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Abstract 

In this thesis, we have used the kernel based orthogonal projection to latent structures (K-OPLS) 

method to discriminate between Alzheimer's Disease patients (AD) and healthy control subjects 

(CTL), and to predict conversion from mild cognitive impairment (MCI) to AD. In this regard 

three cohorts were used to create two different datasets; a small dataset including 63 subjects 

based on the Alzheimer’s Research Trust (ART) cohort and a large dataset including 1074 

subjects combining the AddNeuroMed (ANM) and the Alzheimer’s Disease Neuroimaging 

Initiative (ADNI) cohorts.  

In the ART dataset, 34 regional cortical thickness measures and 21 volumetric measures from 

MRI in addition to 3 metabolite ratios from MRS, altogether 58 variables obtained for 28 AD 

and 35 CTL subjects. Three different K-OPLS models were created based on MRI and MRS 

measures and their combination. Combining the MRI and the MRS measures significantly 

improved the discriminant power resulting in a sensitivity of 96.4% and a specificity of 97.1%.  

In the combined dataset (ADNI and AddNeuroMed), the Freesurfer pipeline was utilized to 

extract 34 regional cortical thickness measures and 23 volumetric measures from MRI scans of 

295 AD, 335 CTL and 444 MCI subjects. The classification of AD and CTL subjects using the 

K-OPLS model resulted in a high sensitivity of 85.8% and a specificity of 91.3%. Subsequently, 

the K-OPLS model was used to prospectively predict conversion from MCI to AD, according to 

the one year follow up diagnosis. As a result, 78.3% of the MCI converters were classified as 

AD-like and 57.5% of the MCI non-converters were classified as control-like. 

Furthermore, an age correction method was proposed to remove the effect of age as a 

confounding factor. The age correction method successfully removed the age-related changes of 

the data. Also, the age correction method slightly improved the performance regarding to 

classification and prediction. This resulted in that 82.1% of the MCI converters were correctly 

classified. All analyses were performed using 7-fold cross validation.  

The K-OPLS method shows strong potential for classification of AD and CTL, and for 

prediction of MCI conversion.  

 

KEYWORDS: Alzheimer’s Disease; Age correction; Classification; K-OPLS; MCI; MRI.  
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1 Introduction 

Alzheimer’s disease (AD) is one of the most common forms of neurodegenerative disorders. The 

clinical symptoms of AD include gradual loss of cognitive functions and AD is largely a disorder 

of the elderly with a small percentage of non-age-related AD cases being familial and secondary 

to specific gene mutations.  

Magnetic resonance imaging (MRI) is a non-invasive method which has been widely studied 

for early detection and diagnosis of AD. In particular early changes in hippocampus and 

entorhinal cortex have been demonstrated. These early changes are consistent with the 

underlying pathology of AD but it is not yet clear which measures are most useful for early 

diagnosis. Due to the complexity of this disorder measures of single structures from MRI are 

probably not sufficient for accurate diagnosis of the disease. The combination of different 

structures (both regional and global) has proven to be more useful when distinguishing AD from 

cognitively normal elderly subject. (Westman et al. 2011a) 

Multivariate analysis provides the opportunity to analyse many variables simultaneously and 

observe inherent patterns in the data. Methods like principal component analysis (PCA), 

projection to latent structures (PLS) and orthogonal PLS (OPLS) are efficient, robust and 

validated tools for modelling complex biological data. PLS, is a supervised learning method that 

combines features from and generalizes principal component analysis (PCA) and multiple linear 

regression (MLR). The goal of PLS is to predict a set of dependent variables (Y) from a set of 

independent variables (X). The PLS model is negatively affected by systematic variation in X 

that is not related to Y.  

The OPLS (Orthogonal PLS) method is a modification of the PLS method to improve the 

interpretation and reduce model complexity. The main idea of OPLS is to separate the systematic 

variation in X into two parts, one that is linearly related to Y and one that is orthogonal 

(unrelated) to Y. The advantage of OPLS over PLS is that the model created to compare groups 

is rotated. This means that the first component of the model contains class separation information 

and other orthogonal components are not important in class separation. (Trygg & Wold 2002)  

The Kernel-OPLS method is a recent reformulation of the original OPLS method to its kernel 

equivalent. K-OPLS has been developed with the aim of combining the strengths of kernel-based 

methods to model non-linear structures in the data while maintaining the ability of the OPLS 

method to model structured noise. The K-OPLS algorithm allows estimation of an OPLS model 

in the feature space, thus combining these features.  

The first aim of this work was to investigate the performance of the K-OPLS method with 

MR data as input, for classification of AD and CTL subjects and for prediction of conversion 

from MCI to AD. For this purpose, two datasets were used: a small dataset including 63 (AD=28 

and CTL=35) subjects and 58 (MRI=55 and MRS=3) variables; and a large dataset including 

1074 (AD=295, CTL=335 and MCI=444) subjects and 57 MRI variables.  
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The second aim of this work was to study the effect of an age correction algorithm. There are 

global and regional brain changes related to increasing age. This can lead to misclassification of 

young AD patients and old control subjects. To overcome this problem, an age correction 

method was proposed for separating the age-related changes from disease-related changes and 

for removing the age-related effect.  
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2 Alzheimer's Disease Biomarkers 

2.1 Alzheimer's Disease 

Alzheimer's disease is the most common form of dementia among the elderly people. Dementia 

is a serious loss of cognitive functions such as thinking, remembering and reasoning. Short term 

memory problems, learning problems and problems in processing new data are typically the first 

warning sign of AD. The disease begins slowly and over time, memory loss and other cognitive 

functions get worse until patients lose their ability to carry out daily activities and completely get 

dependent on others. 

Some subjects have mild memory problems than normal for their age. However, their 

symptoms are insufficient for the clinical criteria of AD. These subjects are classified as Mild 

Cognitive Impairment (MCI). MCI is an intermediate state between normal and AD, where, 

there is a higher risk of developing the disease. (Petersen et al. 1999) 

AD diagnosis is based on several evaluations and cognitive tests. The new suggested 

diagnostic criteria’s suggest the addition of at least on abnormal biomarker among Magnetic 

Resonance Imaging (MRI), Positron Emission Tomography (PET) and Cerebrospinal Fluid 

(CSF). (Dubois et al. 2007) 

Currently there is no cure for AD, only symptomatic treatments. To be able to diagnose AD in 

an early stage is of great importance. This will hopefully help us understand more about the 

aetiology of the disease, target the right population for clinical trials and finally treat patients at 

an early stage when a cure has been found. 

2.2 MRI and MRS 

Magnetic Resonance Imaging (MRI) is a tomographic imaging technique based on the principles 

of Nuclear Magnetic Resonance (NMR) phenomena. MRI produces virtual images from inside 

of the body. (Hornak 1996-2011) Magnetic Resonance Spectroscopy (MRS) is a non-invasive 

analytical technique which is used to study the neurochemical profile of the brain. (Hornak 1997-

2011) These methods have several properties (such as widely availability, reproducibility, 

stability over the required course of time etc.) which make them appropriate biomarkers to study 

disease progression.  

Many studies have used MRI for diagnosis of AD. Manual hippocampal volumetry and 

measuring of entorhinal cortex are examples of techniques which use MRI data to discriminate 

between AD and healthy subjects. However, changes in these parameters are not specific for AD. 

Recently, with the help of improvements in imaging and image analysis, more information can 

be extracted from MRI images and many regions of the brain can be automatically quantified. 

Therefore, it is possible to improve accuracy of diagnosis by combining different structures from 

different regions of the brain. (Westman et al. 2010) 
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MRS provides useful information about the neurochemical profile of the brain. N-

acetylaspartate (NAA: a marker for neuronal density and/or function), myoinositol (mI: a marker 

for astrogliosis and/or osmotic stress) and choline (Cho: a marker for cell membrane turnover 

and degradation) are examples of brain metabolites that can be measured by MRS. These brain 

metabolite pattern might be a marker for AD diagnosis. (Westman et al. 2010) 

Large amounts of data such as volumetric, cortical thickness and metabolite ratios can be 

extracting from MRI and MRS measurements. Multivariate data analysis methods provide tools 

for processing data and find inherent patterns related to AD in data with high complexity and 

dimensionality. This information can be used for classification of AD and CTL subjects and 

prediction of MCI conversion to AD. (Westman et al. 2010) 
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3 Multivariate Data Analysis 

3.1 Projection Methods 

There are several existing methods for multivariate data analysis. Among them, Principal 

Component Analysis (PCA), Canonical Correlation Analysis (CCA) (Hotelling 1936) and 

Projection to Latent Structures (PLS) (Wold et al. 1984) are well-known methods. These 

projection methods are based on solving eigenvalue problem and are widely used for 

dimensionality reduction, modelling, classification and regression purposes. The difference 

between these methods lies in the optimisation criterion they use to define projection direction or 

in other word they optimize different cost functions. (Borga 1998) (De Bie, Cristianini & Rosipal 

2005) (Rosipal & Krämer 2006)  

PCA is based on the assumption that direction of higher variance contains more information 

than direction of lower variance. It projects the data onto the direction of maximal variance. In 

other words, PCA finds directions of maximum variance in data. Projects data onto those 

directions and represent data with projected values. Mathematically PCA can be written as:  

   
‖ ‖  
[   (  )] (Eq. 1) 

where X and w denote data matrix and weight vector respectively and    ( )      ⁄  denotes 

the sample variance. (De Bie, Cristianini & Rosipal 2005) (Rosipal & Krämer 2006) 

While PCA deals with only one data matrix, CCA takes relations between two data spaces 

and finds correlation between them. CCA is based on the assumption that there is some joint 

information between two data spaces which is reflected by correlation between them. Directions 

of higher correlation are assumed as relevant directions. CCA optimization criterion can be 

written as:  

   [    (     )]  (Eq. 2) 

where X and Y denote two data matrixes,   and   denote the corresponding weight vectors and 

[    (   )]  [   (   )]    ( )   ( )⁄  denotes the sample squared correlation. Indeed 

CCA finds the maximum correlation between a projection of    and a projection of   . 

