected, and combined in the same way are applied to the
trained classifier to generate a predicted class label that
indicates to which type or stage the dementia case belongs.
The diagram of a typical automated dementia identification
system is shown in Fig. 1.

Next, we will review the feature extraction methods and
classification methods used in the state of the art dementia
identification approaches, respectively.

2.1 Feature extraction methods
According to the types of features extracted from brain

images, feature extraction methods can be roughly grouped
into voxel-based, vertex-based, and ROI-based ones [38].

2.1.1 Voxel-based methods

Voxel-based methods can be traced back to the mid-1990s,
when Wright et al. [39] statistically analyzed the gray
matter and white matter voxel values for schizophrenia
diagnosis. Typically, voxel-based features consist of
statistics of voxel distributions on major brain tissues, such
as the gray matter, white matter, and cerebrospinal fluid
(CSF) [37, 40-43]. Magnin et al. [44] counted the voxel
value histogram in major anatomical regions, which could
be obtained by either image segmentation or registering a
brain atlas onto the image [44-46]. However, the
anatomical parcellation of brain is not a trivial task and
may not be adaptive to the pathology. Fan et al. [42] pro-
posed an adaptive parcellation approach, in which the
image space is divided into the most discriminative regions
[40, 41, 47-49]. The voxel-based morphometry (VBM)
method proposed by Ashburner et al. [50] allows investi-
gation of focal differences in brain anatomy using the
statistical parametric mapping (SPM), and hence greatly
facilitates the extraction of voxel-based features. Papa-
kostas et al. [51] successfully applied the VBM analysis to
feature extraction on MRI data. Recently, Liu et al. pro-
posed a simulation method to predict the longitudinal brain
morphological changes in neurodegenerative brains based
on VBM [52].
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Fig. 1 Diagram of computer-aided identification of dementia
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Voxel-based features can be either directly used to con-
struct classifiers [43] or further processed to reduce its
dimensionality via feature selection, agglomeration, and
combination [38]. Vemuri et al. [37] used smoothing, voxel-
downsampling, feature selection, and combination to iden-
tify the features with the highest discriminatory power. Zhao
et al. [53] used the trace ratio linear discriminant analysis to
get the optimal feature projection, and thus reduced the
dimensionality of original features. Fan et al. [54] used a
high-dimensional template to wrap original data and
employed a watershed method to get the robust features.

2.1.2 Vertex-based methods

Clinical studies show that not only the volume of
anatomical regions matters in the early diagnose of
dementia, but also the vertex atrophy of the regions can
reflect the difference among AD, NC, and MCI [55-57].
Hence, another category of features is defined at the vertex-
level on the cortical surface. The cortical thickness repre-
sents a direct index of atrophy caused by dementia and can
be used in dementia diagnosis. Querbes et al. [56] devel-
oped a fast, robust, and fully automated method for cortical
thickness measurement. Lerch et al. [58] also proposed a
link between histopathologically confirmed changes and
cortical atrophy assessed through cortical thickness mea-
surement. Desikan et al. [55] parcellated the brain into
neocortical and non-neocortical ROIs by wrapping an
anatomical atlas and used the mean thickness and volume
of each ROI at the right and the left hemispheres as fea-
tures. In this method, the volumes are corrected using the
estimated total intracranial volume [38].

As an alternative to volumetric methods, cortical
thickness measurement has given promising results while
being less operator-dependent than the hippocampal vol-
ume measurements and is suitable for quantification and
localization [59]. The cognitive reserve is recognized as a
confounding factor in hiding early signs of dementia,
especially for subjects with a high education level who
would be more successful at coping with greater brain
damage [60-62]. The studies, which have investigated the
interaction between the cognitive reserve and neuroimag-
ing modes, showed that neuroimaging measurements may
reflect the underlying pathology better than neuropsy-
chometry since they are less affected by cognitive reserve
[61, 63—-65]. However, clinical evaluations have shown the
limitations of vertex-based features in predicting the evo-
lution from the MCI stage to the dementia stage [66—69].

2.1.3 ROI-based methods

ROI-based methods define image features in one or more
major brain components, such as the cingulum, corpus
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callosum, uncinate fasciculus, superior longitudinal fasci-
culus, and hippocampi. Pathological studies have shown
that neurodegeneration in AD begins in the medial tem-
poral lobe, successively affecting the entorhinal cortex,
hippocampus, and limbic system, and then extends toward
neocortical areas [70, 71]. There is a widespread agreement
that medial temporal atrophy, in particular hippocampal
atrophy, is a sensitive AD biomarker [72-74]. Hence,
hippocampi have been used as a marker of early AD in a
number of studies [38].

The widely used features include the volume or shape of
hippocampi or a weighted combination. Chupin et al. [75—
77] adopted the volume of the hippocampi as features, which
were normalized by the total intracranial volume (TIV)
summing up cortical parcellation maps of GM, WM, and
CSF inside a bounding box in a standard space. Westman
et al. [78] also used the hippocampal volume extracted on
MRI data as features and the orthogonal partial least squares
to latent structures (OPLS) analysis as the classifier to dif-
ferentiate AD and MCI from elderly normal subjects. When
it comes to the shape features, each segmented hippocampus
is described by a series of spherical harmonics (SPHARM),
whose coefficients were computed with the SPHARM-PDM
software developed by the University of North Carolina and
the National Alliance for Medical Imaging Computing [79].
Gerardin et al. [80] adopted two sets, one for each hip-
pocampus, of 3D SPHARM coefficients as features and used
an univariate feature selection method combined with a
bagging strategy to get the most discriminative features.
Atrophy in early stages of AD is not confined to the hip-
pocampus or the entorhinal cortex. Other areas are affected
in AD patients and MCI patients as well [4]. Therefore,
multi-ROI-based feature extraction has attracted a lot of
research attentions. Xia et al. [81] used the AAL cortical
parcellation map to separate 116 anatomical regions for
feature extraction. Liu et al. [82] proposed a multi-channel
pattern analysis approach to analyze the hypo-metabolism
patterns of AD and MCI on FDG-PET data and identified 21
brain regions as the most discriminative biomarkers.

