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Abstract In the past two decades, machine learning tools have been extensively 
applied for the detection of neurologic or neuropsychiatric disorders, especially 
Alzheimer’s disease (AD) and its prodrome, mild cognitive impairment (MCI). 
This chapter presents some latest developments in application of machine learning 
tools to AD and MCI diagnosis and prognosis. We will divide our discussion into 
single modality and multimodality approaches. We will discuss how various bio-
markers as well as connectivity networks can be extracted from the individual 
modalities, i.e., structural T1-weighted imaging, diffusion-tensor imaging (DTI) 
and functional magnetic resonance imaging (fMRI), for effective diagnosis and 
prognosis. We will further demonstrate how these modalities can be fused for fur-
ther performance improvement. 
 
 

1.1 Background 
 
  Alzheimer's disease (AD) is the most common form dementia, characterized by 
cognitive and intellectual deficits that is serious enough to interfere daily life, 
without effective treatment. It gets worse over time by gradually destroying brain 
cells, causing loss in memory and the abilities to reason, make judgements and 
communicate. It is reported that the number of affected people is expected to 
double in the next 20 years, and 1 in 85 people will be affected by 2050 (Brook-
meyer et al. 2007). This becomes worse as life expectancy increases. With the ag-
ing of the world population, AD has become a serious problem and a huge burden 
to the healthcare system, especially in developed countries. Recognizing the ur-
gent need to slow down or completely prevent the occurrence of a worldwide 
healthcare crisis, effort has been under way to administer and to develop effective 
pharmacological and behavioral interventions for delaying the onset and progres-
sion of the disease.  
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A significant body of literature (Johnson et al. 2006; Thompson and Apostolo-

va 2007; Whitwell et al. 2007) suggests that pathological manifestation of AD be-
gin many years before it can be diagnosed using cognitive tests. At the stage 
where symptoms can be observed, significant neurodegeneration has already oc-
curred. Studies suggest that individuals with mild cognitive impairment (MCI), a 
prodrome of AD, tend to progress to probable AD at an annual rate of 10% to 15% 
(Grundman et al. 2004), compared with healthy controls who develop dementia at 
a rate of 1% to 2% (Bischkopf. et al. 2002). Compared with AD, MCI is more dif-
ficult to diagnose due to the subtlety of cognitive impairment, especially in high 
functioning individuals who are able to maintain a positive public or professional 
profile without showing obvious cognitive impairment. At the present time, AD-
related neurodegeneration such as structural atrophy (Jack Jr. et al. 2005), patho-
logical amyloid depositions (Jack Jr. et al. 2010) and metabolic alterations (Nestor 
et al. 2004) have been identified as potential biomarkers. 

 
Advanced statistical machine learning and pattern recognition techniques have 

been actively applied to map neurodegenerative patterns during the early stage of 
the disease where only very mild symptoms are evident (Davatzikos et al. 2010; 
Davatzikos et al. 2008; Fan et al. 2008a; Vemuri et al. 2009). Examples of ma-
chine learning tools that are widely used in medical imaging analysis include sup-
port vector machine (SVM) (Vapnik 1999), boosting (Morra et al. 2010), artificial 
neural networks(Jiang et al. 2010), k-nearest neighbor (Fitzpatrick and Sonka 
2000) and linear discriminant analysis (Bankman 2008). In addition to determin-
ing group differences, pattern classification methods can be trained to identify in-
dividuals who are at risk for AD (Kloppel et al. 2008; Fan et al. 2008b; Davatzi-
kos et al. 2008; Fan et al. 2007; Fan et al. 2008a; Fan et al. 2008c; Vemuri et al. 
2008). A recent study demonstrated that classification methods are capable of 
identifying AD patients via their MRI scans with accuracy comparable to expe-
rienced neuroradiologists (Kloppel et al. 2008). Efforts have also been undertaken 
to develop regression techniques for relating clinical scores to imaging data (Du-
chesne et al. 2005; Chu et al. 2007; Fan et al. 2009) facilitating continuous moni-
toring of AD progression. In this chapter, we will focus on machine learning based 
diagnosis and prognosis of AD/MCI using single and multiple modality of infor-
mation. 
 
 
1.1.1 Single-Modality-Based Diagnosis and Prognosis 

 
Single-modality-based methods rely on simpler scanning protocols and hence 

require less image acquisition effort, making them more clinically feasible. For 
example, many methods use only the structural MRI brain images for classifica-
tion between AD/MCI patients and normal controls (Westman et al. 2010; Fan et 
al. 2008a; Lao et al. 2004). Neuroimaging measurements that are used include: re-



Machine Learning Techniques for AD/MCI Diagnosis and Prognosis          3 

gional brain volumes (Chetelat and Baron 2003; Jack Jr. et al. 1998), cortical 
thickness (Thompson et al. 2004; Dickerson et al. 2009; Thompson et al. 2001) 
and hippocampal volume and shape (Chupin et al. 2009; Colliot et al. 2008). 

The understanding of brain anatomical circuitry has been experiencing consi-
derable progress due to the development of diffusion tensor imaging (DTI), which 
is capable of delineating white matter (WM) fiber bundles through characteriza-
tion of the water diffusion (Gong et al. 2009). WM tracts connecting brain regions 
can be reconstructed in vivo using diffusion tractography (also called fiber track-
ing) to model the brain connectivity network (Gong et al. 2009). Diffusion meas-
ures such as fractional anisotropy (FA) and mean diffusivity (MD) are widely used 
in statistical analysis to localize WM changes related to AD and MCI (Rose et al. 
2007; Zhang et al. 2007). 

Functional connectivity is defined as the temporal correlation between regional 
neurophysiological signal fluctuations (Friston et al. 1993; Greicius 2008). The 
neurophysiological index used in functional magnetic resonance imaging (fMRI) 
is the blood oxygenation level dependent (BOLD) signal. BOLD signal exhibits 
low-frequency spontaneous fluctuations in the resting brain and shows a high de-
gree of temporal correlation across different brain regions. Since the seminal work 
of Biswal et al. (Biswal et al. 1995), resting-state fMRI has been widely applied to 
the analysis of various neuropsychological diseases including  MCI (Sorg et al. 
2007) and AD (Greicius et al. 2004). One apparent advantage of resting-state 
fMRI over task-activation fMRI is that no complicated experimental design is re-
quired. Experiments can be performed easily by patients who may have difficul-
ties performing specific task inside the scanner, especially those with disorders 
exhibiting prominent cognitive degeneration, such as AD (Greicius 2008). 

Another important imaging modality for AD/MCI detection is fluorodeoxyglu-
cose positron emission tomography (FDG-PET) (Chetelat and Baron 2003). With 
FDG-PET, some recent studies have reported reduction of glucose metabolism in 
the parietal, posterior cingulate and temporal brain regions of AD patients (Diehl 
et al. 2004). Besides neuroimaging techniques, biological or genetic biomarkers 
are effective alternatives for AD/MACI diagnosis. Researchers found that 1) the 
increase of cerebrospinal fluid (CSF) total tau (t-tau) and tau hyperphosphorylated 
at threonine 181 (p-tau) are related to neurofibrillary tangle, 2) the decrease of 
amyloid β (Aβ42) indicates amyloid plaque deposit, and 3) the presence of the apo-
lipoprotein E (APOE) ε4 allele can predict cognitive decline or conversion to AD 
(Fjell et al. 2010). 
 