(Hotelling 1936)  

PLS is similar to CCA, the major difference is that it maximizes the covariance between two 

data spaces. The mathematical formulation of PLS which maximizes the sample covariance 

between a projection of X and projection of Y can be written as: 

   
‖ ‖ ‖ ‖  

[   (     )]  (Eq. 3) 

where    (   )      ⁄  denotes the sample covariance. From another view, the first 

component of PLS can be seen as the maximally regularized version of the first component of 

CCA. Consider the following cost function: 
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‖ ‖ ‖ ‖  

   (     ) 

([    ]   (  )    )([    ]   (  )    )
 (Eq. 4) 

where       [   ] represent regulation terms. In case of          the solution of 

corresponding eigenvalue problem leads to CCA and in case of          the solution leads 

to PLS. (Wold et al. 1984)  

3.2 Projection to Latent Structures (PLS)  

The PLS approach was developed by Wold et al. (1984) for the purpose of modelling complex 

data. PLS is based on the assumption that there are latent variables which generate the observed 

data. Indeed, PLS projects the observed data on its latent variables. PLS creates latent vectors 

(score vectors) by maximizing the covariance between two data sets. PLS can be extended to 

regression problems where a set of predictor variables (independent variables) and a set of 

response variables (dependent variables or predicted variables) are considered as data sets. The 

goal of PLS regression is to analyse or predict the response variables from predictor variables. 

To achieve this goal, PLS extracts latent variables (score vectors) which have the best predictive 

power, from the predictor variables and then predict response variables based on these latent 

variables. PLS is very useful when a large set of predictor variables exist. (Rosipal & Krämer 

2006) (Abdi 2010) 

The K predictor variables of N observation are stored in matrix  (   ) and corresponding 

M response variables are stored in matrix  (   ). Both X and Y matrices assume to be zero-

means. The objectives of PLS can be written as: 

1. to model the relation between X and Y by means of score vectors, and 

2. to predict Y from X. 

The modelling of the relationship between X and Y can be described in different ways but the 

simplest way is based on the PCA-like model of X and Y. PLS fits two PCA-like models for X 

and Y at the same time and simultaneously searches for components that maximize the 

covariance between X and Y:  

    ̅       
    ̅       

 (Eq. 5) 

where   ̅  and   ̅  represent the variables average. The information related to the observations 

is stored in  (   ) and  (   ) matrices of the p extracted score vectors (latent vectors or 

component). The information related to the variables are stored in the X-loading matrix  (  

 ) and Y-weight matrix  (   ).  (   ) and  (   ) are residual matrices which contain 

the variation in the data that was left out of the modelling (noise). (Rosipal & Krämer 2006) 

(Eriksson et al. 2006-I) 

The classical form of PLS method is based on Nonlinear Iterative Partial Least Squares 

(NIPALS) algorithm which finds weight vectors w and c in equation 3 by means of equation 5. 

Specifically, the goal is to obtain a first pair of vectors      and     , such that     is 

maximal. The NIPALS algorithm starts with random initialisation of the u vector and creation of 
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two column cantered and normalized matrices     and    . Then it repeats the following 

steps until convergence of t:  

     (   )⁄   (estimate X weights)  

‖ ‖    (normalization)  

     (estimate X factor scores) (Eq. 6) 

     (   )⁄  (estimate Y weights)  

‖ ‖    (normalization)  

     (estimate Y scores) (Eq. 7) 

After these steps, it calculates the scalar       (which is used for prediction of Y) and 

      (the loading vector of X). The scalar b is stored as a diagonal element of B matrix. In 

the next step, the matrices E and F are deflated by subtracting their rank-one approximation 

based on t and u: 

       

        
 (Eq. 8) 

This procedure can be reiterated from step 1 until it finds all latent vectors. (Abdi 2010)  

The dependent variables are predicted using the following regression formula as: 

 ̂            
      ( 

  )  
 (Eq. 9) 

where      represents PLS regression coefficients. (Eriksson et al. 2006-I)  

3.3 Orthogonal PLS (OPLS) 

The PLS model is negatively affected by systematic variation in the predictor variables (X) that 

is not related to the response variables (Y). The OPLS (Orthogonal Projection to Latent 

Structures) method is a recent modification of the PLS method to help overcome this problem. 

The main idea of OPLS is to separate the systematic variation in X into two parts, one linearly 

related to Y and the other one unrelated (orthogonal) to Y. This separation improves the model 

transparency and interpretability and reduces the model complexity. Apart from the predictive 

point of view, the orthogonal variations can be used for analysing the model. (Trygg & Wold 

2002) (Eriksson et al. 2006-II)   

Several orthogonal correction methods (such as orthogonal signal correction, orthogonal 

filtering method and orthogonal projections to latent structures) proposed to remove variations in 

X which are non-correlated to Y. These methods are based on three criteria where each 

component:   

1. should involve the large systematic variations in X, 

2. should be predictive by X (in order to apply on future data) and 

3. should be orthogonal to Y. (Trygg & Wold 2002)  
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The OPLS method divides the systematic variation in X data into two model parts. The first 

part which includes predictive information, models the correlation between X and Y. The other 

part which includes orthogonal information, models the variation in X that is unrelated to Y. The 

OPLS method is a modification of the mentioned NIPALS method. Similarly to PLS method, the 

OPLS method can be written as: 

      
      

   

      
   

 (Eq. 10) 

where: 

       
           

    (  
   )

  

      
           

    (  
   )

  
 (Eq. 11) 

and:  

    ̅         (Eq. 12) 

where: 

       ̅
      

 

     (  
   )

  
  
    

   
 
 (Eq. 13) 

In the OPLS model,   (   ) denotes Y-predictive score matrix for X,   
 (   ) denotes 

the Y-predictive loading matrix for X,   (    ) denotes the corresponding Y-orthogonal 

score matrix and   
 (    ) denotes the loading matrix of Y-orthogonal components.   and    

are number of predictive and orthogonal components, respectively. The    is the regression 

coefficient matrix of the filtered X-matrix where the Y orthogonal components have been 

removed. (Eriksson et al. 2006-II) 

In above expression, the     
  block (which is called Y-predictive block) represents the 

between class variation and the     
  block (which is called Y-orthogonal block) represents 

within class variation. (Wiklund et al. 2008)  

The OPLS algorithm essentially consists of two main parts: the estimation of the predictive 

weight matrix (  ) and the iterative estimation of a set of Y-orthogonal weight vectors, forming 

the Y-orthogonal weight matrix (  ). Subsequent to the estimation step of each Y-orthogonal 

component, the X matrix is deflated by the Y-orthogonal variation, followed by a subsequent 

updating of the predictive score matrix (  ) and estimation of further Y-orthogonal components 

if required. (Rantalainen et al. 2007) 

The advantage of OPLS over PLS is that the model created to compare groups is rotated. This 

means that the first component of the model contains class separation information and other 

orthogonal components are not important in class separation. Figure 1 demonstrate a geometrical 

illustration of the differences between PLS and OPLS. In the PLS model, the first component 

shows the maximum covariance between two classes while in OPLS, the model is rotated, so the 

predictive component shows between class variation and the first Y-orthogonal component 

shows within class variation. (Wiklund et al. 2008) 
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Figure 1. Demonstrate a geometrical illustration of the difference between PLS and OPLS. 

3.4 Kernel based OPLS (K-OPLS) 

The main advantage of the OPLS method over the PLS method is the enhancement of 

interpretation by separating the correlated and unrelated systematic variation. However, in terms 

of prediction, the PLS and OPLS methods are equivalent. The K-OPLS method is a 

reformulation of the OPLS method to its kernel equivalent which improves the predictive 

performance especially where non-linear relationships exist between predictor and response 

variables. K-OPLS method combines the strengths of kernel-based methods to model non-linear 

structures in the data while it retains the framework of the OPLS model to separate correlated 

and uncorrelated systematic variation. As for the OPLS model, the K-OPLS model consists of a 

Y-predictive block and a Y-orthogonal block. The prediction power of the K-OPLS method is 

independent from separation of correlated and uncorrelated variations. Indeed the prediction 

power of method is comparable to kernel PLS method. (Bylesjö et al. 2008) 

When a non-linear relationship exists between X and Y variables and the main objective is 

prediction of Y, one common strategy is mapping X data into a higher dimensional feature space 

by mapping function of  ( ), where the expectation is that the applied transformation improves 

linear correlation between  ( ) and Y in the generated feature space. Explicitly computing the 

mapping  ( ) for complex transformation functions can be a limiting factors in terms of 

computational complexity and memory requirements. The kernel trick is a well-known way to 

avoid this limitation by mapping X into an inner product space without necessity of explicit 

mapping. The trick is to choose the mapping such that these inner products can be computed 

within the X space by means of a kernel function which defined as:  

 (   )  〈 ( )  ( )〉 (Eq. 14) 

where   is a mapping function from X to an inner product feature space (F): 

     ( )     

Then, only the kernel matrix K needs explicit calculation:  

     (     ) (Eq. 15) 

where    and    corresponds to the ith and jth row vector X. (Rantalainen et al. 2007) 



Multivariate Data Analysis  

14 

 
Figure 2. The modularized overview of the K-OPLS method. (Rantalainen et al. 2007) 

The K-OPLS method like any other kernel methods consists of two parts: a kernel function 

that performs the mapping into feature space and a model algorithm that is designed to discover 

relationships between data. Figure 2 illustrates the modularized overview of the K-OPLS method 

which is the same as the other kernel methods. The choice of kernel function is flexible for 

different applications and objectives. (Rantalainen et al. 2007)   

The kernel function type is important since it determines the characteristics of the feature 

space. Gaussian kernel is a commonly used kernel function which is defined as: 

 (   )     ( 
‖   ‖ 

   
) (Eq. 16) 

The parameter   controls the flexibility of the kernel; small values of   allow classifiers to fit 

any labels, hence risking overfitting. In such cases the kernel matrix becomes close to the 

identity matrix. On the other hand, large values of   gradually reduce the kernel to a constant 

function, making it impossible to learn any non-trivial classifier. (Shawe-Taylor & Cristianini 

2004) 