In ROI-based methods, ROI segmentation is usually
performed before feature extraction. Since manual seg-
mentation is time-consuming and prone to operator-related
bias, automated segmentation of ROIs is badly needed.
Beside using probabilistic and anatomical priors for hip-
pocampus segmentation [75], Chupin et al. [76, 77] also
developed a fully automatic method called SACHA, which
uses the prior knowledge on the location of the hip-
pocampus and amygdala derived from a probabilistic atlas
and on the relative positions of these structures with respect
to the automatically identified landmarks [38]. The
SACHA algorithm segments both the hippocampus and
amygdala simultaneously based on competitive region-
growing between these two structures. It has shown that
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this approach is competitive with manual tracing for the
discrimination of patients with AD and MCI [75, 83].

2.2 Classification methods

With the features estimated on training cases, a classifier
can be trained and applied to predict the diagnosis of a
testing case, whose features are extracted in the same way.
The commonly used classifiers in dementia identification
include the linear discriminant analysis (LDA), Bayes
classifier, support vector machine (SVM), artificial neural
network (ANN), and other supervised ones [84, 85].

2.2.1 Linear discriminant analysis (LDA)

Since the number of brain voxels is huge, the features cal-
culated via voxel combination are of high dimension. LDA,
also known as the Fisher linear discriminant (FLD), is one of
the most popular dimensionality reduction methods [86].
LDA looks for low-dimensional linear combinations of
variables, which best explain the data, by maximizing the
between-class scatter matrix while minimizing the within-
class scatter matrix and form a linear discriminant function
resulting in least misjudgments [87-89]. Zhao et al. [53]
proposed an improved iterative trace ratio (iITR) algorithm
to solve the trace ratio linear discriminant analysis (TR-
LDA) problem for dementia diagnosis and achieved better
performance than the principal component analysis (PCA),
locality preserving projections (LPP), and maximum margin
criterion (MMC). Horn et al. [90] applied the image features
compressed by the partial least squares (PLS) to LDA for
differentiating AD from FTD and achieved an accuracy of
84 %, a sensitivity of 83 %, and a specificity of 86 % on
perfusion SPECT images.

LDA is closely related to analysis of variance and
regression analysis, which also attempt to express one
dependent variable as a linear combination of other fea-
tures or measurements [91]. LDA works well when the
features own the characteristic of clear classification, which
however is not possessed by most features extracted clin-
ical data.

2.2.2 Bayes classifiers

Bayes classifiers are a family of simple probabilistic clas-
sifiers based on Bayes’ theorem with strong (naive) inde-
pendence assumptions between the features. Seixas et al.
[10] proposed a Bayesian network decision model for
supporting diagnosis of AD, MCI, and NC, and achieved
better performance than several well-known classifiers,
including the nidive Bayes, logistic regression model,
multilayer perceptron ANN, decision table, decision stump
optimized by the Adaboost algorithm and J48 decision tree.

Liu et al. [92] proposed the multifold Bayesian Kernel-
ization method, which can differentiate AD from NC with
a high accuracy, but achieved poor results in diagnosing
MClI-converter (MCIc) and MCI-non-converter (MClnc).
Plant et al. [93] combined the feature selection with clas-
sification using a Bayes classifier for the discrimination
between AD and NC on MRI data and reported an accuracy
of up to 92 %. Lopez et al. [94] applied the multivariate
methods, such as PCA and LDA, to feature extraction, and
then employed the Bayesian framework for automated
diagnosis of AD and NC using PET and SPECT.

2.2.3 Support vector machine (SVM)

A SVM constructs a hyperplane or a set of hyperplanes in a
high- or infinite-dimensional space, which can be used for
classification, regression, or other tasks [95]. Since the
constructed hyperplane has the largest distance to the
nearest training data points of any class, SVMs in general
have lower generalization error than other classifiers, and
hence have been commonly used to solve pattern classifi-
cation problems which have limited training samples [38,
96-98]. Kloppel et al. [43] first used the SVM-based cri-
teria to select the most discriminative features, and then
applied the SVM-based classifier to diagnose healthy
controls and schizophrenia patients using MRI brain ima-
ges. Vemuri et al. [37] also used SVM as both feature
selection criteria and a classifier, and achieved a sensitivity
of 86 % and a specificity of 92 % in AD diagnosis on MRI
data. Schmitter et al. [99] used SVM to verify that two
distinct VBM algorithms, i.e., the FreeSurfer and an in-
house algorithm MorphoBox, can achieve comparable
results to the conventional whole-brain VBM techniques.
Hackmack et al. [100] firstly used the dual-tree wavelet
transform to extract features, and then used a linear SVM
to discriminate multiple sclerosis from NC. Dukart et al.
[101] used the meta-analysis- based-SVM to diagnose AD
and NC on both MRI and PET data and achieved an
accuracy of 90.0 %, a sensitivity of 91.8 % and a speci-
ficity of 87.8 %. Ortiz et al. [102] used the SVM classifier
to verify the performance of three different feature
extraction methods, including PCA, learning vector quan-
tization (LVQ), and voxels as features (VAF) and
demonstrated that LVQ features could generate the best
result. Nir et al. [103] used the fiber-tract modeling method
to extract image features and applied SVM to differenti-
ating AD from NC and achieved an accuracy of 86.2 %, a
sensitivity of 88.0 %, and a specificity of 89.2 %.