 
1.1.2 Multimodality-Based Diagnosis and Prognosis 

 
Different imaging modalities provide complementary information that can be 

useful for AD/MCI diagnosis (Fjell et al. 2010; Landau et al. 2010; Walhovd et al. 
2010b). For example, it was reported that FDG-PET and MRI measures may be 
complementary and differentially sensitive to memory in health and disease, with 
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metabolism being the stronger predictor in normal controls, and morphometry 
most related to memory function in AD  (Walhovd et al. 2010b). Also, it is shown 
that morphometric changes in AD and MCI are related to CSF biomarkers, but can 
also provide information that is complementary to CSF biomarkers(Fjell et al. 
2010). A more recent study compared the respective prognostic ability of genetic, 
CSF, neuroimaging, and cognitive measures obtained in the same participants, and 
demonstrated that complementary information provided by these different modali-
ties can be used for enhanced AD/MCI diagnosis (Landau et al. 2010). Inspired by 
these findings, a number of studies used two or more biomarkers simultaneously 
for detection of AD and MCI: MRI and CSF in (Davatzikos et al. 2010; Vemuri et 
al. 2009), MRI and cognitive testing in (Geroldi et al. 2006), MRI and PET in 
(Fan et al. 2008c; Hinrichs et al. 2009a), MRI and APOE biomarkers in (Ye et al. 
2008), FDG-PET and CSF in (Fellgiebel et al. 2007), FDG-PET and cognitive 
testing in (Chetelat et al. 2005), and MRI, CSF, and FDG-PET in (Walhovd et al. 
2010a). 
 
 

1.2 Single-Modality-Based Diagnosis and Pronogsis 
 
Progressive degenerative neurological diseases such as AD and similar demen-

tias exhibit spatially and temporally diffuse pathology, where the brain is damaged 
in a large-scale, highly connected network, rather than in one single isolated re-
gion. In view of this, designing a description of interregional connections that is 
more sensitive to the pathology is necessary for accurate diagnosis of the disease. 
In this section, we will discuss some recently proposed descriptions based on sin-
gle modality biomarkers for AD and MCI diagnosis and prognosis. Models of 
whole-brain connectivity, which comprise networks of brain regions connected ei-
ther by anatomical tracts or functional associations, have drawn a great deal of in-
terest recently due to the increasing reliability of network characterization through 
neurobiologically meaningful and computationally efficient measures (Hagmann 
et al. 2008; Sporns and Zwi 2004). 
 
 
1.2.1 Structural Analysis via Enriched White Matter Connectivi-
ty Networks 

 
Recently, an enriched description of WM connections via diffusion tractogra-

phy (Wee et al. 2011a) was proposed to convey rich information related to the to-
pological and biophysical properties of the connection. This is achieved by using a 
collection of physiological parameters that are derived during whole-brain stream-
line fiber tractography to effectively describe small variations on WM regions 
caused by pathological attacks. This is in contrast to a simple connectivity descrip-
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tion using a single physiological parameter that affords only limited information. 
The proposed MCI classification framework is shown graphically in Fig. 1. 

Physiological parameters which are included in the enriched description are fi-
ber count, functional anisotropy (FA), mean diffusivity (MD), and principal diffu-
sivities (λ1, λ2, λ3). During tractography, the number of fibers passing through 
each pair of regions is counted. Two regions are considered as anatomically con-
nected if fibers passing through their respective masks are present. Considering 
the connection between every possible pair of regions gives us the connection to-
pology of the network. Connectivity networks of FA, MD and principal diffusivity 
are derived at the same time by taking their average values along the connecting 
fibers. These five connectivity networks share identical connection topology as 
defined by the fiber count network, but convey different biophysical properties. 
Dimensional of the constructed connectivity networks is depending on the spatial 
scale of anatomical parcellation atlas used. An example of the six connectivity 
networks for one subject is provided in Fig. 2. 

 

 
Fig. 1 Classification based on enriched description of WM connections.  

Measures in complex network analysis typically quantify connectivity profiles 
associated with the nodes and reflect the way in which these nodes are embedded 
in the network. Clustering coefficient (Rubinov and Sporns 2010; Watts and Stro-
gatz 1998), which quantifies the degree to which nodes in a network tend to clus-
ter together, is widely used to extract information from the constructed brain con-
nectivity networks for group analysis. To prevent the smooth out of subtle 
variations caused by pathological effects on the constructed networks, the 
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weighted local clustering coefficient instead of its global version is computed 
from connectivity networks. 

In neuroimaging, it is normal to obtain a relatively high dimensional feature 
pool and a good classification performance is difficult to achieve if all the ex-
tracted features are directly used. This is due to the fact that some features are less 
sensitive, irrelevant or redundant for classification, compared to others. By using a 
proper feature selection procedure, an optimal subset of features, which possesses 
the most discriminative power, is selected to improve generalization performance. 

 

 
Fig. 2 Connectivity networks constructed with different physiological parameters.  

The discriminative power of a feature can be qualitatively measured by its re-
levance to classification as well as its generalizability. The relevance of a feature 
to classification can be measured through its correlation with clinical labels (Fan 
et al. 2007). Pearson correlation coefficient, a widely used linear correlation 
measure in machine learning, is used to rank features. The larger the absolute val-
ue of the Pearson correlation coefficient, the more relevant the feature is to classi-
fication. 

The generalizability of a feature is evaluated via leave-one-out cross-validation 
when measuring the correlation of the feature with respect to the clinical labels via 
Pearson correlation coefficient (Fan et al. 2007). For n training samples, the worst 
absolute Pearson correlation coefficient resulting from n leave-one-out correlation 
measurement is conservatively selected as the effective correlation coefficient. 
This approach is particularly important when examining a very large number of 
features to minimize the effect of outliers. 

Nevertheless, the correlation or ranking score is computed independently for 
each feature, without considering the correlation with other features. This inevita-
bly causes some redundant features to be selected and eventually affects the classi-
fication performance. In order to minimize this effect, a wrapper-based feature se-
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lection method called SVM-RFE algorithm (Guyon et al. 2004; Rakotomamonjy 
2003) is used to select the final optimal subset based on the feature ranking. In this 
algorithm, SVM is used as classifier to evaluate the discriminative power of the 
selected subset of features. 

In (Wee et al. 2011a), the classification performance of the enriched WM con-
nectivity description method is evaluated using a nested full leave-one-out cross-
validation strategy to ensure a relatively unbiased estimate of the generalization 
power of the classifiers to new subjects. In each leave-one-out case, one subject is 
first left out as the testing subject, and the remaining subjects are used for feature 
extraction, feature selection and classifier training. Then, second or inner leave-
one-out is applied within the training set, to build an ensemble classifier whose pa-
rameters are automatically optimized. Specifically, for n total number of subjects 
involved in the study, one is left out for testing, and the remaining $n-1$ are used 
for training. From these (n-1) samples, (n-1) different training subsets are formed 
by each time leaving one more sample out, giving us (n-2) subjects in each train-
ing subset. For each subset, a SVM classifier is built with its performance eva-
luated using the second left out subject. This procedure is repeated for $n-1$ 
times, once for each training subset. This procedure allows us to select parameters 
which maximize the area under receiver operating characteristic (ROC) curve. 
When the completely unseen (totally left out during the entire training and para-
meter optimization process) test sample is to be classified, all (n-1) classifiers are 
used, and their outcomes are combined using an averaging operator to provide the 
final classification decision. This process is repeated n times, each time leaving 
out a different subject, finally leading to a overall cross-validation classification 
accuracy. 
 
 
1.2.2 Functional Analysis via Multi-Spectral Connectivity Net-
works 

 
Over the past several years, resting-state fMRI (rs-fMRI) has emerged as a 

novel informative method for investigating the development of large-scale func-
tional networks in the human brain. This method, first used to demonstrate cohe-
rent spontaneous low-frequency fluctuations in BOLD signal within the adult so-
matomotor system (Biswal et al. 1995), involves measuring the hemodynamic 
response related to neural activity in the brain or spinal cord from participants as 
they lay in the MRI scanner in the “resting state”. It is recently employed to identi-
fy individuals with MCI from normal controls and achieved a reasonably well per-
formance (Wee et al. 2011b). 