The K-OPLS model algorithm is a reformulation of the original OPLS method (described in 

section 3.3) which supports the use of the kernel trick, particularly use the kernel matrix with 

entries of      (     ). Indeed, the K-OPLS algorithm follows the principles of the OPLS 

algorithm while it is written in dual form by using the outer product    . This is followed by 

replacing the outer product with the kernel matrix K. The details of K-OPLS model estimation 

algorithm and prediction algorithm are described in appendix 9.1. (Rantalainen et al. 2007)  

3.5 Model Diagnostics 

Cross validation (CV) is a statistical method for evaluating and comparing learning algorithms 

which builds a number of parallel models. This method has several variants, however, n-fold 

cross validation is a straightforward form of CV. The n-fold cross validation method divides data 

into n equally (or nearly equally) sized segments or folds. Subsequently n iterations of training 

and validation are performed. In each round, n-1 folds are used for training the model (for 

learning) and one fold is used for testing the model (validation), such that each fold is used once 

and only once for validation. Thus, for each round of CV, the performance of the model can be 

calculated using some predetermined performance metric. Upon completion, n samples of the 

performance metric will be available. (Refaeilzadeh, Tang & Liu 2009)  

The K-OPLS model dimensionality (number of significant components in model) is the same 

for the OPLS model. The model dimensionality is an important parameter for both the predictive 

ability and the interpretation. In order to determine the appropriate number of components, cross 

validation is helpful. The appropriate number of components leads to optimum balance between 
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model fit and model predictive ability. The model fit means how well the training data will 

reproduce; and the goodness of the fit is given by the parameter   . The model predictive ability 

represents how reliably the test data will predict; and the goodness of prediction is given by the 

parameter   . (Eriksson et al. 2006-I)   

The quality of the model for prediction of dependent variables for new observations is 

evaluated by the similarity between  ̂ (predicted dependent variables) and Y (true dependent 

variables). There are several ways for measuring this similarity; however, the Predicted Residual 

Sum of Squares is the most popular measure:  

      ‖   ̂[ ]‖
 
 (Eq. 17) 

In case of using A latent variables, matrix  ̂[ ] denotes the predicted values and the prediction 

quality evaluated by the similarity between  ̂[ ] and Y. Then,    value defined as:  

  
    

      
       

 (Eq. 18) 

where         denotes the residual sum of squares before the component a. (Abdi 2010) 

When cross validation is used, each CV round, the difference between actual and predicted Y-

values are calculated. The sum of squares of these differences from all the parallel models is 

used to form Predictive Residual Sum of Squares (PRESS):  

      ∑‖   ̂‖
 

 (Eq. 19) 

PRESS is calculated for the final model with the estimated number of significant components 

which can be re-expressed as:  

      
     

   
 (Eq. 20) 

      
   

   
 (Eq. 21) 

where SSY represents the total variations in the Y-matrix after mean-centering and unit variance 

scaling. (Eriksson et al. 2006-I)  

Usually the quality of the prediction does not increase with the number of components used in 

the model and typically the prediction ability increases and then decreases. This means that the 

model is over-fitting the data. Figure 3 shows    and    parameters as a function of the number 

of components. As illustrates in Figure 3, after a certain number of components, the    value 

decreases and the prediction ability does not improve any further. At this point, there is an 

optimum balance between model fit and predictive ability. To obtain a high    value, a high    

value is necessary. (Eriksson et al. 2006-I)     
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Figure 3. The    and    parameters as a function of the number of components (A) in a model. 

The output of a classifier is the predicted class of the input. Based on the actual classes of the 

inputs and the predicted classes of the outputs, there are four possible outcomes that construct 

the confusion matrix. Figure 4 shows the components of the confusion matrix. The confusion 

matrix is the basis for other performance metrics. The true positive rate and the false positive rate 

are defined as:  

                   
                                 

                           
             

                    
                                  

                           
               

 
Figure 4. Confusion matrix.  

The receiver operating characteristic (ROC) graph is a two-dimensional graph that plots the 

true positive rate versus the false positive rate. For a binary classifier, the ROC curve can be 

obtained by varying the discrimination threshold form -∞ to +∞. The ROC curve represents the 

inherent detection characteristics of the classifiers. (Metz 1978) Indeed a ROC curve represents 

the classifier performance in a two dimensional plot. (Fawcett 2006) Therefore it is possible to 

use the ROC curve to compare the performance of classifiers. One way to compare different 

classifiers is to reduce the ROC performance to a single scalar value. Calculating the area under 

the ROC curve (AUC) is a common method to transform ROC performance to a scalar value. 

(Bradley 1997) The AUC has a value between 0 and 1 and a classifier with greater area has a 
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better average performance. Figure 5 shows the ROC curve of two classifiers. Classifier B has 

greater AUC compare to classifier A and therefore better average performance.  

 
Figure 5. The ROC curves of two different classifiers. The colour area between two curves represents the 

AUC difference between two classifiers. 
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4 Material and Method  

4.1 Study Data 

In this work, three different datasets were used for evaluating the K-OPLS algorithm. The first 

dataset included 63 subjects, AD patients and healthy control subjects (CTL), which were 

derived from the Alzheimer’s Research Trust (ART) cohort. The second dataset included 348 

subjects, AD, CTL and subjects with mild cognitive impairment (MCI), obtained from the 

AddNeuroMed (ANM) study, a part of InnoMed (Innovative Medicines in Europe) project. The 

third dataset included 726 subjects, AD, CTL and MCI subjects were from the Alzheimer's 

Disease Neuroimaging Initiative (ADNI) database.  

ART Dataset  

The ART dataset includes 28 AD patients and 35 healthy controls, altogether 63 subjects whom 

had both MRI and hippocampal MRS data. Diagnostic decision was made based on clinical 

evaluation of subjects without involving MRI and MRS measures. In addition to clinical 

diagnosis, subjects were assessed with a standardised assessment protocol including informant 

interview for diagnosis, Mini Mental State Examination (MMSE), and Global Dementia Scale 

(GDS) assessments for severity. Table 1 gives more information about the study dataset.  

Table 1. Subject characteristics of the ART dataset. 

 AD CTL 

Number 28 35 

Gender (F/M) 13/15 22/13 

Age (years) 76.2 ± 5.1 77.6 ± 4.6 

Education (years) 11.2 ± 3.1 11.7 ± 3.2 

MMSE 23.1 ± 3.6 29.4 ± 0.7 

GDS 4.0 ± 0.7 - 

Data are represented as: mean ± standard deviation. AD: Alzheimer’s Disease; CTL: Healthy Control. MMSE=Mini 

Mental State Examination. GDS = Global Dementia Scale.  

Subjects were scanned using a 1.5 Tesla, GE NV/i Signa MR System (General Electric, 

Milwaukee, WI, USA) at the Maudsley Hospital, London. The brain 3D T1-weighted volume 

images (256×256×124 voxel matrix) were acquired in the axial plane with 1.5mm contiguous 

sections. 

The hippocampal MRS voxels measured 20×20×15mm
3
 (6mL) were defined in standard 

locations in the left and right hippocampus. A point resolved spectroscopy pulse sequence with 

automated shimming and water suppression was used to obtain spectra from each voxel after 

CHESS water suppression. (Simmons et al. 1998) 

The FreeSurfer pipeline that produces regional cortical thickness and volumetric measures 

was utilized for image analysis. The software package LCModel was used for spectra analysis. 
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Finally, 34 regional cortical thickness measures and 21 volumetric measures from MRI data in 

addition to 3 metabolite ratios from MRS data, altogether 58 variables obtained for each subject. 

Table 2 lists these variables and Figure 6 represents regions of interest included as candidate 

input variables.  

Table 2. List of variables including in ART dataset. 

Cortical thickness measures Volumetric measures MRS metabolite ratios 

1. Banks of superior temporal sulcus 1. Accumbens 1. Choline 

2. Caudal anterior cingulate 2. Amygdala 2. NAA 

3. Caudal middle frontal gyrus 3. Brainstem 3. Myo Inositol 

4. Cuneus cortex 4. Caudate  

5. Entorhinal cortex 5. Cerebellum cortex  

6. Frontal pole 6. Cerebellum white matter  

7. Fusiform gyrus 7. Corpus callosum anterior  

8. Inferior parietal cortex 8. Corpus callosum central  

9. Inferior temporal gyrus 9. Corpus callosum mid anterior  

10. Insular 10. Corpus callosum mid posterior  

11. Isthmus of cingulate cortex 11. Corpus callosum posterior  

12. Lateral occipital cortex 12. CSF  

13. Lateral orbitofrontal cortex 13. Forth ventricle  

14. Lingual gyrus 14. Hippocampus  

15. Medial orbitofrontal cortex 15. Inferior lateral ventricle  

16. Middle temporal gyrus 16. Lateral ventricle  

17. Paracentral sulcus 17. Pallidum  

18. Parahippocampal gyrus 18. Putamen  

19. Parsopercularis 19. Thalamus proper  

20. Parsorbitalis 20. Third ventricle  

21. Parstriangularis 21. Ventral DC  

22. Pericalcarine cortex   

23. Postcentral gyrus   

24. Posterior cingulate cortex   

25. Precentral gyrus   

26. Precuneus cortex   

27. Rostral anterior cingulate cortex   

28. Rostral middle frontal gyrus   

29. Superior frontal gyrus   

30. Superior parietal gyrus   

31. Superior temporal gyrus   

32. Supramarginal gyrus   

33. Temporal pole   

34. Transverse temporal cortex   
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Figure 6. Regions of interest included as candidate input variables. Left: Regional volumes. Right: 

Regional cortical thickness measures. [Provided by Prof. Andrew Simmons, Kings College London]  

ANM and ADNI Datasets 

The ANM dataset consists of 348 subjects, 119 AD patients, 110 healthy control subjects and 

119 MCI subjects. 22 of the MCI subjects converted to AD at one year follow up. Subjects were 

collected from six different sites across Europe in Finland, Italy, Greece, United Kingdom, 

Poland and France. The AD and MCI subjects were selected from the local memory clinics and 

the control subjects were selected from non-related members of the patient's families, caregiver's 

relatives and social centers. For each subject MMSE and Clinical Dementia Rating (CDR) were 

assessed in addition to clinical diagnosis. Table 3 and Table 4 show the inclusion and exclusion 

criteria for AD, MCI and control groups. Table 5 gives the demographics of the ANM dataset. 