2.2.4 Artificial neural network (ANN)

ANNs are a family of models inspired by biological
neural networks and are wused to estimate or
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approximate functions that depend on a large number
of inputs and are generally unknown. They have been used
to solve a wide variety of tasks that are hard to solve using
ordinary rule-based programming. Deng et al. [104] showed
that using ANN can get higher sensitivity and accuracy than
traditional discriminant function analysis [105] in dementia
classification using MRI. Huang et al. [105] combined the
VBM technique and ANN to differentiate AD from NC and
achieved 100 % accuracy. Garcia-Pérez et al. [106]
employed the artificial neural network technology to build an
automaton to assist neurologists during the differential
diagnosis of AD and VD. The recent studies also suggest that
deep learning, which is usually based on a hierarchical ANN,
is effective in capturing high-level variations of brain images
and improves the dementia classification [107-109].

Generally, ANN can be viewed as a ‘black box’ for the
best discriminant analysis. Due to its parallel nature, ANN
can easily take the advantage of hardware development and
is typically suitable for solving classification problems with
massive training data. However, tuning the parameters
involved in ANN is often time-consuming, which has ham-
pered the application of ANNs to dementia identification.

So far we have reviewed the application of four classical
pattern classification methods to automated dementia
identification. It is worth noting that dementia identifica-
tion is essentially a supervised classification problem, and
hence, the advances in supervised machine learning and
pattern classification can find immediate application on this
topic.

3 Performance comparison

There are several comparative studies in the literature.
Horn et al. [90] applied a set of 116 descriptors, which
correspond to the average activity in ROIs calculated from
the images of 82 AD and 91 FTD patients, to a number of
linear and nonlinear classifiers, including the logistic
regression, LDA, SVM, KNN, multilayer perceptron, and
kernel logistic PLS. They compared the performance of
those classifiers in differentiating AD from FTD and con-
cluded that the PLS + KNN is the best method since it
achieves the highest accuracy with leave-one-out cross-
validation. Cuingnet et al. [38] evaluated the performance
of ten approaches in automatically discriminating between
patients with AD, MCI, and elderly controls using the T1-
weighted MRI data acquired on 509 subjects from the
ADNI database. In those approaches, the classifier is SVM
and the involved feature extraction methods can be
grouped into three categories. The first category is based on
segmented tissue probability maps, including directly using
the voxels of the tissue probability maps as features [43],
using the STAND score [37], grouping the voxels into
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anatomical regions as features using a labeled atlas [44],
and aggregating voxel values in homogeneously discrimi-
native regions to form features [42]. The second category is
based on the cortical thickness, including direct, atlas-
based, and ROI-based methods. The third category is based
on hippocampi, including the volume and shape of left and
right hippocampus. They concluded that, for AD versus
CN, whole-brain methods achieved high accuracies (up to
81 % sensitivity and 95 % specificity); for the detection of
MClc, the sensitivity was substantially lower; and for the
prediction of conversion, no classifier obtained signifi-
cantly better results than chance.

Next, we compare the performance of the automated
dementia identification methods published in recent years
in Table 1. It reveals that, when differentiating AD from
NC, many methods can achieve an accuracy of >90 % and
even 100 % on smaller datasets, whereas when separating
MCI from AD or NC, the performance of those methods is
much lower.

4 Perspective

Due to the advances in medical imaging, it is now possible to
sequentially capture two separate yet complementary
information of a patient study in a single scan, i.e., PET/CT
[110]. Furthermore, it is predicted that the next-generation
molecular imaging modalities will continuously advance in
multi-modality paradigm, such as the recent development of
PET/MRI and SPCET/CT [111]. Multimodal neuroimaging
has several distinct advantages over single modality neu-
roimaging, including improving both spatial and temporal
resolution, finding the anatomical basis for functional con-
nectivity, targeting disease biomarkers with high specificity
and sensitivity, along with many new opportunities to
improve brain research [109]. Recently, Gray et al. [112]
proposed a multi-modality classification framework, in
which manifolds are constructed based on pairwise simi-
larity measures derived from random forest classifiers, and
achieved classification accuracies of 89 % between AD and
NC, and 75 % between MCI and NC. Liu et al. [113] sum-
marized the recent advances in multimodal neuroimaging
technologies, along with their applications to the neuropsy-
chiatric disorders. We believe that the application of multi-
modality neuroimaging will substantially improve the per-
formance of automated dementia identification.

5 Conclusion
In this paper, we provide a brief review of automated

dementia identification algorithms, which from a pattern
classification perspective can be divided into two stages:



