
 

 

 
 

FACULTY OF SCIENCE AND TECHNOLOGY 
 

MASTER’S THESIS 
 

Study Program/Specialization: 
 
Information Technology – 
Automation and Signal Processing 

 
Spring semester, 2018 

 
 

Open / Confidential 
 

Author: 
Rune Bjerland Risanger 

 
………………………………………… 

(signature author) 

Instructor: 
Professor Trygve Eftestøl 
 
Supervisor:  
Postdoc Researcher Ketil Oppedal 
 
Title of Master Thesis: 
Dementia classification using deep learning and texture analysis methods on magnetic 
resonance images 
 
Norwegian Title: 
Demensklassifisering av magnetiske resonansbilder ved bruk av dyplæring og teksturanalyse 
 
ECTS: 30 
 
 
Subject Headings: 
Deep Learning, Support Vector Machines, 
Convolutional Neural Networks, Magnetic 
Resonance Images, Gray Level Co-
occurrence Matrix, Principal Component 
Analysis, Classification 
 
 

 
         Pages: 50 
     
     + Attachments/other: 5 

 
 

         Stavanger, 15th of June 2018 
                                 
 

 





DEMENTIA CLASSIFICATION USING DEEP

LEARNING AND TEXTURE ANALYSIS

METHODS ON MAGNETIC RESONANCE

IMAGES

RUNE BJERLAND RISANGER

JUNE 2018

MASTER‘S THESIS

FACULTY OF TECHNOLOGY AND SCIENCE

DEPARTMENT OF ELECTRICAL ENGINEERING AND COMPUTER SCIENCE

UNIVERSITY OF STAVANGER

Supervisors

PROFESSOR TRYGVE EFTESTØL

POSTDOC RESEARCHER KETIL OPPEDAL





Abstract

Dementia is becoming an increasingly severe economical and socio-economical

disease, as treatment is problematic, with different disease variants difficult to

prevent and delay. With a rise in life expectancy, further problematic increase is

expected to occur. Clinical diagnosis is difficult, with poor inter- and intra-rating

between doctors. Developing tools for computer assisted diagnosis (CAD) for

diagnosis verification could provide benefits for doctors and patients alike.

The primary objective of this thesis is to develop a CAD-system, to be imple-

mented on T1-weighted magnetic resonance images (MRI) of normal controls

(NC) and patients with either Alzheimer’s dementia (AD) or Dementia with Lewy

Bodies (DLB). Comparing results achieved through deep learning (DL) with tex-

ture analysis (TA) techniques together with Support Vector Machines (SVM)

were also of importance. The CAD system was developed as a differential diag-

nosis system including all three groups in one classifier, but all binary classifica-

tions were also evaluated.

Results on a dataset of 760 subjects do not directly suggest if either method

outperforms the other, with an achieved total accuracy of 66 % and 59 % for

CNN- and SVM-classification respectively. Prior comparable studies have re-

ported overall better accuracies on more shallow datasets, with results in this

thesis suffering less on account of potential over-fitting issues. Limitations for

DL-classification include dataset size and amount of evaluated architectures.

The dataset could be expanded through availability of more study data or ex-

ploration of several data augmentation methods. Other potential limitations

include lack of additional MR sequences or other modalities such as PET scans,

with additional features possibly generating better results for the SVM-classifier.

An enlarged dataset and additional TA methods could yield enhanced perfor-

mance for CNN- and SVM-classifiers respectively.
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Chapter 1

Introduction

This chapter gives a general introduction, as well as motivation for performing

the task. Thesis objective, thesis outline and introductory information are also

covered.

1.1 Dementia

Dementia is a general term for a decline in mental ability that interferes with

a person’s ability to perform daily activities [1]. Diagnosis can be demanding

and MRI can provide non-invasive methods for boosting prediction accuracy

[2]. Between the years 2000 and 2013, amount of deaths caused by cardiac arrest,

stroke and prostate cancer has been reduced by 14 %, 23 %, and 11 % respec-

tively. During the same period, the amount of deaths caused by AD has grown

by 71 % [3]. The increased number of diagnosed dementia patients is a growing

concern in today’s world, and a rise in life expectancy is expected to further these

problems. This has led dementia to become a severe economical- and socio-

economical disease, as treatment is both expensive and problematic to handle.

The total estimated worldwide cost of dementia is 818 billion US dollars in 2015,

which represents 1.09 % of global GDP. By 2018, the global cost of dementia

will rise above one trillion US dollars [4]. Average per-person Medicare-related

payments for services to patients over 65 years with AD and other dementias

are more than two and a half times as great as payments for all people without

these conditions, with Medicaid payments 19 times as great [3]. Symptoms of

dementia can vary from person to person, but a diagnosis is given when there

are cognitive or behavioral symptoms that include[1]:
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• Interfere with ability to function at work or at usual activities.

• Represent a decline from previous levels of functioning and performing.

• Not explained by delirium or major psychiatric disorder.

• The cognitive or behavioral impairment involves a minimum of two of the

following domains.

– Impaired ability to acquire and remember new information.

– Impaired reasoning and handling of complex tasks, poor judgement.

– Impaired visuospatial abilities.

– Impaired language function.

– Changes in personality, behavior or comportment.

1.1.1 Alzheimer’s disease

Alzheimer’s disease is an irreversible, progressive neurological brain disorder

that slowly destroys brain cells. AD causes short- and long term memory loss,

and can eventually cause complete loss of ability to accomplish most activities

and tasks. Degradation of neurons in brain cells is assumed to be related to

the formation of amyloid plaques and neurofibrillary tangles [5]. The cognitive

decline caused by AD ultimately leads to dementia [6].

Alzheimer’s Disease is the most common cause of dementia, estimated to be be-

tween 60 and 80 percent of cases [4] and, as of 2016, is estimated to have infected

over 44 million people worldwide. The amount of diagnosed dementia patients

is expected to double every 20th year on average [4]. As of 2016 an estimated

1-in-4 people with AD gets diagnosed, and receive necessary treatment.

1.1.2 Dementia with Lewy Bodies

Dementia with Lewy bodies is a type of progressive dementia that is caused

by abnormal microscopic deposits that damage brain cells over time. DLB is

the second most common type of degenerative dementia in patients older than

65 year [7], after AD. DLB is distinguished from other types of dementias by the

presence of parkinsonism, neuroleptic sensitivity, fluctuations in consciousness,
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and spontaneous visual hallucinations. The combinations and severity of symp-

toms varies from patient to patient [8]. The presence of α-synuclein is primarily

in neurodegenerative disorders like Parkinson Disease and DLB, but is found

secondarily in AD too [9].

The true frequency of DLB compared to other types of dementia remains un-

clear, with previous studies reporting a prevalence range from zero to 22.8 %

of all dementia cases. A different study reported a 4.2 % occurence of all diag-

nosed dementias in the community. In secondary care, the amount was noted

to increase to 7.5 % [10]. The reported values are probable underestimates, as

the three studies that focused on identifying DLB, and included a neurological

examination, showed a significantly larger proportion (16–24 %) [7].

1.2 Deep Learning in Neuroimaging

Deep learning algorithms, CNNs in particular, have established themselves as

popular choices for analyzing medical images [11]. The algorithms have been

reported to improve previous state of the art classification accuracy by more

than 30 % in several multidimensional areas, including speech-, image-, video-

and text-recognition. Prior state of the art methods were reported to struggle

to obtain more than 1–2 % improvements [12]. These promising results led to

its implementations in neuroimaging, which has provided encouraging results,

due to the unique characteristics of medical images [13]. One of its main upsides

compared to other classifiers is the automatic feature learning, which removes a

level of subjevtivity from feature extraction, and is believed to be the main con-

tribution to improvements in accuracy. Previous results show that deep learning

methods are able to learn physiologically important representations and detect

latent relations in neuroimaging data [12]. The algorithms has provided promis-

ing results for both feature extraction and classification, being able do extract

patterns outside general techniques. Previous study results have reported that

machine learning algorithms can predict AD more accurately than an experi-

enced clinician [14].
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1.3 Thesis Objective

Primary objective of this thesis is to develop a CAD system to be implemented on

T1-weighted MRIs of healthy patients, and patients with AD and DLB. Evaluat-

ing DL-classification in a neuroimaging problem, compared to that of standard

SVM-classification based on TA, is also a priority. While resulting classifiers

should manage a three class problem directly, being able to discriminate be-

tween each of the viable two class problems also carry great promise.

A classifier that can reliably separate healthy patients from patients with AD or

DLB could prove helpful in early detection of diseases. There are no cures for

any type of dementia as of today, but with early and correct diagnosis, several

benefits can be achieved. It has been shown that early detection and interven-

tion at its prodromal stage, are effective in delaying the onset of dementia [15].

When detected at an early stage, patients can be helped to remain at an accept-

able mental condition for a longer period, behavioural changes can be easier

managed, and symptom progression can be slowed down [2]. Early diagnosis

can also help relieve families of several stressful situations, and help patients

live as well as possible with the disease. A reliable tool for classification could

also diminish the amount of people affected by the disease without receiving

the appropriate diagnosis. The problem at hand focuses on differential diag-

nosis, but reliable feature learning could provide benefits for early detection of

diseases.

Correct diagnosis of patients is also of great importance, as AD- and DLB pa-

tients can behave differently and respond differently to medication. However,

it’s possible for patients to have symptoms of more than one dementia related

disease at the same time. Currently, only one method for differentiating AD and

DLB exist, the dopamine transporter scan. It’s an expensive piece of equipment

which can’t be made available at all centres [2]. However, co-morbidity is a factor

within subjects with dementia. Subjects with co-morbidity have one labelled

true state of nature when it comes to classification purposes, but might have

hallmarks of several diseases.

Slowing down the dementia process is a challenging scenario today, but the dis-

ease has gathered attention in the medical community for its increasing prob-

lems. With no cure available, early detection for slowing down the progressive

nature of the disease is important, but new treatment methods are being studied.

Constructing tools that can assist doctors in making early and correct diagnosis

of the disease can provide potential gain, both economically and for compas-

sionate reasons. As of now, there are only clinical diagnosis of the diseases,
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meaning the doctors make a calculated guess based on MRI images, and grade

of mental function reduction. Developed classifiers of brain MRI can provide

helpful tools for doctors when performing the diagnosis.

1.4 Thesis Outline

Chapter 2 - Background

This chapter outlines the background for the thesis and theory behind imple-

mented methods.

Chapter 3 - Materials and methods

This chapter describes implementation of the aforementioned methods. Exper-

imental set-ups for DL- and SVM-classification are covered, as well as dataset

generation.

Chapter 4 - Results

This chapter presents the achieved results for the experiments covered in the

previous chapter.

Chapter 5 - Discussion

The results and limitations are discussed in detail in this chapter.

Chapter 6 - Conclusion

The final conclusions of the thesis are presented. Possible improvements and

recommendations for future work will also be included.





Chapter 2

Background

This chapter provides an overview of background theory applied in this thesis.

Dataset origin and methods for classification and pre-processing are also cov-

ered.

2.1 Magnetic Resonance Imaging

Magnetic Resonance Imaging is a method for producing non-invasive accurate

anatomical brain representations [16]. These scans yield 3D volumes represent-

ing the brain, and can be of high resolution while offering good contrast between

different brain tissues. There exists both Functional Magnetic Resonance Imag-

ing (fMRI) and structural MRI, where T1-weighted and T2-weighted structural

images are widely used. T1-weighted images excel at contrast between Gray

Matter (GM) and White Matter (WM), while T2-weighted images separate Cere-

brospinal Fluid (CSF) from GM and WM. The solid contrast between GM and

WM for T1-weighted scans makes MRI a superior choice for investigation of dis-

eases that affect the central nervous system [17]. The brain volumes can be split

into a series of coronal-, sagittal- and axial slices, as visualized in figure 2.1.1.
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Coronal Slice Sagittal Slice Axial Slice

Figure 2.1.1: A T1 structural image can be split into a series of coronal-, sagittal-
and axial images, as visualized in the figure. Each 3D volume has
an image resolution with a certain depth, given in the x-, y- and
z-direction

EDLB study

The DLB-consortium aims to establish guidelines for the clinical diagnosis of

DLB and establish a common framework for the assessment and characteriza-

tion of pathologic lesions at autopsy [18]. Substantial progress has been made

in regards to the detection and recognition of DLB as a common and important

clinical disorder [19].

ADNI study

The ADNI study is a global research effort that actively supports the investigation

and development of treatments that slow or stop the progression of AD1,2.

2.2 Pre-processing MRI

This section presents a pre-processing approach for the dataset.

Several factors influence classifier performance in neuroimaging. One vital fac-

tor is similar and proper pre-processing of data, which is valid for both CNN- and

SVM-classification. The performance of CNN are largely affected by input data.

Comparable pre-processing of the dataset is of huge importance for classifiers

1Data used in preparation of this article were obtained from the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators within the
ADNI contributed to the design and implementation of ADNI and/or provided data but did not
participate in analysis or writing of this report. A complete listing of ADNI investigators can be
found at:

2ADNI Acknowledgement List

http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
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and their potential results. MRIs consist of important brain tissues, but the skull,

eye-sockets and extracerebral tissues1 are also prevalent in the scans. These ar-

eas are undesirable when extracting features related to dementia diseases, and

can be considered noise factors, preferably removed without affecting crucial

information.

As data within the ADNI- and EDLB-study were obtained at different locations

with varying equipment and pre-processing, variations were present in the dataset,

and required identical pre-processing to limit unnecessary variations. For DL

classification, data has to be of same size, and can be achieved through resizing2.

Several pre-processing methods have been constructed to limit factors not rel-

evant to the diseases, with the ones used in this project being covered in this

chapter3. It must be noted that all forms of pre-processing has, according to the

no free lunch theorem [21], drawbacks in addition to their benefits.

2.2.1 Spatial Normalization

With size and relative brain position between subject essential for identifying

sparse features, implementing a method for template mapping was essential.

By executing spatial normalization, the volumetric images are generalized to a

common template, sharing an identical coordinate system. The MNI152 tem-

plate was used for this thesis, and was generated by averaging 152 anatomical

scans after correcting for overall brain size and orientation [22].

Normalization will limit translational differences and size abnormalities in par-

ticular, highlighting structural differences in the brain instead. However, as volu-

metric data is stretched towards a template, slight information loss is inevitable.

2.2.2 Brain tissue segmentation

Volumetric images of the brain possess a lot of information, where specific tis-

sues are decisive for recognizing dementia. GM and WM can possess informa-

tion relevant to brain-related diseases, including different types of dementia.

1Non brain related tissues, including skin and eyeballs-
2For the avid reader, spatial pyramid pooling [20] is a method developed for handling diverse

input sizes.
3Due to only having structural T1-images available for all subjects, realigning for motion

correction and co-registering structural and functional MRI-images has not been included in
the preprocessing pipeline.
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There’s typically some cerebral atrophy1 happening with age, with AD patients

often suffering to a greater extent. Extracting information hidden in form and

size of brain tissue could provide good features for differentiating AD with DLB

or NC.

Accentuating these relevant tissues include segmenting the brain to dispose

of noise factors. There are several available tools for brain segmentation, with

Freesurfer [23] and Statistical Parametric Mapping (SPM) [24] being examples.

The volumetric data for each subject was segmented into 6 parts; GM, WM,

CSF, extracerebral tissues, the skull and the surroundings. With non-brain tis-

sue providing information with diminishing returns for dementia recognition,

removing them without damaging relevant information is essential.

Skull stripping

Whole-brain segmentation, termed skull stripping, is a crucial technique for the

analysis of neuroimaging data [25]. Noise factors are segmented and discarded

from brain tissue to avoid unnecessary features in the image dataset. Skull strip-

ping is a thresholding technique used on brain tissue segments, reconstructing

brain volumes without its noisy counterparts.

2.2.3 Smoothing

Some form of smoothing is usually introduced when performing image classi-

fication. By smoothing volumetric data with a low pass filter, high frequency

artefacts can be removed from the image, which improves signal-to-noise-ratio

(SNR). Spatial normalization removes most translational artefacts between sub-

jects, but modelling errors occur, with voxel to voxel mapping not being perfect

as a result.

Image smoothing shares voxel information to outlying voxels, shifting informa-

tion to its surroundings. Improved overlap of corresponding areas between

subjects can be achieved. A neural network relies on spatial information being

in comparable areas for different subjects, as to identify different sparse features

between classes. Translational differences prevalent in vectorized neural net-

work inputs can harm classifier performance significantly, by feature learning

becoming more challenging.

For TA, smoothing is a double edged sword. All pre-processing methods have

unfavorable ramifications associated with them. Smoothing lowers spatial res-

1Brain cell size decrement, which can be explored in GM- and WM-structure.
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olution, resulting in information loss. Prior to CNN-classification, 3D volumes

are flattened to a vectorized feature space1, making spatial information loss

relatively insignificant. Feature extraction obtains features concealed in volu-

metric data, making spatial information essential for attaining satisfying results.

Smoothing before TA has created debate in neuroimaging, as SNR improves

with diminishing spatial information. Other undesirable side effects includes

a partial-voluming artefact along the edges of the brain, where brain voxels be-

come smoothed with no-brain voxels [26], and a similar artefact between GM-

and WM tissue.

Smoothing generally concludes the pre-processing pipeline, as its effects are

undesirable prior to other pre-processing methods.

2.3 Texture analysis

This section presents texture analysis and the method used for obtaining feature

vectors for all subjects.

Through TA a different layer of information is attainable from brain volumes

[27], which refers to information attained from an image’s appearance, structure

and arrangement.

Throughout this thesis, comparing DL-classification with feature based SVM-

classification is the priority. Performing texture analysis aims to extract statisti-

cal features from brain volumes, and adopt these features for class differentiat-

ing. Statistical learning methods are a valuable tool for decoding information

from neural imaging data [28].

2.3.1 Gray level co-occurrence matrix

The gray level co-occurence matrix is a statistical tool used for image classifica-

tion [29], that makes extraction of statistical information from pixel distribution

possible [27]. Pixel distribution analysis can be performed for several distances

and directions, extracting different layers of information concealed in images.

Matrices can be derived directly from an image’s original pixel values, but a

grouping of comparable pixel values are regularly used, as better information is

generally secured. For an 8 bit image of pixel values ranging from 0-255, 8 or 16

1After CNN feature extraction, which can handle multidimensional data.
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groups are frequently used. The method declares how often grayscale groups

appear alongside each other, for specified directions and distances.

In 2D and 3D space there are 4 and 13 unique directions, with each pixel con-

necting to 8 and 26 pixels respectively. The remaining directions are covered by

the distance parameter, which can appear both positive and negative. Perform-

ing the method for multiple directions together might give smoother results, but

subtle features in images can be missed. The GLCM is computed pixel by pixel

for the entire image, with the resulting matrix adopted for statistical analysis.

Figure 2.3.1 visualizes the method for a 2D image.

Unique directions 
Non-unique directions

Pixel in question

[Δy,Δx]

[d, θ]

[-1,-1] 
[1,135 ∘ ] 

[-1,0] 
[1,90 ∘ ] 

[-1,1] 
[1,45 ∘ ] 

[0,1] 
[1,0 ∘ ] 

[0,-1] 
[-1,0 ∘ ] 

[1,-1] 
[-1,45 ∘ ] 

[1,0] 
[-1,90 ∘ ] 

[1,1] 
[-1,135 ∘ ] 

Representations

I(m,n)

P(1,n)P(1,2)P(1,1)

P(2,2)P(2,1)

P(n,n)P(n,1)

nxn

Different
distances and
angles [d, θ]

GLCM

nd ⋅  nθ   

possible GLCMs

P(1,n)P(1,2)P(1,1)

P(2,2)P(2,1)

P(n,n)P(n,1)

⋯

⋯

⋯

⋯

⋯

⋅ ⋅ ⋅
⋅ ⋅ ⋅

Figure 2.3.1: The figure visualizes GLCM for a 2D matrix, which is a pixel by pixel
operation that reports relative frequency of similar pixel values
appearing alongside each other, with a distance d and angleθ . The
number of rows and columns in the matrices represent the amount
of grayscale groups. To get valuable information from the GLCM,
a graylevel image of 256 unique pixel values is often grouped into
8 or 16 pixel value groups.

Statistical Analysis

Brain tissue structure might provide valuable information regarding a subject’s

brain, and if a form of dementia is present. Performing statistical analysis on

brain volume pixel distributions can provide valuable features for discriminating

various dementia types and healthy controls. Up to 22 statistical features can be

extracted from pixel value distributions of an image, including energy, entropy,

contrast, variance and correlation [30].
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2.4 Support Vector Machines

This section presents Support Vector Machines, the procedure used for feature

vector based classification for all subjects.

SVMs are supervised learning models used for classification or regression analy-

sis. Such a classifier introduces hyperplanes to separate labelled data in feature

space. Intuitively, acceptable partioning can be achieved by a hyperplane that

achieves the largest distance towards the nearest training datapoint of any given

class. The larger the distance, the lower generealization error is expected [31].

The hyperplane is adjusted as to minimize expected error rate, given in equation

2.4.1.

J(w) = 1
2



w


+C
N
∑

i=1

ζi (2.4.1)

The expected error rate is subject to the constraints of equation 2.4.2.

yi

�

wTΦ(xi) +b
�

≥ 1−ζi and ζi ≥ 0, for i= 1, · · · , Nclasses (2.4.2)

Where C penalizes the error for i classes. w is the vector of coefficients, with

b representing parameters for handling non-separable data. The Φ kernel is

used to transform data from input to feature space. Errors are penalized more

with larger C, compared to that of a lower value. Adjustment of the preceding

parameter is done as to avoid either under- or over-fitting the model.

Classification is performed by introducing data unknown to the classifier, with

classification determined based on which side of the hyperplane data lands in

feature space. Figure 2.4.1 shows a feature space of two different classes, where

different values of C has been visualized.
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Small C Large C

a. b.

Figure 2.4.1: A visualization of a hyperplane separating two classes with dif-
ferent values of C. C works as a regularization parameter for the
SVM-classifier. a - A meagre C-value will focus on maximizing the
minimum margin, visualized with the green line. b - A substantial
C-value focuses on a hyperplane that correctly classifies as many
training samples as possible. A balanced value is generally needed
to avoid both under- and over-fitting, as both constraints are rarely
satisfied simultaneously

2.5 Principal Component Analysis

This section describes Principal Component Analysis (PCA), which was used for

feature vector reduction.

PCA is a procedure that identifies relationships between objects and is widely

used for data reduction. The operation convert a set of observations of possibly

correlated variables into a set of uncorrelated principal components. PCA is a

viable choice for data reduction, when sets of features are expected to correlate

strongly with each other. It’s defined as an orthogonal, linear transformation

that remodel data to a new coordinate system, with the resulting coordinate sys-

tem projectioning the greatest variance representation available in the data at its

first principal component. The procedure generates the second principal com-

ponent with its current best variance represantation, and so on [32]. Intuitively,

it seeks a linear combination of variables such that the maximum variance is

extracted from the variables. Equation 2.5.1 shows how a data vector from the

original space is transformed into a space with L principal components.