Table 3. The inclusion and exclusion criteria for Alzheimer’s Disease.  

 Inclusion criteria  Exclusion criteria 

1 ADRDA/NINCDS and DSM-IV criteria for 

probable Alzheimer's disease. 

1 Significant neurological or psychiatric illness 

other than Alzheimer's disease. 

2 MMSE score ranged from 12 to 28. 2 Significant unstable systematic illness or organ 

failure. 3 Age 65 years or above. 

4 CDR score of 0.5 or above.   
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Table 4. The inclusion and exclusion criteria for MCI and control subjects.  

 Inclusion criteria  Exclusion criteria 

1 MMSE score between 24 and 30.  1 Meet the DSM-IV criteria for Dementia. 

2 GDS score less than or equal to 5. 2 Significant neurological or psychiatric illness 

other than Alzheimer's disease. 3 Age 65 years or above. 

4 Medication stable. 3 Significant unstable systematic illness or organ 

failure. 5 Good general health. 

CDR score of control is zero. CDR score of MCI is 0.5. 

 

Table 5. Subject characteristics of the ANM dataset. 

 AD MCI CTL 

Number 119 119 110 

Gender (F/M) 79/40 59/60 60/50 

Age (years) 75.6 ± 6.0 74.3 ± 5.7 72.9 ± 6.5 

Education (years) 8.0 ± 3.0 8.9 ± 4.3 10.8 ± 4.8 

MMSE 20.9 ± 4.7 27.1 ± 1.7 29.1 ± 1.2 

CDR 1.2 ± 0.5 0.5 0 

Data are represented as: mean ± standard deviation.  

The ADNI dataset consists of 726 subjects, 176 AD patients, 225 healthy control subjects and 

325 MCI subjects. After one year follow up 62 MCI subjects converted to AD and 7 subjects 

returned to normal cognition. ADNI subjects were collected from over 50 sites across the U.S. 

and Canada. Table 6 shows the general inclusion and exclusion criteria in the ADNI dataset. 

More information about this cohort is available at www.adni-info.org website. Table 7 gives the 

demographics of the ADNI dataset. (Westman et al. 2011b)   

Table 6. General inclusion/exclusion criteria in the ADNI dataset.  

 AD  MCI  CTL 

1 MMSE scores: 20 to 26. 1 MMSE scores 24 to 30. 1 MMSE scores 24 to 30. 

2 CDR of 0.5 or 1.0. 2 CDR of 0.5. 2 CDR of zero. 

3 Met NINCDS/ADRDA criteria 

for probable AD. 

3 Objective memory loss measured by 

education adjusted scores on Wechsler 

Memory Scale Logical Memory II. 

3 Non-depressed, non-MCI, and 

non-demented. 

  4 Absence of significant levels of 

impairment in other cognitive domains, 

essentially preserved activities of daily 

living, and an absence of dementia. 

  

 

Table 7. Subject characteristics of the ADNI dataset. 

 AD MCI CTL 

Number 176 325 225 

Gender (F/M) 86/90 124/201 109/116 

Age (years) 75.3 ± 7.5 74.5 ± 7.1 76.0 ± 5.0 

Education (years) 14.6 ± 3.2 15.6 ± 3.0 16.0 ± 3.0 

MMSE 23.3 ± 2.0 27.0 ± 1.8 29.1 ± 1.0 

CDR 0.7 ± 0.3 0.5 0 

Data are represented as: mean ± standard deviation.  

http://www.adni-info.org/
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Data acquisition for the ANM study was designed to be compatible with the ADNI. The 

imaging protocol for both studies included a high resolution sagittal 3D T1-weighted MPRAGE 

volume (voxel size 1.1×1.1×1.2 mm3) and axial proton density/T2-weighted fast spin echo 

images. The MPRAGE volume was acquired using a custom pulse sequence specifically 

designed for the ADNI study to ensure compatibility across scanners. The Freesurfer pipeline 

which produces regional cortical thickness and volumetric measures was utilised for image 

analysis. A total of 57 different variables (34 regional cortical thickness measures and 23 

volumetric measures) were obtained for each subject. Table 8 shows the list of these variables.  

Table 8. List of variables including in the ADNI and ANM datasets. 

Cortical thickness measures Volumetric measures 

1. Banks of superior temporal sulcus 1. Accumbens 

2. Caudal anterior cingulate 2. Amygdala 

3. Caudal middle frontal gyrus 3. Brainstem 

4. Cuneus cortex 4. Caudate 

5. Entorhinal cortex 5. Cerebellum cortex 

6. Frontal operculum 6. Cerebellum white matter 

7. Frontal pole 7. Cerebral cortex 

8. Fusiform gyrus 8. Cerebral white matter 

9. Inferior parietal cortex 9. Corpus callosum anterior 

10. Inferior temporal gyrus 10. Corpus callosum central 

11. Insular 11. Corpus callosum mid anterior 

12. Isthmus of cingulate cortex 12. Corpus callosum mid posterior 

13. Lateral occipital cortex 13. Corpus callosum posterior 

14. Lateral orbitofrontal cortex 14. CSF 

15. Lingual gyrus 15. Forth ventricle 

16. Medial orbitofrontal cortex 16. Hippocampus 

17. Middle temporal gyrus 17. Inferior lateral ventricle 

18. Orbital operculum 18. Lateral ventricle 

19. Paracentral sulcus 19. Pallidum 

20. Parahippocampal gyrus 20. Putamen 

21. Pericalcarine cortex 21. Thalamus proper 

22. Postcentral gyrus 22. Third ventricle 

23. Posterior cingulate cortex 23. Ventral DC 

24. Precentral gyrus  

25. Precuneus cortex  

26. Rostral anterior cingulate cortex  

27. Rostral middle frontal gyrus  

28. Superior frontal gyrus  

29. Superior parietal gyrus  

30. Superior temporal gyrus  

31. Supramarginal gyrus  

32. Temporal pole  

33. Transverse temporal cortex  

34. Triangular part of inferior frontal gyrus  

 

Westman et al. (2011) used a multivariate data analysis approach and an automated image 

analysis pipeline to compare and combine MRI data from ANM and ADNI cohorts. They 
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demonstrated that the two cohorts show very similar atrophy pattern and also the prediction 

power of the models (independent from the cohorts and validation method) is very similar. 

Therefore it is possible to combine the two cohorts and create a large and robust dataset. The 

resulted dataset includes 1074 subjects (295 AD, 444 MCI and 335 controls). Table 9 gives the 

demographics of the combined dataset. Table 10 show the distribution of MCI subjects in ANM, 

ADNI and combined datasets according to the initial and one year follow up data.    

Table 9. Subject characteristics of the combined (ANM and ADNI) dataset. 

Variable AD MCI CTL 

Number 295 444 335 

Gender (F/M) 165/130 183/261 169/166 

Age (years) 75.4 ± 6.9 74.5 ± 6.8 75.0 ± 5.7 

Education (years) 12.0 ± 4.8 14.0 ± 4.6 14.3 ± 4.3 

MMSE 22.3 ± 3.6 27.1 ± 1.7 29.1 ± 1.1 

CDR 0.9 ± 0.4 0.5 0 

Data are represented as: mean ± standard deviation.  

Table 10. The distribution of MCI subjects in ANM/ADNI datasets.  

 

Baseline 
 

One year follow up 

MCI subjects Stable MCI AD converters Return to normal 

ANM  119  97 22 - 

ADNI 325  256 62 7 

ANM+ADNI (combined) 444  353 84 7 

 

4.2 K-OPLS Multivariate Data Analysis 

The data of the two introduced datasets were analysed using the Kernel based Orthogonal 

Projection to Latent Structures (K-OPLS) method. The K-OPLS package provided by (Bylesjö et 

al. 2008) was used for data analysis. The K-OPLS package has implemented the K-OPLS 

method as an open source and platform independent software for MATLAB, licensed under the 

GNU GPL and available at http://www.sourceforge.net/projects/kopls/ webpage. The K-OPLS 

package includes essential functionality for model training, prediction of unknown samples and 

evaluation by means of cross validation. In addition, it provides some diagnostic tools and plot 

functions which are useful for representation and demonstration of results. However, the package 

has been changed and modified according to requirement of this work.   

Pre-processing was performed using mean-centering and unit variance scaling in order to 

transform the data into a suitable form for analysis. The mean-centering method subtracts the 

average of each variable from the data. Mean-centering improves the interpretability of the data. 

Different variables possess different variances and numerical ranges. Since high variance 

variables are more likely to be modelled than low variance variables, therefore unit variance 

scaling was performed to scale the data appropriately. The unit variance scaling method 

calculates the standard deviation of each variable and applies the inverse of standard deviation as 

a scaling weight for that variable. Figure 7 shows a graphical illustration of the impact of these 

two operations. (Eriksson et al. 2006-I)  

http://www.sourceforge.net/projects/kopls/
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Figure 7. A graphical illustration of the impact of mean-centering and unit variance scaling. 

The choice of the kernel function in the K-OPLS method is an important issue that depends 

on the properties of the data, the assumption and the purpose of modelling. In this work, 

according to previous experiments, the Gaussian kernel function was selected. The sigma ( ) 

parameter in the Gaussian kernel function, affects the model performance. The traditional 

approach to find an optimal value for the sigma parameter is based on performing exhaustive 

grid search. In this approach for each sigma value, the model properties are evaluated using 

cross-validation, to identify the value that maximizes some performance metric. (Rantalainen et 

al. 2007) In this work, brute-force search was used for manual tuning of the sigma parameter; the 

    value was used as a performance metric and a sigma value that maximized the     value 

was selected for Gaussian function.  