In (Wee et al. 2011b), Wee et al. suggested an efficient characterization of rs-
fMRI time series via: 1) Gray matter (GM) masking to elucidate blood oxygena-
tion level dependent (BOLD) signal variations in GM region by factoring out the 
contribution of WM and cerebrospinal fluid (CSF); 2) Multi-spectral characteriza-
tion to quantify relatively small changes of BOLD signal by decomposing the 
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mean time series of each ROI into five distinct frequency sub-bands; and 3) Graph 
theoretic analysis to characterize topological properties and strengths of brain 
functional connectivity networks through neurobiologically meaningful and com-
putationally efficient measures  (Sporns and Zwi 2004; Bassett and Bullmore 
2006; Hagmann et al. 2008). 

In vivo neuroimaging studies suggest that normal aging (Courchesne et al. 
2000) as well as AD (Karas et al. 2003; Thompson et al. 2003) are associated with 
GM volume loss. There is an emerging body of evidence that MRI can observe 
deterioration, including progressive loss of GM in the brain, from MCI to full-
blown AD (Whitwell et al. 2008). It has been shown that the GM volume of hu-
man brain decreases linearly by approximately 5% per decade throughout lifetime 
after 9 years of age (Courchesne et al. 2000). It has been reported that local GM 
loss rates are approximately 5.3% and 0.9% per annum in AD and healthy aging 
respectively, with an asymmetric trend where faster loss rate is observed in the left 
hemisphere than in the right (Thompson et al. 2003). Furthermore, removal of sig-
nal from the ventricles and WM can reduce the relatively high proportion of noise 
caused by the cardiac and respiratory cycles (Van Dijk et al. 2010). Accordingly, 
tissue segmentation is performed on T1-weighted image of each subject to obtain 
the GM, WM and CSF. Then, the segmented GM image is used to mask the fMRI 
images. This procedure eliminates the possible contribution from WM and CSF in 
the fMRI time series. Anatomical parcellation is further used to divide the brain 
into regions-of-interest (ROIs). 

For each subject, the mean time series of each individual ROI is obtained by 
averaging the GM-masked fMRI time series over all voxels in that particular ROI. 
Temporal band-pass filtering with frequency interval (0.025 ≤ f ≤ 0.100Hz) is then 
performed on the mean time series of each individual ROI. This frequency interval 
provides a reasonable trade-off between avoiding the physiological noise asso-
ciated with higher frequency oscillations (Cordes et al. 2001) and the measure-
ment error associated with estimating very low frequency correlations from li-
mited time series (Achard et al. 2008). In conventional approach, the regional 
mean time series of whole spectrum is directly employed to construct functional 
connectivity networks. However, this whole spectrum description, a relatively 
“global” analysis, might not be sensitive enough to delineate complex yet subtle 
pathological patterns related to the neurological disease. 

In (Wee et al. 2011b), a multi-spectral characterization of the regional mean 
time series, which utilizes multiple frequency sub-bands, is proposed to construct 
functional connectivity networks. The band-pass filtered GM-masked mean time 
series of each region is decomposed into five distinct, equally divided frequency 
sub-bands using the Fast Fourier transform (FFT). By using this multi-spectral 
characterization, a relatively “local” analysis which preserves most of the small 
variations on BOLD signal, can be achieved. 

Functional connectivity that examines interregional correlations in neuronal va-
riability (Friston et al. 1993) can be measured using a pairwise Pearson correlation 
coefficients between a given pair of ROIs. Given a set of N random variables, the 
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Pearson correlation matrix is a symmetric matrix in which each off-diagonal ele-
ment is the correlation coefficient between a pair of variables. The brain regions 
can be considered as a set of nodes and the correlation coefficients as signed 
weights on the set of edges. A Fisher's r-to-z transformation is applied on the 
computed Pearson correlation matrix to improve the normality of Pearson correla-
tion coefficients. The feature extraction, feature selection and high-dimensional 
multivariate classification used for MCI diagnosis in (Wee et al. 2011a) are ap-
plied in the case of rs-fMRI. 

Examples of the functional connectivity maps constructed using the proposed 
multi-spectral characterization for one normal control (NC) and one MCI patient 
are shown in Fig. 3. 
 

 
 

 
Fig. 3 Multispectral functional connectivity maps for a normal control (NC) and an MCI 
patient.  

 
1.2.3 Hierarchical Brain Networks from T1-Weighted MRI 

 
Owning to its clinical accessibility, T1-weighted MRI has been extensively 

studied for the diagnosis and prognosis of MCI and AD. Conventionally, the mean 
tissue volumes of GM, WM and CSF are usually calculated locally within ROI, 
and used as features for classification. Nevertheless, disease-induced brain struc-
tural changes may not happen at isolated spots, but in several inter-related regions. 
To deal with this problem, it is proposed in (Zhou et al. 2011) that representing the 
brain as a system of interconnected regions is a more effective way of characteriz-
ing subtle changes than by using local isolated measures. For this purpose, a hie-
rarchical brain network is constructed to directly model the pairwise ROI interac-
tions within a subject as features for classification, with each node denoting an 
ROI and each edge characterizing the pairwise connection. In particular, each ROI 
is characterized by a volumetric vector that consists of the volumetric ratios of 
GM, WM and CSF in this ROI. The interaction between two ROIs within the 
same subject is computed as the Pearson correlation of the corresponding volume-
tric elements. The correlation value measures the similarity of the tissue composi-
tions between a pair of brain regions. When a patient is affected by MCI, the cor-
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relation values of some brain regions with other regions will be affected, due pos-
sibly to the factors such as tissue atrophy. 

By computing the pairwise correlation between ROIs, the approach in (Zhou et 
al. 2011) provides a second order measure of the ROI volume, while the conven-
tional approaches only employ the first order measure of the volume. As higher 
order measures, the proposed new features may be more descriptive, but also more 
sensitive to noise, such as registration errors. Therefore, a four-layer hierarchy of 
multi-resolution ROIs (Fig. 4 (a)) is introduced to increase the robustness of clas-
sification. Effectively, the correlations are considered at different scales of re-
gions, thus giving different levels of noise suppression and discriminant informa-
tion, which can be sieved by the proposed classification scheme. This approach 
considers the correlations both within and between different resolution scales (Fig. 
5), because a certain “optimal” scale often cannot be known a priori. The brain 
network may be quite complicated. For instance, Fig. 4 (b) partially shows the 
network connections between ROIs in each layer. To efficiently obtaining the in-
formative network features, a membership matrix is created to indicate the rela-
tionship of ROIs from different layers. The membership matrix is computed of-
fline: it is fixed once the hierarchical structure has been determined. For a new 
brain image, it only needs to compute the ROI interactions on the bottommost 
layer that has the finest ROIs, and then propagate the correlations to other layers 
effectively via this membership matrix. 

Note that the proposed brain network may not have the property of small-
worldness (sparseness) as shown in DTI and fMRI networks (Bassett and Bull-
more 2006), because the connections in this case are not based on functions or real 
neuron-connections. The dense adjacency matrix resulting from the correlation of 
tissue compositions implies that WM, GM and CSF fractions of many different 
brain regions are consistently similar. Note that the far-away region pairs can have 
meaningful tissue composition similarity, since distance information is not in-
cluded in this approach. Because the network is fully connected, some commonly 
used network features, such as local clustering coefficients, do not work efficient-
ly as they do for sparse networks in DTI and fMRI. Therefore, the weights of 
edges are directly used as features, that is, the elements in the upper triangle ma-
trices of correlation matrices are concatenated to form the feature vectors. 

Compared with conventional methods, this approach produces a significant 
larger pool of features, which if improperly dealt with, will result in intractability 
when used for classifier training. Conventionally, there are usually two ways to 
deal with the high dimensionality of features: i) select a subset of the most discri-
minative features from the original feature set, known as feature selection, or ii) 
combine the original features linearly or non-linearly to get a lower dimensional 
feature space, known as feature embedding. In (Zhou et al. 2011), based on the 
characteristics of the network features, a dimensionality reduction process is pro-
posed to efficiently reduce the feature dimensionality to a manageable level while 
at the same time preserving discriminative information as much as possible. It 
couples both feature selection and feature embedding via Partial Least Square 



Machine Learning Techniques for AD/MCI Diagnosis and Prognosis          11 

(PLS) analysis (Rosipal and Kramer 2006) in an integrated optimization process. 
As a supervised learning method, PLS considers about the information in the clas-
sification labels and thus achieves a better discrimination than many of the com-
monly used unsupervised methods, for example, Principal Components Analysis 
(PCA) and the Laplacian Eigenmap, and even some commonly used supervised 
methods, such as Kernel Fisher Discriminant Analysis (KFDA). 