TL =XWL (2.5.1)
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Where the T-vector represent the transformed and reduced form of X, through

the loading vector W1.

A covariance matrix presents how N variables correlate with each other. To find

the principal components, the eigenvalues with its corresponding eigenvectors

is computed from the covariance matrix. The eigenvalue reflect the quality of

the projection to a lower number of dimensions, with a higher value including

more data variance and a better data representation. Figure 2.5.1 shows how an

example of dimensionality reduction with PCA, with two features being reduced

to one.

x1

x2

T1

T1

x2

x1

Reduction through projection
to principal component of

highest variance within data
a. b.

Figure 2.5.1: PCA is visualized, with one principal components, T1 being used.
a - Initial feature space of x1 and x2. b - Culminating feature space
of T1, which best describes variations in given data.

2.6 Neural Networks

This section introduces Artificial Neural Networks (ANN), their building blocks

and theory behind them.

2.6.1 Artificial Neural Networks

In machine learning, artificial neural networks are models for approximating

mathematical algorithms. Networks are used for learning complex problems,

are able to handle multi-dimensional problems and develop non-linear models.

They are loosely based on the human brain, and are constructed to mimic its

learning process. The building blocks of the networks are artificial neurons,

which are based off of biological neurons. An artificial neuron is shown in figure

2.6.1

1Dimensionality: TNxL XNxp WpxL
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X2
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Wk,1
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Wk,j
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ykf

Figure 2.6.1: An artificial neuron receives a weighted sum of inputs, which is
processed with an activation function for non-linearity. A neu-
ral network generally has hidden layers of several hidden nodes,
where each hidden node refers to an artificial neuron. Each neuron
has connections with unique weights associated with them.

The artificial neuron consist of the sum of several weighted inputs. The sum

of weighted inputs is then affected by an activation function, yielding an out-

put. Equation 2.6.1 shows the mathematical procedure done for every artificial

neuron.

yk = f
�

N
∑

j=0

wkjxj

�

(2.6.1)

A conventional neural network consists of several layers of many artificial neu-

rons, referred to as hidden layers of hidden units. When every hidden node from

one layer is connected to every hidden node of a different layer, each connec-

tion with its unique weight, a fully connected layer is established. These weights

are adjusted when exposed to training data, as to learn the problem at hand. A

neural network with one hidden fully connected layer is shown in figure 2.6.2.
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X0 X1 X2 Xn

b0

h0 h1 h2 hj

z0 z1 zk

b1

Wj,n

Wk,j

Output layer

Hidden layer

Input layer
Bias

bj,0

bk,1

Figure 2.6.2: A general layout for a feed forward neural network. Such a network
consists of an input layer, one or more hidden layers and an output
layer. Every connection has a unique weight associated with it

There exists countless tasks that a normal person would class as simple, but

can be hard to explain algorithmically. Fitting examples are various forms of

text-recognition, including hand-writing of letters, words and numbers. While

numbers or letters can be easily interpreted among people, describing a letter

based directly on a perceived visual experience is not quite as simple. While our

brain can adjust to subtle variations in people’s handwriting and appearance of

letters or numbers, the same can’t be said directly for a computer. An ANN’s per-

formance is directly related with its exposure to data variation of the impending

problem. Related to the previous example, an ANN would require large amounts

of training data, with variations within the training samples. With enough varia-

tion present in training data, a network can reliably uncover enough differences

to be able to distinguish different numbers, letters or similar problems.

To build upon the previous example, an ANN could have problems recognizing

variations in handwriting if its exposure to training data consisted entirely of the

writing pattern of a single person. Furthermore, this implies that high amounts

of exposure to similar training data can lead to over-fitting, which refers to large
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performance gaps between training data and other data. Similarly, networks

of complex architectures can construct more intricate algorithms for separat-

ing data, establishing decision boundaries shaped after exposed training data,

which is not necessarily a representative for true data distribution. A simplified

case of different levels of complexity of a decision border algorithms is shows in

figure 2.6.3

Figure 2.6.3: Different complexity of algorithms is visualized. Over-fitting leads
to decision boundaries designed directly after training data, and
not representing the true distribution of data, making it perform
worse when introduced to new data.

As demonstrated in figure 2.6.3, optimal decision border algorithms represents

true data distribution, and are not formed directly after training data. Some level

of complexity may be required to attain a classifier’s optimum, but excessive

design after training data generates classifiers that generalizes poorly.

2.6.2 Convolutional Neural Networks

This section introduces Convolutional Neural Networks, and the building blocks

associated with them.
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CNNs are a promising form of deep learning that specializes in multidimen-

sional data. Implementation on problems of higher dimensionality like images,

object- and speech-recognition, have provided promising results.

The fundamental difference of CNNs and a feed forward fully connected network

occurs in layer connections. A fully connected layer has all hidden nodes of one

layer connected to every hidden node of the previous layer, hence its name.

In CNNs however, a hidden node connects only to a few close nodes of the

preceding layer, subject to a set kernel size and stride. Furthermore, all units are

connected to the previous layer in the same way, with the exact same weights

and structure [33]. Figure 2.6.4 shows the difference between a convolutional-

and a fully connected layer.

Fully Connected Layer Convolutional Layer

Shared 
Weights

Figure 2.6.4: A representation of a fully connected layer, compared to that of
a convolutional layer. A fully connected layer has all its hidden
nodes of one layer connected to that the impending layer. A con-
volutional layer has only a few close nodes of the preceding layer
connecting to a node of the impending layer, subject to a set kernel
size and stride.

The strengths of the CNNs lies in their ability to extract features directly and per-

form directly at multidimensional data, whereas other neural networks require

vector inputs. It’s possible for a CNN to act as an encoder in front of a feedfor-

ward neural network, where the convolution output is vectorized by flattening.

Convolutional Layers

Convolutional layers are layers introduced to handle multidimensional data di-

rectly, and can extract features directly. While fully connected layers require vec-

tor inputs, convolutional layers can handle larger dimensions. Fully connected

layers can handle images when reshaped to vector form, but spatial information

is lost in this process. Brain volumes are 3D arrays that can be altered by expo-

sure to convolutional layers, with characteristics concealed in brains volumes

extracted to a feature space. Figure 2.6.5 visualizes 2D- and 3D-convolutions.
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Input InputFeature
Space

Feature
Space

2D Convolution 3D Convolution

Figure 2.6.5: 2D and 3D convolutions is visualized. A kernel of set size is shifted
over an input image, extracting its characteristics into a feature
space.

Pooling layers

Pooling layers are layers introduced to down-sample input data. In neuroscience,

brain volumes are of vast magnitude, making pooling layers essential for feature

vector reduction. Down-sampling is introduced to avoid significant over-fitting,

and reduce computational power needed, as 3D convolutions are monumen-

tal procedures. There exists several types of pooling options, where average-,

weighted average- and max pooling are popular methods. Figure 2.6.6 shows an

example of 2x2 max pooling.

9

33

5 2

73

5

6

55

8 1

51

3

9 7

8 5

2x2 filter with stride 2

Stride = 2

Max Pooling

2x2 filters

Figure 2.6.6: 2x2 max pooling for down-sampling is visualized. The resulting
output will be 1/4 of the input size, while preserving as much infor-
mation as possible
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2.6.3 Activation functions

This section describes activation function adopted for non-linear algorithms.

As observed in figure 2.6.1, the weighted sum of inputs is affected by an acti-

vation function prior to the generated output. Without implemented activa-

tion functions, the network would create severely limited algorithms, as non-

linearity would be unattainable. The neuron triggers if the input to a node is

significant, with the input altered by the given properties of the activation func-

tion. There are several activation functions being used in neural networks, which

fits different purposes.

ReLU

An activation function that has received increased popularity over the last few

years, is the ReLU function. Its increase in popularity has seen it overtake the

sigmoid and tanh functions as the go-to activation function for hidden layers.

Saturating non-linearities found in the tanh- and sigmoid activation functions

are much slower than the non-saturating non-linearity of the ReLU function,

when using variantions of gradient descent [34]. The ReLU function is generally

recommended for activation in convolutional layers. Its equation is given in

equation 2.6.2

f (x) =max(0, x) (2.6.2)

Because rectified linear units are nearly linear, they preserve many properties

that make linear models easy to optimize with gradient-based methods. Prop-

erties that make linear models generalize well are also preserved[35].

ReLU6

A modification to the ReLU activation function is known as ReLU6, adding an

output restriction between 0 and 6. ReLU6 has been stated as able to learn sparse

features earlier [36]. Equation 2.6.3 shows the modification done to the original

ReLU activation function 2.6.3.

f (x) =min
�

max(0, x), 6
�

(2.6.3)

Softmax

The softmax activation function is generally implemented at the output layer

of neural networks, generating outputs representing the probability of the out-
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put belonging to each of the classes. The equation for the softmax is given in

equation 2.6.4

f (z)j =
ezj

N
∑

i=1
ezi

for j = 1, · · · , Nclasses (2.6.4)

2.6.4 Back propagation

Managing complicated problems involves a neural network being fed training

data during a training phase. Weights and biases are initialized with random

values. By comparing the resulting output of the neural network with its target,

the network will adjust its values to make better predictions for future training

samples. The mean squared error (MSE) is regularly used when comparing the

output with its corresponding target, working as a loss function for the weights

w, and is shown in equation 2.6.5.

J(w) = 1
2

N
∑

k=1

(tk− zk)
2 (2.6.5)

The network’s resulting output, given in the z-vector, is compared to the target

vector for its true class, located in the corresponding t-vector. The t-vector is

typically of one-hot format. An example of one-hot encoding for class number i

is shown in equation 2.6.6

t= [0, 0, 0, · · · , 0] where ti = 1 and length(t)=Nclasses (2.6.6)

The term back-propagation is often misunderstood as the whole learning algo-

rithm for neural networks. Back propagation refers to the method for computing

the gradient, while a separate algorithm is used to utilize the aquired informa-

tion for learning[35]. Popular algorithms include gradient descent, Adadelta

[37] and Adam [38]. By the use of an optimization algorithm, the weights w are

adjusted to minimise the MSE.

2.6.5 Hyper parameters

This section presents the hyper parameters used to adjust a network towards its

optimum performance.
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With architecture settled, adjustment of several hyper parameters is carried out,

as to attain ideal performance for the given architecture. Hyper parameters ad-

justed during this thesis include epochs, batch size, L2 regularization (λ), learn-

ing rate (η) and dropout.

Epochs

The amount of epochs refer to the amount of times a full training set is applied

to a network during a training phase. As weights are initialized randomly1, com-

pletion of several epochs are anticipated to reach its potential, as weight adjust-

ments happens gradually. However, a large amount of epochs can lead to the

network adjusting excessively to the training data, yielding a classifier of low

bias and high variance. Figure 2.6.7 visualizes the bias-variance tradeoff [39].
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Figure 2.6.7: The bias-variance tradeoff visualizes outcome of required deci-
sions made during the construction of a classifier. An under-fitted
model with high bias will struggle to handle the complexity of a
problem, while an over-fitted model will have problems generaliz-
ing, with its performance deteriorating when introduced to differ-
ent data. A good classifier can handle data complexity, while still
being able to generalize well.

Epoch abundance contributes to over-fitting, with a resulting network gener-

ally performing remarkably well on training data, with the network designed to

recognize training data specifically. However, when exposed to data previously

untouched by the network, performance is expected to deteriorate immensely.

Batch size

Batch size refers to the amount of training samples passed through the network

1If a pre-trained network is not used.
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for each weight update. Its value can be set between 1 and the total number of

training samples, with weights altered after every sample and once per epoch

respectively. A lower batch size will result in further weight adjustments per

epoch, compared to that of a higher batch size.

Learning rate

The learning rate controls how extensively weight adjustments are tuned with

respect to the loss function. Equation 2.6.7 visualized the effect of the learning

rate η, and how it affects the weight update through the weighted gradient of

the error function.

wi+1 =wi−η ·
∂

∂wi
J(wi) (2.6.7)

Intuitively, the η-parameter specifies how quickly the weights are adjusted in

the direction of the gradient, as shown in figure 2.6.8.

w

J(w)

w

J(w)

w

J(w)

a. b. c.

Figure 2.6.8: The figure visualizes weight adjustment based on different learn-
ing rates. a - Insufficient learning rate, too many iterations re-
quired to reach optimum. Can end up in local minima. b - Sub-
stantial learning rate, optimal weights can’t be reached as they’re
adjusted too much per iteration. c - Practical learning rate, which
can be adjusted over time. Sizeable learning rate at the start causes
the gradient descent to avoid local minima and reach its imminent
optimum, while a decrease over time ensures that optimal weights
are achievable.

A substantial learning rate can have its corresponding loss function struggle at

attaining saturation, with gradient descent of too vast increments. A meager

learning rate on the other hand, while in theory able at attaining saturation,

would require too many iterations to realistically reach it. Additionally, training

with an insufficient learning rate might result in a local minima, rather than the

global minima of the loss function. Figure 2.6.9 visualizes different values of η.
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Figure 2.6.9: Different learning visualized in a plot. Large learning rates strug-
gles at attaining saturation, as increments are too vast. An insuf-
ficient learning rate will be very slow and can result in local mini-
mums, rather than the global minima for the loss function. A solid
learning rate converges as swiftly as possible, while avoiding local
minimums.

L2-regularization

Regularization penalizes complexity of learning models, reducing over-fitting

[40]. A penalty for model complexity or extreme parameter values is added to

the weight factors1. Equation 2.6.8 shows the inclusion of λ to the loss function

given in 2.6.5.

J(w) = 1
2

N
∑

k=1

(tk− zk)
2+ λ

2

M
∑

i=1

w2
i (2.6.8)

Excessive weights result in larger error, with the algorithm favouring modest

weight factors. The term is incorporated in the weight gradient of the back-

propagation term, with the gradient for hidden node connecting to the output

node given in equation 2.6.9.

∆wjk =η ·
�

xj · (zk− tk) · zk · (1− zk)
�

+
�

λ ·wjk

�

(2.6.9)

Dropout

Dropout is introduced during training phase to counter over-fitting. By ran-

domly dropping nodes and their connections during training phase, it prevents

1Does not include bias factors.
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the network relying on a few monumental connection values [41]. Figure 2.6.10

shows an example of dropout implementation in a neural network.

x1 x2 x3 x4

h1,1 h1,2 h1,3 h1,4 h1,5

z1 z2 z3

h2,1 h2,6h2,2 h2,3 h2,4 h2,5 h2,7

Figure 2.6.10: Dropout is introduced to counter over-fitting. Every single node
has, during training phase, a probability of its connections being
dropped associated with it. Dropout works as a regularizer, which
hinders the network relying on a few colossal weights to perform
classification

2.7 Confusion Matrix

This section presents the confusion matrix and the performance metrics deriv-

able from it.

Visualizing supervised learning1 classification results, involve the creation of a

confusion matrix. Each row of the matrix represents the predicted class, while

each column represents the actual class, or vice versa [42]. By organizing classifi-

cation results in a confusion matrix, it’s visualized where the algorithm misclas-

sify, hence the name confusion matrix [43]. Figure 2.7.1 visualizes a confusion

matrix for a three-class problem.

1The classification of pre-labelled data.
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Figure 2.7.1: A confusion matrix visualizes where an algorithm misclassifies,
hence the name. It’s often used to calculate performance metrics
to evaluate classifiers, including accuracy, precision and recall for
every class.

2.7.1 Performance metrics

Several performance metrics can be derived from a confusion matrix, and can

be used to evaluate classifier performance thoroughly.

Accuracy

Total accuracy refers to the proportion of total number of correctly predicted

classes, and is an overall measure of classifier performance. Intuitively, accu-

racy can be regarded as the probability of correctly classifying a randomly se-

lected sample. Accuracy is a well-documented performance metric for balanced

datasets, but its utility decay with a skewed dataset [43]. Accuracy is calculated

as shown in equation 2.7.1.

TotAcc=

N
∑

i=1
P(i,i)

N
∑

i=1

N
∑

j=1
P(i,j)

(2.7.1)
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Precision

Precision measures the proportion of predicted classes which is properly pre-

dicted within one class. The precision metric examines all values predicted of

each class, and calculates how large proportion of these that are correctly pre-

dicted. Calculation of precision for class i is shown in equation 2.7.2.

Preci =
P(i,i)

N
∑

j=1
P(j,i)

(2.7.2)

Recall

Recall is a measure of the proportion of a given class that is correctly predicted.

Recall calculates the proportion of a given class that is correctly classified. Recall

is calculated for class i according to equation 2.7.3.

Reci =
P(i,i)

N
∑

j=1
P(i,j)

(2.7.3)

Precision and recall are calculated for each class to provide detailed analysis of

individual class performance, as accuracy alone can grant misleading results, if

datasets are unbalanced1 [43]. For two-class problems, negative predictive value

(NPV) and specificity are the equivalent of precision and recall for the second

class. As the three class problem was an essential part of the project, NPV and

specificity were included through calculating recall and precision for every class,

visualized with the class-specific underscore given in equations 2.7.2 and 2.7.3.

This was justified as to avoid confusion between performance metrics calculated

for three class- and binary problems.

1If the amount of classes vary massively, the accuracy metric can be flawed. For represen-
tation, if a two-class problem has 9/10 of its data belonging to a certain class, with the classifier
subsequently predicting every sample to be of the aforementioned class, an accuracy of 90 % is
achieved, even if the classifier is clearly unreliable.
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Materials and methods

This chapter explains the construction of the dataset, implementation of the

pre-discussed methods on it, as well as the networks and its architectures. How

the data is affected by different forms of pre-processing, as well as the types of

classifiers and their structures, are also covered in this chapter.

3.1 Dataset construction

This section clarifies dataset construction and the reasoning behind decisions

made.

The dataset used during this thesis consists of T1 structural MRI-images con-

taining NC-, AD- and DLB scans. DLB-data was obtained from the EDLB-study,

with AD- and NC-data supplemented through the ADNI-study. The data gath-

ered from the different studies was analyzed before being added to the dataset.

Severe outliers visually were discarded, as differences were of significant level.

Outliers included brain volumes of shapes and size that varied greatly from the

standard, and patients with confirmed co-morbidity. The amount of data from

each class was kept at a relatively similar amount, as to not skew the dataset

favourably towards certain classes. The dataset construction is shown in figure

3.1.1
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DLB 
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760 samples 

3 classes 
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Discard

Figure 3.1.1: The dataset was constructed from baseline and screening data
from the ADNI study, in addition to DLB data from the EDLB study.
Severe outliers in the dataset were discarded.

For classification purposes, the dataset was split into sub groups. As the dataset

was of significant size, a validation set was used alongside a training- and test

set. Dataset distribution is visualized in figure 3.1.2.

Dataset

Temporary
Dataset

Test 
20 %

Validation 
16 %

Training 
64 % Shuffle

Shuffle

Figure 3.1.2: The dataset was split into three separate sets, a training-,
validation- and test set. The classifiers was trained on the train-
ing data, with the validation set functioning as a regularization
parameter. During CNN-classification, validation was performed
after every epoch, as to notify the user when over-fitting was im-
minent. For SVM-classification, the parameters were adjusted to
improve validation score. The test set was set aside as to provide
an unbiased classification

The training set was used for training for each classifier. The C-parameter was

tuned towards results on the validation set during SVM-classification. For the
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CNN-classifier, validation was performed following each finished epoch, to reg-

ularize the classifier with early stopping1. For both classifiers, a test set was kept

separate, as to provide unbiased classification at the end. Attaining comparable

results included an identical split of training-, validation- and test set for both

classifiers.

3.2 Pre-processing implementation

This section explains implementation of pre-processing methods introduced in

section 2.2. Constructing a usable dataset involves all data undergoing similar

pre-processing steps. The pre-processing pipeline used in the thesis is shown

in figure 3.2.1.

Structural T1 

Images
Spatially Normalized 

Images (MNI152)

Segmented Images 

(GM, WM, CSF)
Skullstripped 

Images 

CNN-classification

Texture Analysis

SVM-classification

Smoothed Images

Spatial Normalizaiton

Brain Tissue
Segmentation

Brain Reconstruction

Smoothing

Pre-processing 
pipeline 

Figure 3.2.1: The pre-processing pipeline include spatial normalization-, skull
stripped reconstruction through segmentation, with smoothing
only performed for CNN-classification. The MNI152-template was
used for normalization, with a combination of the original struc-
tural image and its GM-, WM and CSF-segments being used to
create a skull-stripped brain volume. These volumes were used for
TA, while the CNN had its image dataset smoothed before use.

1Early stopping refers to the halt of the classifier when the validation score has not improved
after i epochs
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By performing spatial normalization initially, the brain volumes are stretched

towards a shared coordinate system, as to limit translational differences be-

tween subjects. Skull stripping by segmentation and reconstruction yields im-

ages where crucial features are retained, while worthless ones are abolished. TA

adopted the resulting images directly, as to retain virtually all vital information.

Smoothing is performed before CNN-classification to cancel out noise artefacts

and improve SNR.

3.2.1 Spatial Normalization

When constructing a CNN for classifying datasets, a fully connected layer is used

at the end of the network. While the previous layers consists of convolutional-

and pooling layers for feature extraction and down sampling respectively, they

won’t directly classify input data. Resulting features can be introduced to a SVM-

hyperplane for classification, but a fully connected output layer of size Nclasses is

often used. With softmax activation as output, a direct probability representa-

tion for each class is given.

Input size will affect resulting output size, with inputs of varying size not work-

ing for networks with fully connected layers, as the amount of hidden nodes in

theory would have to change for each iteration. When using inputs of varying

size for a network with one or more fully connected layers, the feature maps will

be of different size, resulting in inoperative architecture. As available data was

gathered from several sources and studies, image resolution and depth varied be-

tween subjects. By implementing a fully connected layer at the end of a network,

spatial normalization of brain volumes to identical size is mandatory. Data was

mapped to a common 79z95x79 format, with resulting voxel size of 2x2x2 mm.

Voxel volume was selected for maintaining high resolution brain volumes, while

limiting computational power needed for time-consuming 3D-convolutions.

3.2.2 Brain tissue segmentation

The normalized volumetric images for each subject was segmented into GM,

WM, CSF, extracerebral tissues, the skull and surroundings.

Skull stripping

The brain volumes were reconstructed as to maintain valuable information

given in the brain tissues. By thresholding the sum of segmented brain tissues
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and CSF, multiplied element by element with the structural T1 image, the brain

volume was stripped of its noise factors, including the skull and extracerebreal

tissues. This is in neuroimaging referred to as skull stripping. The equation used

to skull strip the images is shown in equation 3.2.1.

i1. ·
�

(i2+ i3+ i4)> 0.5
�

(3.2.1)

i1, i2, i3 and i4 represent the pre-segmented T1 volumetric image, the GM-seg-

mented image, the WM-segmented image and the CSF-segmented image re-

spectively. Skull stripping is vital when used for feature extraction or neural

networks, as noise artefacts are discarded.