The calculated kernel matrices were centered prior to model estimation using the following 

equations for training and test kernels: (Rantalainen et al. 2007)  

       (    
 

   
      

 )      (    
 

   
      

 ) (Eq. 22) 

       (       
 

   
      

       ) (    
 

   
      

 ) (Eq. 23) 

As explained in section 3.5 the dimensionality of the K-OPLS model is important for both 

prediction power and interpretation. The n-fold cross validation method was used to determine 

number of significant orthogonal components for modelling the data. The     curve (Figure 3) 

was created based on the   
   value of each orthogonal component. Thereafter, the optimum 

number was defined equal to the number of components corresponding to the maximum     

value. Also, the     value describes the statistical significance for separating groups; a model 

with     value higher than 0.05 is regarded as statistically significant, a model with     value 

higher than 0.5 is regarded as good and a model with     value higher than 0.7 is regarded as 

excellent model. (Westman et al. 2010) However, this grading depends on the application. 

(Eriksson et al. 2006-I)  

The results of K-OPLS analysis are visualized in two types of plots. The cross-validated score 

plot is a scatter plot of the predictive component vs. the first orthogonal component. Each point 

in the scatter plot represents one individual subject. The plot is used for visualisation of the 
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information about class separation. Another useful plot is the loading plot that represents the 

variables of importance for the separation between groups and their corresponding confidence 

intervals. The loading plot reflects the importance of different variables in the model that is 

useful for model interpretation. The variables are sorted in descending order according to their 

covariance value. A variable with a higher covariance value is more important for group 

separation. A variable with a negative covariance has a lower value in control subjects compared 

to AD subjects and a variable with positive covariance has a higher value in control subjects. The 

covariance value is calculated as:  

   (   )  
   

   
 (Eq. 24) 

where   is score vector in the K-OPLS method and   is data matrix. (Wiklund et al. 2008)   

4.3 Age Correction Method 

In statistics, a confounding factor is defined as a variable in a model that correlates with both the 

dependent variable and the independent variable. Several brain imaging studies have reported 

global and regional changes of brain volumes with increasing age. A decrease of global grey 

matter, hippocampal, temporal and frontal lobe volumes are associated with increased 

cerebrospinal fluid (CSF) spaces. Additionally, several studies have reported global and regional 

brain atrophy in AD and other types of dementia. These studies have shown global brain atrophy, 

reduced temporal lobe, and in particular medial temporal lobe atrophy such as hippocampal and 

entorhinal cortex volumes. These studies suggest that age can be a confounding variable in 

classification of AD patients and healthy control subjects. (Fox , Freeborough & Rossor 1996) 

(Good et al. 2001) (Scahill et al. 2003) (Dukart et al. 2011)  

The equal direction of these changes in AD patients and healthy control subjects leads to 

misclassification of young AD patients and old control subjects. To overcome this problem, 

usually the groups of AD patients and control subjects are chosen so that they matched for age 

and/or age is integrated as a covariate in the statistical model. However, it is not always possible 

to match the age of different clinical groups or to integrate the age as a covariate. In the case of 

the ANM and ADNI datasets, they are not matched in age that might lead to higher 

misclassification rate. (Friston et al. 1995) (Dukart et al. 2011)  

The age correction algorithm was implemented based on a method proposed by Dukart et al. 

(2011). They proposed a linear detrending method in terms of the general linear model (GLM) 

that finds the age-related effects, based on only the control subjects. The linear model was 

chosen based on the Good et al. (2001) study where they found a linear decreasing in global grey 

matter volume in a cohort of 465 healthy subjects. (Good et al. 2001) (Dukart et al. 2011)   

In this work we used the same method for each MRI variable to remove age-related effects. 

For each variable, a general linear model was used to model the age-related effect as a linear 

drift. The GLM was calculated using only the group of control subjects. Then, the resulted model 

was used to remove the age-related effect and obtain the corrected values of all variables for the 

groups AD, MCI and CTL. The age correction method is applied prior to any statistical 

evaluation. 

The GLM models are calculated for each variable using only healthy control subjects by: 
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                (Eq. 25) 

where      is a vector of variable values for healthy control subjects;      is a matrix which 

contains two columns, a column of constants and a column includes the ages of healthy control 

subjects;   is the vector of regression coefficients consisting of    for the constant, and      for 

age-related changes; and      is the residual. Solving the GLM model for   to minimizing the 

sum of squared residuals (least squares estimation of  ) results in:  

(
  
    
)  (    

     )
      
      (Eq. 26) 

The age corrected values of the variable (   ) is calculated by applying the      on all AD, 

MCI and CTL subjects as:  

              (Eq. 27) 

where     is the age-corrected variable values for all subjects and    is the age of all subjects.  

It is very important to differentiate between the age-related and the disease-related changes. 

Removing age-related effects using regression coefficients determined in the AD group might 

also remove disease-related changes. Therefore, it is very important to use only control subjects 

to determine the regression coefficient. (Dukart et al. 2011) 
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5 Results  

Multivariate data analysis by means of Kernel based Orthogonal Projection to Latent Structures 

(K-OPLS) method was performed. For each dataset, several analyses were performed to classify 

AD patients and healthy control subjects. In addition, the created models based on AD and 

control subjects were used to predict MCI subjects as AD-like or CTL-like. The analyses results 

are described below.  

5.1 Results of ART Dataset Analysis 

PCA analysis was used to demonstrate the properties of the dataset and to visualize the 

distribution of subjects. Figure 8 shows the PCA representation of the ART dataset after mean-

centering and unit variance scaling. Each subject in the ART dataset is represented by the first 

and the second principle components based on both MRI and MRS variables.  

 
Figure 8. PCA representation of ART dataset. 

Three different models were created to classify AD and control subjects in the ART dataset. 

The first and second models were created using only MRI measures and only MRS measures, 

respectively. The third model was created using both MRI and MRS data as one input space to 
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component and two orthogonal components. The sigma value of the kernel matrix manually 

tuned based on exhaustive grid search based on the highest     value.  

Subsequently, 7-fold cross validation method was used to evaluate the models. The first 

(MRI-based) and second (MRS-based) models respectively resulted in     values equal to 0.64 

and 0.32, while the third model (based on both MRI and MRS measures) resulted in a     value 

equal to 0.74.  

Figure 9 shows the cross-validated score plots of the K-OPLS models. For each model, the 

sensitivity, specificity and accuracy were calculated. Sensitivity, specificity and accuracy of the 

models are defined as: 

            
                                      

                           
  

            
                                                

                                
  

         
                                     

                        
  

The MRS-based model resulted in a sensitivity of 71.4%, a specificity of 94.3% and an 

accuracy of 83.6%. The MRI-based model resulted in a sensitivity of 89.3%, a specificity of 

94.3% and an accuracy of 91.9%. The model based on both MRI and MRS measures gave the 

best results, a sensitivity of 96.4%, a specificity of 97.1% and an accuracy of 96.8%. Table 11 

shows the summary of these results. Figure 10 shows the variables of importance for the 

classification in the model based on both MRI and MRS measures.  

Table 11. Results of the ART dataset analysis. 

Model Sensitivity Specificity Accuracy      

MRS measures 71.4% 94.3% 83.6% 0.32 

MRI measures 89.3% 94.3% 91.9% 0.64 

MRI & MRS measures 96.4% 97.1% 96.8% 0.74 

        : statistically significant model,        : good model and        : excellent model. 



Results 

 

31 

 

 

 
Figure 9. The cross-validated score plots of K-OPLS models of the ART dataset. Up: MRI-based model 

using only MRI measures. Middle: MRS-based model using only MRS measures. Down: the model using 

both MRI and MRS measures. 
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Figure 10. Variables importance in the model based on MRI and MRS measures.  
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5.2 Results of ANM and ADNI Datasets Analysis 

Once more, PCA analysis was used to demonstrate the properties of the dataset and to visualize 

the distribution of subjects. Figure 11 shows the PCA representation of the ANM and the ADNI 

datasets after unit variance scaling and mean-centering.  

 

 
Figure 11. The PCA representation of the ANM (up) and ADNI (down) datasets. 

In a first step, the K-OPLS method was used for classification of AD patients and healthy 

control subjects. 7-fold cross validation was used to evaluate the classification. Subsequently, the 
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were used as test data. Afterward, the age correction method was applied on data and the same 

analyses were performed to investigate the effect of the age correction method on classification.  

Several models were created for the mentioned analyses. There are two parameters in the K-

OPLS model that affect the model performance: the number of orthogonal components that 

determines the model dimension; and the sigma value in the kernel function. For each model 7-

fold cross validation method was used to determine the dimensionality of the model based on the 

best     value. Also, the sigma value was manually tuned based on exhaustive grid search to 

find the highest     value.  

A K-OPLS model was created for the combined dataset including 295 AD and 335 control 

subjects using 57 MRI variables. 7-fold cross validation was used to evaluate the model. The 

model resulted in a sensitivity of 85.8%, a specificity of 91.3% and an accuracy of 88.3%. The 

model     value was 0.563. Figure 12 shows the cross-validated score plot and Figure 13 shows 

the measures of importance for the separation between the groups AD and CTL.   

 
Figure 12. Cross-validated score plot of K-OPLS model for classification of AD patients and control 

subjects in combined dataset.  

The model created based on AD and control subjects was used to predict 444 MCI subjects as 

AD-like or CTL-like. Based on the prediction, each MCI subject was classified as AD-like or 

CTL-like. According to the one year follow up information, sensitivity and specificity of the 

MCI prediction were defined as:  
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Figure 13. The measures of importance for classification of the groups AD and CTL.  
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Figure 14. The score plot of MCI prediction in combined dataset.  

The MCI prediction resulted in a sensitivity of 78.6% and a specificity of 57.5%. Figure 14 

shows the score plot of MCI prediction. The green “+” symbols show the subjects that are 

classified as CTL-like and the black “o” symbols show the subjects that are classified as AD-

like.   

In next step, the age correction method was applied on MRI variables prior to pre-processing 

and multivariate data analysis to remove the age-related effects. Subsequently, a K-OPLS model 

was created based on age corrected variables of 295 AD patients and 335 control subjects in the 

combined (ANM and ADNI) dataset. The model resulted in a sensitivity of 86.8%, a specificity 

of 89.3%, and an accuracy of 87.9% and a     value equal to 0.603. This model was used to 

predict MCI subjects. The outcomes of the prediction were: 82.1% sensitivity and 56.7% 

specificity. Table 12 shows the summary of obtained results from above analyses.  