 
 L2 

  
L3 

  
L4 

  
Fig. 4 (a) Hierarchical ROIs in three different layers (the top layer is a whole brain which 
is not shown); (b) Network connections between ROIs within different layers.  
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Fig. 5 Explanation of the network model. Left: Two types of nodes are included in the hie-
rarchical network: the simple node in the bottommost layer, and the compound node in 
other layers. Each compound node is obtained by grouping several simple nodes agglome-
ratively. Right: Two types of edges are included in the hierarchical network, each modeling 
the within-layer and between-layer interactions, respectively.  

Taking advantages of PLS analysis, the approach in (Zhou et al. 2011) achieves 
good classification and generalization in four steps: 

In Step 1, the discriminative power of a feature is measured by its relevance to 
classification. The relevance is computed by the Pearson correlation between each 
original feature and the classification label. The larger the absolute value of the 
correlation, the more discriminative the feature. Features with correlation values 
lower than a threshold are filtered out. 

In Step 2, a subset of features is further selected from the result of Step 1 in or-
der to optimize the performance of PLS embedding in Step 3. In particular, a PLS 
model is trained using the selected features from Step 1. Then a method called Va-
riable Importance on Projection (VIP) (Wold et al. 1993) is used to rank these fea-
tures according to their discriminative power in the learned PLS model. The dis-
criminative power is measured by a VIP score. The higher the score, the more 
discriminative the feature. About 60 ~ 80 features with the top VIP scores are se-
lected for feature embedding in the next step. 

In Step 3, using the features selected in Step 2, a new PLS model is trained to 
find an embedding space which best preserves the discrimination of features. The 
embedding is performed by projecting the feature vectors in the original feature 
matrix onto the new weight vectors learned by PLS analysis. 

In Step 4, after PLS embedding, a small number of features in the new space 
are able to capture the majority of the class discrimination. This greatly reduces 
the complexity of relationships between data. Therefore, these features are used to 
train a linear SVM for predicting MCI patients and normal controls.  

Note that the number of selected features in each step is determined by cross-
validation on the training data. 
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The merits of the proposed method are recapped as follows. Firstly, the pro-
posed method utilizes a second-order volumetric measure that is more descriptive 
than the conventional first-order volumetric measure. Secondly, while the conven-
tional approaches only consider local volume changes, the proposed method con-
siders global information by pairing ROIs that may be spatially far away. Thirdly, 
the proposed method seamlessly incorporates both the local volume features and 
the proposed global network features into the classification by introducing a 
whole-brain ROI at the top of the hierarchy. By correlating with the whole-brain 
ROI, each ROI can provide a first order measurement of local volume. Fourthly, 
the proposed method involves only linear methods, leading to easy interpretations 
of the classification results. Note that the interpretation is equally important as 
classification in neuroimaging analysis. Finally, for the first time, the proposed 
method investigates the relative disease progression speeds in different regions, 
providing a complementary perspective of the spatial atrophy patterns to conven-
tional methods. 

 

1.3 Multimodality-Based Diagnosis and Prognosis 
 
A number of studies have shown that biomarkers from different modalities may 

contain complementary information for diagnosis of AD/MCI, and several works 
on combining different modalities have been reported (Walhovd et al. 2010b; 
Fellgiebel et al. 2007; Davatzikos et al. 2010; Fan et al. 2008c; Hinrichs et al. 
2009b; Vemuri et al. 2009; Ye et al. 2008). A common practice in these works is 
to concatenate all features (from different modalities) into a long feature vector. 
However, approaches as such do not distinguish between the different modalities 
and are hence not the best way of combining information from multiple sources. 
In this section, we provide an alternative way by using multiple kernel combina-
tion to integrate different biomarkers. Compared with the direct feature concatena-
tion method, the kernel combination method has the following advantages: 1) it 
provides a unified way to combine heterogeneous data when different types of da-
ta cannot be directly concatenated; 2) it offers more flexibility by using different 
weights on biomarkers of different modalities. To overcome the small sample size 
problem in training multimodality classifier, we adopt a semi-supervised learning 
technique that can learn from both labeled and unlabeled data. 
 
 
1.3.1 Multimodality Data Fusion via Multi-Kernel SVM 

 
A general framework based on kernel methods (Scholkopf and Smola 2002) 

was recently proposed by Zhang et al. in (Zhang et al. 2011) to combine multiple 
biomarkers (i.e., MRI, PET and CSF) for discriminating between AD (or MCI) 
and normal controls. The proposed method is based on kernel combination and 
can be easily embedded into the conventional SVM classifier for high-dimensional 
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pattern classification. Moreover, unlike other kernel combination methods which 
can only process one data type, i.e., numbers, this method is capable of combining 
numeric data, strings, and graphs. The framework proposed by Zhang et al. 
(Zhang et al. 2011) is detailed in the following. 

In SVM, linearly non-separable samples are mapped, through a kernel-induced 
implicit mapping function, to a higher or even infinite dimensional space, where 
they are more likely to be linearly separable than in the original lower-dimensional 
space. A maximum margin hyperplane is then sought in the higher-dimensional 
space. Multiple-kernel learning (MKL), which is pioneered by Lanckriet et al. 
(Lanckriet et al. 2004b) and Bach et al.(Bach et al. 2004), is an additive extension 
of the single kernel SVM by incorporating multiple kernels. Suppose that we are 
given n training samples and each of them is of M modalities. Let )(m

iX  denote a 
feature vector of the m-th modality of the i-th sample, and its corresponding class 
label be }1,1{−∈iy . Multiple-kernel based SVM solves the following primal 
problem: 
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where )(mW , )(mφ  and 0≥mβ  denote the normal vector of hyperplane, the ker-
nel-induced mapping function and the weighting factor of the m-th modality, re-
spectively. 

Similar to the conventional SVM, the dual form of multiple-kernel SVM can be 
represented as below: 
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where ( )( ) ( ) ( ) ( ) ( ) ( ) ( ), ( ) ( )m m m m m T m m

i j i jk φ φ=x x x x is the kernel function for the two 

training samples on the m-th modality. 
For a new test sample (1) (2) ( ){ , ,..., }M=x x x x , we first denote 

( )( ) ( ) ( ) ( ) ( ) ( ) ( ), ( ) ( )m m m m m T m m
i ik φ φ=x x x x  as the kernel between the new test sample 
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and each training sample on the m-th modality. Then, the decision function for the 
predicted label can be obtained as below: 
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Multiple-kernel based SVM can be naturally embedded into the conventional 

single-kernel SVM if we interpret ( )( ) ( ) ( )( , ) ,m m m
i j m i jm

k kβ= ∑x x x x as a mixed ker-

nel between the multimodality training samples iX and jX , and 

( )( ) ( ) ( )( , ) ,m m m
i m im

k kβ= ∑x x x x as a mixed kernel between the multimodality 

training sample iX  and the test sample X . In fact, this method collapses multiple 
kernels into one. 

It is worth noting that the multiple-kernel SVM proposed by Zhang et al. in 
(Zhang et al. 2011) is different from the existing multi-kernel learning methods 
(Wang et al. 2008; Lanckriet et al. 2004a). One key difference is that the weights 
βms are not jointly optimized with other SVM parameters (e.g., α). Instead, Zhang 
et al. enforce the constrain 1=∑m mβ  and use a coarse-grid search through cross-

validation on the training samples to determine the optimal values. The obtained 
βm values are used to combine multiple kernels into a mixed kernel, which can be 
incorporated into the standard SVM to be solved using conventional SVM solvers, 
e.g., LIBSVM (Chang and Lin 2001). 