23

Automated identification of dementia using medical imaging

099 09L 0'IL ON 6T snsloa 4V 6T [INAV TIN NAS + AVA
018 0'C8 0’18 ON 6T snstoa Vv 6T [INAV TIN INAS + VOd
088 006 0’16 ON 6¢ snsloa 4V 6¢ “INAV TN NAS + OAT ON snslea QV [201] T8 39 ZI0  €10T
0°001 0001 0001 ON €1 sns1oa Qv [ :Srzdior]
1'¢8 £'68 LG8 ON 8T snstoa QV 8¢ [INAV 1Ad TIN INAS + sisk[eue-e1o ON sns1oA @V [10T1] Te 30 weng €102
6'L9 SLL 9vL ON 6¢ snsIoA THIN SL [INAV 1dd TIN 15910} wopuey ON SnsIoa [DOIN
006 6'L8 068 ON 6¢€ snsloA 4V L€ [INAV 1ad TIN 15910 wopuey ON snslea qV [211] Te e Ke1n  €10T
[ooT1]
80°¢€L 08°L8 108 ON 9C snsioa SN 1Y IR 14\ INAS -+ WLIOJSURT JI[9ABM ON snsIoa SIN Te 30 Yoruryoey 10T
0¢L 099 NEN DN CII snsIoA [DIN CCI snsioa QV LI ™A S$71dO DN snsIoa JHIN
06L 0°SL NEN DN CIT sSnsIoA [DIN CCI snsioa QV LI TN S$1dO IDIN snslea QV
06 006 NEN DN CIT snsIoa [DIN TTI snsIoa @V LI TN S$71dO DN snstoa Qv [8L] Te 19 ueunsopy 110
68'88 £e'Es 1L°68 ON 81 snsioA [DIN #¢T TN sokeq + Sutumu ereq ON snsIoa JHIN
8L'LL 88'96 006 ON 81 snsioa QV ¢ TN INAS + Sutumu eeq ON snsloa QV [€6] Te @ IwRld  010C
NEeN NEN 001 ON ¢I snsioa @V 01 TIN NNV + WA ON snsioa AV [S01] 'Te 32 SuenH  800T
NEN NEN 1006 DN 1196 SNSISA PAIUIWSP 68T - VATAL + VOdA DN snsIoA enuatwog [€S] Te @ ovyZ  €10C
0°L8 0'88 0'L8 dld 16 SnsIA AV T8 1DddS INAS
068 0'¢6 088 Ald 16 SnsIA AV T8 1DddS NN-Y + S1d
0°L8 008 08 dLd 16 snsloA AV ¢8 L1DddS STd-T
098 0¢8 08 dLd 16 snsloA AV ¢8 RIOLEN vail + S1d dLA snskea QV [06] 'Te 19 WIOH  600C
0v8 0¢8 0¢8 ON ST snsIoa [DIN €T snsIoa qV €T TN INAS + odeys dweooddiy ON snsIoa JHIN
06 0'96 076 ON 6T SnsIaA [DIN €T SNs19A AV €7 NN INAS + adeys 1dweooddry ON snsa @y [08] '[e 39 upieIdD - 600T
068 0¥6 0’16 INaV
0'¥6 0¢L 0’16 SISVO IR 14\ 10Y-ssouydIy ], ON sns1oA IDIN - [SS] 'Te 19 ueyIsad  600C
NEN NEN 068 ON 0¢ snsloA 4V 0¢ “INAV TN SE[JY-SSoUyDIY ], av snsA DN [96] e 19 $9q1nQ  600T
NEN NEN S'I8 INaV TN INAA  DN-ID snsioa -IDIN [6v] Te 19 BISIA 600
NEN NEN G's8 DN ¥ sns1oa eruaydoziyos 9 Qe
NEN NEN $'88  ON 8¢ snsioa eruarydoziyos ¢g :d[ewo] TN INAS Teaul] + NFA
NEN NEN 8'06 DN I+ sns1oA eruarydoziyos 9t :o[e\
NEN NeEN T06 ON 8¢ sns1oA eruarydoziyos ¢g :o[euag TN INAS Tedur[uou + NHA "ON snsioa DS [ey] Te @ ued  L00T
996 S'16 16 ON CC snsioa 4V 91 IR 14\ INAS + WeIdolsty ON SnsA OV [pp] T 30 uuSeN 800
06 098 €68 ON 061 snsIoa @V 061 AN WAS + HOdV+ WA ON sns1oA Qv [L€] ‘Te 10 tmwap  £00T
ON
NEN NEN 916 ON 0Ot snsioa dLd € snsIoa AV 9% L1dd-Ddd TIN + VD  snsioa Q1 snsoa Qv ‘18] Te 19 eIX  800C
I'v6 0'L6 9°66 ON t¢ snsloa 4V e TN INAS + (ND) WAA ON snsA @V [gp] 'Te 12 [oddorsy  800C
Aogroads  AyAnIsuag  AovInooy
Kypepowt
QOUBWIONYJ sjas vle(g Surdewy SPOYIOIAl s1od1e], soyny  Iedx

QINJBISNI] Y Ul SPOYIOW UONBOYNUIPI BHUSWP pajewolne jo uostedwo) T d[qey,

pringer

as



24

C. Zheng et al.

Accuracy Sensitivity = Specificity

Performance

Data sets

Imaging
modality

Methods

Targets

Authors

Table 1 continued

Year

@ Springer

89.2

88.0

ADNI: 37 AD versus 113 MCI versus 50 86.2

Diffusion weighted MRI

AD versus NC

2014 Nir et al. [103]

80.0 84.6

82.0

NC
OASIS: 49 mild AD versus 49 NC

OASIS: 49 mild AD versus 49 NC
OASIS: 49 mild AD versus 49 NC
OASIS: 49 mild AD versus 49 NC

ADNI

method + SVM
VBM + LC-kNN (k = 3)

VBM + PNN

MCI versus NC

80.0 79.0

80.0

MRI

AD versus NC

2015 Papakostas et al.

62.0 94.0

78.0

MRI
MRI

[51]