Table 12. Results of combined (ANM and ADNI) dataset analysis. 

  without age correction with age correction 

    value 0.563 0.603 

Sensitivity 85.8% 86.8% 

Specificity 91.3% 89.3% 

Accuracy 88.4% 87.9% 

 

MCI prediction: Sensitivity 78.6% 82.1% 

MCI prediction: Specificity 57.5% 56.7% 

        : statistically significant model,        : good model and        : excellent model. 

Figure 15 shows the cross-validated score plot of the K-OPLS model for classification of AD 

patients and control subjects in the combined dataset using age-corrected variables. Figure 16 

shows the score plot of MCI prediction using age-corrected variables. Figure 17 shows the 
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measures of importance for the classification of AD patients and control subjects using age 

correction.  

 
Figure 15. The cross-validated score plot of K-OPLS model with age-corrected data and including 

education in combined dataset.  

 
Figure 16. The score plot of MCI prediction using age-corrected data and including education in 

combined dataset. 
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Figure 17. The measures of importance for classification of the groups AD and CTL, using age-corrected 

data.  
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6 Discussion 

The objectives of this work can be divided into three parts. In the first part, the performance of 

the K-OPLS model for classification of AD and CTL subjects was studied. The effect of 

combining MRI measures with MRS measures for improving the classification performance was 

investigated. In the second part, the K-OPLS method was used for predicting MCI conversion by 

classification them as either AD-like or CTL-like. The third objective was to study the effect of 

an age correction algorithm. Additionally, the same analyses were performed using the linear 

OPLS method to compare the results from linear and non-linear methods.  

Recently, several studies have used automatic classification methods to discriminate between 

AD patients and healthy control subjects based on MRI data. The advantages of these methods 

are their potential use for early diagnosis of Alzheimer’s Disease. The classification accuracy is 

influenced by several factors including both methods and dataset properties. Several factors such 

as MRI image quality, selected features, feature extraction methods, analysis tools and the 

robustness of the validation approaches affect the performance. In addition, dataset properties 

such as the number of subjects, demographics (age, gender, genotype and education level) and 

clinical diagnosis affect the accuracy.  

Statistically, the number of subjects in a dataset influences the performance of the 

classification. Different inclusion criteria for AD and MCI subjects in the different cohorts can 

result in a more heterogeneous group. (Westman et al. 2011a) Therefore, small datasets may give 

us better results than large datasets.  On the other hand, models created based on large datasets 

are more reliable and robust.  

The severity of AD is another notable factor in classification performance. A more severely 

impaired AD group shows larger structural differences compare to control groups. These 

differences lead to higher classification accuracies. Klöppel et al. (2008) used linear support 

vector machines to classify the grey matter segmentation of T1-weighted MR scans from 

pathologically proven AD patients and cognitively normal elderly individuals. They divided the 

subjects (from two centers and different scanners) in four groups. One of the groups had milder 

AD compared to the other groups (mean MMSE of 23.5 compare to approximate 16 in other 

groups). The sensitivity of classification in mild AD group significantly decreased compare to 

other groups sensitivities (60% compare to 95-100%).  

Several brain imaging studies have reported global and regional changes of brain volumes 

with increasing age. These age-related changes show a similar pattern as AD-related changes. 

This may lead to a misclassification of younger AD patients and older control subjects. Finally, 

using fully cross-validated results is recommended to avoid an optimistic bias in classification 

accuracy.  
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6.1 ART Dataset Analysis 

The purpose of this part was to investigate the performance of the K-OPLS model as a 

multivariate analysis tool for classification of AD patients and healthy control subjects. Further, 

the effect of combining MRI measures and MRS measures to improve the classification 

performance was studied. In this regard, three different models were created using only MRI 

data, only MRS data and MRI and MRS data combined. Table 11 summarizes the resulted 

sensitivity, specificity and     value of these models. 

Model Predictability  

Westman et al. (2010) have used linear OPLS for classification of AD and healthy elderly 

subjects using MRI and MRS as input. They used the same dataset as the ART dataset with 

slightly different variables and number of subjects. That dataset contained 66 subjects including 

30 AD and 36 healthy control subjects. Table 13 summarizes the results of their study.  

In this work, the model containing only MRS variables resulted in an accuracy of 83.6%, a 

sensitivity of 71.4% and a specificity of 94.3% which is comparable to the OPLS method. The 

model containing only MRI measures resulted in an accuracy of 91.9%, a sensitivity of 89.3% 

and a specificity of 94.3% which is more effective than the model containing only MRS data. As 

for the MRS model, lower sensitivity and higher specificity was achieved compared to the linear 

OPLS method. The best classification performance was achieved by third model which contains 

both MRI and MRS measures (accuracy = 96.8%, sensitivity = 96.4% and specificity = 97.1%). 

In comparison to the OPLS method, the model of combined (MRI and MRS) measures resulted 

in the same sensitivity but a higher specificity.  

In terms of model quality, the     value of the model based on both MRI and MRS measures 

had a higher value compared to the models based on only MRI and only MRS. The combined 

model resulted in     value equal to 0.73 which is regarded as an excellent model. The model 

based on MRI and MRS resulted in good and significant models, respectively. However 

compared to the linear OPLS models, the same     values were achieved.  

The analysis results of the ART dataset imply the potential of the K-OPLS method to classify 

AD and CTL subjects. In addition, the significant improvements of sensitivity, specificity and 

    value in the model of combined measures, confirms the positive effect of adding MRS 

measures. The similarity of these results with OPLS results indicates the robustness of the 

methods. 

Table 13. Results of the OPLS method. The dataset contains 66 AD and control subjects with slightly 

different variables compare to ART dataset. (Westman et al. 2010)   

Model Sensitivity Specificity      

MRS measures 76% (59–88) 83% (71–94) 0.34 

MRI measures 93% (79–98) 86% (71–94) 0.62 

MRI & MRS measures 97% (83–99) 94% (82–98) 0.73 

Values within parenthesis show confidence intervals for the sensitivity and specificity.  
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MRI/MRS Measures of Importance 

In classification of AD patients and healthy control subjects, the most important MRI variables 

for the separation were regions such as hippocampus, amygdala, entorhinal cortex, 

parahipocampal gyrus and inferior lateral ventricles. The results show that structures in the 

medial temporal lobe areas are atrophied in AD patients. These results are in accordance with 

several other studies. (McEvoy et al. 2009) (Westman et al. 2010)  

Among the MRS measures, NAA were the most important variable for the separation. The 

levels of NAA are decreased in AD patients compared to healthy controls. Although the three 

MRS measures show lower importance compare to MRI measures for classification, they 

improved the prediction accuracy. A possible explanation is that they reflect different aspects of 

the pathological processes: brain atrophy and metabolic changes. Also several studies have 

reported that combining MRI with MRS measures including NAA/Cr+PCr improves the 

classification accuracy. (Jessen et al. 2005) (Schuff et al. 2002)  

6.2 ANM and ADNI Datasets Analysis  

The results of the ART dataset analysis introduced the K-OPLS method as a robust model with 

potential benefits for classification and interpretation. The purpose of this part was defined as 

implementing and investigating the performance of the K-OPLS model for classification of AD 

patients and healthy control subjects in the combined dataset. Furthermore, the ability of the K-

OPLS method for predicting MCI conversion was studied. The MCI subjects were classified as 

AD-like or CTL-like. Additionally, the same analyses were performed using the OPLS method 

to provide a comparison between the non-linear K-OPLS and the linear OPLS methods.  

Classification of AD and control subjects  

Several studies have attempted to automatically discriminate between AD and CTL subjects 

based on different methods and variable input. McEvoy et al. (2009) have used linear 

discriminant analysis (LDA) to distinguish between 84 mild AD patients and 139 healthy control 

subjects in the ADNI cohort based on quantitative structural neuroimaging measures of regional 

MRI volumes and regional cortical thicknesses. They obtained a lower sensitivity = 83% and a 

higher specificity = 93%. Cuingnet et al. (2011) also evaluated the performance of ten different 

automated classification methods using data from the ADNI cohort. They compared five voxel-

based methods, three methods based on cortical thickness and two methods based on the 

hippocampus using 509 subjects. They received up to 81% sensitivity and 95% specificity with 

their whole brain (voxel based and cortical thickness based) method for classification of AD and 

control subjects. These results also show lower sensitivity and higher specificity compared to the 

current work. Westman et al. (2011a) have utilized the OPLS method to discriminate between 

AD and CTL subjects of the ANM cohort. Automated regional volume measures in combination 

with manual hippocampus measures, resulted in a sensitivity of 90% and a specificity of 94%. In 

another study, Westman et al. (2011b) have used the OPLS method to analysis the ANM and 

ADNI cohorts. They obtained a sensitivity of 83.4% and a specificity of 87.8% for classification 

of AD and CTL subjects of the combined (ANM and ADNI) cohort. In this work, we used the 
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same cohort but the only difference was the version of utilized pipeline (Freesurfer) for variables 

measurements.  

The mentioned studies have used different analysis methods, different study cohorts and 

different variables to perform classification. Therefore, to investigate the performance of the K-

OPLS method under equivalent circumstances, additional analysis was performed using the 

OPLS method. Table 14 summarizes the classification results from both methods. There are 

several reasons to select the OPLS as a comparison method. The OPLS method was applied in 

several previous studies as a robust and powerful multivariate data analysis method. The K-

OPLS method is a non-linear form of the OPLS method and therefore comparing two methods 

can be helpful to find non-linear pattern in data.  

Table 14. The results of classification of AD and control subjects using K-OPLS and OPLS methods. 

  K-OPLS OPLS 

Sensitivity  85.8% 86.1% 

Specificity 91.3% 90.4% 

Accuracy 88.7% 88.4% 

AUC 0.9456 0.9495 

AUC: Area under ROC curve.  