3.2.3 Smoothing

Several smoothing kernels were explored before all brain volumes were smoothed

with a 5x5x5 kernel, before being fed to feature extraction through CNN.

3.3 Feature Extraction

This section describes implementation of feature extraction methods executed

on the dataset.

As to generate feature vectors for SVM-classification, GLCM-matrices were com-

puted with 13 unique directions and 4 different distances, being [1, 2, 4, 8] pixels,

for all subjects. 22 different features were extracted through statistical analysis

of resulting matrices for each subject, yielding a vector of in total 1144 features.

PCA

With feature vector size exceeding dataset size, PCA was implemented for dimen-

sionality reduction. Several features were expected to be strongly correlated with

each other, making PCA a valid choice for reduction, with resulting principal

components being uncorrelated. PCA was implemented through scikit-learn

[44], with principal components representing largest variance retained.
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3.4 Experimental layout

This section describe the experimental layout for classifying with both the SVM-

and CNN-classifier.

Desired purpose of the classifier involve classifying pre-processed MRI directly

without prior knowledge. However, given prior knowledge, establishing classi-

fiers able to reliably handle available binary problems could also aid in differen-

tial diagnosis scenarios. Given the significance of both the three class problem,

and each of the available binary problems, classifiers were designed for manag-

ing all scenarios, each with their own CNN- and SVM-classifier.

3.4.1 SVM

For SVM-classification, feature vectors for each subject was introduced from TA.

The dataset was normalized to attain zero mean and unit standard deviation.

Feature normalization was based off of the training set, as to avoid contami-

nation of the validation- and test set. SVM feature normalization is shown in

equation 3.4.1.

z=
x−µXTrain

σXTrain

(3.4.1)

Dimensionality reduction was introduced through PCA, as to use a set of un-

correlated features. The SVM-boundary was modelled to fit the training data,

with its parameters being adjusted based on its performance on the validation

set. The classifier of best validation performance was then tested on the test

set, as to provide an unbiased performance check. With improved test results,

confusion matrices and performance metrics were generated to analyse results.

Figure 3.4.1 shows the implemented SVM-pipeline.
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Feature vector 
dataset

Train TestValidation

Normalization 
parameters

Zero mean 
normalization

Determine
parameters

Improved validation  
result?

No Evaluate
model

End

Yes

Dimensionality
reducion

PCA?

Yes

No

Create confusion
matrices and compute

performance metrics for
validation- and test set

Figure 3.4.1: The SVM-pipeline include zero mean normalization based off of
the training set. Parameters for the SVM-classifier were initial-
ized and adjusted based on its performance on the validation set.
Dimensionality reduction was implemented through PCA on the
training set. To provide an unbiased performance check, the clas-
sifier was tested on a separate test at the end.

3.4.2 CNN

Normalization for the CNN-classifier was performed differently, as min-max

normalization has been reported to outperform other normalization methods

for data mining purposes [45]. Equation 3.4.2 shows the min-max normalization

for the CNN dataset.

z=
x−min(x)

max(x)-min(x)
(3.4.2)
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Architecture

Conventional CNN architecture for classification of multidimensional data con-

sist of a combination of several convolutional-, pooling- and fully connected

layers. Depth and width of the network are of great importance, as to not under-

or over-fit. Deep and wide network results in complex algorithms, able to rec-

ognize data variations better, but can more easily lead to over-fitting. Shallow

networks have superior generalization, but if made too simple, unable to learn

sparse features needed to reliably discriminate between classes.

Procedure for architecture design included creation of a deep enough struc-

ture to reliably identify class variations, as to avoid under-fitting. During initial

training on proposed network architectures, regularizers1 were disabled, as to

iprevent ample bias. Regularization methods were added after established ar-

chitecture, as to avoid extensive variance, which causes over-fitting. The CNN

was built and tested using Tensorflow [46]. With several structures being tested,

the network architecture yielding best classification results is shown in figure

3.4.2

Convolution

Filters: 32
Kernel size: 6
Padding: Valid

Activation: relu6 

Input

Convolution

Filters: 32
Kernel size: 6
Padding: Valid

Activation: relu6 

pooling

Pool size: 3
Strides: 2 

pooling

Pool size: 3
Strides: 2 

Fully connected 

Hidden nodes: 2000 
Kernel size: 6
Padding: Valid

Activation: relu6 

Fully connected 

Nodes: N_classes 
Activation: softmax 

Flatten
5 additional

hidden
layers

Output

Figure 3.4.2: Convolutional network yielding best results. Two convolutional
layers is applied to the volumetric data to extract features from
the brain volumes. A 2x2 max-pooling layer for down-sampling
follows each convolutional layer. Resulting features are then pro-
cessed through a series of hidden layers with 2000 hidden nodes,
as to learn sparse features concealed in the dataset. The outputs of
the the hidden layers are then processed to the output layer, where
a probability for each class is calculated, with the classifier picking
the class with the highest probability.

The architecture include two convolutional layers, with subsequent 2x2 max-

pooling layers. These layers were used for feature extraction and down-sampling

1L2-regularization, dropout and early stopping
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respectively. 6 fully connected layers follows, addressed to learn resulting fea-

ture vectors from previous layers. Learning variations in the data included the

amount of hidden nodes being of similar amount as the feature vector size. A

softmax affected output layer produces a probability for each of the given classes,

with the classifier picking the class of highest probability. The CNN-pipeline is

shown in figure 3.4.3

Choose
architecture and
initialize weights

Normalize 
[0, 1]

Hyperparameters

Validation result 
improvement?

Forward- and
backward pass to 
update weights

Improvements  
after i epochs 

No

Evaluate model

End

No

Yes Yes

Max 
iterations?

No

Yes

Shuffle training
batches

Create confusion
matrices and compute

performance metrics for
validation- and test set

Figure 3.4.3: Architecture is chosen before weights and biases are initialized.
The data is min-max normalized [0,1] and hyper parameters val-
ues decided. Following initialization, all training data samples are
passed through once per one of several epochs, with weights up-
dated based on the error after every finished batch. After every
epoch, the network is tested on the validation set. If the validation
score does not improve after i epochs, the procedure is terminated,
as over-fitting is expected to start. If validation score improves, the
network runs until a set number of epochs is finished. For evalua-
tion of network performance, confusion matrices are constructed
and performance metrics computed.





Chapter 4

Results

This chapter presents experimental results achieved in this thesis, with testing

executed according to methods given in chapter 3.

4.1 Layout

This section presents the parameters used to achieve results for each problem.

Results for both SVM- and CNN-classification were achieved with their respec-

tive parameters presented in table 4.1.1.

Problem

NC/AD/DLB
AD/DLB
NC/DLB
NC/AD

CNN

Ep Bs η λ Do

138 8 0.015 0.02 0.85
79 5 0.012 0.012 0.82
80 5 0.01 0.01 0.85
55 5 0.009 0.01 0.85

SVM

C Kernel

0.0072 Linear
0.0080 Linear
0.0068 Linear
0.0066 Linear

Table 4.1.1: Hyper parameter values
Abbrevations:
Ep = Total number of epochs
Bs = Batch size
η = Learning rate
λ = L2-factor
Do =Dropout-factor
C = Error penalizer
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4.2 Experimental results

This section presents the experimental results achieved by both the SVM- and

CNN-classifier.

Concluding results are presented through the use of performance metrics given

in section 2.7.1. Total accuracy visualizes a general probability of predicting

correct class, while precision and recall evaluates class-specific measures. Re-

sults for the three class problem and each of three binary class problems are

presented, with the best overall accuracy highlighted in bold text. Precision

and recall are given for each class, as to visualize shortcomings of the classifiers.

Results are given in table 4.2.1.

CNN
Class TotAcc Reci Prei

0.63 0.52

NC/AD/DLB 66.03 % 0.65 0.62

0.69 0.96

AD/DLB 74.76 %
0.74 0.75

0.75 0.74

NC/DLB 82.14 %
0.83 0.81

0.81 0.83

NC/AD 60.82 %
0.47 0.67

0.77 0.59

SVM
Class TotAcc Reci Prei

0.31 0.55

NC/AD/DLB 59.33 % 0.62 0.42

0.85 0.81

AD/DLB 80.00 %
0.81 0.76

0.79 0.83

NC/DLB 80.00 %
0.83 0.80

0.77 0.80

NC/AD 58.50 %
0.53 0.61

0.59 0.51

Table 4.2.1: Results achieved with CNN
Abbrevations:
TotAcc = Total accuracy on test data
Prei = Precision for class i
Reci = Recall for class i
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Discussion

The chapter discusses achieved results and encountered limitations.

5.1 Classifier performance

The CNN-classifier performed better overall, compared to that of the SVM-classifier.

It achieved better results for the three class problem, the NC/DLB- and NC/AD

binary problems. Total best accuracy achieved for the three class problem was

66.03 %, while 60.82 %, 80.00 % and 82.14 % were achieved for NC/AD, AD/DLB

and NC/DLB respectively. With clinical diagnosis performed to label datasets

and co-morbidity a prevalent issue within dementia, classification results are

not definite. While subjects with confirmed co-morbidity were judged as out-

liers and discarded prior to dataset generation, other subjects can suffer non-

diagnosed, which affects a generated dataset. With co-morbidity fairly common

among patients, flawless classification is improbable and results must be ad-

judged accordingly.

The CNN-classifier struggles at recognizing NC scans, as given in the recall pa-

rameter for the NC/AD problem. Its recall and precision towards NC subjects in

the three class problem also falls short compared to other classes. Fairly stable

recall rates are found in all problems but the aforementioned NC/AD problem,

with strong precision towards DLB scans. Differential diagnosis of AD- and DLB

scans obtained balanced recall and precision for either class, with an achieved

accuracy of 74.76 %, suggesting that an implemented classifier for differential

diagnosis would predict correctly about 3/4 of the time.
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The SVM-classifiers also struggles at recognizing NC scans, with recall value in

the three class problem particularly worrying. Classification results from differ-

ential diagnosis simulation perform marginally better than its CNN counterpart,

with class-specific parameters less balanced. The specified results suggest that

an SVM-classifier based solely on a single TA-method would predict correctly 4/5

of the time, potentially bettering DL at differential diagnosis. In general, SVM-

classifiers are better at recognizing DLB subjects, with recall rates surpassing

that of CNN-classifiers. The overall scores of the SVM-classifier does however

fall short of its DL counterpart.

Results does not compare favourably with previous studies [2] [47] [48] [49], but

enhancement is feasible by atoning for limitations given in section 5.2. The

dataset was bigger compared to that of earlier studies with similar problem for-

mulation, with over-fitting on account of dataset size less of an underlying issue

in this thesis. With shallower datasets available for comparable studies, cross-

validation1 [50] has often been used, as to utilize the dataset to its full potential.

Different cross-validation techniques successfully exploits all data available, but

some level of bias affects the resulting classification, with all data used for both

training and testing.

5.2 Limitations

This section thoroughly describes limitations encountered during the course of

this thesis.

5.2.1 Dataset

The dataset was designed with DLB-data in collaboration with Stavanger Uni-

versity Hospital, which is part of the EDLB-consortium. It was further supple-

mented with NC- and AD scans obtained from the ADNI-study. AD- and NC

data provided from ADNI were restricted to subjects with T1 structural scans

available, as most DLB subjects were limited to structural T1 scans. To avoid

dataset contamination with regards to similar subjects, first-time scans compro-

mising baseline- and screening scans were selected from the ADNI-study, with

follow-up scans of identical subjects duly ignored.

1A training set is split into k-parts, with (k-1) working as training data, and the remaining as
test. The classifier is trained and tested k times, where each fold works as test set once. Results
are presented with a mean and standard deviation over k tests
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With the entirity of used AD- and NC scans drawn from the ADNI-study, addi-

tional scans of all classes are available from the EDLB-study. A natural progres-

sion involves dataset enhancing through addition of available scans, as more

high quality data in general equals better performance for deep learning [13].

Inclusion of these subjects can expand the dataset, while preserving balance

between classes. Augmentation through T2-Flair inclusion could provide ad-

ditional features for differential diagnosis [2], but as scans are normally not

available for all subjects, a resulting diminishing dataset might prove counter-

intuitive.

5.2.2 Pre-processing

A conventional pre-processing pipeline includes several methods for minimiz-

ing noise factors and possible artefacts. With full-scale brain volumes used di-

rectly, both for feature extraction and DL purposes, the entirety of brain volumes

contributes to emerging feature space and feature vectors. Deriving optimal

regions of interest (ROI) for obtaining features can be explored. Identifying fea-

tures excellent at highlighting differences in dementia variations and normal

controls can be investigated for subsequent boosted classifier performance.

Deriving optimal regions of interest (ROI) for obtaining features excellent at

highlighting differences in dementia variations and normal controls, can be

investigated for boosted classifier performance.

5.2.3 Texture Analysis and Features

Statistical methods available through the GLCM matrices were used as features

for the SVM-classifier. Other methods for texture analysis, including Local Bi-

nary Patterns [51] and Histogram of Gradients [52], has yielded promising results

in other studies [2].

Previous studies have reported a unique pattern of GM atrophy found within

DLB patients that’s not present within AD patients [53]. Inclusion of Rapid eye

movement sleep behavior disorder (RBD), an early characteristic of DLB that

can occur many years before the onset of dementia [54], as a core clinical feature

has been reported to improve diagnostic accuracy of autopsy-confirmed DLB

[55]. Beta power has also been reported as a feature able to discriminate scans

of AD- and DLB patients [49].
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It is expected that a larger pool of features, from which the aforementioned

have been reported to reliably separate classes, will expose superior traits for

discriminating NC-, AD- and DLB controls. The preceding statement is based

on feature vector reduction prior to classification, as characteristics that best

explains class variation are retained.

Features available were sufficient for separating NC and AD with DLB, but strug-

gled to differentiate NC and AD. This was also, to a lesser degree, the resulting

problem for feature extraction within CNN architecture. With all NC- and AD

scans obtained through the ADNI-study and all DLB scans obtained through the

EDLB-study, subtle similarities might exist between AD- and NC scans that dif-

ferentiates compared to DLB scans. Even with a similar pre-processing pipeline,

elements of these variations might be preserved in resulting brain volumes, as-

sisting the classifier in differentiating DLB better than the other classes, artifi-

cially enhancing results.

5.2.4 Architectures

3D-convolutions are immensely time-consuming, and the search for optimal

architectures and hyper parameters are problematic within shorter time-frames,

including a Master’s Thesis. 3D-convolution has been reported to outperform

several other classifiers in neuroimaging, including a modest gain over 2D-con-

volutional models [56]. The pursuit of a flawless model was executed through a

series 2D- and 3D-convolutions, with architecture and hyper parameters ad-

justed towards improved performance. With limited set-ups examined, the

structure is not expected to have achieved its optimum. When establishing the

eventual architecture, its resulting network was not able to reliably determine all

training samples correctly. This implies that the final architecture experienced

some bias.

With implementation of a proposed ROI-method as given in section 5.2.2, CNN

training can become less overwhelming. Decreased input size prompt both re-

duced computational power and architecture intricacy, greatly decreasing over-

all complexity. Diminishing noise factors on account of reduced input size can

provide improved details for discriminating sparse features between classes.
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Conclusion

This thesis explores and compares DL- and SVM CAD on T1-weighted MRI of

NC-, AD- and DLB patients. Similar pre-processing steps prior to method imple-

mentation were executed, with smoothing only being performed prior to deep

learning classification, as to retain vital spatial information when performing

TA.

Results on a dataset of 760 subjects does not directly suggest if either method

outperforms the other. Classification results are relatively similar, with both

methods having room for improvement. Previous studies [2] [47] [48] [49] sug-

gests there are better results available, with more textural analysis methods im-

plemented. Previous deep learning studies recommend greater datasets over

intricate models based on inferior datasets [57].

The CAD developed in connection with this thesis can perform classification

on T1 structural MRIs, although results are fairly inconsistent. Its various im-

plementations are able to handle a three-class problem directly, or any one of

the possible binary classifications. Models are dependent on provided test data

following a standard pre-processing pipeline before usage, for the given results

in chapter 4 representing expected outcome of classification. With results fairly

erratic, the classifiers can’t be relied upon for predicting correct diagnosis unas-

sisted, but can be performed in addition to a doctor’s diagnosis for verification.

It is suggested that results examined during the course of this thesis is built upon

and improved, with potential for superior CAD-structures available.



46 CHAPTER 6. CONCLUSION

6.1 Future work

To achieve thorough overview of SVM- and DL-classification in neuroimaging,

with all their pros and cons, obtaining a larger dataset is desirable. Performing

a series of classifications on a dataset, with quantity of included data adjusted

for each set, could yield results implying data amount required to experience

better results with deep learning compared to that of texture analysis methods.

While an obvious solution for acquiring more data would be including data

from other studies, which can involve strenous work, artificial dataset increase

through various data augmentation methods could be explored, as data can

be used more efficiently [58] and reduce over-fitting [41]. Data augmentation

methods include translational- and rotational adjustments to image data, as to

artificially create new training samples.

Persisting in search of an optimal architecture that can discriminate classes

reliably can aid the classifier, by being able to learn sparse features concealed in

volumetric data. Identifying such an architecture can limit the bias of classifiers,

abling networks to recognize different properties for particular classes. Deriving

a ROI that best describes structural variations between classes could introduce

features reliable for differential diagnosis.

Extracting more features that can better express differences in the various classes

could help improve overall accuracy, with PCA retaining features that best ex-

plains data variations. PCA excels when features are expected to correlate strongly,

as a reduced set of uncorrelated features can be generated. With additional TA

methods introduced, amount of different layouts producing correlating charac-

teristics can be reduced. Different feature reduction methods can be explored

and considered, as other methods can be preferable with reduced correlation.

Obtaining additional MR sequences or other modalities such as PET scans for all

subjects could aid the classifier in distinguishing classes, as potential superior

features could be established before feature vector reduction. Previous stud-

ies indicates that there exists more textural information in T1 structural images

compared to the FLAIR images [2], but a combination might improve results.
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Appendix A

Appendix

This appendix lists the packages required to successfully run scripts and func-

tion. Used scripts are briefly described.

A.1 Python

The Python scripts requires the following packages, given in list A.1.

• Tensorflow

• Scikit-learn

• Pandas

• Numpy

• Seaborn

• Scipy

• OS

• Time

• Matplotlib

The Python scripts constructed to perform the necessary tasks is given in list A.1.

The dataset is distributed to Python through matfiles containing the 3D-volumes

and their corresponding labels.
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• CNN.py

Pipeline for performing CNN-classification in Python. Hyper parameters,

which classes to test and architectures can be changed by the user.

• SVM.py

Pipeline for SVM-classification. Parameters, PCA and which classes to test

can be changed by the user.

• Functions.py

The functions created for and called upon by the aforementioned scripts.

A.2 Matlab

The Matlab packages requires the following packages, given in list A.2.

• SPM12

• Tools for NIFTI and ANALYZE image [59]

The Matlab scripts constructed to perform the necessary tasks is given in list

A.2.

• Main.m

The main file used to call upon separate functions to perform required

tasks.

• Preprocessing.m

The main file for the pre-processing pipeline.

• TextureAnalysisFeatExt.m

The main file for TA and feature extraction.

• Normalize.m

Batching process for spatial normalization of volumetric data to MNI152

space.

• Segment.m

Batching process for segmenting brain tissues from noise factors.

• Skullstrip.m

Batching process for reconstruction of brain volumes.
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• Smoothing.m

Batching process for smoothing the volumetric data with a 5x5x5 kernel.

• cooc3D.m

Creates a gray level co-occurence matrix for 3D data [60].

• GLCM_Features.m

Extracts statistical features from gray level co-occurence matrices1 [61].

• xml2struct.m

Converts information from xml-files to struct-format. Used for extracting

of metadata.

• csv2data.m

Script for acquiring metadata for EDLB subjects2.

• Extract_Metadata_ADNI_xml.m

Script capable of extracting metadata from the xml-template of ADNI

metadata files.

• Extract_Nifti.m

Script digging through directories, extracting all available nifti files.

• loadniftispm.m

Function for loading nifti files for SPM12.

• Realign.m

Function for brain volume realignment. Only used for fMRI, if available

• load_untouch_nii.m

Function for loading nifti files.

A.3 Excel

Excel files used during this thesis is given in list A.3.

• EDLB_clin_demo_info

Metadata available for EDLB subjects

1Copyright (c) 2008, Avinash Uppuluri. All rights reserved
2Courtesy of Postdoc researcher Ketil Oppedal
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CNN.py

# ELEMAS - Dementia

#module imports:
from Functions import read_and_preprocess_dataset_CNN
from Functions import split_and_normalize_CNN
from Functions import Train_network
from Functions import Test_network



#np.set_printoptions(threshold=np.nan)

Conv_3D = False  #If true, convolution is performed 3D. If false, 2D convolution is performed
Two_class_AD_NC = False  #AD vs. NC classification
Two_class_AD_DLB = False  # AD vs. DLB classification
Two_class_NC_DLB = False  # NC vs. DLB classification
Three_class = True  # The full three class problem

#Files should be cell structures of column length N_samples and row width of 2.
#3D Brain volumes in the first row. One-hot labels in the second row. [1, 0, 0] etc.