 
 

1.3.2 Semi-Supervised Learning Using Unlabeled Data 
 
One challenge in AD patient identification is that the number of AD patients 

and normal controls (NCs) is generally very small, thus making it difficult to train 
an effective classifier. As a remedy, we note that MCI subjects, although their 
cognitive status is uncertain, can be helpful for improving classifier construction. 
To exploit the potential of using MCI subjects to aid classification between AD 
and NC subjects, Zhang et al. (Zhang and Shen 2011) treat MCI subjects as unla-
beled data (i.e., not classified either as AD or NC), and then employ a semi-
supervised learning technique (Tiwari et al. 2010; Chapelle et al. 2006) to solve 
the classification problem. In the following, we will first introduce the semi-
supervised learning technique, called Laplacian Regularized Least Squares 
(LapRLS) method (Belkin et al. 2006), and then derive its multimodality exten-
sion (mLapRLS). 
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1.3.2.1 Laplacian Regularized Least Squares (LapRLS) 

 
Assume we have l labeled data (from AD and NC samples), (xi, yi), i=1,…,l, 

and u unlabeled data (from MCI samples), (xj, yj), j=l+1,…,l+u. Suppose k(., .) is a 
Mercer kernel function, and let H be the associated Reproducing Kernel Hilbert 
Space (RKHS) and ||.|| be the corresponding norm. The LapRLS algorithm solves 
the following least-squared loss function (Belkin et al. 2006): 
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where f = [f(x1), …, f(xl+u)]T. L is the graph Laplacian given as L=D-W, where Wijs 
are the edge weights in the adjacency graph defined on both labeled and unlabeled 
data and the diagonal matrix D is given by Dii =∑jWij. Symbols γA and γB are the 
two regularization parameters. Intuitively, the first two terms in Eqn. (4) are for 
the supervised learning on only the labeled data (AD and NC samples), while the 
last term in Eqn. (1.4) involves both labeled and unlabeled data (AD, NC and MCI 
samples) for unsupervised estimation of the intrinsic geometric structure of the 
whole data. According to the Representer Theorem (Belkin et al. 2006), the solu-
tion to Eqn. (1.4) is an expansion of kernel functions over both labeled and unla-
beled data: 
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Substituting Eqn. (1.5) into Eqn. (1.4), we arrive at the dual form of Eqn. (1.4) 
with respect to the (l+u)-dimensional variable vector α = [α1, …, αl+u]T:: 
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where K = {k(xi, xj)} is an (l+u)×(l+u) kernel matrix over all labeled and unlabeled 
data; Y = [y1, …, yl, 0, … 0] is an (l+u)-dimensional label vector, and J=diag (1, 
…, 1, 0, …, 0) is an (l+u)×(l+u) diagonal matrix with the first l diagonal entries as 
1 and the rest as 0. By computing the derivative of Eqn. (1.6) with respect to α, 
and let it be zero, we obtain the following solution: 
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where I is the identity matrix. It is worth noting that, when γB, Eqn. (1.7) gives ze-
ro coefficients over the unlabeled data, and the coefficients over the labeled data 
are exactly those given by the standard Regularized Least Squares (RLS) method, 
i.e., LapRLS degenerates to RLS. 

 
 

1.3.2.2 Multimodality LapRLS (mLapRLS) 
 

Now, we derive the multimodality extension of LapRLS, called mLapRLS, for 
classification between AD and NC. Given l labeled data (from AD and NC sam-
ples), (xi, yi), i=1,…,l, and u unlabeled data (from MCI samples), (xj, yj), 
j=l+1,…,l+u, we assume each data xi is now composed of M modalities, i.e., 
xj={xi

(1),…, xi
(M)}, i=1,…,l+u. 

Define the distance function between two multimodality data xi and xj as 
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where d(m)(., .) denotes the distance function on the m-th modality, and βms are the 
nonnegative weighting parameters used to balance the contributions of different 
modalities. All βm s are constrained by ∑mβm=1. According to Eqn. (1.8), we can 
compute the adjacency graph for the multimodality data, and then obtain the cor-
responding edge weights matrix W and graph Laplacian L on the multimodality 
data. Next, we can define the kernel function on two multimodality data x and xi as 
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where k(m) denotes the kernel matrix over the m-th modality, similar to the defini-
tion given above for the single modality case. With the definition of k(x, xi), the 
(l+u)x(l+u) kernel matrix K on the multimodality data can be straightforwardly 
obtained as K = k(xi, xj) . Once we have the graph Laplacian L, the definition of 
the kernel function k(x, xi) on the multimodality data, and the kernel matrix K, the 
mLapRLS solution to the multimodality data can be obtained exactly the same as 
LapRLS in Eqn. (1.7). Similar to LapRLS, mLapRLS will degenerate to the cor-
responding multimodality RLS (mRLS) when γB = 0. In this case, mRLS uses only 
AD and NC samples for training. 
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1. 4 AD/MCI Diagnosis and Prognosis 

 
In this section, we will evaluate the machine learning based classification tech-
niques, discussed in the previous sections, for AD/MCI diagnosis and prognosis 
using single and multiple modality data. 
 
1.4.1 Single-Modality-Based Diagnosis and Prognosis 

 
1.4.1.1 MCI Diagnosis using Enriched White Matter Connectivity Description 

 
This study involved 27 participants (10 MCI patients and 17 socio-

demographically matched healthy controls) who were recruited by the Duke-UNC 
Brain Imaging and Analysis Center, North Carolina, USA. Informed consent was 
obtained from all participants, and the experimental protocols were approved by 
the institutional ethics board. Confirmation of diagnosis for all subjects was made 
via expert consensus panels at the Joseph and Kathleen Bryan Alzheimer's Disease 
Research Center (Bryan ADRC) and the Department of Psychiatry at Duke Uni-
versity Medical Center. Diagnosis was based upon available data from a general 
neurological examination, neuropsychological assessment evaluation, collateral 
and subject symptom and functional capacity reports. Demographic information of 
the participants involved in this study is shown in Table 1.1. 

Table 1.1 Demographic information of the participant involved in the study.  

- MCI Normal 
No. of Subjects 10 17 
No. of males 5 8 
Age (mean ± SD) 74.2 ± 8.6 72.1 ± 8.2 
Years of education (mean ± SD) 17.7 ± 4.2 16.3 ± 2.4 
MMSE score (mean ± SD) 28.4 ± 1.5 29.4 ± 0.9 

 
A priori knowledge of the number of features that should be used for classifica-

tion is not available and this number is automatically determined as part of inner 
loop of the nested leave-one-out cross-validation. Although it generally yields 
slightly lower classification performance, the nested leave-one-out cross-
validation provides a better indicator of the generalizability of a classifier. The 
classification accuracy by the enriched description of WM connections (with six 
parameters) is 88.9%, which is at least an 14.8% increment from that using any 
single physiological parameter. The area under receiver operating characteristic 
(ROC) curve (AUC) of the enriched description method is 0.929, indicating its ex-
cellent diagnostic power. It is noteworthy that simple connectivity description, in 
most of the cases, is unable to provide good generalization power, as indicated by 
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the much smaller AUC values. The classification performance of the enriched and 
simple connectivity descriptions is summarized in Table 1.2. 

Table 1.2 Classification performance and AUC values for enriched and simple connectivity 
descriptions.  