86.0 78.0

82.0

DBM + LC-kNN (k = 3)
DBM + Linear SVM
FreeSurfer + SVM

90.0 67.0

79.0

MRI
MRI
MRI
MRI
MRI

NaN 82.0 88.0
NaN
NaN

NaN

AD versus NC

2015 Schmitter et al. [99]

91.0

86.0

ADNI

MorphoBox + SVM
FreeSurfer + SVM

80.0

66.0

ADNI

MCI versus NC

83.0

69.0

ADNI

MorphoBox + SVM
Multifold Bayesian

NaN
NaN
NaN
NaN

NaN
NaN
NaN

NaN

ADNI: 85 AD versus 169 MCI versus 77 84.74

MRI, PET

AD versus NC

2013 Liu et al. [92]

63.79
88.6

NC
38 AD versus 41 NC

MRI, PET
SPECT
PET

Kernelization

MClc versus MClnc
AD versus NC

PCA + Bayesian classifier

2009 Lopez et al. [94]

98.3

42 AD versus 18 NC

feature extraction and classification. We summarize the
voxel-based, vertex-based, and ROI-based feature extrac-
tion methods and LDA-based, Bayesian, SVM-based, and
ANN-based pattern classification methods used in various
dementia identification algorithms. We also compare the
performance of some of those algorithms. The comparison
shows that satisfying diagnosis of AD and NC can be
achieved by many algorithms; whereas differentiating MCI
from AD or NC still remains a major challenge. Therefore,
more research effort should be devoted to discovering the
patterns embedded in brain images of MCI patients. We
expect novel solutions could be proposed to address this
issue.

Acknowledgments This work was supported in part by the National
Natural Science Foundation of China under Grants 61471297, in part
by the Natural Science Foundation of Shaanxi Province, China, under
Grant 2015JM6287, in part by the Fundamental Research Funds for
the Central Universities under Grants 3102014JSJ0006, and in part by
the Returned Overseas Scholar Project of Shaanxi Province, China.

Open Access This article is distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://crea
tivecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided you give
appropriate credit to the original author(s) and the source, provide a
link to the Creative Commons license, and indicate if changes were
made.

References

1. American Psychiatric Association and American Psychiatric
Association (1994) Task Force on DSM-IV., Diagnostic and
statistical manual of mental disorders: DSM-IV, vol xxv, 4th
edn. American Psychiatric Association, Washington, DC

2. Dh S (2004) Brain (18)F-FDG PET in the diagnosis of neu-
rodegenerative dementias: comparison with perfusion SPECT
and with clinical evaluations lacking nuclear imaging. J Nucl
Med 45(4):594-607

3. Magnus S, Anderson C (2006) Frontotemporal dementia—a
brief review. Mech Ageing Dev 127(2):180-187

4. Chetelat G, Baron J (2003) Early diagnosis of Alzheimer’s
disease: contribution of structural neuroimaging. Neuroimage
18:525-541

5. Sosa-Ortiz AL, Acosta-Castillo I, Prince MJ (2012) Epidemi-
ology of dementias and Alzheimer’s disease. Arch Med Res
43(8):600-608

6. Sjogren M, Andersen C (2006) Frontotemporal dementia—a
brief review. Mech Ageing Dev 127(2):180-187

7. National Institute on Aging (2011) Frontotemporal disorders:
information for patients, families, and caregivers. National
Institute on Aging, Silver Spring

8. Alzheimer’s Disease International (2009) World Alzheimer
Report 2009 Executive Summary, p 24

9. Brookmeyer R et al (2007) Forecasting the global burden of
Alzheimer’s disease. Alzheimer’s Dement 3(3):186-191

10. Seixas FL et al (2014) A Bayesian network decision model for
supporting the diagnosis of dementia, Alzheimer’s disease and
mild cognitive impairment. Comput Biol Med 51:140-158

11. Thies W et al (2013) 2013 Alzheimer’s disease facts and fig-
ures Alzheimer’s association. Alzheimer’s Dement 9(2):208-245


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Automated identification of dementia using medical imaging

25

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

Herrera LJ et al (2013) Classification of MRI images for Alz-
heimer’s disease detection. In: Proceedings of Socialcom’13,
pp 846-851

American Psychiatric Association (1987) Diagnostic and sta-
tistical manual of mental disorders, 3 revised edn. American
Psychiatric Association, Washington, D.C

Ferri CP et al (2005) Global prevalence of dementia: a Delphi
consensus study. The Lancet 366(9503):2112-2117

Fritzsche KH et al (2008) A computational method for the esti-
mation of atrophic changes in Alzheimer’s disease and mild cog-
nitive impairment. Comput Med Imaging Graph 32(4):294-303
Celsis P (2000) Age-related cognitive decline, mild cognitive
impairment or preclinical Alzheimer’s disease? Ann Med 32(1):6-14
Teng EL, Chui HC (1987) The modified mini-mental state
(3MS) examination. J Clin Psychiatry 48(8):314-318

Teng EL et al (1994) The cognitive abilities screening instru-
ment (CASI): a practical test for cross-cultural epidemiological
studies of dementia. Int Psychogeriatr 6(01):45-58

Royall D, Cordes J, Polk M (1998) CLOX: an executive clock
drawing task. J Neurol Neurosurg Psychiatry 64(5):588-594
Gomez-Isla T et al (1996) Profound loss of layer II entorhinal
cortex neurons occurs in very mild Alzheimer’s disease. J Neu-
rosci 16(14):4491-4500

Chan D et al (2001) Rates of global and regional cerebral
atrophy in AD and frontotemporal dementia. Neurology
57(10):1756-1763

Fox NC, Schott JM (2004) Imaging cerebral atrophy: normal
ageing to Alzheimer’s disease. The Lancet 363(9406):392-394
Resnick SM et al (2003) Longitudinal magnetic resonance
imaging studies of older adults: a shrinking brain. J Neurosci
23(8):3295-3301

Grossman M et al (2004) What’s in a name: voxel-based mor-
phometric analyses of MRI and naming difficulty in Alzheimer’s
disease, frontotemporal dementia and corticobasal degeneration.
Brain 127(Pt 3):628-649

Petersen RC et al (1995) Apolipoprotein E status as a predictor
of the development of Alzheimer’s disease in memory-impaired
individuals. JAMA 273(16):1274-1278