DLB_data = 'name_of_mat_file'
DLB_matlab_variable = 'name_of_matlab_variable_from_file'

NC_data = 'name_of_mat_file'
NC_matlab_variable = 'name_of_matlab_variable_from_file'

AD_data = 'name_of_mat_file'
AD_matlab_variable = 'name_of_matlab_variable_from_file'


X, Y, num_classes = read_and_preprocess_dataset_CNN(Conv_3D=Conv_3D,
                                                    Two_class_AD_NC=Two_class_AD_NC,
                                                    Two_class_AD_DLB=Two_class_AD_DLB,
                                                    Two_class_NC_DLB=Two_class_AD_DLB,
                                                    Three_class=Three_class,
                                                    DLB_data=DLB_data,
                                                    NC_data=NC_data,
                                                    AD_data=AD_data,
                                                    DLB_matlab_variable=DLB_matlab_variable,
                                                    NC_matlab_variable=NC_matlab_variable,
                                                    AD_matlab_variable=AD_matlab_variable)


dropout=0.9
L2 = 1e-2
learning_rate = 0.01
batch_size = 8
epochs = 1
Confusion_Matrix = True
min_max_norm = True
zero_mean_norm = False
e = 1e-14#avoid dividing by zero, as standard deviation of brain volumes can be zero (surroundings of same pixel values etc.)
Three_Dim = False
Train_Network = True
Test_Network = True
save_model = True


X_train,X_val,X_test,Y_train,Y_val,Y_test = split_and_normalize_CNN(X=X,
                                                                    Y=Y,
                                                                    min_max_norm=min_max_norm,
                                                                    zero_mean_norm=zero_mean_norm,
                                                                    e=e)

Train_network(X_train=X_train,
              Y_train=Y_train,
              X_val=X_val,
              Y_val=Y_val,
              num_classes=num_classes,
              dropout=dropout,
              Conv_3D=Conv_3D,
              learning_rate=learning_rate,
              L2=L2,
              batch_size=batch_size,
              epochs=epochs,
              save_model=save_model)

Test_network(X_test=X_test,
             Y_test=Y_test,
             Confusion_Matrix=Confusion_Matrix,
             Two_class_AD_DLB=Two_class_AD_DLB,
             Two_class_NC_DLB=Two_class_NC_DLB,
             Two_class_AD_NC=Two_class_AD_NC,
             num_classes=num_classes,
             dropout=dropout,
             Conv_3D=Conv_3D)








cooc3d.m

%cooc3d
%Authors: Carl Philips and Daniel Li (2008)
%http://facweb.cs.depaul.edu/research/vc/contact.htm
%
%Syntax
%[featureVector, coocMat] = cooc3d (data, 'distance', [1;2;4;8], ...
%   'direction', [0 1 0;1 1 0; 0 1 -1])
%
%Description
%reads in a vector of cubes and outputs a matrix of haralick features and 
%the 3D Co-Occurrence matrices.
%
%Input:
%Data: a vector of cubes with the fourth dimension identifying the cube.
%data(:,:,:,1) = rand(20,20,20); %cube 1
%data(:,:,:,2) = rand(20,20,20); %cube 2
%
%Parameters:
%numGray: Integer indicating the number of graylevels to use when
%performing the graylevel resizing (rescaling).
%distance: a nx1 array of distances that will be used when analyzing the
%image. Default is [1,2,4,8];
%direction: a nx3 array of direction offsets in [row, column, vertical]
%format. The vertical value increases from top to bottom 
%   the standard 2D directions 
%   [0 1 0]    0 degrees
%   [-1 1 0]   45 degrees
%   [-1 0 0]   90 degrees
%   [-1 -1 0]  135 degrees
%
%   The additional 9 directions that make this a 3D Co-Occurrence ...
%       algorithm
%             horizontal, vertical
%   [0 1 -1]   0 degrees, 45 degrees
%   [0 0 -1]   straight up
%   [0 -1 -1]  0 degrees, 135 degrees
%   [-1 0 -1]  90 degrees, 45 degrees
%   [1 0 -1]   90 degrees, 135 degrees
%   [-1 1 -1]  45 degrees, 45 degrees
%   [1 -1 -1]  45 degrees, 135 degrees
%   [-1 -1 -1] 135 degrees, 45 degrees
%   [1 1 -1]   135 degrees, 135 degrees
%   Default is all 13 directions.
%
%Output:
%featureVector = haralick values for each cube (this is what's used for
%                classification. Each row pertains to a different cube.
%coocMat = the Co-Occurrence matrices.
%          coocMat(y,x,direction,distance,cube number)

%featureVector(:,1:12) = the haralick features for distance 1, ...
%   direction 1;
%featureVector(:,13:24) = the haralick features for distance 1, ...
%   direction 2;
%featureVector(:,127:167) = the haralick features for distance 2, ...
%   direction 1;
%The haralick features used (in order) are:
%Energy, Entropy, Correlation, Contrast, Variance, SumMean, Inertia, 
%Cluster Shade, Cluster tendendy, Homogeneity,MaxProbability, 
%Inverse Variance.


%Designed and tested for cubes with axis 20 voxels long.


%function [featureVector,coocMat] = cooc3d (data,distance, directions)
function [featureVector,coocMat] = cooc3d (varargin)
featureVector=NaN;
coocMat= NaN;
%inputStr = {'Distance','Direction'};

%Default settings
distance = [1;2;4;8]; %more or fewer distances?
numLevels = 16;
numHarFeature=12; %changing this may break the harFeatures function

offSet = [0 1 0; -1 1 0; -1 0 0; -1 -1 0]; %2D Co-Occurrence directions
%o,45,90,135 degrees

    %the additional 9 directions that make 3D Co-Occurrence from 2D
dimension3 = [0 1 -1; 0 0 -1; 0 -1 -1; -1 0 -1; 1 0 -1; -1 1 -1; 1 -1 -1;
           -1 -1 -1; 1 1 -1];
offSet = cat(1,offSet,dimension3);

%checking inputs

data = varargin{1};
temp = size(data);
if size(temp)<3
    disp('Error: This program is designed for 3 dimensional data')
    return;
end
numInput = size(varargin,2);
for inputs =2:numInput
    temp = varargin{1,inputs};
    if ~ischar(temp)
        continue;
    end
    temp = upper(temp);
    switch (temp)
     
         case 'DIRECTION'
             temp2 = int8(varargin{1,inputs+1});
             if size(size(temp2),2) ~=2
                 disp('Error: Direction input is formatted poorly')
                 return;
             end
             if size(temp2,2) ~=3
                 disp(['Error: Incorrect number of columns in ' ... 
                     'direction variable'])
                 return;
             end
             if max(max(temp2))>1 | min(min(temp2))<-1
                 disp('Error: Direction values can only be {-1,0,1}')
                 return;
             end
             offSet = temp2;
        
        case 'DISTANCE'
            temp2 = int8(varargin{1,inputs+1});
            if size(size(temp2)) ~= 2
                disp('Error: Incorrect formatting of distance variable')
                return;
            end
            
            if sum(sum(size(temp2))) ~= max(size(temp2)+1)
                disp(['Error: Distance variable is to be a one ' ...
                    'dimensional array'])
                return;
            end
            
            distance = temp2;
            
        case 'NUMGRAY'
            temp2 = varargin{1,inputs+1};
            if temp2<1
                disp('The number of graylevels must be positive')
                return;
            end
            numLevels = uint16(temp2);
    end
end

noDirections = size(offSet,1); %number of directions, currently 13
coocMat = zeros(numLevels, numLevels, noDirections, size(distance,2), ...
    size(data,4));
featureVector = zeros(size(data,4),noDirections*size(distance,1)*...
    numHarFeature);





for iteration=1:size(data,4) %each new cube
    tempVec = zeros(1,0);
    for dist =1:size(distance,1) %distance
        [harMat, coocMat(:,:,:,dist,iteration)] = graycooc3d(...
            data(:,:,:,iteration),distance(dist),numLevels,...
            numHarFeature,offSet); 
        temphar = zeros(1,0);
        
        %organizing the data so each cube's data is on a row
        for clicks =1:size(harMat,1)
            temphar = cat(2,temphar,harMat(clicks,:));
        end
        tempVec = cat(2,tempVec,temphar);
              
    end

    %produces a larger space to separate cubes
    %haralickMat = cat(1,haralickMat,space3);
    featureVector(iteration,:) = tempVec;

    
    disp(['completed cube number' num2str(iteration)])
end
return


%@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@
%I = the 3D image matrix
%distance = a vector of the distances to analyze in
%numLevels = the number of graylevels to be used
%numHarFeature = the number of haralick features to compute
%offSet = a matrix of the directions to analyze in
%
%harMat = a matrix of the haralick features in the format harMat(direction,
%feature)
%coMat the Co-Occurrence matrices produced
function [harMat,coMat]= graycooc3d(I,distance,numLevels,numHarFeature,...
    offSet)

%**************Variable initialization/Declaration**********************
harMat =0;


noDirections = size(offSet,1); %number of directions, currently 13
coMat = zeros(numLevels,numLevels,noDirections);


%************************graylevel resizing*******************************
numLevels = numLevels-1; %don't touch. Logical adding issue.
minImage = min(min(min(I)));
I=I-(minImage);
min(min(min(I)));
maxImage = max(max(max(I)));
tempShift = double(maxImage)/double(numLevels);
I = floor(double(I)/double(tempShift));
I=I+1;
numLevels = numLevels+1; %don't touch. Logical adding issue.
if max(max(max(I))) > numLevels
    disp('Error is graylevel resizing.')
    disp('cooc3d.m');
    return
end


%**************************Beginning analysis*************************
%Order of loops: Direction, slice, graylevel, graylevel locations
for direction =1:noDirections %currently 13 (for the 3d image)

    tempMat = zeros(numLevels,numLevels,size(I,3));
    for slicej =1:size(I,3)
         for j=1:numLevels %graylevel
             
             %finds all the instances of that graylevel
            [rowj,colj] = find(I(:,:,slicej)==j);  

            %populating the Cooc matrix.
            for tempCount = 1:size(rowj,1) 
                rowT = rowj(tempCount) + distance*offSet(direction,1);
                colT = colj(tempCount) + distance*offSet(direction,2);
                sliceT = slicej+distance*offSet(direction,3);
                [I1, I2, I3] = size(I);
                if rowT <= I1 && colT <= I2 && sliceT <= I3
                    if rowT > 0 && colT > 0 && sliceT > 0
                        
                        %Error checking for NANs and Infinite numbers
                        IIntensity = I(rowT,colT,sliceT);
                        if ~isnan(IIntensity)
                            if ~isinf(IIntensity)
                                %Matlab doesn't have a ++ operator.
                                tempMat(j,IIntensity,slicej)= tempMat...
                                    (j,IIntensity,slicej)+1;
                            end
                        end
                    end
                end
            end
            
        end

    end
    for slicej =1:size(I,3)
        coMat(:,:,direction)= coMat(:,:,direction)+tempMat(:,:,slicej);
    end
end

%extracting the Haralick features from the Co-Occurrence matrices
harMat = harFeatures(coMat,numHarFeature);
return


%@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@
%coMat = Co-occurrence matrices 2D stack upon eachother (i j k) k is number
%of directions analyzed. For 3d that's 13. Created in cooc3d.m
%numHarFeature is the number of variables you will be extracting.
%Haralick order
%Energy, Entropy, Correlation, Contrast, Variance, SumMean, Inertia, 
%Cluster Shade, Cluster tendendy, Homogeneity,MaxProbability, 
%Inverse Variance.
%harMat = matrix of the haralick features in the format harMat(direction,
%feature)
function [harMat]= harFeatures(coMat, numHarFeature)

%numHarFeature=12;
%numPosFeature=12; %If you add any more features bump this up.
numLevels = size(coMat,1); %number of graylevels
harMat = zeros(numHarFeature,size(coMat,3));
%%%%%%tempHarMat = zeros(numPosFeature,1);  %continue working here....
%tempCoMat=zeros(size(coMat,1),size(coMat,2));


for iteration = 1:size(coMat,3) %directions

    
%%%%%%%%%%%%%%%%%%%%Preparation

%%%%%%%determining various p values

    pij = sum(sum(coMat(:,:,iteration))); %already normalized
    coMat(:,:,iteration)=coMat(:,:,iteration)./pij;

    tempmux=0;
    tempmuy=0;
    for j=1:numLevels
        for i=1:numLevels
            tempmux =  tempmux+(i*(coMat(j,i,iteration)));
            tempmuy =  tempmuy+(j*(coMat(j,i,iteration)));
        end
    end
    mux=tempmux; %mux
    muy=tempmuy;

    tempx=0;
    tempy=0;
    for j=1:numLevels
        for i=1:numLevels
            tempx = tempx+ (i-mux)^2*coMat(j,i,iteration);
            tempy = tempy+ (j-muy)^2*coMat(j,i,iteration);
        end
    end
    sigx=tempx; %sigx
    sigy=tempy;
    



%Calculations
    tempEnergy =0;
    tempEntropy=0;
    tempCorr=0;
    tempCont=0;
    tempGen=0;
    tempVar=0;
    tempMean=0;
    tempInert=0;
    tempShade=0;
    tempTen=0;
    tempInVar=0;
    for j=1:numLevels
        for i=1:numLevels
            value = coMat(j,i,iteration);
            
            tempEnergy = tempEnergy+ value^2;
            if(value~=0) 
                tempEntropy = tempEntropy + (value * log10(value));
            end
            tempCorr = tempCorr+ ((i-mux)*(j-muy)*(value/(sigy*sigx)));
            n=(abs(i-j))^2;
            tempCont = tempCont+ value*n;
            tempGen = tempGen+ value/(1+abs(1-j));
            tempVar = tempVar + ((i - mux)^2)*value+((j-muy)^2)*value;
            tempMean = tempMean + (i+j)*(value);
            tempInert = tempInert+ (i-j)^2*(value);
            tempShade=tempShade+ ((i+j-mux-muy)^3)*(value);
            tempTen = tempTen+ (((i + j - mux - muy)^4) .* (value));
            if i~=j
                tempInVar=tempInVar+ value/(i-j)^2;
            end
        end
    end
    harMat(1,iteration)=tempEnergy;         %Energy
    harMat(2,iteration) = -tempEntropy;     %Entropy
    harMat(3,iteration)=tempCorr;           %Correlation
    harMat(4,iteration)=tempCont;           %Contrast
    harMat(5,iteration) = tempGen;          %Homogeneity
    harMat(6,iteration) = tempVar/2;        %Variance
    harMat(7,iteration)=tempMean/2;         %Sum Mean
    harMat(8,iteration)=tempInert;          %Inertia
    harMat(9,iteration)=tempShade;          %Cluster Shade
    harMat(10,iteration) = tempTen;         %Cluster Tendency
    harMat(11,iteration) = max(max(coMat(:,:,iteration))); %Max Probability
    harMat(12,iteration) = tempInVar;       %Inverse Variance
    
    clear 'tempEnergy' 'tempEntropy' 'tempCorr' 'tempCont' 'tempGen';
    clear 'tempVar' 'tempMean' 'tempInert' 'tempShade';
    clear 'tempTen' 'tempInVar';

end
%makes it so that rows are cases
harMat = harMat';
return







csv2data.m

function [EDLBcode,HaveMRI,HaveT1,HaveFLAIR,HavebothT1andFLAIR,diagnosis,ageatbaseline,gender0M1F,MMSEatbaseline,educationyrs,educationlevel,parkinsonismatbaseline01,visualhalucinationsatbaseline01,cognitivefluctuationsatbaseline01] = csv2data(filename, startRow, endRow)
%IMPORTFILE Import numeric data from a text file as column vectors.
%   [EDLBCODE,HAVEMRI,HAVET1,HAVEFLAIR,HAVEBOTHT1ANDFLAIR,DIAGNOSIS,AGEATBASELINE,GENDER0M1F,MMSEATBASELINE,EDUCATIONYRS,EDUCATIONLEVEL,PARKINSONISMATBASELINE01,VISUALHALUCINATIONSATBASELINE01,COGNITIVEFLUCTUATIONSATBASELINE01]
%   = IMPORTFILE(FILENAME) Reads data from text file FILENAME for the
%   default selection.
%
%   [EDLBCODE,HAVEMRI,HAVET1,HAVEFLAIR,HAVEBOTHT1ANDFLAIR,DIAGNOSIS,AGEATBASELINE,GENDER0M1F,MMSEATBASELINE,EDUCATIONYRS,EDUCATIONLEVEL,PARKINSONISMATBASELINE01,VISUALHALUCINATIONSATBASELINE01,COGNITIVEFLUCTUATIONSATBASELINE01]
%   = IMPORTFILE(FILENAME, STARTROW, ENDROW) Reads data from rows STARTROW
%   through ENDROW of text file FILENAME.
%
% Example:
%   [EDLBcode,HaveMRI,HaveT1,HaveFLAIR,HavebothT1andFLAIR,diagnosis,ageatbaseline,gender0M1F,MMSEatbaseline,educationyrs,educationlevel,parkinsonismatbaseline01,visualhalucinationsatbaseline01,cognitivefluctuationsatbaseline01] = importfile('EDLB_clin_demo_info.csv',2, 1361);
%
%    See also TEXTSCAN.

% Auto-generated by MATLAB on 2018/03/05 09:54:30

%% Initialize variables.
delimiter = ',';
if nargin<=2
    startRow = 2;
    endRow = inf;
end

%% Read columns of data as strings:
% For more information, see the TEXTSCAN documentation.
formatSpec = '%s%s%s%s%s%s%s%s%s%s%s%s%s%s%[^\n\r]';

%% Open the text file.
fileID = fopen(filename,'r','n','UTF-8');
% Skip the BOM (Byte Order Mark).
fseek(fileID, 3, 'bof');

%% Read columns of data according to format string.
% This call is based on the structure of the file used to generate this
% code. If an error occurs for a different file, try regenerating the code
% from the Import Tool.
dataArray = textscan(fileID, formatSpec, endRow(1)-startRow(1)+1, 'Delimiter', delimiter, 'HeaderLines', startRow(1)-1, 'ReturnOnError', false);
for block=2:length(startRow)
    frewind(fileID);
    dataArrayBlock = textscan(fileID, formatSpec, endRow(block)-startRow(block)+1, 'Delimiter', delimiter, 'HeaderLines', startRow(block)-1, 'ReturnOnError', false);
    for col=1:length(dataArray)
        dataArray{col} = [dataArray{col};dataArrayBlock{col}];
    end
end

%% Close the text file.
fclose(fileID);

%% Convert the contents of columns containing numeric strings to numbers.
% Replace non-numeric strings with NaN.
raw = repmat({''},length(dataArray{1}),length(dataArray)-1);
for col=1:length(dataArray)-1
    raw(1:length(dataArray{col}),col) = dataArray{col};
end
numericData = NaN(size(dataArray{1},1),size(dataArray,2));

for col=[1,2,3,4,5,6,7,8,9,10,11]
    % Converts strings in the input cell array to numbers. Replaced non-numeric
    % strings with NaN.
    rawData = dataArray{col};
    for row=1:size(rawData, 1);
        % Create a regular expression to detect and remove non-numeric prefixes and
        % suffixes.
        regexstr = '(?<prefix>.*?)(?<numbers>([-]*(\d+[\,]*)+[\.]{0,1}\d*[eEdD]{0,1}[-+]*\d*[i]{0,1})|([-]*(\d+[\,]*)*[\.]{1,1}\d+[eEdD]{0,1}[-+]*\d*[i]{0,1}))(?<suffix>.*)';
        try
            result = regexp(rawData{row}, regexstr, 'names');
            numbers = result.numbers;
            
            % Detected commas in non-thousand locations.
            invalidThousandsSeparator = false;
            if any(numbers==',');
                thousandsRegExp = '^\d+?(\,\d{3})*\.{0,1}\d*$';
                if isempty(regexp(numbers, thousandsRegExp, 'once'));
                    numbers = NaN;
                    invalidThousandsSeparator = true;
                end
            end
            % Convert numeric strings to numbers.
            if ~invalidThousandsSeparator;
                numbers = textscan(strrep(numbers, ',', ''), '%f');
                numericData(row, col) = numbers{1};
                raw{row, col} = numbers{1};
            end
        catch me
        end
    end
end


%% Split data into numeric and cell columns.
rawNumericColumns = raw(:, [1,2,3,4,5,6,7,8,9,10,11]);
rawCellColumns = raw(:, [12,13,14]);


%% Replace non-numeric cells with NaN
R = cellfun(@(x) ~isnumeric(x) && ~islogical(x),rawNumericColumns); % Find non-numeric cells
rawNumericColumns(R) = {NaN}; % Replace non-numeric cells

%% Allocate imported array to column variable names
EDLBcode = cell2mat(rawNumericColumns(:, 1));
HaveMRI = cell2mat(rawNumericColumns(:, 2));
HaveT1 = cell2mat(rawNumericColumns(:, 3));
HaveFLAIR = cell2mat(rawNumericColumns(:, 4));
HavebothT1andFLAIR = cell2mat(rawNumericColumns(:, 5));
diagnosis = cell2mat(rawNumericColumns(:, 6));
ageatbaseline = cell2mat(rawNumericColumns(:, 7));
gender0M1F = cell2mat(rawNumericColumns(:, 8));
MMSEatbaseline = cell2mat(rawNumericColumns(:, 9));
educationyrs = cell2mat(rawNumericColumns(:, 10));
educationlevel = cell2mat(rawNumericColumns(:, 11));
parkinsonismatbaseline01 = rawCellColumns(:, 1);
visualhalucinationsatbaseline01 = rawCellColumns(:, 2);
cognitivefluctuationsatbaseline01 = rawCellColumns(:, 3);









EDLB_clin_demo_info.xlsx

EDLB_ratings_2


			EDLB code			Have MRI			Have T1			Have FLAIR			Have both T1 and FLAIR			diagnosis			age at baseline			gender(0M1F)			MMSE at baseline			education yrs			education level			parkinsonism at baseline 0/1			visual halucinations at baseline 0/1			cognitive fluctuations at baseline 0/1