As Table 14 illustrates, the K-OPLS method had slightly lower sensitivity and higher 

specificity and accuracy. Figure 18 shows the ROC curve for the K-OPLS and the OPLS 

methods. Although we expected better results from the K-OPLS method, they show almost equal 

performance in classification of AD and control subjects. A possible explanation for these results 

can be the procedure of the OPLS method implementation. The utilized OPLS method uses a 

multi data fusion approach for classification. Indeed, the OPLS method splits the input variables 

in two sets, one set of volumetric measures and one set of cortical thickness measures, and for 

each set creates a separate model. The final classification is based on the results of both models. 

Previous studies have shown that the combination of two or more discriminates are more 

effective than single set input. (Pavlidis et al. 2002) (Zhang et al. 2011) The K-OPLS model is 

created based on one single input data that includes all variables. These results suggest that using 

a multi-kernel input for the K-OPLS method can improve the performance.  

Another explanation for this could be the nature of the data. As mentioned before, the dataset 

in this work is the same dataset as in the Westman et al. (2011b) study, apart from the pipeline 

version. Using the OPLS method in this work resulted in a sensitivity of 86.1%, a specificity of 

90.4% and a accuracy of 88.4% while the corresponding values for Westman et al. (2011b) was 

sensitivity = 83.4%, specificity = 87.8% and accuracy = 85.7%. This significant improvement is 

achieved by only changing the information in the dataset while the other conditions such as 

method, validation method and subjects cohort were equivalent. These results imply that the 

amount of information in the dataset, in the sense of information theory, is insufficient to achieve 

higher discriminative value. Westman et al. (2011a) used automated regional volume measures 

in combination with manual hippocampus measures to distinguish AD and control subjects in the 

ANM cohort. A sensitivity of 90% and a specificity of 94% were reported in this study. Another 

study reported a sensitivity of 79.0% and a specificity of 90.0% with the same method, the same 

cohort but different variables (Westman et al. 2011b). Although, these results indicate the effect 
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of manual measures of hippocampus, it also shows the importance of information in a dataset. 

Therefore, improving feature measure tools is a necessary task for future work.  

  
Figure 18. The ROC curve of the K-OPLS and OPLS models for classification of AD and CTL subjects.  

Studying the results of the two classification methods (K-OPLS and OPLS), the misclassified 

subjects can reflect valuable information about the characteristics of subjects. Table 15 shows 

the number of misclassified subjects in each method and the overlap of them. 48 subjects were 

incorrectly classified in both methods and 48 subjects were incorrectly classified in only one 

method. Figure 19 shows the PCA representation of AD and CTL subjects in the combined 

cohort. Four different groups of subjects are formed based on classification results of the K-

OPLS and OPLS methods and each group represented by different symbol and colours. Further 

analysis on these groups of subjects can help find the patterns that affect the classification 

performance. Additionally, by the help of these analyses, it is possible to create a better classifier 

by combining the OPLS and the K-OPLS methods.  

Table 15. Number of misclassified subjects in K-OPLS and OPLS methods.  

Number of subjects  Total  AD CTL 

Misclassified by K-OPLS 71 42 29 

Misclassified by OPLS 73 41 32 

Misclassified by K-OPLS and correct classified by OPLS 23 10 13 

Correct classified by K-OPLS and misclassified by OPLS 25 12 13 

Misclassified by both K-OPLS and OPLS 48 29 19 
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Figure 19. PCA representation of AD and control subjects of combined data based on classification 

results.  

MCI Prediction  

The next aim of this study was to predict future progression to AD from the transitional MCI 

state. In this regard, all AD and CTL subjects were used to train a model and all MCI subjects 

were used as the test data. The MCI subjects were classified based on initial MRI scans as AD-

like or as CTL-like classes. Thereafter, according to one year clinical follow up information, the 

sensitivity and specificity of prediction was calculated. The results of the predictions are 

available in Table 12.  

Several studies have previously published results in regard to prediction of conversion from 

MCI to AD. Ewers et al. (2010) have used primary MRI and cerebrospinal fluid (CSF) 

biomarker candidates and neuropsychological tests for predicting the conversion from MCI to 

AD. They used 81 AD patients and 101 healthy control subjects to train models, and predicted 

58 converters MCI and 72 stable MCI subjects (with up to 3.3 years follow up). They reached 

classification accuracy up to 68.5% for single markers model. Westman et al. (2011a) have used 

regional and global MRI volumetric measures and OPLS method to predict the MCI subjects. 

They utilized ANM dataset including 117 AD patients, 122 MCI patients and 112 controls in 

study. From 22 MCI converters, 16 (73%) subjects were predicted as the AD-like. In another a 

study, Westman et al. (2011b) used the OPLS method and combined ANM/ADNI dataset for 

prediction of MCI subjects. The prediction results were 71% for the MCI converters and 60% for 

the stable MCI subjects.  

To compare the results of the K-OPLS method, the same analysis was performed using the 

OPLS method using the same dataset. Table 16 shows the prediction result for the both methods. 

As illustrates in Table 16, the conversion from MCI to AD was predicted with higher sensitivity 

by K-OPLS method (78.6% of K-OPLS compared to 73.8% of OPLS). On the other hand, more 

non-converters MCI subjects were predicted as CTL-like by OPLS method (60.6% of OPLS 
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compared to 57.5% of K-OPLS). To compare the two methods, the AUC was calculated that was 

slightly higher for the K-OPLS model. Nevertheless, the overall performance of both methods 

was very similar.  

 Table 16. MCI prediction subject characteristics for K-OPLS and OPLS methods.  

  Subjects 
K-OPLS 

 
OPLS 

AD-like CTL-like AD-like CTL-like 

MCI converters  84 65 (78.6%) 19 (21.4%)  62 (73.8%) 22 (26.2%) 

MCI non-converters  360 153 (42.5%) 207 (57.5%) 140 (38.9%) 220 (61.1%) 

Accuracy  61.3% 63.5% 

AUC  0.7540 0.7397 

Data are represented as: number of subjects (percentage). MCI converters: The MCI subjects converted to AD after 

one year. MCI non-converters: The MCI subjects remained stable or returned to normal cognition after one year 

follow up. AUC: Area under ROC curve.     

Generally, the MCI prediction was not as accurate as the classification of AD and control 

subjects. A possible explanation for this could be the properties of MCI group. The MCI subjects 

are a heterogeneous group which contains several types of subjects. Some MCI subjects convert 

to AD or other neurological disorder, some of them remain stable over time and a smaller 

number revert to a cognitively normal status. In addition, clinical inclusion and exclusion criteria 

are slightly different in ADNI and ANM cohorts. Therefore, the MCI dataset is very 

heterogeneous that makes further classification extremely hard.  

MRI Measures of Importance 

In the combined dataset, for each subject 57 different variables including 34 regional cortical 

thickness measures and 23 volumetric measures were extracted from MRI images. Figure 13 

shows the importance of these variables for classification of AD and control subjects using K-

OPLS method. The most important measures for the separation of groups were hippocampus, 

entorhinal cortex and amygdala. The middle, inferior and superior temporal gyrus areas are also 

important variables. This pattern is confirmed by other studies. (McEvoy et al. 2009)  

Neurofibrillary tangles (NFTs) are one of the pathological hallmarks of AD. The brain 

atrophy is associated with the spread of neurofibrillary tangles. Braak & Braak (1991) defined 

six stages, which describes the spread of neurofibrillary tangles. During the first two stages the 

pathology is confined to the entorhinal cortex/transentorhinal cortex with minimal involvement 

of the hippocampus. In the third and fourth stages the disease spreads to the hippocampus and 

the medial temporal limbic areas and in the final two stages the pathology extends to the 

isocortical association areas. (Braak & Braak 1991) We found an atrophy pattern compatible 

with the progress of Alzheimer’s Disease according to the Braak stages. On the other hand, brain 

atrophy causes dilation of ventricles and consequently increasing of CSF spaces, which explains 

the oposite importance values in the loadings plot.      

6.3 Age Correction  

The next objective of this work was to study the effects of an age correction algorithm. The 

proposed age correction algorithm was applied prior to pre-processing and multivariate data 
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analysis. The age-corrected data was used to classify AD and CTL subjects and to predict MCI 

conversion. In addition, the same analyses were performed using the OPLS method. Table 17 

shows the results of the K-OPLS and the OPLS methods before and after applying age 

correction.  

Table 17. Results of K-OPLS and OPLS methods before and after age correction.  

  
K-OPLS 

 
OPLS 

Non-corrected Age-corrected Non-corrected Age-corrected 

AD vs. CTL: Sensitivity 85.8% 86.8% 

 

86.1% 85.8% 

AD vs. CTL: Specificity 91.3% 89.3% 90.5% 91.9% 

AD vs. CTL: AUC 0.9456 0.9463 0.9495 0.9524 

  

MCI prediction: Sensitivity 78.6% 82.1% 73.8% 77.4% 

MCI Prediction: Specificity 57.5% 56.7% 61.1% 59.7% 

MCI prediction: AUC 0.7540 0.7678 0.7397 0.7519 

AD vs. CTL: classification of AD and control subjects. MCI converters: The MCI subjects converted to AD after 

one year. MCI non-converters: The MCI subjects remained stable or returned to normal cognition after one year 

follow up. AUC: Area under ROC curve.     

The AUC values of age-corrected models are higher than for the corresponding analyses by 

both K-OPLS and OPLS. Figure 21 shows the ROC curve of classification and prediction 

analyses, before and after applying age correction.  

   
Figure 20. The ROC curves before and after age correction in different models. Left: Classification of 

AD patients and CTL subjects using K-OPLS model. Right: classification of AD patients and CTL 

subjects using OPLS model.  
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Figure 21. The ROC curves before and after age correction in different models. Left: prediction of MCI 

subject using K-OPLS model. Right: prediction of MCI subjects using OPLS model.    

Age correction improved the classification of AD and CTL subjects using both K-OPLS and 

OPLS. The noticeable point is that by considering all situations including the properties of a 

large heterogeneous dataset, the results of the K-OPLS and OPLS models before age correction, 

and also according to the previous discussions, improving the classification performance is an 

extremely hard task. In these conditions, even small improvement can be valuable. The 

improvements in predicting MCI subjects after age correction are more remarkable. The best 

prediction was achieved by K-OPLS model with age-corrected data; this model reached a 

sensitivity of 82.1% for predicting MCI-converters.  