Mueller SG, Schuff N, Weiner MW (2006) Evaluation of
treatment effects in Alzheimer’s and other neurodegenerative
diseases by MRI and MRS. NMR Biomed 19(6):655-668
Stoeckel J, Fung G (2005) SVM feature selection for classifi-
cation of SPECT images of Alzheimer’s disease using spatial
information. In: Proceedings of ICDM’05, Houston

Tang BN et al (2004) Diagnosis of suspected Alzheimer’s dis-
ease is improved by automated analysis of regional cerebral
blood flow. Eur J Nucl Med Mol Imaging 31(1):1487-1494
Page MPA et al (1996) Use of neural networks in brain SPECT
to diagnose Alzheimer’s disease. J Nucl Med 37(2):195-200
Cai W, Feng D, Fulton R (2000) Content-based retrieval of
dynamic PET functional images. IEEE Trans Inf Technol
Biomed 4(2):152-158

Adeli H et al (2005) Alzheimer’s disease and models of compu-
tation: imaging, classification, and neural models. J Alzheimer’s
Dis 7:187-199

ELCAP public lung image database (2003). http://www.via.cor
nell.edu/databases/lungdb.html

Marcus DS et al (2007) Open access series of imaging studies
(OASIS): cross-sectional MRI data in young, middle aged,
nondemented, and demented older adults. J Cogn Neurosci
19(9):1498-1507

Marcus DS et al (2010) Open access series of imaging studies:
longitudinal MRI data in nondemented and demented older
adults. J Cogn Neurosci 22(12):2677-2684

Jack CR et al (2008) The Alzheimer’s disease neuroimaging ini-
tiative (ADNI): MRI methods. Magn Reson Imaging 27(4):685-691

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Metz CE (1999) Evaluation of CAD methods. In: Doi K,
MacMahon H, Giger ML, Hoffmann KL (eds) Computer-aided
diagnosis in medical imaging. Elsevier Science, Amsterdam,
pp 543-554

Vemuri P et al (2008) Alzheimer’s disease diagnosis in indi-
vidual subjects using structural MR images: validation studies.
Neurolmage 39(3):1186-1197

Cuingnet R et al (2011) Automatic classification of patients
with Alzheimer’s disease from structural MRI: a comparison
of ten methods using the ADNI database. Neurolmage
56(2):766-781

Wright IC et al (1995) A voxel-based method for the statistical
analysis of gray and white matter density applied to
schizophrenia. Neuroimage 2(4):244-252

Davatzikos C et al (2008) Detection of prodromal Alzheimer’s
disease via pattern classification of magnetic resonance imaging.
Neurobiol Aging 29(4):514-523

Davatzikos C et al (2008) Individual patient diagnosis of AD
and FTD via high-dimensional pattern classification of MRI.
Neurolmage 41(4):1220-1227

Fan Y et al (2007) COMPARE: classification of morphological
patterns using adaptive regional elements. IEEE Trans Med
Imaging 26(1):93-105

Kloeppel S et al (2008) Automatic classification of MR scans in
Alzheimer’s disease. Brain 131:681-689

Magnin B et al (2009) Support vector machine-based classifi-
cation of Alzheimer’s disease from whole-brain anatomical
MRI. Neuroradiology 51(2):73-83

Lao Z et al (2004) Morphological classification of brains via
high-dimensional shape transformations and machine learning
methods. Neurolmage 21(1):46-57

Ye J et al (2008) Heterogeneous data fusion for Alzheimer’s dis-
ease study. In: Proceedings of ACM SIGKDD’08, pp 1025-1033
Fan Y et al (2008) Structural and functional biomarkers of
prodromal Alzheimer’s disease: a high-dimensional pattern
classification study. Neurolmage 41(2):277-285

Fan Y et al (2008) Spatial patterns of brain atrophy in MCI
patients, identified via high-dimensional pattern classification,
predict subsequent cognitive decline. Neuroimage 39(4):1731—
1743

Misra C et al (2009) Baseline and longitudinal patterns of brain
atrophy in MCI patients, and their use in prediction of short-term
conversion to AD: results from ADNI. Neuroimage 44(4):1415—
1422

Ashburner J, Friston KJ (2000) Voxel-based morphometry—the
methods. Neuroimage 11(6):805-821

Papakostas GA et al (2015) A lattice computing approach to
Alzheimer’s disease computer assisted diagnosis based on MRI
data. Neurocomputing 150(Part A):37-42

Liu S et al (2015) Longitudinal brain MR retrieval with dif-
feomorphic demons registration: What happened to those
patients with similar changes? In: Proceedings of ISBI’15
Zhao M et al (2013) Trace ratio linear discriminant analysis for
medical diagnosis: a case study of dementia. IEEE Signal Pro-
cess Lett 20(5):431-434

Fan Y et al (2005) Classification of structural images via high-
dimensional image warping, robust feature extraction, and
SVM. Med Image Comput Comput Assist Interv 8(Pt 1):1-8
Desikan RS et al (2009) Automated MRI measures identify
individuals with mild cognitive impairment and Alzheimer’s
disease. Brain 132(8):2048-2057

Querbes O et al (2009) Early diagnosis of Alzheimer’s disease using
cortical thickness: impact of cognitive reserve. Brain 132:2036
Desikan RS et al (2006) An automated labeling system for
subdividing the human cerebral cortex on MRI scans into gyral
based regions of interest. Neuroimage 31(3):968-980

@ Springer


http://www.via.cornell.edu/databases/lungdb.html
http://www.via.cornell.edu/databases/lungdb.html

26

C. Zheng et al.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

Lerch JP et al (2005) Focal decline of cortical thickness in
Alzheimer’s disease identified by computational neuroanatomy.
Cereb Cortex 15(7):995-1001