			ADNI001			1			1			0			0			0			85			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI002			1			1			0			0			0			76			1			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI004			1			1			0			0			0			90			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI005			1			1			0			0			0			71			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI006			1			1			0			0			0			71			1			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI007			1			1			0			0			0			89			1			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI009			1			1			0			0			0			84			1			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI011			1			1			0			0			0			78			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI012			1			1			0			0			0			85			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI013			1			1			0			0			0			71			0			29			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI014			1			1			0			0			0			79			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI016			1			1			0			0			0			71			0			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI017			1			1			0			0			0			77			1			30			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI018			1			1			0			0			0			72			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI019			1			1			0			0			0			74			1			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI020			1			1			0			0			0			74			0			27			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI021			1			1			0			0			0			73			0			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI022			1			1			0			0			0			73			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI023			1			1			0			0			0			71			0			27			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI024			1			1			0			0			0			74			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI025			1			1			0			0			0			73			1			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI026			1			1			0			0			0			75			0			27			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI027			1			1			0			0			0			70			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI029			1			1			0			0			0			72			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI031			1			1			0			0			0			74			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI033			1			1			0			0			0			65			0			28			9.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI034			1			1			0			0			0			73			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI035			1			1			0			0			0			63			0			29			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI036			1			1			0			0			0			72			0			26			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI037			1			1			0			0			0			76			1			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI038			1			1			0			0			0			76			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI039			1			1			0			0			0			80			1			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI041			1			1			0			0			0			75			0			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI042			1			1			0			0			0			86			1			29			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI043			1			1			0			0			0			87			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI045			1			1			0			0			0			74			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI046			1			1			0			0			0			78			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI047			1			1			0			0			0			74			1			29			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI048			1			1			0			0			0			80			0			29			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI049			1			1			0			0			0			81			1			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI050			1			1			0			0			0			83			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI051			1			1			0			0			0			76			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI052			1			1			0			0			0			76			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI053			1			1			0			0			0			86			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI054			1			1			0			0			0			73			1			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI055			1			1			0			0			0			76			1			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI056			1			1			0			0			0			80			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI057			1			1			0			0			0			60			0			30			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI058			1			1			0			0			0			78			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI059			1			1			0			0			0			76			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI060			1			1			0			0			0			73			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI061			1			1			0			0			0			77			0			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI062			1			1			0			0			0			79			1			29			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI063			1			1			0			0			0			75			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI064			1			1			0			0			0			80			0			30			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI065			1			1			0			0			0			73			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI066			1			1			0			0			0			78			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI067			1			1			0			0			0			70			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI068			1			1			0			0			0			77			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI069			1			1			0			0			0			71			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI070			1			1			0			0			0			71			1			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI071			1			1			0			0			0			73			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI072			1			1			0			0			0			77			1			30			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI074			1			1			0			0			0			82			0			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI075			1			1			0			0			0			78			1			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI076			1			1			0			0			0			78			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI077			1			1			0			0			0			81			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI078			1			1			0			0			0			72			0			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI079			1			1			0			0			0			76			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI080			1			1			0			0			0			76			1			30			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI081			1			1			0			0			0			71			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI082			1			1			0			0			0			80			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI083			1			1			0			0			0			80			1			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI084			1			1			0			0			0			75			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI085			1			1			0			0			0			71			0			26			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI086			1			1			0			0			0			74			1			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI087			1			1			0			0			0			71			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI088			1			1			0			0			0			72			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI089			1			1			0			0			0			88			0			27			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI090			1			1			0			0			0			73			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI091			1			1			0			0			0			80			1			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI092			1			1			0			0			0			80			1			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI093			1			1			0			0			0			83			0			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI094			1			1			0			0			0			78			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI095			1			1			0			0			0			81			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI096			1			1			0			0			0			72			1			29			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI097			1			1			0			0			0			78			0			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI098			1			1			0			0			0			74			0			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI099			1			1			0			0			0			77			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI100			1			1			0			0			0			78			0			28			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI101			1			1			0			0			0			62			1			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI102			1			1			0			0			0			73			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI103			1			1			0			0			0			77			1			27			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI104			1			1			0			0			0			84			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI105			1			1			0			0			0			70			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI106			1			1			0			0			0			82			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI107			1			1			0			0			0			81			1			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI108			1			1			0			0			0			73			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI109			1			1			0			0			0			86			0			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI110			1			1			0			0			0			83			1			29			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI111			1			1			0			0			0			76			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI112			1			1			0			0			0			76			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI113			1			1			0			0			0			85			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI114			1			1			0			0			0			73			1			28			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI115			1			1			0			0			0			74			1			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI116			1			1			0			0			0			71			1			29			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI117			1			1			0			0			0			80			0			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI118			1			1			0			0			0			74			1			29			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI119			1			1			0			0			0			70			1			28			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI120			1			1			0			0			0			77			1			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI121			1			1			0			0			0			77			0			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI122			1			1			0			0			0			79			1			29			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI123			1			1			0			0			0			73			1			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI125			1			1			0			0			0			70			1			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI126			1			1			0			0			0			71			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI127			1			1			0			0			0			75			1			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI128			1			1			0			0			0			79			1			29			6.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI129			1			1			0			0			0			71			0			29			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI130			1			1			0			0			0			72			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI131			1			1			0			0			0			73			0			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI133			1			1			0			0			0			72			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI134			1			1			0			0			0			65			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI135			1			1			0			0			0			78			1			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI136			1			1			0			0			0			83			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI137			1			1			0			0			0			72			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI142			1			1			0			0			0			72			1			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI144			1			1			0			0			0			85			1			26			7.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI145			1			1			0			0			0			77			1			29			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI146			1			1			0			0			0			77			0			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI147			1			1			0			0			0			72			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI148			1			1			0			0			0			73			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI149			1			1			0			0			0			78			1			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI150			1			1			0			0			0			71			1			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI151			1			1			0			0			0			77			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI152			1			1			0			0			0			73			0			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI154			1			1			0			0			0			77			1			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI155			1			1			0			0			0			81			1			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI156			1			1			0			0			0			63			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI157			1			1			0			0			0			81			0			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI158			1			1			0			0			0			77			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI159			1			1			0			0			0			85			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI160			1			1			0			0			0			73			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI164			1			1			0			0			0			77			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI166			1			1			0			0			0			85			1			30			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI167			1			1			0			0			0			72			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI168			1			1			0			0			0			73			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI169			1			1			0			0			0			73			1			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI170			1			1			0			0			0			77			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI172			1			1			0			0			0			76			1			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI173			1			1			0			0			0			72			1			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI174			1			1			0			0			0			78			1			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI175			1			1			0			0			0			72			1			28			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI176			1			1			0			0			0			71			1			30			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI177			1			1			0			0			0			71			0			28			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI178			1			1			0			0			0			73			1			30			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI179			1			1			0			0			0			75			0			28			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI180			1			1			0			0			0			76			0			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI183			1			1			0			0			0			76			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI184			1			1			0			0			0			78			0			28			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI185			1			1			0			0			0			71			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI186			1			1			0			0			0			79			1			30			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI187			1			1			0			0			0			75			1			30			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI188			1			1			0			0			0			77			1			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI196			1			1			0			0			0			79			0			26			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI198			1			1			0			0			0			72			0			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI199			1			1			0			0			0			78			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI200			1			1			0			0			0			71			1			28			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI201			1			1			0			0			0			70			0			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI202			1			1			0			0			0			85			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI203			1			1			0			0			0			73			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI206			1			1			0			0			0			73			1			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI207			1			1			0			0			0			72			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI208			1			1			0			0			0			86			1			27			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI209			1			1			0			0			0			71			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI211			1			1			0			0			0			70			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI212			1			1			0			0			0			80			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI213			1			1			0			0			0			78			1			29			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI214			1			1			0			0			0			80			1			27			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI215			1			1			0			0			0			78			1			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI216			1			1			0			0			0			78			0			28			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI217			1			1			0			0			0			74			1			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI218			1			1			0			0			0			73			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI219			1			1			0			0			0			72			0			29			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI220			1			1			0			0			0			78			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI221			1			1			0			0			0			76			0			30			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI222			1			1			0			0			0			81			0			28			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI223			1			1			0			0			0			73			1			29			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI224			1			1			0			0			0			83			0			29			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI225			1			1			0			0			0			76			0			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI226			1			1			0			0			0			85			0			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI228			1			1			0			0			0			82			1			30			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI229			1			1			0			0			0			78			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI230			1			1			0			0			3			77			0			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI231			1			1			0			0			3			71			0			26			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI232			1			1			0			0			3			82			1			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI233			1			1			0			0			3			78			1			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI234			1			1			0			0			3			71			1			26			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI235			1			1			0			0			3			84			1			25			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI236			1			1			0			0			3			85			0			20			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI237			1			1			0			0			3			67			0			20			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI238			1			1			0			0			3			71			1			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI239			1			1			0			0			3			82			0			27			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI240			1			1			0			0			3			72			1			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI241			1			1			0			0			3			76			0			26			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI242			1			1			0			0			3			73			1			20			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI243			1			1			0			0			3			81			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI244			1			1			0			0			3			80			1			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI245			1			1			0			0			3			75			1			25			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI246			1			1			0			0			3			79			1			25			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI247			1			1			0			0			3			64			0			24			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI248			1			1			0			0			3			59			1			20			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI249			1			1			0			0			3			75			0			26			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI250			1			1			0			0			3			65			1			24			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI251			1			1			0			0			3			81			0			20			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI252			1			1			0			0			3			74			1			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI253			1			1			0			0			3			80			0			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI254			1			1			0			0			3			72			1			21			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI255			1			1			0			0			3			64			0			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI256			1			1			0			0			3			77			0			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI257			1			1			0			0			3			77			1			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI258			1			1			0			0			3			85			1			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI259			1			1			0			0			3			78			0			23			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI260			1			1			0			0			3			82			0			18			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI261			1			1			0			0			3			91			1			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI262			1			1			0			0			3			80			0			22			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI263			1			1			0			0			3			83			0			23			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI264			1			1			0			0			3			77			0			24			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI265			1			1			0			0			3			80			0			24			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI266			1			1			0			0			3			71			1			ERROR:#NULL!			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI267			1			1			0			0			3			80			1			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI268			1			1			0			0			3			86			1			21			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI269			1			1			0			0			3			65			1			26			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI270			1			1			0			0			3			85			1			ERROR:#NULL!			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI271			1			1			0			0			3			66			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI272			1			1			0			0			3			84			1			20			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI273			1			1			0			0			3			83			0			20			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI274			1			1			0			0			3			68			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI275			1			1			0			0			3			63			0			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI276			1			1			0			0			3			72			0			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI277			1			1			0			0			3			85			0			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI278			1			1			0			0			3			66			0			24			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI279			1			1			0			0			3			78			1			21			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI280			1			1			0			0			3			75			0			20			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI281			1			1			0			0			3			80			1			22			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI282			1			1			0			0			3			75			0			22			4.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI283			1			1			0			0			3			72			1			25			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI284			1			1			0			0			3			73			0			22			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI285			1			1			0			0			3			75			1			24			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI286			1			1			0			0			3			77			1			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI287			1			1			0			0			3			66			1			25			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI288			1			1			0			0			3			80			0			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI289			1			1			0			0			3			73			1			21			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI290			1			1			0			0			3			77			1			20			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI291			1			1			0			0			3			72			0			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI292			1			1			0			0			3			75			1			24			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI293			1			1			0			0			3			88			1			20			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI294			1			1			0			0			3			78			0			22			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI295			1			1			0			0			3			85			0			23			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI296			1			1			0			0			3			70			1			22			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI297			1			1			0			0			3			84			0			21			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI298			1			1			0			0			3			70			1			26			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI299			1			1			0			0			3			83			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI300			1			1			0			0			3			71			0			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI301			1			1			0			0			3			71			1			23			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI302			1			1			0			0			3			65			1			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI303			1			1			0			0			3			68			0			26			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI304			1			1			0			0			3			72			0			20			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI305			1			1			0			0			3			77			0			ERROR:#NULL!			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI306			1			1			0			0			3			72			1			26			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI307			1			1			0			0			3			60			1			25			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI308			1			1			0			0			3			69			0			26			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI309			1			1			0			0			3			74			0			24			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI310			1			1			0			0			3			71			1			26			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI311			1			1			0			0			3			79			0			21			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI312			1			1			0			0			3			57			1			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI313			1			1			0			0			3			83			0			26			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI314			1			1			0			0			3			87			0			ERROR:#NULL!			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI315			1			1			0			0			3			73			1			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI316			1			1			0			0			3			87			0			ERROR:#NULL!			19.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI317			1			1			0			0			3			78			1			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI318			1			1			0			0			3			60			0			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI319			1			1			0			0			3			80			1			26			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI320			1			1			0			0			3			80			0			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI321			1			1			0			0			3			74			0			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI322			1			1			0			0			3			72			1			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI323			1			1			0			0			3			82			1			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI324			1			1			0			0			3			69			1			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI325			1			1			0			0			3			69			0			22			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI326			1			1			0			0			3			59			1			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI327			1			1			0			0			3			75			1			20			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI328			1			1			0			0			3			85			0			26			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI329			1			1			0			0			3			82			0			21			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI330			1			1			0			0			3			77			0			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI331			1			1			0			0			3			66			0			25			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI332			1			1			0			0			3			77			1			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI333			1			1			0			0			3			84			0			26			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI334			1			1			0			0			3			75			0			21			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI335			1			1			0			0			3			88			0			24			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI336			1			1			0			0			3			77			0			23			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI337			1			1			0			0			3			80			0			25			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI338			1			1			0			0			3			71			1			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI339			1			1			0			0			3			69			0			26			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI340			1			1			0			0			3			72			1			ERROR:#NULL!			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI341			1			1			0			0			3			64			0			21			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI342			1			1			0			0			3			78			0			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI343			1			1			0			0			3			83			1			23			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI344			1			1			0			0			3			72			1			22			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI345			1			1			0			0			3			77			1			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI346			1			1			0			0			3			62			0			20			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI347			1			1			0			0			3			63			1			24			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI348			1			1			0			0			3			70			1			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI349			1			1			0			0			3			75			0			24			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI350			1			1			0			0			3			57			1			ERROR:#NULL!			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI351			1			1			0			0			3			78			0			20			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI352			1			1			0			0			3			83			0			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI353			1			1			0			0			3			69			1			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI354			1			1			0			0			3			71			0			24			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI355			1			1			0			0			3			73			1			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI356			1			1			0			0			3			70			1			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI357			1			1			0			0			3			55			1			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI358			1			1			0			0			3			69			0			23			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI359			1			1			0			0			3			88			0			20			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI360			1			1			0			0			3			79			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI361			1			1			0			0			3			79			0			23			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI362			1			1			0			0			3			87			1			21			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI363			1			1			0			0			3			87			0			26			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI364			1			1			0			0			3			77			0			21			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI365			1			1			0			0			3			86			0			22			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI366			1			1			0			0			3			73			0			25			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI367			1			1			0			0			3			82			0			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI368			1			1			0			0			3			79			1			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI369			1			1			0			0			3			75			1			22			7.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI370			1			1			0			0			3			85			1			21			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI371			1			1			0			0			3			70			1			20			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI372			1			1			0			0			3			80			1			20			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI373			1			1			0			0			3			76			1			26			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI374			1			1			0			0			3			86			0			21			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI375			1			1			0			0			3			75			1			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI376			1			1			0			0			3			85			1			20			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI377			1			1			0			0			3			76			0			22			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI378			1			1			0			0			3			72			1			22			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI379			1			1			0			0			3			89			1			ERROR:#NULL!			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI380			1			1			0			0			3			66			0			21			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI381			1			1			0			0			3			62			0			25			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI382			1			1			0			0			3			71			1			21			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI383			1			1			0			0			3			72			0			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI384			1			1			0			0			3			69			1			23			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI385			1			1			0			0			3			76			1			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI386			1			1			0			0			3			79			1			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI387			1			1			0			0			3			71			0			21			6.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI388			1			1			0			0			3			84			0			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI389			1			1			0			0			3			68			1			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI390			1			1			0			0			3			85			1			22			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI391			1			1			0			0			3			64			0			21			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI392			1			1			0			0			3			76			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI393			1			1			0			0			3			84			0			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI394			1			1			0			0			3			86			0			26			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI395			1			1			0			0			3			83			0			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI396			1			1			0			0			3			82			0			20			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI397			1			1			0			0			3			71			1			21			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI398			1			1			0			0			3			78			1			ERROR:#NULL!			4.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI399			1			1			0			0			3			72			0			22			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI400			1			1			0			0			3			86			0			ERROR:#NULL!			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI401			1			1			0			0			3			66			0			21			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI402			1			1			0			0			3			83			1			21			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI403			1			1			0			0			3			64			1			23			7.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI404			1			1			0			0			3			76			1			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI405			1			1			0			0			3			79			1			25			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI406			1			1			0			0			3			71			0			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI407			1			1			0			0			3			83			1			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI408			1			1			0			0			3			76			0			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI409			1			1			0			0			3			64			0			24			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI410			1			1			0			0			3			85			0			21			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI411			1			1			0			0			3			73			0			23			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI412			1			1			0			0			3			81			1			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI413			1			1			0			0			3			89			1			26			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI414			1			1			0			0			3			56			0			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI415			1			1			0			0			3			80			0			24			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI416			1			1			0			0			3			57			1			23			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI417			1			1			0			0			3			82			0			25			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI418			1			1			0			0			3			80			0			26			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI419			1			1			0			0			3			77			1			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI420			1			1			0			0			3			71			0			22			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI421			1			1			0			0			3			84			1			ERROR:#NULL!			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI422			1			1			0			0			3			74			1			25			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI423			1			1			0			0			3			83			1			26			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI424			1			1			0			0			3			84			1			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI425			1			1			0			0			3			87			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI426			1			1			0			0			3			69			0			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI427			1			1			0			0			3			82			1			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ADNI428			1			1			0			0			3			71			1			23			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			LJU001			1			1			1			1			1			71			1			20			10.0			2.00			1			0			1


			LJU002			1			1			1			1			1			74			1			27			12.0			3.00			1			1			1


			LJU004			1			1			1			1			1			76			1			25			8.0			1.00			1			0			1


			LJU005			1			1			1			1			1			76			0			21			10.0			2.00			1			1			1


			LJU006			1			1			1			1			1			72			0			20			5.0			1.00			1			0			1


			LJU007			1			1			1			1			1			70			0			27			12.0			3.00			1			1			ERROR:#NULL!


			LJU008			1			1			1			1			1			72			0			18			21.0			4.00			1			1			1


			LJU009			1			1			1			1			1			72			1			24			8.0			1.00			1			0			1


			LJU010			1			1			1			1			1			68			0			19			12.0			3.00			1			1			1


			LJU011			1			1			1			1			1			69			0			19			4.0			1.00			1			0			1


			LJU012			1			1			1			1			1			71			1			22			4.0			1.00			1			1			1


			LJU014			1			0			1			0			1			72			0			23			8.0			1.00			1			1			1


			LJU015			1			1			1			1			1			68			0			23			16.0			4.00			1			1			1


			LJU016			1			1			1			1			1			77			1			25			11.0			2.00			1			0			1


			LJU017			1			1			1			1			1			75			1			21			8.0			1.00			1			1			1


			LJU020			1			1			0			0			1			82			1			24			8.0			1.00			1			1			1


			LJU021			1			1			1			1			1			78			0			20			8.0			1.00			1			0			1


			LJU022			1			1			1			1			1			76			0			24			8.0			1.00			1			1			1


			LJU023			1			1			1			1			1			82			1			22			11.0			2.00			1			0			ERROR:#NULL!


			LJU024			1			1			0			0			1			86			1			26			6.0			1.00			1			1			1


			LJU028			1			1			0			0			1			81			1			26			8.0			1.00			1			0			1


			LJU030			1			1			1			1			1			76			0			21			8.0			1.00			1			1			1


			LJU033			1			1			0			0			2			75			0			20			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			LJU034			1			1			0			0			2			75			1			18			6.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STH001			1			1			1			1			2			60			1			30			9.0			2.00			1			0			ERROR:#NULL!


			STH002			1			1			1			1			2			75			0			23			3.0			1.00			1			0			1


			STH003			1			1			1			1			2			66			0			ERROR:#NULL!			15.0			4.00			1			0			ERROR:#NULL!


			STH004			1			1			1			1			2			71			0			ERROR:#NULL!			9.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			STH006			1			1			1			1			2			76			0			20			7.0			1.00			1			1			ERROR:#NULL!


			STH007			1			0			1			0			2			59			1			26			9.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			STH009			1			1			1			1			2			60			1			20			15.0			4.00			1			0			ERROR:#NULL!


			STH010			1			1			1			1			2			80			0			25			17.0			4.00			1			0			1


			STH012			1			1			1			1			2			78			1			30			8.0			1.00			1			0			ERROR:#NULL!


			STH014			1			1			1			1			2			60			0			24			11.0			2.00			1			0			1


			STH015			1			1			1			1			2			62			0			22			7.0			1.00			1			0			ERROR:#NULL!


			STH016			1			1			1			1			2			65			0			27			20.0			4.00			1			1			ERROR:#NULL!


			STH017			1			1			1			1			2			73			1			ERROR:#NULL!			12.0			3.00			1			ERROR:#NULL!			ERROR:#NULL!


			STH018			1			1			1			1			2			58			0			ERROR:#NULL!			12.0			3.00			1			0			ERROR:#NULL!


			STH020			1			1			1			1			2			62			0			27			12.0			3.00			1			0			0


			STH021			1			1			1			1			2			80			0			ERROR:#NULL!			6.0			1.00			1			0			ERROR:#NULL!


			STH023			1			1			1			1			2			78			1			ERROR:#NULL!			15.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			STH026			1			0			1			0			1			78			0			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			0			0


			STH027			1			0			1			0			1			84			1			21			16.0			4.00			1			0			0


			STH028			1			1			1			1			2			76			0			ERROR:#NULL!			15.0			4.00			1			1			1


			STH031			1			1			1			1			1			71			1			25			ERROR:#NULL!			ERROR:#NULL!			1			1			ERROR:#NULL!


			STH032			1			0			1			0			1			69			0			ERROR:#NULL!			15.0			4.00			1			1			ERROR:#NULL!


			STH033			1			1			1			1			1			68			0			26			ERROR:#NULL!			ERROR:#NULL!			1			0			ERROR:#NULL!


			STH034			1			1			1			1			1			64			1			ERROR:#NULL!			15.0			4.00			1			1			1


			STH035			1			0			1			0			1			63			1			ERROR:#NULL!			15.0			4.00			1			0			0


			STH039			1			1			1			1			1			69			1			ERROR:#NULL!			15.0			4.00			1			0			ERROR:#NULL!


			STH040			1			1			1			1			1			64			0			26			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STH041			1			1			1			1			1			61			1			16			5.0			1.00			1			0			1


			STH042			1			0			1			0			1			ERROR:#NULL!			0			22			ERROR:#NULL!			ERROR:#NULL!			1			1			1


			STH043			1			1			1			1			1			75			1			28			16.0			4.00			ERROR:#NULL!			1			1


			STH044			1			1			1			1			1			65			0			21			7.0			1.00			1			0			ERROR:#NULL!


			STH045			1			1			1			1			1			78			0			24			13.0			3.00			0			1			0


			STH046			1			1			1			1			1			59			0			23			13.0			3.00			1			1			1


			STH047			1			1			1			1			1			71			0			24			18.0			4.00			1			1			1


			STH048			1			1			1			1			1			71			0			29			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STH049			1			1			1			1			1			74			0			30			11.0			2.00			1			1			1


			STH050			1			1			1			1			1			69			0			ERROR:#NULL!			22.0			4.00			1			1			1


			STH051			1			1			1			1			1			73			1			15			ERROR:#NULL!			ERROR:#NULL!			1			1			ERROR:#NULL!


			STH052			1			1			1			1			1			70			0			28			11.0			2.00			1			0			1


			STH053			1			0			1			0			1			76			0			25			15.0			4.00			1			1			1


			STH054			1			1			1			1			1			71			1			24			9.0			2.00			0			1			ERROR:#NULL!


			STH055			1			1			1			1			1			72			0			24			15.0			4.00			1			1			1


			STH056			1			1			1			1			1			81			0			ERROR:#NULL!			6.0			1.00			1			0			ERROR:#NULL!


			STH057			1			1			1			1			1			63			1			28			15.0			4.00			1			1			1


			STH058			1			1			1			1			1			81			0			20			9.0			2.00			1			0			ERROR:#NULL!