Figure 22 shows the hippocampus value (the most important variable in classification) before 

and after applying age correction in the different groups of subjects. In this figure, each point is 

corresponding to one subject. The blue dots represent the hippocampus measure of the subjects 

before applying age correction and the red dots represent the age-corrected hippocampus 

measure for those subjects. The green line indicates the age-related drift in the age-corrected 

group and the blue line indicates the age-related drift in the same group before applying age 

correction. The age correction method is based on only control subjects. All AD, MCI and 

control subjects are corrected according to only age-related drifts of control subjects. As Figure 

22 illustrates, it seems that after age correction, the age-related changes are removed in the 

control group. It could be expected that after age correction in AD and MCI groups, the age-

related changes are omitted and the disease-related changes are kept. Figure 23 shows the 

boxplot of AD, MCI and CTL groups of subjects before and after age correction. In each box, 

the red central mark is the median, the edges of the blue box are the 25
th

 and 75
th

 percentiles, the 

whiskers extend to the most extreme data points not considered outliers, and outliers are plotted 

individually with red plus symbol. The difference between hippocampus values of each group is 

obvious in the boxplots. 
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Figure 22. The measures of Hippocampus variable before and after applying age correction in: Up: CTL 

subjects; Middle: AD patients; Down: MCI subjects.    
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Figure 23. Box plot representation of Hippocampus values for different groups of subjects (AD, MCI, 

and CTL), before and after age correction. Age corrected groups are indicated by (AC).    

The equal direction of brain volume changes in AD patients and normal aging causes 

misclassification of young AD patients and old control subjects. Table 18 represents the mean 

age of misclassified AD and CTL subjects by K-OPLS and OPLS methods, before and after age 

correction. After age correction, the difference between mean-age of misclassified subjects is 

lower. The idea behind the age correction method was to remove age-related changes while 

preserving the disease-related changes for each variable separately. Evidence indicates that the 

decline in brain volumes may be due to a non-linear acceleration in rates of atrophy with 

increasing age. (Scahill et al. 2003) The non-linear pattern implies that using a non-linear model 

for age correction may lead to better results. Experiments based on the non-linear models 

resulted in dramatically worse outcomes. Although the atrophy pattern in an individual subject 

may be non-linear, it seems that finding the same non-linear pattern in a group of subjects is 

impossible.   

The reason can be the difference of changes pattern between group of subjects and individual 

subject. Although, for an individual subject changes in brain volume may be non-linear, but 

when it comes to a group of subjects, since there is a collection set of volumes, finding a non-

linear pattern is not possible.  

Table 18. Mean age of incorrect classified subjects, before and after age-correction in classification of 

AD and control subjects by K-OPLS and OPLS methods.  

  
K-OPLS 

 
OPLS 

AD CTL AD CTL 

W/O age correction  73.6 75.4  73.3 75.6 

Age corrected  75.1 75.8  76.6 75.4 
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The classic and most common way to handle age effects is to use age as a covariate. In our 

experiments using age as a variable in analysis was ineffective in classification and prediction 

analyses; while the proposed age correction method improved results. However, the proposed 

method needs further improvements.     

6.4 K-OPLS Multivariate Data Analysis 

The advantages of multivariate models are the ability of finding relationships among correlated 

variables and the ability to observe inherent patterns in the data. In addition, they have the ability 

to separate systematic variation from noise. The PLS model finds latent variables in a dataset by 

maximizing the covariance between predictor and response variables. The PLS model is 

negatively affected by systematic variation in the predictor variables that is not related to the 

response variables. OPLS has the additional advantage to overcome this problem. The OPLS 

separates the systematic variations into two parts, the predictive variations and the orthogonal 

variations which improves the model transparency and interpretability.  

Although the OPLS model improves the interpretation of the data compared to PLS model, 

they offer equivalent prediction power. The K-OPLS model is a kernel reformulation of OPLS 

model which improves the performance of the model in terms of prediction, particularly where 

non-linear relationships exist between predictor and response variables. Rantalainen et al. (2007) 

have proposed the K-OPLS method which separates the predictive variations and the orthogonal 

variations in the high dimensional feature space. The proposed method utilizes the kernel trick to 

avoid explicit mapping to high dimensional space. The K-OPLS method provide the same 

property as the OPLS method, both predictive and orthogonal score vectors are mutually 

orthogonal and the predictive score vector contains class separation information. Indeed, the K-

OPLS combines the strength of kernel-based model with the framework of OPLS model.  

Both OPLS and K-OPLS have been used for analysing and modelling of high dimensional 

multivariate chemical and biological data. Trygg & Wold (2002) have applied OPLS for 

analysing near-infrared (NIR) reflectance spectra of wood chips. Wiklund et al. (2008) have 

designated an OPLS model-based approach for definition of statistically and potentially 

biochemically significant compounds found in the up- and down regulated PttPME1 modified 

poplar plants. Bylesjö et al. (2007) have used OPLS to combine different types of omics data. 

They showed that systematic variation that overlaps across analytical platforms can be combined 

and separated from the systematic variation specific to each analytical platform. In the field of 

AD classification, Westman et al. (2010) have used OPLS to distinguish AD patients from 

healthy control subjects using MRI and MRS data. They showed that the combination of the two 

measures improved the classification performance. Westman et al. (2011) have used OPLS to 

classify AD patients from healthy control subjects and to predict conversion from MCI to AD. 

Also, Westman et al. (2011) have used OPLS to compare and combine structural MRI data 

collected from two large multi-center studies (ANM and ADNI).  

Bylesjö et al. (2008) have implemented the K-OPLS method for R and MATLAB. Jalali-

Heravi et al. (2009) have used the K-OPLS in modelling of retention indices of pesticides. They 

concluded that the K-OPLS was superior over the stepwise multiple linear regression (MLR) in 

term of predictability because of the non-linear mechanism for the retention of the pesticides. 

Fonville et al. (2011) have evaluated the predictive performance of the K-OPLS method 
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compared to OPLS method in 
1
H NMR metabonomic data. The K-OPLS models improved 

prediction performance in three typical metabonomic data sets and they concluded that the K-

OPLS prediction performance is better than or equal to OPLS. The hypothesis behind this work 

was the assumption that non-linear relation exists between MRI variables of subjects, and 

therefore, utilizing a non-linear method may improve the classification and prediction 

performance. The unique improved interpretation property of the K-OPLS method in comparison 

to other kernel based methods, suggested the K-OPLS method as a suitable analysis method. 
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7 Conclusion and Future Aspects 

To conclude, the K-OPLS (a kernel based multivariate data analysis method) was used for 

classification of AD and CTL subjects and to predict future conversion MCI to AD with high 

sensitivity and specificity.  

The results show that K-OPLS and OPLS perform fairly similar. The K-OPLS method uses 

all variables as a single input and creates a kernel matrix. Therefore it can be further improved 

using multiple kernels with different variable sets as input for each kernel. Indeed this 

modification can be implemented in different setups.  

An age correction method was proposed to remove effects of normal ageing. The age 

correction method removed the age-related changes in the data based on the age-related drift in 

the control group. Using the age correction method slightly improved classification and 

prediction. Applying the proposed age correction method to other confounding factors such as 

education and sex would be of interest and could potentially improve classification further. 

Further, outcomes of the ART dataset analysis suggest that different biomarkers may provide 

complementary information for the diagnosis of AD. Hence combining different biomarkers 

such as MRI, MRS, PET and CSF can improve the discriminating results. By considering this, a 

multi-modal, multi kernel K-OPLS method can be the core for future studies.  

Comparing the results of K-OPLS and OPLS models implies the necessity of further 

improvement in automated segmentation techniques, which may also improve classification. 

Another interesting challenge in the fields of multivariate data analysis and information theory 

can be combing the non-linear K-OPLS and the linear OPLS methods. Further analysis of 

orthogonal variation in the data may reveal precious information about non-correlated variation.    

The number of orthogonal components and the sigma value in the kernel function are two 

important parameters which affect the performance of K-OPLS model. Optimization of these 

parameters based on grid search is a time consuming task and it is possible that it leads to 

inaccurate parameters. Thus, an automated approach for parameter optimization is another 

necessary improvement for the K-OPLS method. 

Finally, developing this technique as a diagnosis aid tool for clinical usage would be a 

desirable purpose for future. Although using biomarkers for AD diagnose is topic of research 

interest, using such an automated technique is far from routine practice.  
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9 Appendix  

9.1 K-OPLS Model Estimation and Prediction 

Algorithm for Estimation of K-OPLS Model  

The following steps represent the Pseudo code for estimation of K-OPLS model algorithm: 

(Rantalainen et al. 2007) 

1. Calculate A predictive components by eigenvalue decomposition of       

2. Calculate Y-scores  

3. for each Y-orthogonal component -if any do 

4. Calculate predictive score  

5. Calculate a Y-orthogonal component  

6. Calculate a Y-orthogonal score vector  

7. Calculate the norm of the Y-orthogonal score vector  

8. Normalize the Y-orthogonal score vector  

9. Deflate the    related kernel matrix in one direction for the Y-orthogonal variation  

10. Deflate the kernel matrix in both directions for the Y-orthogonal variation  

11. end for 

12. Calculate the updated predictive score matrix using the deflated kernel matrix  

13. Calculate the       coefficients  

Algorithm for Prediction by K-OPLS Model 

The following steps represent the Pseudo code for prediction by K-OPLS model algorithm: 

(Rantalainen et al. 2007) 

1. for each Y-orthogonal component - if any do 

2. Calculate predictive score     

3. Calculate a Y-orthogonal score vector  

4. Normalize the Y-orthogonal score vector  

5. Deflate the kernel matrix K in one direction for the Y-orthogonal variation  

6. Deflate the kernel matrix K in both directions for the Y-orthogonal variation  

7. end for 

8. Calculate the updated predictive score matrix using the deflated K  

9. Calculate the estimated  ̂  
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