Higdon R et al (2004) A comparison of classification methods
for differentiating fronto-temporal dementia from Alzheimer’s
disease using FDG-PET imaging. Stat Med 23(2):315-326
Mortimer JA et al (2005) Very early detection of Alzheimer
neuropathology and the role of brain reserve in modifying its
clinical expression. J Geriatr Psychiatry Neurol 18(4):218-223
Stern Y (2006) Cognitive reserve and Alzheimer disease. Alz-
heimer Dis Assoc Disord 20(3 Suppl. 2):569-574

Roe CM et al (2007) Education and Alzheimer disease without
dementia: support for the cognitive reserve hypothesis. Neu-
rology 68(3):223-228

Sole-Padulles C et al (2009) Brain structure and function related
to cognitive reserve variables in normal aging, mild cognitive
impairment and Alzheimer’s disease. Neurobiol Aging
30(7):1114-1124

Hanyu H et al (2008) The effect of education on rCBF changes
in Alzheimer’s disease: a longitudinal SPECT study. Eur J Nucl
Med Mol Imaging 35(12):2182-2190

Kemppainen NM, Aalto S et al (2008) Cognitive reserve
hypothesis: Pittsburgh Compound B and fluorodeoxyglucose
positron emission tomography in relation to education in mild
Alzheimer’s disease. Ann Neurol 63:112-118

Mueller SG et al (2005) Ways toward an early diagnosis in
Alzheimer’s disease: the Alzheimer’s disease neuroimaging
initiative (ADNI). Alzheimer’s Dement 1(1):55-66

Venneri A (2007) Imaging treatment effects in Alzheimer’s
disease. Magn Reson Imaging 25(6):953-968

Petersen RC et al (1999) Mild cognitive impairment: clinical
characterization and outcome. Arch Neurol 56(3):303-308
Petersen RC (2003) Mild cognitive impairment clinical trials.
Nat Rev Drug Discov 2003(2):646—653

Braak H, Braak E (1995) Staging of Alzheimer’s disease-related
neurofibrillary changes. Neurobiol Aging 16(3):271-278 dis-
cussion 278-284

National Institutes of Health (NIH) (2005) Progress Report on
Alzheimer’s Disease 2004-2005. NIH Publication Number:
05-5724, Nov 2005

Frisoni GB et al (2010) The clinical use of structural MRI in
Alzheimer disease. Nat Rev Neurol 6(2):67-77

Jack CR et al (2011) Steps to standardization and validation of
hippocampal volumetry as a biomarker in clinical trials and
diagnostic criteria for Alzheimer’s disease. Alzheimer’s &
dementia. J Alzheimer’s Assoc 7(4):474-485

Frisoni GB et al (2009) Markers of Alzheimer’s disease in a
population attending a memory clinic. Alzheimer’s Dement
5(4):307-317

Chupin M et al (2009) Fully automatic hippocampus segmen-
tation and classification in Alzheimer’s disease and mild cog-
nitive impairment applied on data from ADNI. Hippocampus
19(6):579-587

Chupin M et al (2009) Automatic segmentation of the hip-
pocampus and the amygdala driven by hybrid constraints:
method and validation. Neuroimage 46(3):749-761

Chupin M et al (2007) Anatomically constrained region defor-
mation for the automated segmentation of the hippocampus and
the amygdala: method and validation on controls and patients
with Alzheimer’s disease. Neurolmage 34(3):996-1019
Westman E et al (2011) Multivariate analysis of MRI data for
Alzheimer’s disease, mild cognitive impairment and healthy
controls. Neuroimage 54(2):1178-1187

SPHARM-PDM (2006). http://www.namic.org/Wiki/index.php/
Algorithm:UNC:Shape_Analysis

@ Springer

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

Gerardin E et al (2009) Multidimensional classification of hip-
pocampal shape features discriminates Alzheimer’s disease and
mild cognitive impairment from normal aging. Neurolmage
47(4):1476-1486

Xia Y et al (2014) Automated identification of dementia using
FDG-PET imaging. BioMed Res Int

Liu S et al (2014) Multi-channel neurodegenerative pattern
analysis and its application in Alzheimer’s disease characteri-
zation. Comput Med Imaging Graph 38(6):436—444

Colliot O et al (2008) Discrimination between Alzheimer disease,
mild cognitive impairment, and normal aging by using automated
segmentation of the hippocampus. Radiology 248(1):194-201
Liu S et al (2013) Neuroimaging biomarker based prediction of
Alzheimer’s disease severity with optimized graph construction.
In: Proceedings of ISBI’13

Liu S et al (2015) Subject-centered multi-view feature fusion for
neuroimaging retrieval and classification. In: Proceedings of
ICIP’15

Fukunaga K (1990) Introduction to statistical pattern classifi-
cation. Academic Press, San Diego

Wang H et al (2007) Trace ratio vs. ratio trace for dimension-
ality reduction. In: Proceedings of CVPR’07

Nie F et al (2007) Neighborhood MinMax projections. In: IICAIL
Xiang S et al (2008) Learning a Mahalanobis distance metric for
data clustering and classification. Pattern Recogn 41(12):3600—
3612

Horn JF et al (2009) Differential automatic diagnosis between
Alzheimer’s disease and frontotemporal dementia based on
perfusion SPECT images. Artif Intell Med 47(2):147-158
Fisher RA (1936) The use of multiple measurements in taxo-
nomic problems. Ann Eugen 7(2):179-188

Liu S et al (2013) Multifold Bayesian Kernelization in Alzhei-
mer’s diagnosis. In: Proceedings of MICCAI’13, pp 303-310
Plant C et al (2010) Automated detection of brain atrophy pat-
terns based on MRI for the prediction of Alzheimer’s disease.
Neurolmage 50(1):162-174