			STH059			1			1			1			1			1			64			0			ERROR:#NULL!			9.0			2.00			1			1			1


			STH061			1			0			1			0			2			63			0			ERROR:#NULL!			12.0			3.00			1			1			1


			STH064			1			1			1			1			1			73			0			20			ERROR:#NULL!			ERROR:#NULL!			1			1			1


			NOR001			1			1			1			1			1			77			1			22			7.0			1.00			1			1			1


			NOR003			1			1			1			1			1			76			0			26			12.0			3.00			0			1			1


			NOR004			1			0			1			0			1			76			1			25			7.0			1.00			0			0			1


			NOR005			1			1			1			1			1			86			0			21			16.0			4.00			0			1			1


			NOR006			1			1			1			1			1			79			0			19			7.0			1.00			0			0			1


			NOR007			1			0			1			0			1			69			0			19			13.0			3.00			1			1			1


			NOR008			1			1			1			1			1			86			0			21			7.0			1.00			1			0			1


			NOR009			1			0			1			0			1			84			1			18			8.0			1.00			ERROR:#NULL!			1			1


			NOR010			1			1			1			1			1			92			1			22			8.0			1.00			1			1			1


			NOR011			1			1			1			1			1			70			0			26			8.0			1.00			1			1			0


			NOR014			1			0			1			0			1			73			0			18			8.5			1.00			1			1			0


			NOR016			1			0			1			0			1			69			0			22			12.5			3.00			0			0			ERROR:#NULL!


			NOR017			1			1			1			1			1			83			1			20			8.0			1.00			1			1			1


			NOR018			1			1			1			1			1			76			1			24			7.0			1.00			0			1			1


			NOR019			1			0			1			0			1			54			1			27			11.0			2.00			1			1			1


			NOR020			1			0			1			0			1			59			0			23			11.0			2.00			1			1			0


			NOR023			1			1			1			1			1			75			1			17			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NOR025			1			1			1			1			1			81			1			27			12.0			3.00			1			1			1


			NOR030			1			1			1			1			1			80			1			25			7.0			1.00			0			0			1


			NOR031			1			1			1			1			1			88			0			20			8.0			1.00			ERROR:#NULL!			1			1


			NOR032			1			1			1			1			1			75			0			24			7.0			1.00			1			0			0


			NOR033			1			1			1			1			1			69			0			25			7.0			1.00			0			0			1


			NOR034			1			0			1			0			1			92			1			23			10.0			2.00			0			1			1


			NOR035			1			1			1			1			1			68			0			22			9.0			2.00			0			0			ERROR:#NULL!


			NOR036			1			1			1			1			1			71			0			23			10.0			2.00			0			0			1


			NOR037			1			0			1			0			1			79			1			22			7.0			1.00			0			1			1


			NOR038			1			1			1			1			1			86			1			25			12.0			3.00			1			0			1


			NOR039			1			0			1			0			1			73			1			27			9.0			2.00			0			0			0


			NOR040			1			1			1			1			1			68			0			29			ERROR:#NULL!			ERROR:#NULL!			1			1			1


			NOR042			1			1			1			1			1			81			1			20			9.0			2.00			1			1			1


			NOR043			1			1			1			1			1			84			1			22			7.0			1.00			0			1			0


			NOR044			1			0			1			0			1			66			0			16			7.0			1.00			0			0			1


			NOR046			1			1			1			1			1			68			0			25			9.0			2.00			1			0			1


			NOR048			1			1			1			1			1			80			0			21			7.0			1.00			0			ERROR:#NULL!			1


			NOR049			1			1			1			1			1			75			0			19			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NOR051			1			1			1			1			1			75			1			26			7.0			1.00			0			1			1


			NOR052			1			1			1			1			1			70			0			24			12.0			3.00			1			0			1


			NOR053			1			0			1			0			1			84			1			28			18.0			4.00			0			1			1


			NOR054			1			1			1			1			1			82			1			24			13.0			3.00			0			1			1


			NOR055			1			1			1			1			1			81			0			26			11.0			2.00			1			1			0


			NOR056			1			1			1			1			1			79			0			26			12.0			3.00			0			0			0


			NOR057			1			1			1			1			1			77			0			17			7.0			1.00			1			1			1


			NOR058			1			1			1			1			1			70			0			28			19.0			4.00			0			1			1


			NOR059			1			1			1			1			1			75			1			26			7.0			1.00			1			1			1


			NOR060			1			1			1			1			1			80			0			23			11.0			2.00			1			1			1


			NOR061			1			0			1			0			1			75			0			21			11.0			2.00			1			1			1


			NOR062			1			1			1			1			1			76			0			21			14.0			4.00			ERROR:#NULL!			0			1


			NOR063			1			1			1			1			1			86			0			19			7.0			1.00			1			1			1


			NOR066			1			1			1			1			1			80			1			20			9.0			2.00			1			1			1


			NOR067			1			1			0			0			1			58			1			27			9.0			2.00			0			1			0


			NOR068			1			0			1			0			1			78			0			26			17.0			4.00			1			0			0


			NOR069			1			1			1			1			1			69			1			25			7.0			1.00			0			1			1


			NOR072			1			1			0			0			1			72			0			27			9.0			2.00			0			1			ERROR:#NULL!


			NOR073			1			1			1			1			1			72			0			20			10.0			2.00			ERROR:#NULL!			1			0


			NOR079			1			1			1			1			2			78			1			24			7.0			1.00			1			1			1


			NOR080			1			0			1			0			2			74			0			28			15.0			4.00			1			1			1


			NOR081			1			0			1			0			2			80			0			28			11.0			2.00			1			1			ERROR:#NULL!


			NOR082			1			1			1			1			2			71			0			25			7.0			1.00			1			1			0


			NOR083			1			1			1			1			2			78			0			22			7.0			1.00			1			0			1


			NOR084			1			0			1			0			2			64			0			27			ERROR:#NULL!			ERROR:#NULL!			1			0			ERROR:#NULL!


			NOR085			1			1			0			0			2			55			1			28			15.0			4.00			1			1			ERROR:#NULL!


			NOR088			1			1			1			1			2			82			0			26			12.0			3.00			1			1			ERROR:#NULL!


			NOR090			1			0			1			0			2			69			1			28			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!			ERROR:#NULL!


			NOR092			1			1			1			1			2			72			1			21			9.5			2.00			1			1			1


			NOR094			1			0			1			0			3			85			1			23			8.0			1.00			ERROR:#NULL!			1			1


			NOR095			1			1			1			1			3			83			1			23			11.0			2.00			0			0			0


			NOR096			1			0			1			1			3			78			1			26			11.0			2.00			0			0			1


			NOR097			1			0			1			1			3			84			1			23			7.0			1.00			0			0			0


			NOR098			1			1			1			1			3			76			1			27			8.0			1.00			0			0			1


			NOR099			1			1			1			1			3			69			1			22			7.0			1.00			0			0			0


			NOR100			1			1			1			1			3			84			1			21			7.8			1.00			0			0			1


			NOR101			1			0			1			0			3			66			0			23			7.0			1.00			0			1			1


			NOR102			1			0			1			0			3			82			1			22			8.0			1.00			ERROR:#NULL!			1			ERROR:#NULL!


			NOR104			1			0			1			0			3			78			1			24			8.0			1.00			ERROR:#NULL!			1			ERROR:#NULL!


			NOR106			1			0			1			0			3			83			1			24			11.0			2.00			ERROR:#NULL!			1			ERROR:#NULL!


			NOR107			1			1			1			1			3			82			1			22			18.0			4.00			0			0			0


			NOR108			1			0			1			0			3			76			1			26			13.0			3.00			ERROR:#NULL!			1			ERROR:#NULL!


			NOR109			1			1			1			1			3			78			1			25			9.0			2.00			0			1			0


			NOR110			1			0			1			0			3			82			0			24			12.0			3.00			ERROR:#NULL!			1			1


			NOR111			1			1			1			1			3			78			1			24			10.0			2.00			0			0			0


			NOR112			1			1			1			1			3			80			1			24			8.5			1.00			0			0			0


			NOR113			1			1			1			1			3			81			1			24			9.0			2.00			0			0			1


			NOR114			1			1			1			1			3			72			1			23			11.5			2.00			0			0			ERROR:#NULL!


			NOR115			1			1			1			1			3			82			1			21			7.0			1.00			0			0			0


			NOR116			1			0			1			0			3			71			1			21			8.0			1.00			ERROR:#NULL!			1			ERROR:#NULL!


			NOR117			1			1			1			1			3			81			0			25			10.0			2.00			0			0			0


			NOR118			1			1			1			1			3			73			0			24			12.0			3.00			0			0			1


			NOR119			1			1			1			1			3			81			0			21			7.0			1.00			0			0			0


			NOR120			1			1			1			1			3			78			1			26			9.0			2.00			0			0			1


			NOR121			1			1			1			1			3			82			1			25			7.0			1.00			0			0			ERROR:#NULL!


			NOR122			1			1			1			1			3			86			1			22			7.0			1.00			0			0			ERROR:#NULL!


			NOR123			1			1			1			1			3			89			1			22			10.0			2.00			1			0			0


			NOR124			1			1			1			1			3			76			1			24			9.0			2.00			0			0			1


			NOR125			1			0			1			0			3			60			0			23			12.0			3.00			0			98			1


			NOR126			1			0			1			1			3			77			1			23			10.0			2.00			0			0			0


			NOR127			1			1			1			1			3			73			0			18			7.0			1.00			1			0			1


			NOR128			1			1			1			1			3			73			1			22			8.0			1.00			0			0			1


			NOR130			1			0			1			0			3			52			0			26			18.0			4.00			0			0			0


			NOR131			1			1			1			1			3			63			1			27			12.0			3.00			0			0			1


			NOR132			1			1			1			1			3			80			1			24			7.0			1.00			ERROR:#NULL!			1			0


			NOR134			1			1			1			1			3			75			1			17			12.0			3.00			0			0			1


			NOR136			1			1			1			1			3			75			1			24			9.0			2.00			0			0			0


			NOR137			1			1			1			1			3			77			0			25			8.0			1.00			0			0			1


			NOR138			1			1			1			1			3			83			1			25			10.0			2.00			0			0			1


			NOR139			1			1			1			1			3			80			0			23			12.0			3.00			0			0			0


			NOR140			1			1			1			1			3			70			1			24			9.0			2.00			0			0			0


			NOR141			1			1			1			1			3			85			0			22			16.0			4.00			0			0			0


			NOR143			1			1			1			1			3			70			1			21			7.0			1.00			0			0			0


			NOR144			1			1			1			1			3			66			1			22			7.0			1.00			0			0			0


			NOR145			1			1			1			1			3			74			1			23			9.0			2.00			0			0			0


			NOR146			1			1			1			1			3			69			1			20			7.0			1.00			0			1			0


			NOR147			1			1			1			1			3			90			1			23			8.0			1.00			0			0			0


			NOR148			1			1			1			1			3			76			1			23			13.0			3.00			0			0			0


			NOR149			1			1			1			1			3			65			1			25			9.0			2.00			0			0			0


			NOR150			1			1			1			1			3			80			1			27			8.5			1.00			0			0			0


			NOR151			1			1			1			1			3			86			1			23			8.0			1.00			0			0			0


			NOR152			1			1			1			1			3			84			1			23			12.0			3.00			0			0			0


			NOR153			1			1			1			1			3			68			1			24			10.0			2.00			0			0			0


			NOR154			1			1			1			1			3			68			1			25			8.0			1.00			0			0			0


			NOR155			1			1			1			1			3			74			1			24			8.0			1.00			0			0			0


			NOR156			1			1			1			1			3			79			1			29			9.0			2.00			0			0			0


			NOR157			1			1			1			1			3			82			1			21			13.0			3.00			0			0			1


			NOR158			1			1			1			1			3			80			1			24			10.0			2.00			0			0			0


			NOR159			1			1			1			1			3			81			1			23			8.0			1.00			0			0			0


			NOR160			1			1			1			1			3			82			0			21			7.0			1.00			0			1			0


			NOR162			1			1			1			1			3			67			0			21			9.0			2.00			0			0			0


			NOR163			1			1			1			1			3			80			1			19			7.0			1.00			0			0			0


			NOR164			1			1			1			1			3			84			1			24			8.0			1.00			0			0			0


			NOR165			1			1			1			1			3			80			0			26			15.0			4.00			0			0			1


			NOR166			1			1			1			1			3			71			0			28			18.0			4.00			0			0			1


			NOR167			1			1			1			1			3			73			1			24			7.0			1.00			0			0			1


			NOR168			1			1			1			1			3			79			1			28			10.0			2.00			0			0			1


			NOR169			1			1			1			1			3			66			1			24			11.0			2.00			0			0			1


			NOR170			1			1			1			1			3			68			1			21			8.5			1.00			0			0			0


			NOR171			1			1			1			1			3			72			1			26			13.0			3.00			0			0			0


			NOR173			1			1			1			1			3			70			0			22			10.0			2.00			0			1			1


			NOR177			1			1			0			0			3			69			1			26			9.0			2.00			0			0			0


			NOR178			1			1			0			0			3			70			1			27			9.0			2.00			0			0			1


			NOR179			1			1			0			0			3			79			1			21			7.0			1.00			ERROR:#NULL!			0			1


			NOR180			1			1			0			0			3			78			1			25			9.0			2.00			0			0			1


			NOR181			1			1			0			0			3			77			1			26			7.0			1.00			0			0			1


			NOR183			1			1			1			1			3			55			0			27			16.0			4.00			0			0			0


			NOR184			1			1			0			0			3			68			0			27			10.0			2.00			0			0			0


			NOR185			1			1			0			0			3			80			1			22			10.0			2.00			1			0			0


			NOR186			1			1			0			0			3			70			1			23			15.0			4.00			0			0			0


			NOR187			1			1			1			1			3			74			1			20			7.0			1.00			0			0			0


			NOR188			1			1			1			1			3			86			1			20			8.0			1.00			ERROR:#NULL!			0			0


			NOR189			1			1			1			1			3			60			0			23			7.0			1.00			ERROR:#NULL!			1			1


			NOR191			1			1			1			1			3			73			1			22			10.0			2.00			1			0			0


			NOR192			1			1			1			1			3			77			0			25			7.0			1.00			0			0			0


			NOR193			1			1			0			0			3			71			0			22			15.0			4.00			0			0			0


			NOR194			1			1			1			1			3			80			0			23			10.0			2.00			1			0			0


			NOR196			1			1			0			0			3			80			1			27			10.0			2.00			ERROR:#NULL!			0			0


			NOR199			1			1			1			1			3			84			0			25			9.0			2.00			1			0			0


			NOR200			1			1			1			1			3			71			1			23			8.0			1.00			0			0			0


			NOR201			1			1			1			1			3			82			1			26			8.0			1.00			1			0			0


			NOR202			1			1			1			1			3			72			1			21			9.0			2.00			ERROR:#NULL!			0			ERROR:#NULL!


			NOR203			1			1			1			1			3			57			1			26			9.0			2.00			ERROR:#NULL!			0			0


			NOR215			1			1			1			1			2			74			0			27			16.0			4.00			1			1			1


			NOR219			1			1			1			1			2			64			0			29			8.0			1.00			0			0			0


			NOR232			1			1			1			1			2			70			0			25			8.0			1.00			1			0			1


			NOR237			1			0			1			0			3			74			0			23			7.0			1.00			0			1			0


			NOR240			1			1			1			1			3			82			1			21			7.5			1.00			1			1			1


			NOR245			1			1			0			0			3			79			0			27			10.0			2.00			0			0			0


			NOR246			1			1			0			0			1			85			1			24			9.0			2.00			1			0			0


			NOR248			1			1			1			1			3			72			0			28			9.0			2.00			ERROR:#NULL!			0			1


			NOR249			1			1			1			1			1			77			0			25			8.0			1.00			0			0			0


			CHI086			1			1			0			0			1			78			0			23			17.0			4.00			1			1			1


			CHI087			1			1			0			0			1			70			0			20			5.0			1.00			1			1			1


			CHI088			1			1			0			0			1			77			1			19			5.0			1.00			1			1			1


			CHI089			1			1			0			0			1			74			1			8			13.0			3.00			1			1			1


			CHI090			1			1			0			0			1			75			1			21			7.0			1.00			1			1			1


			CHI091			1			1			0			0			1			80			1			23			3.0			1.00			1			1			1


			CHI092			1			1			0			0			1			81			0			7			5.0			1.00			1			1			1


			CHI093			1			1			0			0			1			75			0			18			13.0			3.00			1			1			1


			CHI094			1			1			0			0			1			79			0			18			8.0			1.00			1			1			1


			CHI095			1			1			0			0			1			65			1			22			5.0			1.00			ERROR:#NULL!			1			1


			CHI096			1			1			0			0			1			73			0			24			8.0			1.00			ERROR:#NULL!			1			1


			CHI097			1			1			0			0			1			69			0			24			13.0			3.00			ERROR:#NULL!			1			1


			CHI098			1			1			0			0			1			74			1			25			13.0			3.00			ERROR:#NULL!			1			1


			CHI099			1			1			0			0			1			73			1			20			13.0			3.00			ERROR:#NULL!			1			1


			CHI100			1			1			0			0			1			75			0			17			5.0			1.00			ERROR:#NULL!			1			1


			CHI101			1			1			0			0			1			70			1			20			13.0			3.00			ERROR:#NULL!			1			1


			CHI102			1			1			0			0			1			65			0			25			13.0			3.00			ERROR:#NULL!			1			1


			CHI103			1			1			0			0			1			65			0			22			5.0			1.00			ERROR:#NULL!			1			1


			CHI104			1			1			0			0			1			78			1			24			13.0			3.00			ERROR:#NULL!			1			1


			CHI105			1			1			0			0			1			75			0			21			13.0			3.00			ERROR:#NULL!			1			1


			CHI106			1			1			0			0			1			74			1			20			5.0			1.00			ERROR:#NULL!			1			1


			CHI107			1			1			0			0			1			75			0			22			5.0			1.00			ERROR:#NULL!			1			1


			CHI108			1			1			0			0			1			72			1			21			5.0			1.00			ERROR:#NULL!			1			1


			CHI109			1			1			0			0			1			71			0			21			8.0			1.00			ERROR:#NULL!			1			1


			NEW001			1			1			0			0			0			75			0			30			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW002			1			1			0			0			1			78			0			20			ERROR:#NULL!			2.00			1			1			1


			NEW003			1			1			0			0			0			74			1			28			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW004			1			1			0			0			0			69			1			30			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW005			1			1			0			0			0			81			1			28			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW006			1			1			0			0			2			78			0			23			ERROR:#NULL!			2.00			1			0			1


			NEW007			1			1			0			0			0			78			1			30			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW008			1			1			0			0			1			75			0			25			ERROR:#NULL!			2.00			0			1			1


			NEW009			1			1			0			0			2			67			0			28			ERROR:#NULL!			2.00			1			1			1


			NEW010			1			1			0			0			0			71			1			28			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW011			1			1			0			0			3			74			1			21			ERROR:#NULL!			2.00			0			0			0


			NEW013			1			1			0			0			3			87			1			15			ERROR:#NULL!			2.00			0			0			0


			NEW015			1			1			0			0			0			79			0			28			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW016			1			1			0			0			0			81			0			29			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW017			1			1			0			0			3			76			1			19			ERROR:#NULL!			2.00			0			1			0


			NEW018			1			1			0			0			0			81			1			28			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW020			1			1			0			0			3			71			0			27			ERROR:#NULL!			2.00			0			0			0


			NEW021			1			1			0			0			0			73			1			30			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW022			1			1			0			0			3			66			1			14			ERROR:#NULL!			3.00			0			0			0


			NEW024			1			1			0			0			1			73			0			27			ERROR:#NULL!			4.00			0			0			0


			NEW025			1			1			0			0			1			78			0			20			ERROR:#NULL!			1.00			0			1			1


			NEW026			1			1			0			0			1			76			0			28			ERROR:#NULL!			1.00			1			0			0


			NEW027			1			1			0			0			3			79			1			18			ERROR:#NULL!			2.00			0			0			0


			NEW028			1			1			0			0			1			64			0			16			ERROR:#NULL!			2.00			1			1			1


			NEW029			1			1			0			0			2			75			0			21			ERROR:#NULL!			2.00			1			1			1


			NEW030			1			1			0			0			2			71			0			21			ERROR:#NULL!			2.00			1			1			1


			NEW031			1			1			0			0			2			69			0			21			ERROR:#NULL!			2.00			1			1			1


			NEW032			1			1			0			0			2			69			0			26			ERROR:#NULL!			2.00			1			0			1


			NEW033			1			1			0			0			1			73			0			26			ERROR:#NULL!			2.00			1			0			0


			NEW034			1			1			0			0			3			81			0			12			ERROR:#NULL!			3.00			0			0			1


			NEW035			1			1			0			0			2			79			0			25			ERROR:#NULL!			3.00			1			1			1


			NEW036			1			1			0			0			1			70			0			28			ERROR:#NULL!			4.00			1			1			1


			NEW039			1			1			0			0			2			66			0			21			ERROR:#NULL!			2.00			1			1			1


			NEW040			1			1			0			0			0			78			0			29			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW041			1			1			0			0			0			84			0			28			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW042			1			1			0			0			1			79			0			28			ERROR:#NULL!			1.00			ERROR:#NULL!			1			1


			NEW044			1			1			0			0			0			81			0			30			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW045			1			1			0			0			3			82			1			18			ERROR:#NULL!			2.00			0			0			0


			NEW046			1			1			0			0			1			81			1			25			ERROR:#NULL!			2.00			1			1			0


			NEW047			1			1			0			0			0			79			0			29			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW048			1			1			0			0			0			81			0			29			ERROR:#NULL!			3.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW049			1			1			0			0			0			83			0			30			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW050			1			1			0			0			3			72			0			23			ERROR:#NULL!			2.00			0			0			1


			NEW051			1			1			0			0			3			63			0			26			ERROR:#NULL!			3.00			0			0			0


			NEW052			1			1			0			0			3			62			0			19			ERROR:#NULL!			4.00			0			0			0


			NEW053			1			1			0			0			2			74			0			26			ERROR:#NULL!			3.00			1			1			0


			NEW054			1			1			0			0			1			70			0			22			ERROR:#NULL!			2.00			1			1			1


			NEW055			1			1			0			0			2			78			0			27			ERROR:#NULL!			2.00			1			1			0


			NEW056			1			1			0			0			1			79			0			19			ERROR:#NULL!			2.00			1			0			0


			NEW057			1			1			0			0			3			69			0			22			ERROR:#NULL!			3.00			0			0			0


			NEW058			1			1			0			0			2			77			0			25			ERROR:#NULL!			4.00			1			1			1


			NEW060			1			1			0			0			3			62			0			23			ERROR:#NULL!			2.00			0			0			1


			NEW061			1			1			0			0			3			87			0			15			ERROR:#NULL!			2.00			0			0			0


			NEW062			1			1			0			0			3			80			0			17			ERROR:#NULL!			2.00			0			0			0


			NEW063			1			1			0			0			1			78			1			23			ERROR:#NULL!			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			NEW064			1			1			0			0			3			78			0			24			ERROR:#NULL!			2.00			0			0			0