Description Accuracy (%) AUC 
Enriched 88.89 0.929 
Fiber count 70.37 0.653 
FA 74.07 0.859 
MD 59.26 0.647 
λ1 59.26 0.629 
λ2 55.56 0.594 
λ3 59.26 0.612 

 
The SVM-RFE algorithm (Guyon et al. 2004) is used to select a subset of most 

discriminant features in a backward sequential fashion by removing one feature at 
a time. This subset of features yields the best classification performance based on 
the training set. Each feature corresponds to a ROI, and a region, by capturing dis-
criminative information, is indicative that it might be affected by the disease. 
Since the selected subset of features might be different for each leave-one-out 
case, the most significant ROIs are defined as the regions which are selected the 
most in all leave-one-out cases. The most discriminant regions that are selected for 
classification included 1) rectus gyrus, which is located on the orbital surface of 
the frontal lobe; 2) insula, which is located within lateral fissure between the tem-
poral lobe and the frontal lobe; and 3) precuneus, which is a part of the superior 
parietal lobe hidden in the medial longitudinal fissure between the two cerebral 
hemispheres. 

It is noteworthy that the proposed method is based on the assumption that the 
set of brain measurements that optimally differentiate between MCI patients and 
cognitively normal individuals cannot be known a priori, but can only be deter-
mined from the data. The leave-one-out cross-validation used here fundamentally 
guards against data overfitting, a persistent problem in high dimensionality ana-
lyses of datasets with relatively small sample size.    

 
 

1.4.1.2 MCI Diagnosis using Multi-Spectral Connectivity Characterization 
 
This study involved 37 participants (12 MCI patients and 25 socio-

demographically matched healthy controls) who were recruited by the Duke-UNC 
Brain Imaging and Analysis Center, North Carolina, USA. Informed consent was 
obtained from all participants, and the experimental protocols were approved by 
the institutional ethics board. Demographic information of the participants in-
volved in this study is shown in Table 1.3. 
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Table 1.3 Demographic information of the participant involved in the rs-fMRI study.  

- MCI Normal 
No. of Subjects 12 25 
No. of males 6 9 
Age (mean ± SD) 75.0 ± 8.0 72.9 ± 7.9 
Years of education (mean ± SD) 18.0 ± 4.1 15.8 ± 2.4 
MMSE score (mean ± SD) 28.5 ± 1.5* 29.3 ± 1.1 
*One of the patients does not have a MMSE score. 

 
Classification performance for the multi-spectral characterization of rs-fMRI 

regional mean time series was compared with the conventional whole-spectral 
characterization. The nested leave-one-out cross-validation training and testing 
procedures described in the Sec. 1.2.1 were applied to both methods during com-
parison. 

The effectiveness of GM-masked and unmasked BOLD signals was evaluated 
in relation to the whole- and multi-spectral characterization methods. The compar-
ison results are shown in Table 1.4. 

Table 1.4 Classification accuracies and AUC values of GM-masked and unmasked ap-
proaches using whole- and multi-spectral network characterization methods, respectively.  

Approach Accuracy (%) AUC 
Unmasked + Whole-Spectrum 56.76 0.530 
GM-Masked + Whole-Spectrum 59.46 0.543 
Unmasked + Multi-Spectrum 67.57 0.620 
GM-Masked + Multi-Spectrum 86.49 0.863 
 

In agreement with the hypothesis, GM-masked BOLD signal with multi-
spectral characterization outperforms the unmasked and whole-spectrum characte-
rization methods. GM-masking, when used with the conventional whole-spectral 
characterization, only shows slightly improvement in terms of classification accu-
racy and AUC value. However, when combined with the multi-spectral characteri-
zation, the classification accuracy increases by more than 18.9% while the AUC 
value increases by more than 0.24, indicating significant improvement in diagnos-
tic power. This marked improvement in performance demonstrates the effective-
ness and robustness of the GM-masked multi-spectral characterization in provid-
ing relatively fine and localized analysis. 

The most discriminant regions that are selected for classification are mainly lo-
cated in prefrontal cortex areas and temporal lobes. The selected regions involved 
parts of frontal lobe such as rectus gyrus, orbitofrontal cortex and frontal gyrus, 
parts of temporal lobe such as temporal poles, amygdala and parahippocampal gy-
rus, superior occipital gyrus of occipital lobe and precuneus of parietal lobe. 
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1.4.1.3 MCI Diagnosis Using Hierarchical Brain Networks 
 
In this study, 125 normal control subjects and 100 progressive MCI (P-MCI) 

subjects were taken from the Alzheimer's Disease Neuroimaging Initiative 
(ADNI) database (www.loni.ucla.edu /ADNI). The ADNI database contains ap-
proximately 200 cognitively normal elderly subjects to be followed for 3 years, 
400 subjects with MCI to be followed for 3 years, and 200 subjects with early AD 
to be followed for 2 years. The P-MCI subjects are those who developed probable 
AD after the baseline scanning. The diagnosis of AD is made according to the 
NINCDS/ADRDA criteria (McKhann et al. 1984) for probable AD. The demo-
graphic and clinical information of all the selected subjects are summarized in Ta-
ble 1.5. 

Table 1.5 Demographic information of the subjects involved in the study.  

- P-MCI Normal 
No. of subjects 100 125 
No. and percentage of males (%) 57 (57.0) 61 (48.8) 
Baseline age (mean ± SD) 75.0 ± 7.1 76.1 ± 6.1 
Baseline MMSE score (mean ± SD) 26.5 ± 1.7 29.1 ± 1.0 
 

The effectiveness of constructing hierarchical brain network from T1-weighted 
MRI for MCI prediction was evaluated by the comparison of the discrimination 
power of the network and the volumetric features, and the comparison of the per-
formance of different classifiers for the network features. 
 
 
Comparison of Features 

 
The data set was randomly partitioned into 20 training and test groups, each 

with 150 samples for training and 75 samples for test.  
 Five methods were tested in the experiment: i) FN: the proposed method, using 

the four-layer hierarchical network features; ii) SN: using only the network fea-
tures from the bottommost layer; iii) FN-NC: using the network features from all 
the four layers, but removing the edges across different layers; iv) SV: using the 
volumetric features from the bottommost layer; v) FV: using volumetric measures 
from all four layers. 

The results are summarized in Table 6. The classification accuracy is averaged 
across the 20 randomly partitioned training and test groups. A paired t-test is con-
ducted between the proposed method (FN) and the other four methods, respective-
ly, to demonstrate the advantage of the proposed method. The p-value of the 
paired t-test is also reported. It can be seen from Table 6 that the proposed method 
(FN) is always statistically better (at the significance level of 0.05) than any of the 
other four methods. 
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Table 1.6 Comparison of discrimination efficacy of features.  

- Mean Test Accuracy (%) Paired t-test p-value 
FN 85.07 - 
SN 83.00 0.00272 
FN-NC 83.13 0.00367 
SV 81.93 0.00166 
FV 81.47 0.00015 

 
From Table 1.6, the following results are observed: 

• The proposed hierarchical network features in FN outperform the con-
ventional volumetric features in SV. The advantage may come from us-
ing both regional interactions and the hierarchical structure. 

• The better performance of SN over SV, and FN over FV demonstrate the 
benefits purely from using the regional interactions. 

• The better performance of FN over SN demonstrates the benefit purely 
from the hierarchy. The advantage of the four-layer structure is statisti-
cally significant over the single-layer. Moreover, the result that FN statis-
tically outperforms FN-NC indicates the necessity of using the cross-
layer edges in the network. 

 
Comparison of Classifiers 

 
The classification performance of the proposed classification scheme was com-

pared with other six possible schemes shown in Table 1.7. To simplify the de-
scription, the proposed scheme was denoted as P1, while the other six schemes in 
comparison were denoted as P2 ~ P7. To keep consistent with P1, each of the six 
schemes P2 ~ P7 was also divided into four steps: rough feature selection, refined 
feature selection, feature embedding and classification. Note that the first step, 
rough feature selection, was the same for all schemes P1 ~ P7. 