Lopez M et al (2009) Automatic tool for Alzheimer’s disease
diagnosis using PCA and bayesian classification rules. Electron
Lett 45(8):389-391

Boser BE et al (1992) A training algorithm for optimal margin
classifiers. In: Proceedings of COLT’92, pp 144-152
Shawe-Taylor J, Cristianini N (2004) Kernel methods for pattern
analysis. Cambridge University Press, Cambridge

Scholkopf B, Smola AJ (2002) Learning with kernels. MIT
Press, Cambridge

Liu S et al (2013) Localized sparse code gradient in Alzheimer’s
disease staging. In: Proceedings of EMBC 2013

Schmitter D et al (2015) An evaluation of volume-based mor-
phometry for prediction of mild cognitive impairment and
Alzheimer’s disease. Neurolmage 7:7-17

Hackmack K et al (2012) Multi-scale classification of disease
using structural MRI and wavelet transform. Neuroimage
62(1):48-58

Dukart J et al (2013) Meta-analysis based SVM classification
enables accurate detection of Alzheimer’s disease across dif-
ferent clinical centers using FDG-PET and MRI. Psychiatry Res
212(3):230-236

Ortiz A et al (2013) LVQ-SVM based CAD tool applied to
structural MRI for the diagnosis of the Alzheimer’s disease.
Pattern Recogn Lett 34(14):1725-1733

Nir TM et al (2015) Diffusion weighted imaging-based maxi-
mum density path analysis and classification of Alzheimer’s
disease. Neurobiol Aging 36(Suppl. 1):S132-S140

Deng X et al (1998) Application of artificial neural network in
the MRI study of Alzheimer disease. Chin J Radiol, pp 812-816


http://www.namic.org/Wiki/index.php/Algorithm:UNC:Shape_Analysis
http://www.namic.org/Wiki/index.php/Algorithm:UNC:Shape_Analysis

Automated identification of dementia using medical imaging

27

105. Huang C et al (2008) Combining voxel-based morphometry with
artificial neural network theory in the application research of
diagnosing Alzheimer’s disease. In: Proceedings of BMEI’08

106. Garcia-Pérez E, Violante A, Cervantes-Pérez F (1998) Using
neural networks for differential diagnosis of Alzheimer disease
and vascular dementia. Expert Syst Appl 14(1-2):219-225

107. Brosch T, Tam R (2013) Manifold learning of brain MRIs by
deep learning. In: Medical image computing and computer-as-
sisted intervention, LNCS vol 8150, pp 633-640

108. Liu S et al (2014) Early diagnosis of Alzheimer’s disease with
deep learning. In: Proceedings of ISBI’14

109. Liu S et al (2015) Multimodal neuroimaging feature learning for
multiclass diagnosis of Alzheimer’s disease. IEEE Trans
Biomed Eng 62(4):1132-1140

110. Czernin J, Schelbert H (2004) PET/CT imaging: facts, opinions,
hopes, and questions. J Nucl Med 45(Suppl. 3):1S-3S

111. Liu S et al (2015) Multimodal neuroimaging computing: the
workflows, methods, and platforms. Brain Inf 2(3):181-195

112. Gray KR et al (2013) Random forest-based similarity measures
for multi-modal classification of Alzheimer’s disease. Neu-
roimage 65:167-175

113. Liu S et al (2015) Multimodal neuroimaging computing: a
review of the applications in neuropsychiatric disorders. Brain
Inf 2(3):167-180

Chuanchuan Zheng received his B.E. in Computer Science and
Technology from Northwestern Polytechnical University (NPU),
Xi’an, China, in 2015. He is currently a Master student at the School
of Computer Science and Engineering, NPU. His research areas
include neuroimaging, computer-aided diagnosis, and machine
learning.

Yong Xia received his B.E., M.E., and Ph.D. in Computer Science
and Technology from Northwestern Polytechnical University, Xi’an,
China, in 2001, 2004, and 2007, respectively. From 2007 to 2013, he
was a Postdoctoral Fellow in the Biomedical & Multimedia Infor-
mation Technology (BMIT) research group, School of Information
Technologies, University of Sydney, Sydney, Australia. Since 2014,
he has been a Professor at the School of Computer Science and
Engineering, Northwestern Polytechnical University, Xi’an, China.
He is also with the Shaanxi Key Lab of Speech & Image Information
Processing (SAIIP) and Centre for Multidisciplinary Convergence
Computing (CMCC) at the School. His research interests include
medical image analysis, computer-aided diagnosis, pattern recogni-
tion, machine learning, and data mining. He has published more than
60 scholarly research papers in these areas.

Yongsheng Pan received his B.E. in Computer Science and
Technology from Northwestern Polytechnical University (NPU),
Xi’an, China, in 2015. He is currently pursuing his Ph.D. degree in the
School of Computer Science and Engineering, NPU. His research
areas include imaging processing, pattern recognition, and computer-
aided diagnosis.

Jinhu Chen received his Master’s degree in oncology from the
School of Medicine and Life Science, Jinan University, Jinan, China,
in 2009. He is currently a Research Associate of the Department of
Medical Physics, Shandong Cancer Hospital, Jinan, China. His
research interests include medical image processing (CT/MR/PET),
radio-dose with image, and imaging quality assurance.

@ Springer



	Automated identification of dementia using medical imaging: a survey from a pattern classification perspective
	Abstract
	Introduction
	Methods
	Feature extraction methods
	Voxel-based methods
	Vertex-based methods
	ROI-based methods

	Classification methods
	Linear discriminant analysis (LDA)
	Bayes classifiers
	Support vector machine (SVM)
	Artificial neural network (ANN)


	Performance comparison
	Perspective
	Conclusion
	Acknowledgments
	References