			NEW066			1			1			0			0			3			77			0			22			ERROR:#NULL!			4.00			0			0			0


			NEW067			1			1			0			0			1			76			0			25			ERROR:#NULL!			2.00			1			0			0


			NEW068			1			1			0			0			3			65			0			23			ERROR:#NULL!			2.00			0			0			0


			NEW070			1			1			0			0			3			84			0			22			ERROR:#NULL!			2.00			0			0			0


			NEW071			1			1			0			0			1			73			0			29			ERROR:#NULL!			2.00			1			1			1


			NEW072			1			1			0			0			3			88			1			22			ERROR:#NULL!			2.00			0			0			1


			NEW073			1			1			0			0			3			79			0			19			ERROR:#NULL!			3.00			0			0			0


			NEW074			1			1			0			0			1			77			0			14			ERROR:#NULL!			3.00			1			1			1


			NEW075			1			1			0			0			3			80			0			25			ERROR:#NULL!			2.00			0			0			1


			NEW077			1			1			0			0			1			81			1			28			ERROR:#NULL!			2.00			0			0			0


			NEW078			1			1			0			0			3			80			0			26			ERROR:#NULL!			4.00			0			0			0


			NEW079			1			1			0			0			1			77			0			23			ERROR:#NULL!			4.00			1			0			0


			NEW080			1			1			0			0			3			87			0			17			ERROR:#NULL!			2.00			0			0			1


			NEW081			1			1			0			0			0			71			0			28			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW083			1			1			0			0			1			89			0			22			ERROR:#NULL!			2.00			ERROR:#NULL!			1			1


			NEW084			1			1			0			0			3			78			0			24			ERROR:#NULL!			2.00			0			0			0


			NEW085			1			1			0			0			2			71			0			23			ERROR:#NULL!			3.00			1			1			1


			NEW086			1			1			0			0			3			80			0			18			ERROR:#NULL!			2.00			0			0			0


			NEW087			1			1			0			0			3			76			0			23			ERROR:#NULL!			4.00			0			0			0


			NEW089			1			1			0			0			0			70			0			29			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW090			1			1			0			0			0			62			0			30			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW091			1			1			0			0			2			73			0			23			ERROR:#NULL!			2.00			1			1			1


			NEW092			1			1			0			0			0			80			0			30			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW093			1			1			0			0			0			78			0			30			ERROR:#NULL!			3.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW094			1			1			0			0			0			70			0			29			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW095			1			1			0			0			0			75			0			30			ERROR:#NULL!			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW097			1			1			0			0			1			66			0			26			ERROR:#NULL!			4.00			1			1			1


			NEW098			1			1			0			0			3			80			1			19			ERROR:#NULL!			2.00			0			0			0


			NEW099			1			1			0			0			1			75			1			18			ERROR:#NULL!			2.00			ERROR:#NULL!			0			1


			NEW101			1			1			0			0			2			79			0			28			ERROR:#NULL!			3.00			1			0			1


			NEW102			1			1			0			0			2			83			0			21			ERROR:#NULL!			2.00			1			1			1


			NEW103			1			1			0			0			1			89			1			19			ERROR:#NULL!			2.00			1			0			1


			NEW104			1			1			0			0			1			81			1			19			ERROR:#NULL!			2.00			1			1			1


			NEW105			1			1			0			0			3			88			0			25			ERROR:#NULL!			2.00			0			0			0


			NEW106			1			1			0			0			3			88			0			23			ERROR:#NULL!			3.00			0			0			1


			NEW109			1			1			0			0			3			66			0			25			ERROR:#NULL!			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			NEW110			1			1			0			0			2			74			0			26			ERROR:#NULL!			4.00			1			1			1


			NEW112			1			1			0			0			2			73			0			25			ERROR:#NULL!			2.00			1			1			1


			NEW113			1			1			0			0			1			77			1			16			ERROR:#NULL!			2.00			ERROR:#NULL!			0			1


			NEW114			1			1			0			0			2			76			0			19			ERROR:#NULL!			3.00			1			1			1


			NEW117			1			1			0			0			2			80			0			16			ERROR:#NULL!			2.00			1			1			1


			NEW118			1			1			0			0			2			70			0			28			ERROR:#NULL!			2.00			1			1			ERROR:#NULL!


			NEW119			1			1			0			0			2			72			0			22			ERROR:#NULL!			2.00			1			1			1


			NEW120			1			1			0			0			2			59			0			25			ERROR:#NULL!			4.00			1			1			ERROR:#NULL!


			NEW122			1			1			0			0			2			76			1			8			ERROR:#NULL!			2.00			1			1			1


			GEN001			1			0			1			0			1			73			0			20			5.0			1.00			0			0			0


			GEN005			1			0			1			0			1			75			1			17			5.0			1.00			1			1			1


			GEN007			1			0			1			0			1			86			1			26			5.0			1.00			1			1			1


			GEN009			1			0			1			0			1			77			0			24			5.0			1.00			0			1			1


			GEN010			1			0			1			0			1			71			1			22			8.0			1.00			1			1			1


			GEN027			1			1			1			1			1			82			1			20			5.0			1.00			1			1			1


			GEN035			1			1			1			1			1			72			1			22			5.0			1.00			1			0			1


			GEN043			1			0			1			0			1			78			1			25			5.0			1.00			0			1			1


			GEN056			1			1			0			0			1			80			1			25			8.0			1.00			0			0			0


			GEN057			1			1			0			0			1			79			0			17			8.0			1.00			1			1			1


			GEN062			1			0			1			0			2			74			1			24			4.0			1.00			1			0			0


			GEN065			1			1			1			1			4			82			0			27			8.0			1.00			1			0			0


			GEN066			1			0			1			0			4			61			0			28			17.0			4.00			1			0			0


			GEN067			1			0			1			0			4			65			0			30			8.0			1.00			1			0			0


			GEN068			1			1			1			1			4			67			1			30			9.0			2.00			1			0			0


			GEN069			1			0			1			0			4			74			0			27			13.0			3.00			1			1			0


			GEN070			1			0			1			0			4			62			0			30			19.0			4.00			1			0			0


			GEN071			1			0			1			0			4			68			0			30			17.0			4.00			1			0			0


			GEN072			1			0			1			0			4			72			0			24			5.0			1.00			1			0			1


			GEN073			1			0			1			0			4			77			1			30			17.0			4.00			1			0			0


			GEN074			1			1			1			1			4			79			1			28			8.0			1.00			1			0			0


			GEN075			1			1			0			0			4			74			0			27			11.0			2.00			1			0			0


			GEN076			1			1			1			1			4			81			1			30			13.0			3.00			1			0			0


			GEN077			1			0			1			0			4			77			0			30			17.0			4.00			1			0			0


			GEN078			1			1			1			1			4			50			0			29			17.0			4.00			1			0			0


			GEN079			1			0			1			0			4			82			1			30			5.0			1.00			1			0			0


			GEN080			1			1			1			1			4			71			1			28			10.0			2.00			1			0			0


			GEN081			1			1			1			1			4			67			0			27			13.0			3.00			1			0			0


			GEN082			1			0			1			0			4			65			0			29			13.0			3.00			1			0			0


			GEN083			1			0			1			0			4			63			0			30			13.0			3.00			1			0			0


			GEN084			1			1			1			1			4			78			0			27			8.0			1.00			1			0			0


			GEN085			1			0			1			0			4			72			1			29			13.0			3.00			1			0			0


			GEN086			1			0			1			0			4			71			1			29			10.0			2.00			1			0			0


			GEN087			1			1			1			1			4			66			0			30			10.0			2.00			1			0			0


			GEN088			1			1			1			1			4			69			0			29			8.0			1.00			1			0			0


			GEN089			1			0			1			0			4			75			1			29			11.0			2.00			1			0			0


			GEN090			1			1			1			1			4			75			1			29			5.0			1.00			1			0			0


			GEN091			1			1			1			1			4			62			0			29			13.0			3.00			1			0			0


			GEN092			1			1			0			0			4			63			0			29			8.0			1.00			1			0			0


			GEN093			1			1			1			1			4			75			1			30			12.0			3.00			1			0			0


			GEN094			1			1			1			1			4			60			1			30			12.0			3.00			1			0			0


			GEN095			1			1			1			1			4			71			1			30			13.0			3.00			1			0			0


			GEN096			1			1			1			1			4			68			1			28			5.0			1.00			1			0			0


			GEN097			1			0			1			0			4			50			0			29			12.0			3.00			1			0			0


			GEN098			1			1			1			1			4			69			1			29			13.0			3.00			1			0			0


			GEN099			1			1			1			1			4			80			0			26			13.0			3.00			1			0			1


			GEN100			1			1			0			0			4			65			0			30			13.0			3.00			1			0			0


			GEN101			1			1			1			1			4			65			1			24			5.0			1.00			1			0			0


			GEN102			1			0			1			0			4			72			0			29			5.0			1.00			1			0			0


			GEN103			1			0			1			0			4			77			1			30			17.0			4.00			1			0			0


			GEN104			1			0			1			0			4			59			1			29			17.0			4.00			1			0			0


			GEN105			1			1			1			1			4			73			0			29			17.0			4.00			1			0			0


			GEN106			1			1			0			0			4			70			0			30			17.0			4.00			1			0			0


			VEN001			1			1			1			1			2			76			0			25			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN002			1			1			1			1			2			58			0			29			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN003			1			1			1			1			2			60			0			24			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN004			1			1			1			1			2			66			0			27			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN005			1			1			1			1			2			75			0			26			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN006			1			1			1			1			2			77			0			26			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN007			1			1			1			1			2			71			0			27			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN008			1			1			1			1			2			88			0			22			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN009			1			1			1			1			2			73			0			20			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN010			1			1			0			0			2			76			0			25			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN011			1			1			1			1			2			49			0			11			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN012			1			1			1			1			2			73			1			20			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN013			1			1			1			1			2			76			0			18			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN014			1			1			1			1			2			71			0			27			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN015			1			1			1			1			2			64			1			24			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN016			1			1			1			1			2			74			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN017			1			1			1			1			2			64			0			24			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN018			1			1			1			1			2			65			0			25			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN019			1			1			1			1			2			77			1			19			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN020			1			1			1			1			2			77			0			19			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN021			1			1			1			1			2			73			0			17			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN022			1			1			1			1			2			74			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN023			1			1			0			0			2			55			0			28			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN024			1			1			1			1			2			73			0			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN025			1			1			0			0			2			78			0			13			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN026			1			1			1			1			2			70			0			26			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN027			1			1			0			0			2			78			0			21			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN028			1			1			1			1			2			54			1			20			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN029			1			1			0			0			2			63			0			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN030			1			1			1			1			2			82			0			25			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN031			1			1			1			1			2			75			1			22			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN032			1			1			1			1			2			70			0			18			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN033			1			1			1			1			2			78			1			26			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN034			1			1			1			1			2			81			0			28			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN035			1			1			1			1			2			67			0			27			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN036			1			1			1			1			2			74			0			15			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN037			1			1			1			1			2			75			0			19			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN038			1			1			1			1			2			70			0			15			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN039			1			1			0			0			2			78			0			21			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			VEN040			1			1			1			1			1			75			0			25			18.0			4.00			1			1			1


			VEN041			1			1			1			1			1			76			1			7			5.0			1.00			1			1			1


			VEN044			1			1			1			1			1			77			0			16			17.0			4.00			1			1			1


			VEN045			1			1			1			1			1			82			1			20			5.0			1.00			1			1			1


			VEN046			1			1			1			1			1			75			1			21			5.0			1.00			1			0			0


			VEN047			1			1			1			1			1			81			1			24			12.0			3.00			1			1			1


			VEN048			1			1			1			1			1			68			0			18			15.0			4.00			1			1			1


			BRN002			1			0			1			0			1			86			1			27			13.0			3.00			1			0			0


			BRN003			1			1			0			0			1			64			0			18			19.0			4.00			1			0			0


			BRN004			1			1			0			0			1			83			0			20			ERROR:#NULL!			ERROR:#NULL!			1			0			0


			BRN005			1			1			1			1			1			63			1			19			9.0			2.00			1			0			0


			BRN006			1			0			1			0			1			83			0			23			18.0			4.00			1			0			0


			BRN007			1			0			1			0			1			68			1			28			ERROR:#NULL!			ERROR:#NULL!			1			1			1


			BRN009			1			1			1			1			1			79			0			24			ERROR:#NULL!			ERROR:#NULL!			1			0			0


			BRN010			1			0			1			0			1			84			0			17			13.0			3.00			1			0			0


			BRN011			1			1			1			1			1			71			1			19			18.0			4.00			1			1			0


			BRN012			1			0			1			0			1			77			0			20			18.0			4.00			1			0			0


			BRN014			1			1			0			0			2			64			0			26			10.0			2.00			1			1			ERROR:#NULL!


			BRN015			1			1			1			1			2			72			1			26			12.0			3.00			1			1			ERROR:#NULL!


			BRN016			1			1			1			1			2			66			0			25			16.0			4.00			1			1			ERROR:#NULL!


			BRN017			1			1			1			1			2			65			0			19			9.0			2.00			1			1			ERROR:#NULL!


			BRN018			1			1			0			0			2			78			0			20			18.0			4.00			1			1			ERROR:#NULL!


			BRN019			1			0			1			0			2			62			1			19			10.0			2.00			1			1			ERROR:#NULL!


			BRN020			1			0			1			0			2			80			1			26			10.0			2.00			1			0			ERROR:#NULL!


			BRN021			1			1			1			1			2			73			0			25			9.0			2.00			1			0			ERROR:#NULL!


			BRN022			1			0			1			0			1			79			0			17			16.0			4.00			1			0			ERROR:#NULL!


			BRN023			1			1			1			1			1			68			1			26			12.0			3.00			1			0			ERROR:#NULL!


			BRN024			1			0			1			0			1			74			0			26			9.0			2.00			1			0			ERROR:#NULL!


			BRN025			1			0			1			0			1			79			0			23			16.0			4.00			1			0			ERROR:#NULL!


			BRN026			1			1			1			1			1			72			1			25			12.0			3.00			1			0			ERROR:#NULL!


			ESS001			1			0			1			0			1			80			0			15			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS002			1			0			1			0			1			75			1			16			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS003			1			0			1			0			1			73			0			27			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS004			1			0			1			0			1			68			0			21			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS007			1			0			1			0			1			65			0			23			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!			ERROR:#NULL!


			ESS008			1			1			1			1			1			83			0			23			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS009			1			0			1			0			1			89			0			28			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS010			1			0			1			0			1			79			1			29			12.0			3.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS011			1			1			1			1			1			72			0			25			15.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			ESS012			1			0			1			0			1			82			0			23			12.0			3.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS013			1			1			1			1			1			77			0			27			10.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS014			1			1			1			1			1			63			0			17			11.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS015			1			1			1			1			1			77			1			13			12.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			ESS016			1			1			1			1			1			67			1			24			16.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			ESS018			1			1			1			1			1			49			1			21			11.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			ESS019			1			1			1			1			1			65			0			20			11.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			ESS020			1			0			1			0			1			65			0			22			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ESS021			1			1			1			1			1			75			0			22			10.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			ESS022			1			0			1			0			1			75			0			25			13.0			3.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP001			1			1			0			0			2			72			0			ERROR:#NULL!			18.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP002			1			1			0			0			4			59			0			30			9.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			STP003			1			1			0			0			4			70			0			30			7.0			1.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP004			1			1			0			0			4			66			0			ERROR:#NULL!			9.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP006			1			1			0			0			4			66			1			ERROR:#NULL!			14.0			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			STP007			1			1			0			0			4			65			1			ERROR:#NULL!			14.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP008			1			1			0			0			4			59			1			29			11.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP009			1			1			0			0			4			71			1			ERROR:#NULL!			18.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP010			1			1			0			0			4			61			0			ERROR:#NULL!			18.0			4.00			0			ERROR:#NULL!			ERROR:#NULL!


			STP011			1			1			0			0			4			64			0			29			10.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP013			1			1			0			0			4			61			1			ERROR:#NULL!			18.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			STP014			1			1			0			0			4			63			0			30			18.0			4.00			1			ERROR:#NULL!			ERROR:#NULL!


			BRE001			1			1			1			1			2			78			0			25			5.0			1.00			1			0			0


			BRE002			1			1			1			1			2			67			0			30			13.0			3.00			1			0			0


			BRE003			1			1			1			1			2			72			0			30			5.0			1.00			1			1			1


			BRE004			1			1			1			1			2			69			1			19			5.0			1.00			1			1			1


			BRE005			1			1			1			1			2			76			0			28			3.0			1.00			1			1			1


			BRE006			1			1			1			1			2			63			0			21			13.0			3.00			1			0			1


			BRE007			1			1			1			1			2			68			0			28			13.0			3.00			1			0			0


			BRE008			1			1			1			1			2			71			0			28			5.0			1.00			1			0			1


			BRE009			1			1			1			1			2			82			0			22			15.0			4.00			1			1			1


			BRE010			1			1			1			1			2			67			0			23			7.0			1.00			1			1			0


			BRE011			1			1			1			1			2			74			1			12			5.0			1.00			1			0			0


			BRE012			1			1			1			1			1			82			0			26			5.0			1.00			1			1			1


			BRE013			1			1			1			1			1			74			0			24			13.0			3.00			1			1			1


			BRE014			1			1			1			1			1			70			1			25			13.0			3.00			1			1			1


			BRE015			1			1			1			1			1			74			1			19			5.0			1.00			1			1			1


			BRE017			1			1			1			1			1			64			0			26			8.0			1.00			1			1			1


			BRE018			1			1			1			1			1			62			1			11			5.0			1.00			1			1			1


			BRE019			1			1			1			1			1			69			0			27			12.0			3.00			1			0			1


			BRE020			1			1			1			1			1			65			0			23			2.0			1.00			1			0			1


			BRE021			1			1			1			1			1			74			0			11			4.0			1.00			1			0			1


			BRE022			1			1			1			1			1			68			1			26			13.0			3.00			1			0			1


			BRE023			1			1			1			1			1			67			0			26			11.0			2.00			1			0			1


			BRE024			1			1			1			1			1			65			1			14			5.0			1.00			1			0			1


			BRE025			1			1			1			1			1			79			1			20			3.0			1.00			1			0			1


			BRE026			1			1			1			1			1			86			0			29			5.0			1.00			1			1			1


			AMS001			1			1			1			1			1			71			0			26			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!			ERROR:#NULL!


			AMS002			1			1			1			1			1			63			0			21			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			AMS003			1			1			1			1			1			69			0			23			10.0			2.00			1			1			ERROR:#NULL!


			AMS004			1			1			1			1			1			83			0			27			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			AMS005			1			1			1			1			1			63			0			ERROR:#NULL!			10.0			2.00			ERROR:#NULL!			1			ERROR:#NULL!


			AMS006			1			1			1			1			1			59			0			23			17.0			4.00			1			1			ERROR:#NULL!


			AMS007			1			1			1			1			1			67			0			19			6.0			1.00			1			0			ERROR:#NULL!


			AMS008			1			1			1			1			1			74			0			25			17.0			4.00			1			0			ERROR:#NULL!


			AMS009			1			1			1			1			1			75			0			25			10.0			2.00			1			0			ERROR:#NULL!


			AMS010			1			1			1			1			1			78			0			26			17.0			4.00			1			0			ERROR:#NULL!


			AMS011			1			1			1			1			1			76			0			22			9.0			2.00			1			0			ERROR:#NULL!


			AMS012			1			1			1			1			1			68			0			19			ERROR:#NULL!			ERROR:#NULL!			0			1			ERROR:#NULL!


			AMS013			1			1			1			1			1			81			1			26			17.0			4.00			0			1			ERROR:#NULL!


			AMS014			1			1			1			1			1			67			0			25			ERROR:#NULL!			ERROR:#NULL!			0			0			ERROR:#NULL!


			AMS015			1			1			1			1			1			70			1			15			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			AMS016			1			1			1			1			1			71			1			20			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!			ERROR:#NULL!


			AMS017			1			1			1			1			1			59			0			28			9.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			AMS018			1			1			1			1			1			77			1			23			10.0			2.00			1			1			ERROR:#NULL!


			AMS019			1			1			1			1			1			82			0			24			13.0			3.00			1			0			ERROR:#NULL!


			AMS020			1			1			1			1			1			75			0			27			13.0			3.00			1			0			ERROR:#NULL!


			AMS021			1			1			1			1			1			82			1			26			13.0			3.00			0			0			ERROR:#NULL!


			AMS022			1			1			1			1			1			84			1			18			9.0			2.00			0			1			ERROR:#NULL!


			AMS023			1			1			1			1			1			78			0			27			17.0			4.00			0			1			ERROR:#NULL!


			AMS024			1			1			1			1			1			62			0			26			17.0			4.00			1			1			ERROR:#NULL!


			AMS025			1			1			1			1			1			83			0			27			6.0			1.00			0			0			ERROR:#NULL!


			AMS026			1			1			1			1			1			62			1			12			10.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			AMS027			1			1			1			1			1			61			0			24			10.0			2.00			1			1			ERROR:#NULL!


			AMS028			1			1			1			1			1			80			0			20			13.0			3.00			1			0			ERROR:#NULL!


			AMS029			1			1			1			1			1			61			0			23			13.0			3.00			ERROR:#NULL!			1			ERROR:#NULL!


			AMS030			1			1			1			1			1			63			0			29			13.0			3.00			1			0			ERROR:#NULL!


			AMS031			1			1			1			1			1			57			0			29			9.0			2.00			0			0			ERROR:#NULL!


			AMS032			1			1			1			1			1			59			0			22			10.0			2.00			1			0			ERROR:#NULL!


			AMS033			1			1			1			1			1			59			0			23			9.0			2.00			1			0			ERROR:#NULL!


			AMS034			1			1			1			1			1			75			0			23			10.0			2.00			1			1			ERROR:#NULL!


			AMS035			1			1			1			1			1			57			0			28			9.0			2.00			1			ERROR:#NULL!			ERROR:#NULL!


			AMS036			1			1			1			1			1			77			0			24			10.0			2.00			0			0			ERROR:#NULL!


			AMS037			1			1			1			1			1			57			0			25			17.0			4.00			0			1			ERROR:#NULL!


			AMS038			1			1			1			1			1			70			0			17			10.0			2.00			1			0			ERROR:#NULL!


			AMS039			1			1			1			1			1			55			0			22			10.0			2.00			1			0			ERROR:#NULL!


			AMS040			1			1			1			1			1			67			0			25			13.0			3.00			0			0			ERROR:#NULL!


			AMS041			1			1			1			1			1			76			1			27			17.0			4.00			1			0			ERROR:#NULL!


			AMS042			1			1			1			1			1			76			0			23			10.0			2.00			1			0			ERROR:#NULL!


			AMS043			1			1			1			1			1			71			0			23			9.0			2.00			1			0			ERROR:#NULL!


			AMS044			1			1			1			1			1			64			0			21			10.0			2.00			1			1			ERROR:#NULL!


			AMS045			1			1			1			1			1			73			0			23			13.0			3.00			1			1			ERROR:#NULL!