The classification results are summarized in Fig.6 and Table 7. The overall 
classification accuracy in Table 7 is an average of accuracies at different numbers 
of training samples in Fig. 6. The best overall classification accuracy of 84.35% is 
obtained by the proposed scheme P1: VIP selection + PLS embedding + a linear 
SVM. This is slightly better than P2, where a nonlinear SVM is used. It can be 
seen that the classification schemes with PLS embedding (P1 ~ P4) achieve an 
overall accuracy above 84.0%, better than those without PLS embedding (P5 ~ 
P7). The supervised embedding methods, i.e., PLS (P1 ~ P4) and KFDA (P7), per-
form better than the unsupervised Laplacian Eigenmap embedding (P6). Moreo-
ver, PLS embedding (P1 ~ P4) preserves more discrimination than the nonlinear 
supervised embedding of KFDA (P7). 
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Table 1.7 Configuration of classification schemes.  

Scheme Configuration Accuracy (%) 
P1 VIP selection + PLS embedding + linear SVM 84.35 
P2 VIP selection + PLS embedding + nonlinear SVM 84.03 
P3 no selection + PLS embedding + linear SVM 84.11 
P4 no selection + PLS embedding + nonlinear SVM 84.10 
P5 SVM-RFE selection + no embedding + nonlinear SVM 80.07 
P6 no selection + Laplacian Eigenmap embedding + nonlinear SVM 79.16 
P7 no selection + KFDA embedding + linear SVM 81.08 

 

 
Fig. 1.6 Comparison of seven classification schemes on network features. The classification 
accuracy at each number of training samples is averaged over 20 randomly partitioned 
training and test groups. The scheme configurations are shown in Table 1.7.  

Spatial Paterns 
 
The most discriminative features selected by more than half of the training and 

test groups using the two-step feature selection are shown in Table 1.8. Note that 
each network feature characterizes the relationship between two ROIs, instead of 
an individual ROI. Table 1.8 is separated into two parts. On the upper portion of 
the table, the two ROIs of a network feature may be both associated with the MCI 
diagnosis, such as hippocampus, entorhinal cortex, fornix, cingulate etc, as re-
ported in the literature (Cuingnet et al. 2011; Pengas et al. 2010). But their change 
speeds are different over two different groups. A typical example is the correlation 
between hippocampus and ventricle. It is known that the enlargement of ventricle 
is a biomarker for the diagnosis of the AD (Nestor et al. 2008). However, different 
from the hippocampus volume loss that often occurs at the very early stage of the 
dementia, the ventricle enlargement often appears in the middle and late stages. 
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On the lower portion of the table, the first ROI is associated with the disease, 
while the second ROI is constant to the disease. For example, it has been reported 
that the anterior and posterior limbs of internal capsule and the occipital lobe 
white matter are not significantly different between MCI and normal controls in a 
DTI study (Bozzali et al. 2002). As shown, the different progression patterns 
makes the correlation between the two regions the discriminative feature. 

Table 1.8 Selected discriminative features.  

hippocampus - amygdala 
hippocampus - lingual gyrus 
hippocampus - uncus 
hippocampus - prefrontal/superolateral frontal lobe 
hippocampus - globus palladus 
hippocampus - entorhinal cortex 
hippocampus - cingulate region 
hippocampus - ventricle 
hippocampus and amygdala and fornix - ventricle 
uncus - fornix 
hippocampus - posterior limb of internal capsule 
globus palladus - anterior limb of internal capsule 
hippocampus - occipital lobe WM 

1.4.2 Multimodality-Based Diagnosis and Prognosis 
 
We performed various experiments on the multimodality data obtained from 

the ADNI database. Only ADNI subjects with all corresponding MRI, PET, and 
CSF data at baseline were included. This yields a total of 202 subjects, including 
51 AD patients, 99 MCI patients, and 52 normal controls (NCs). Table 1.9 lists the 
subject characteristics. 

Table 1.9 Demographic information of the subjects involved in the study.  

- AD (n=51, 18F/33M) MCI (n=99, 32F/67M) NC (n=52, 18F/34M) 
Mean SD Range Mean SD Range Mean SD Range 

Age 75.2 7.4 59~88 75.3 7.0 55~89 75.3 5.2 62~85 
Education 14.7 3.6 4~20 15.9 2.9 8~20 15.8 3.2 8~20 
MMSE 23.8 2.0 20~26 27.1 1.7 24~30 29.0 1.2 25~30 
CDR 0.7 0.3 0.5~1 0.5 0.0 0.5~0.5 0.0 0.0 0~0 

 
Image pre-processing was performed for all MRI and PET images. Specifical-

ly, we performed anterior commissure (AC) - posterior commissure (PC) correc-
tion, skull-stripping, removal of cerebellum, and segmentation of structural MR 
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images into three different tissues: GM, WM, and CSF. With atlas warping, we 
partitioned each subject image into 93 ROIs. For each of the 93 ROIs, we com-
puted the GM tissue volume from the subject's MRI image. For each PET image, 
we first rigidly aligned it with its respective MRI image, and then computed the 
average value of PET signals in each ROI. Therefore, for each subject, we ob-
tained in total 93 features from its MRI image, 93 features from its PET image, 
and 3 features (Aβ42, t-tau and p-tau) from the CSF biomarkers. 

 
 

1.4.2.1 AD/MCI Diagnosis Using Multi-Kernel SVM 
 
A 10-fold cross-validation strategy was used to compute the classification ac-

curacy, as well as the sensitivity and the specificity. Specifically, the whole set of 
subject samples were equally partitioned into 10 subsets, and each time the subject 
samples within one subset were selected as the testing samples and all remaining 
subject samples in the 9 other subsets were used for training the multiple-kernel 
classifier. This process was repeated for 10 times to avoid any bias introduced by 
the random partitioning of the dataset during cross-validation. The SVM classifier 
was implemented using LIBSVM toolbox (Chang and Lin 2001), with a linear 
kernel and a default value for the parameter C (i.e., C=1). The weights in the mul-
tiple-kernel classification method were learned based on the training samples 
through a grid search in the range of 0 to 1 with a step size of 0.1. Specifically, we 
performed another 10-fold cross-validation on the training sample subset to de-
termine the optimal values for the weights. For each feature fi in the training sam-
ples, a common feature normalization scheme was adopted, i.e., iiii fff σ/)( −= , 

where if  and iσ  are respectively the mean and standard deviation of the i-th fea-

ture across all training samples. The estimated if  and iσ  will be used to normal-
ize the corresponding feature of each test sample. 

 
 

Multimodality Classification Based on MRI, PET, and CSF 
 
We first tested the performance of our multimodality classification method in 

identification of AD (or MCI) from normal controls, based on MRI, PET, and CSF 
biomarkers of 202 baseline subjects in ADNI. Table 1.10 shows the classification 
rate of the multimodality classification method, compared with the methods using 
each individual modality only. Note that Table 1.10 shows only the averaged re-
sults of 10 independent experiments, along with the minimal and maximal values 
given in brackets. As can be observed from Table 1.10, the combined measure-
ments of MRI, PET, and CSF consistently achieve more accurate discrimination 
between AD (or MCI) patients and normal controls. Specifically, for classifying 
AD from normal controls, the multimodality classification method can achieve a 
classification accuracy of 93.2%, a sensitivity of 93.0%, and a specificity of 
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93.3%, while the best accuracy on individual modality is only 86.5% (when using 
PET). On the other hand, for classifying MCI from normal controls, the multimo-
dality classification method achieve a classification accuracy of 76.4%, a sensitivi-
ty of 81.8%, and a specificity of 66.0%, while the best accuracy on individual 
modality is only 72.0% (when using MRI). 

For comparison with other multimodality classification methods, we also per-
formed the use of direct feature concatenation as a baseline method for multimo-
dality AD (or MCI) classification. Specifically, for each subject, we first concate-
nated 93 features from MRI, 93 features from PET, and 3 features from CSF, into 
a 189 dimensional vector. Remember that each feature has been normalized to 
have zero mean and unit standard deviation. Then, we performed SVM-based 
classification on all samples with a 10-fold cross-validation strategy as described 
above, and the classification results are shown in the bottom row of Table 1.10. As 
can be observed from Table 1.10, our kernel combination method consistently 
outperforms the baseline method for every performance measure. 

Table 1.10 Comparison of performance of single-modal and multimodal classification me-
thods. The numbers in each bracket denote the minimal and maximal classification rate in 
10 independent experiments.  

Method AD vs. NC MCI vs. NC 
ACC (%) SEN (%) SPE (%) ACC (%) SEN (%) SPE (%) 

MRI 86.2 86.0 86.3 72.0 78.5 59.6 
(82.9~89.0) (82.7~88.7) (83.1~89.1) (68.4~74.7) (75.6~80.6) (55.1~63.7) 

CSF 82.1 81.9 82.3 71.4 78.0 58.8 
(80.o~84.9) (80.0~84.7) (80.0~85.1) (68.2~73.3) (75.6~79.4) (54.3~61.7) 

PET 86.5 86.3 86.6 71.6 78.2 59.3 
(82.9~90.5) (82.7~90.3) (83.1~90.6) 67.4~74.7) (75.0~80.6) (52.9~63.7) 

Combined 93.2 93.0 93.3 76.4 81.8 66.0 
(89.0~96.5) (88.7~96.3) (89.1~96.6) (73.5~79.7) (79.4~84.4) (62.6~70.3) 

Baseline 91.5 91.4 91.6 74.5 80.4 63.3 
(88.5~96.5) (88.3~96.3) (88.6~96.6) (71.9~78.2) (78.3~83.3) (59.7~68.3) 

AD = Alzheimer's Disease, MCI = Mild Cognitive Impairment, NC = normal control, ACC = 
classification ACCuracy, SEN = SENsitivity, SPE = SPEcificity 

 
 

Comparison of Different Combination Schemes 
 
To investigate the effect of different combining weights, i.e., βMRI, βCSF, βPET, 

on the performance of our multimodality classification method, we tested all of 
their possible values, ranging from 0 to 1 at a step size of 0.1, under the constraint 
of (βMRI+βCSF+βPET=1). Figs. 1.7 and 1.8 show the classification results, including 
accuracy (top row), sensitivity (bottom left), and specificity (bottom right), with 
respect to different combining weights of MRI, PET, and CSF. Note that, in each 
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subplot, only the squares in the upper triangular part have valid values because of 
the constraint (βMRI+βCSF+βPET=1). For each plot, the three vertices of the upper 
triangle, i.e., the top left, top right, and bottom left squares, denote individual-
modality based classification results using only PET (βPET=1), CSF (βCSF=1), and 
MRI (βMRI=1), respectively. 

As we can observe from Figs. 1.7 and 1.8, nearly all inner squares of the upper 
triangle have larger values (better classification) than the three vertices, which 
demonstrates the effectiveness of combining three modalities in AD (or MCI) 
classification. Moreover, for most plots, there are a substantially large set of 
squares with higher classification accuracy. Further observation indicates that the 
squares with higher accuracy appear mainly in the inner of each triangle, instead 
of the boundary, implying that each modality is indispensable for achieving good 
classification. Similar to what we have observed from Table 1.10, Figs. 7 and 8 al-
so show that, for AD classification, the differences among accuracy, sensitivity, 
and specificity are small, while, for MCI classification, it tends to have a higher 
sensitivity but lower specificity. 
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Fig. 1.7 AD Classification results with respect to different combining weights of MRI, PET 
and CSF. Only the squares in the upper triangular part have valid values, due to the con-
straint: (βMRI+βCSF+βPET=1). Note that for each plot, the top left, top right, and bottom left 
squares denote the individual-modality based classification results using PET (βPET=1), 
CSF (βCSF=1), and MRI (βMRI=1), respectively.  
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Fig. 1.8 MCI Classification results with respect to different combining weights of MRI, 
PET and CSF. Only the squares in the upper triangular part have valid values, due to the 
constraint: (βMRI+βCSF+βPET=1). Note that for each plot, the top left, top right, and bottom 
left squares denote the individual-modality based classification results using PET (βPET=1), 
CSF (βCSF=1), and MRI (βMRI=1), respectively..  

 
 
1.4.2.2 Diagnosis Using Semi-Supervised Multimodality Classification 

 
We compared mLapRLS with mRLS on the multimodality (MRI, PET, and 

CSF) data. Specifically, a 10-fold cross-validation was performed on 51 AD pa-
tients and 52 NC subjects to get the labeled training data and testing data. Unla-
beled data were obtained from those 99 MCI subjects. A linear kernel was used 
for both algorithms. Following (Belkin et al. 2006), for mRLS, we set the parame-
ters as γA=0.05/l and γB=0; for mLapRLS, we set γA=0.05/l and γB=0.05(l+u)2/l. 
Here, l denotes the number of AD and NC subjects, and u is the number of MCI 
subjects. The Euclidean distance is used for each modality in Eqn. (1.8). For both 
algorithms, the values of the weighting parameters βms are determined through 
cross-validation using grid search. 

Fig. 1.9 shows the classification results of both algorithms on the multimodality 
data, which include classification accuracy, sensitivity, specificity, and AUC. The 
results in Fig. 1.9 indicate that, by using the MCI subjects as additional unlabeled 
data, mLapRLS significantly improves the performances of distinguishing AD 
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from NC subjects, compared to those by mRLS that uses only AD and NC sub-
jects as samples for training classifier. Specifically, the AUC values of mLapRLS 
and mRLS are 0.985 and 0.946, respectively. The results validate the effectiveness 
of mLapRLS in using additional data (i.e., MCI subjects) to enhance the AD clas-
sification. 

 
Fig. 1.9 Classification results on multimodality data.  

Finally, in Fig. 1.10, we show the classification accuracy of the mLapRLS al-
gorithm with respect to different number of MCI subjects used for helping train-
ing. As we can see from Fig. 1.10, as the number of included MCI subjects in-
creases, the classification accuracy of mLapRLS also steadily increases, which 
again validates the usefulness of using MCI subjects for helping classification be-
tween AD and NC. 

 
Fig. 1.10 Classification accuracy with respect to the different number of MCI subjects used 
to help train the multimodality classifier.  
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1.5 Summary 

 
In the past two decades, machine learning techniques have been proven to be 

important for effective neurodegenerative disorders diagnosis and prognosis, par-
ticularly for AD and MCI. Essentially, machine learning techniques that have been 
applied for AD and MCI diagnosis and prognosis can be categorized into single 
modality and multimodality based approaches. Some recent developments in this 
area have been discussed in this chapter. In single modality based approaches, in-
formation on local microstructural characteristics of water diffusion (DTI), hemo-
dynamic response related to neural activity (fMRI) and structural atrophy (T1-
weighted imaging) is extracted using connectivity networks to provide a compre-
hensive representation of brain alterations for improved classification perfor-
mance. For DTI, a collection of physiological parameters are derived along the 
tracked fibers for better characterization of brain circuitry. The multi-spectral cha-
racterization provides a localized analysis of BOLD signals by decomposing the 
frequency interval into several sub-bands. For T1-weighted images, hierarchical 
brain connectivity networks derived from the structural images provides a more 
effective way of characterizing subtle changes than by using local isolated meas-
ures. It is widely accepted that different modalities can convey complementary in-
formation and is useful for AD and MCI diagnosis and prognosis. Based on this 
observation, many machine learning techniques have been applied to integrate in-
formation from multiple modalities. Multi-kernel SVM, when used to integrate 
complementary information from structural MRI, PET and CSF, demonstrates 
significant improvements in AD and MCI diagnosis and prognosis. As a remedy 
to small sample size problem, a semi-supervised learning technique is introduced 
to derive additional information from MCI data for improving the discriminative 
power of the constructed classifiers. The increased accuracy, sensitivity, and spe-
cificity of these approaches indicate that machine learning techniques are a viable 
alternative to clinical diagnosis of brain alterations associated with cognitive im-
pairment. 
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