			AMS046			1			1			1			1			1			54			0			22			13.0			3.00			0			0			ERROR:#NULL!


			AMS047			1			1			1			1			1			75			0			16			6.0			1.00			1			0			ERROR:#NULL!


			AMS048			1			1			1			1			1			55			0			21			10.0			2.00			1			0			ERROR:#NULL!


			AMS049			1			1			1			1			1			67			0			23			10.0			2.00			1			0			ERROR:#NULL!


			AMS050			1			1			1			1			1			69			0			19			9.0			2.00			0			0			ERROR:#NULL!


			AMS051			1			1			1			1			1			76			0			29			13.0			3.00			1			0			ERROR:#NULL!


			AMS052			1			1			1			1			1			61			1			22			9.0			2.00			0			0			ERROR:#NULL!


			AMS053			1			1			1			1			1			73			0			26			13.0			3.00			0			ERROR:#NULL!			ERROR:#NULL!


			AMS054			1			1			1			1			1			65			0			28			9.0			2.00			1			0			ERROR:#NULL!


			AMS055			1			1			1			1			1			75			0			26			13.0			3.00			1			1			ERROR:#NULL!


			AMS056			1			1			1			1			1			63			0			24			10.0			2.00			1			1			ERROR:#NULL!


			AMS057			1			1			1			1			1			45			0			19			9.0			2.00			1			0			ERROR:#NULL!


			AMS058			1			1			1			1			1			72			0			17			9.0			2.00			1			1			ERROR:#NULL!


			AMS059			1			1			1			1			1			65			1			26			10.0			2.00			1			0			ERROR:#NULL!


			AMS060			1			1			1			1			1			55			0			18			9.0			2.00			0			0			ERROR:#NULL!


			AMS061			1			1			1			1			1			72			0			21			13.0			3.00			1			0			ERROR:#NULL!


			AMS062			1			1			1			1			1			65			0			21			9.0			2.00			1			1			ERROR:#NULL!


			AMS063			1			1			1			1			1			65			0			23			9.0			2.00			1			1			ERROR:#NULL!


			AMS064			1			1			1			1			1			67			0			22			13.0			3.00			1			1			ERROR:#NULL!


			AMS065			1			1			1			1			1			62			0			24			10.0			2.00			0			0			ERROR:#NULL!


			AMS066			1			1			1			1			1			77			0			22			6.0			1.00			0			0			ERROR:#NULL!


			AMS067			1			1			1			1			1			74			0			29			13.0			3.00			1			0			ERROR:#NULL!


			AMS068			1			1			1			1			1			57			0			26			8.0			1.00			1			0			ERROR:#NULL!


			AMS069			1			1			1			1			1			76			0			18			9.0			2.00			1			1			ERROR:#NULL!


			AMS070			1			1			1			1			1			66			0			14			17.0			4.00			1			0			ERROR:#NULL!


			AMS071			1			1			1			1			1			65			0			14			10.0			2.00			1			1			ERROR:#NULL!


			STR001			1			1			1			1			6			68			0			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR002			1			1			1			1			6			84			0			27			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR003			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR004			1			1			1			1			6			75			1			27			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR005			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR006			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR007			1			1			1			1			1			63			0			18			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR008			1			1			1			1			6			59			0			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR009			1			1			1			1			6			62			0			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR010			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR011			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR012			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR013			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR014			1			1			1			1			5			86			1			28			19.0			4.00			0			0			0


			STR015			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR016			1			1			1			1			3			82			0			23			5.0			1.00			0			0			0


			STR017			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR018			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR019			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR020			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR021			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR022			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR023			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR024			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR025			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR026			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR027			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR028			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR029			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR030			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR031			1			1			0			0			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR032			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR033			1			1			1			1			3			80			1			20			9.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR034			1			1			1			1			5			73			0			27			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR035			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR036			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR037			1			1			1			1			3			75			1			24			9.0			1.00			0			0			0


			STR038			1			1			1			1			6			47			0			30			10.0			2.00			0			1			0


			STR039			1			1			1			1			5			78			0			27			12.0			3.00			ERROR:#NULL!			1			0


			STR040			1			1			1			1			3			76			1			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR041			1			1			1			1			6			81			0			29			16.0			4.00			1			0			0


			STR042			1			1			1			1			6			71			1			28			13.0			3.00			1			1			1


			STR043			1			1			1			1			6			82			0			27			5.0			1.00			0			1			0


			STR044			1			1			1			1			3			82			0			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR045			1			1			1			1			99			63			0			27			14.0			4.00			1			0			1


			STR046			1			1			1			1			3			67			0			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR047			1			1			1			1			1			76			1			25			9.0			2.00			1			1			0


			STR048			1			1			1			1			1			62			1			26			10.0			2.00			1			1			0


			STR049			1			1			1			1			1			74			0			26			9.0			2.00			1			1			1


			STR050			1			1			1			1			1			66			0			27			15.0			4.00			0			1			1


			STR051			1			1			1			1			7			80			0			19			9.0			2.00			1			1			0


			STR052			1			1			1			1			0			54			0			29			15.0			4.00			0			0			ERROR:#NULL!


			STR053			1			1			1			1			6			67			1			27			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR054			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR055			1			1			1			1			6			71			1			27			12.0			3.00			0			1			0


			STR056			1			1			1			1			1			55			1			25			9.0			2.00			1			1			1


			STR057			1			1			1			1			6			58			0			28			14.0			4.00			ERROR:#NULL!			1			ERROR:#NULL!


			STR058			1			1			1			1			6			64			1			30			15.0			4.00			0			1			0


			STR059			1			1			1			1			99			70			0			28			15.0			4.00			0			0			0


			STR060			1			1			1			1			1			80			0			23			14.0			4.00			1			0			1


			STR061			1			1			1			1			6			78			1			30			20.0			4.00			0			1			0


			STR062			1			1			1			1			1			61			0			24			5.0			1.00			1			0			ERROR:#NULL!


			STR063			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR064			1			1			1			1			6			82			1			28			12.0			3.00			1			1			0


			STR065			1			1			1			1			1			61			1			21			5.0			1.00			1			1			1


			STR066			1			1			1			1			1			80			1			15			5.0			1.00			1			1			1


			STR067			1			1			1			1			0			58			0			28			9.0			2.00			0			1			0


			STR068			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR069			1			1			1			1			6			74			1			28			7.0			1.00			1			1			0


			STR070			1			1			1			1			6			61			0			28			5.0			1.00			0			1			1


			STR071			1			1			1			1			99			67			1			29			14.0			4.00			0			0			0


			STR072			1			1			1			1			1			66			0			25			9.0			2.00			0			1			1


			STR073			1			1			1			1			7			83			0			9			5.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR074			1			1			1			1			5			71			0			27			9.0			2.00			ERROR:#NULL!			1			1


			STR075			1			1			1			1			7			77			0			25			9.0			2.00			1			1			0


			STR076			1			1			1			1			5			74			0			29			ERROR:#NULL!			ERROR:#NULL!			0			0			0


			STR077			1			1			1			1			6			65			1			27			12.0			3.00			1			1			0


			STR078			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR079			1			1			1			1			99			53			0			29			17.0			4.00			1			1			1


			STR080			1			1			1			1			3			76			0			17			8.0			1.00			0			1			1


			STR081			1			1			1			1			6			62			0			28			14.0			4.00			1			1			0


			STR082			1			1			1			1			1			76			0			15			11.0			2.00			1			1			1


			STR083			1			1			1			1			6			60			0			27			11.0			2.00			0			1			0


			STR084			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR085			1			1			1			1			6			65			0			29			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR086			1			1			1			1			6			73			0			26			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR087			1			1			1			1			99			82			0			25			14.0			4.00			ERROR:#NULL!			1			0


			STR088			1			1			1			1			5			68			1			27			15.0			4.00			ERROR:#NULL!			0			0


			STR089			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR090			1			1			1			1			6			75			0			29			15.0			4.00			1			1			0


			STR091			1			1			1			1			6			69			1			29			ERROR:#NULL!			ERROR:#NULL!			1			1			0


			STR092			1			1			1			1			6			65			1			29			ERROR:#NULL!			ERROR:#NULL!			0			0			1


			STR093			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR094			1			1			1			1			6			59			1			27			16.0			4.00			0			1			1


			STR095			1			0			1			0			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR096			1			1			1			1			99			59			0			30			11.0			2.00			0			0			0


			STR097			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR098			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR099			1			1			1			1			1			67			0			24			18.0			4.00			1			0			0


			STR100			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR101			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR102			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR103			1			1			1			1			1			89			0			23			16.0			4.00			1			1			1


			STR104			1			1			1			1			5			84			0			29			22.0			4.00			0			0			0


			STR105			1			1			1			1			6			74			0			27			9.0			2.00			1			1			1


			STR106			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR107			1			1			1			1			5			73			1			27			10.0			2.00			0			0			0


			STR108			1			1			1			1			3			73			0			24			14.0			4.00			0			0			1


			STR109			1			1			1			1			5			68			0			28			8.0			1.00			ERROR:#NULL!			0			0


			STR110			1			1			1			1			3			90			0			21			7.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR111			1			1			1			1			3			88			0			23			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR112			1			1			1			1			5			85			0			28			18.0			4.00			0			0			0


			STR113			1			1			1			1			6			83			0			ERROR:#NULL!			17.0			4.00			0			1			1


			STR114			1			1			1			1			6			81			0			26			9.0			2.00			1			1			0


			STR115			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR116			1			1			1			1			99			88			1			21			17.0			4.00			0			0			0


			STR117			1			1			1			1			5			78			0			27			9.0			2.00			0			1			0


			STR118			1			1			1			1			1			80			0			14			9.0			2.00			1			0			0


			STR119			1			1			1			1			7			83			1			24			5.0			1.00			1			1			0


			STR120			1			1			1			1			1			81			0			24			5.0			1.00			1			1			0


			STR121			1			1			1			1			6			79			0			26			9.0			2.00			1			1			1


			STR122			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR123			1			1			1			1			5			86			1			27			20.0			4.00			0			0			0


			STR124			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR125			1			1			1			1			1			76			1			20			16.0			4.00			1			1			1


			STR126			1			1			1			1			5			73			1			ERROR:#NULL!			9.0			2.00			1			0			0


			STR127			1			1			1			1			3			82			0			22			5.0			1.00			0			1			0


			STR128			1			1			1			1			6			83			0			28			9.0			2.00			1			1			1


			STR129			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR130			1			1			1			1			1			86			1			25			16.0			4.00			1			1			0


			STR131			1			1			1			1			6			74			0			30			12.0			3.00			1			1			0


			STR132			1			1			1			1			1			79			1			22			10.0			2.00			1			1			1


			STR133			1			1			1			1			1			76			1			16			ERROR:#NULL!			ERROR:#NULL!			1			1			0


			STR134			1			1			1			1			6			53			0			27			15.0			4.00			1			1			1


			STR135			1			1			1			1			3			85			1			23			ERROR:#NULL!			ERROR:#NULL!			1			0			0


			STR136			1			1			1			1			3			84			0			17			9.0			2.00			1			0			0


			STR137			1			1			1			1			1			59			0			22			5.0			1.00			1			1			0


			STR138			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR139			1			1			1			1			5			76			0			28			17.0			4.00			0			1			0


			STR140			1			1			1			1			1			74			0			23			5.0			1.00			1			0			0


			STR141			1			1			1			1			3			92			1			20			20.0			4.00			ERROR:#NULL!			1			0


			STR142			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR143			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR144			1			1			1			1			3			76			0			22			14.0			4.00			0			0			0


			STR145			1			1			1			1			1			81			0			24			15.0			4.00			1			1			1


			STR146			1			1			1			1			6			79			0			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			1			0


			STR147			1			1			1			1			3			60			0			22			10.0			2.00			0			0			0


			STR148			1			1			1			1			1			63			0			25			8.0			1.00			1			0			0


			STR149			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR150			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR151			1			1			1			1			1			76			1			16			7.0			1.00			1			1			0


			STR152			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR153			1			1			1			1			7			88			0			24			14.0			4.00			1			0			0


			STR154			1			1			1			1			6			64			1			29			15.0			4.00			0			0			0


			STR155			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR156			1			0			1			0			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR157			1			1			1			1			6			59			1			27			14.0			4.00			0			0			0


			STR158			1			1			1			1			5			58			1			30			15.0			4.00			ERROR:#NULL!			0			0


			STR159			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR160			1			1			1			1			3			84			0			23			12.0			3.00			0			0			0


			STR161			1			1			1			1			99			54			1			30			15.0			4.00			0			1			1


			STR162			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR163			1			1			1			1			0			64			0			ERROR:#NULL!			11.0			2.00			0			1			0


			STR164			1			1			0			0			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR165			1			1			1			1			3			69			0			20			12.0			3.00			ERROR:#NULL!			0			0


			STR166			1			1			1			1			1			82			1			24			11.0			2.00			ERROR:#NULL!			1			0


			STR167			1			1			1			1			6			70			1			29			10.0			2.00			1			1			1


			STR168			1			1			1			1			3			67			0			25			8.0			1.00			0			1			0


			STR169			1			1			1			1			5			57			1			29			9.0			2.00			ERROR:#NULL!			0			0


			STR170			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR171			1			1			1			1			6			54			0			29			8.0			1.00			0			0			0


			STR172			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR173			1			1			1			1			6			79			0			28			9.0			2.00			0			0			0


			STR174			1			1			1			1			99			68			1			25			9.0			2.00			1			0			0


			STR175			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR176			1			1			1			1			6			61			0			27			5.0			1.00			ERROR:#NULL!			1			0


			STR177			1			1			1			1			6			53			0			26			11.0			2.00			0			0			1


			STR178			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR179			1			1			1			1			99			73			0			25			7.0			1.00			0			0			0


			STR180			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR181			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR182			1			1			1			1			1			54			0			20			6.0			1.00			0			1			0


			STR183			1			1			1			1			6			73			0			28			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR184			1			1			1			1			6			58			0			28			12.0			3.00			0			1			1


			STR185			1			1			1			1			99			53			0			27			10.0			2.00			1			1			0


			STR186			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR187			1			1			1			1			7			51			1			18			10.0			2.00			1			0			0


			STR188			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR189			1			1			1			1			6			77			0			30			20.0			4.00			1			1			0


			STR190			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR191			1			1			1			1			6			66			0			29			8.0			1.00			0			1			1


			STR192			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR193			1			1			1			1			6			57			1			27			15.0			4.00			0			1			0


			STR194			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR195			1			1			0			0			7			87			1			24			16.0			4.00			1			1			1


			STR196			1			1			1			1			3			68			0			15			8.0			1.00			0			0			0


			STR197			1			1			1			1			1			91			0			21			11.0			2.00			0			1			0


			STR198			1			1			1			1			6			58			1			30			17.0			4.00			1			1			1


			STR199			1			1			1			1			6			62			0			28			9.0			2.00			0			1			0


			STR200			1			1			1			1			6			80			1			28			11.0			2.00			1			1			0


			STR201			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR202			1			1			1			1			7			77			1			19			8.0			1.00			0			0			0


			STR203			1			1			1			1			6			71			0			26			8.0			1.00			0			0			0


			STR204			1			1			1			1			5			70			1			27			8.0			1.00			0			0			0


			STR205			1			1			1			1			1			77			0			24			14.0			4.00			1			0			1


			STR206			1			1			1			1			6			65			1			28			20.0			4.00			0			0			0


			STR207			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR208			1			1			1			1			6			78			0			29			ERROR:#NULL!			ERROR:#NULL!			1			1			0


			STR209			1			1			0			0			3			77			0			26			12.0			3.00			1			0			0


			STR210			1			1			1			1			1			72			0			23			14.0			4.00			1			1			1


			STR211			1			1			1			1			1			65			0			28			ERROR:#NULL!			ERROR:#NULL!			0			1			0


			STR212			1			1			1			1			6			65			0			26			15.0			4.00			1			1			1


			STR213			1			1			1			1			3			64			1			23			17.0			4.00			ERROR:#NULL!			1			0


			STR214			1			1			1			1			3			71			1			23			9.0			2.00			1			1			ERROR:#NULL!


			STR215			1			1			1			1			1			74			0			22			17.0			4.00			ERROR:#NULL!			0			0


			STR216			1			1			1			1			3			62			1			17			11.0			2.00			0			0			0


			STR217			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR218			1			1			1			1			1			78			1			26			14.0			4.00			0			ERROR:#NULL!			0


			STR219			1			1			1			1			1			78			1			ERROR:#NULL!			16.0			4.00			1			0			0


			STR220			1			1			1			1			1			65			1			25			17.0			4.00			0			0			0


			STR221			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR222			1			1			1			1			3			88			0			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR223			1			1			1			1			3			72			1			25			10.0			2.00			ERROR:#NULL!			0			ERROR:#NULL!


			STR224			1			0			1			0			0			73			0			27			12.0			3.00			0			0			0


			STR225			1			1			1			1			0			75			1			27			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!			ERROR:#NULL!


			STR226			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR227			1			1			1			1			99			82			1			24			12.0			3.00			0			1			0


			STR228			1			1			1			1			3			83			1			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR229			1			1			1			1			3			58			1			ERROR:#NULL!			10.0			2.00			0			0			0


			STR230			1			1			1			1			3			56			0			ERROR:#NULL!			11.0			2.00			0			0			0


			STR231			1			1			1			1			3			67			1			23			12.0			3.00			0			0			0


			STR232			1			1			1			1			3			74			0			19			15.0			4.00			0			0			0


			STR233			1			1			0			0			3			76			1			ERROR:#NULL!			14.0			4.00			0			0			0


			STR234			1			1			1			1			3			73			1			22			14.0			4.00			0			0			0


			STR235			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR236			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR237			1			1			1			1			1			80			1			21			11.0			2.00			1			0			1


			STR238			1			1			1			1			5			67			0			24			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			0


			STR239			1			1			1			1			3			76			1			21			9.0			2.00			0			0			0


			STR240			1			1			1			1			7			74			0			24			ERROR:#NULL!			ERROR:#NULL!			1			0			0


			STR241			1			1			1			1			3			76			1			17			11.0			2.00			1			0			0


			STR242			1			1			1			1			6			77			1			27			11.0			2.00			1			0			0


			STR243			1			1			1			1			3			85			0			24			9.0			2.00			0			ERROR:#NULL!			ERROR:#NULL!


			STR244			1			1			1			1			1			87			0			22			5.0			1.00			0			1			0


			STR245			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR246			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR247			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR248			1			1			1			1			99			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			STR249			1			1			1			1			3			67			0			17			18.0			4.00			0			0			0


			STR250			1			1			1			1			7			79			0			22			9.0			2.00			1			1			0


			STR251			1			1			1			1			3			78			0			22			17.0			4.00			0			0			0


			STR252			1			1			1			1			5			74			1			28			16.0			4.00			0			0			0


			STR253			1			1			1			1			5			81			0			26			8.0			1.00			ERROR:#NULL!			0			ERROR:#NULL!


			STR254			1			1			1			1			3			75			1			26			12.0			3.00			0			0			1


			STR255			1			1			1			1			5			81			1			27			11.0			2.00			0			1			0


			STR256			1			1			1			1			5			75			0			25			16.0			4.00			0			0			0


			STR257			1			1			1			1			3			72			0			25			16.0			4.00			0			0			0


			PRA01			1			1			1			1			1			92			1			7			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA02			1			1			1			1			3			87			1			19			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA03			1			1			1			1			1			86			0			25			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA04			1			1			1			1			1			88			1			19			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA05			1			1			1			1			1			87			0			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA06			1			1			1			1			1			84			1			19			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA07			1			1			1			1			1			86			1			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA08			1			1			1			1			3			80			0			23			22.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA09			1			1			1			1			1			83			0			20			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA10			1			1			1			1			1			82			1			20			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA11			1			1			1			1			3			84			1			22			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA12			1			1			1			1			0			82			0			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA13			1			1			1			1			1			83			1			24			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA14			1			1			1			1			1			85			0			12			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA15			1			1			1			1			3			80			0			19			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA16			1			1			1			1			3			83			0			22			21.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA17			1			1			1			1			1			82			0			19			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA18			1			1			1			1			3			74			0			20			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA19			1			1			1			1			3			83			0			18			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA20			1			0			1			0			1			78			0			21			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA21			1			1			1			1			1			79			1			16			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA22			1			1			1			1			1			78			1			18			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA23			1			1			1			1			1			79			0			25			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA24			1			1			1			1			0			76			1			30			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA25			1			1			1			1			1			75			0			22			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA26			1			1			1			1			3			79			1			18			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA27			1			1			1			1			3			75			0			17			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA28			1			1			1			1			3			76			1			24			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA29			1			1			1			1			1			78			1			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA30			1			1			1			1			3			74			0			18			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA31			1			1			1			1			1			75			0			23			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA32			1			1			1			1			1			76			1			21			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA33			1			1			1			1			1			75			0			25			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA34			1			1			1			1			3			75			0			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA35			1			0			1			0			1			74			0			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA36			1			1			1			1			0			71			1			29			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA37			1			1			1			1			0			74			0			28			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA38			1			1			1			1			0			70			1			28			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA39			1			1			1			1			1			74			1			24			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA40			1			1			1			1			1			71			0			16			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA41			1			1			1			1			0			73			1			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA42			1			1			1			1			0			73			1			30			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA43			1			1			1			1			3			70			1			22			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA44			1			1			1			1			0			70			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA45			1			1			1			1			0			70			0			30			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA46			1			1			1			1			1			71			1			24			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA47			1			1			1			1			1			72			1			24			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA48			1			1			1			1			1			72			1			ERROR:#NULL!			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA49			1			1			1			1			0			71			1			30			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA50			1			1			1			1			0			68			1			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA51			1			1			1			1			0			67			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA52			1			1			1			1			3			66			1			23			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA53			1			1			1			1			1			66			0			20			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA54			1			1			1			1			0			68			1			30			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA55			1			1			1			1			1			69			1			18			11.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA56			1			1			1			1			3			66			1			21			9.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA57			1			1			1			1			0			64			1			30			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA58			1			1			1			1			0			66			1			28			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA59			1			1			1			1			0			66			1			30			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA60			1			1			1			1			1			60			0			24			12.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA61			1			1			1			1			1			64			0			25			20.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA62			1			1			1			1			3			56			1			26			13.0			3.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			PRA63			1			1			1			1			1			56			1			18			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG01			1			1			1			1			2			56			1			28			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG02			1			1			1			1			2			70			1			24			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG03			1			1			1			1			2			65			1			23			14.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG04			1			1			1			1			2			68			1			28			18.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG05			1			1			1			1			2			78			0			20			15.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG06			1			1			1			1			1			71			1			21			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG07			1			1			1			1			1			82			0			27			9.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG08			1			1			1			1			1			72			1			20			8.0			1.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG09			1			1			1			1			1			79			1			21			17.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG10			1			1			1			1			1			69			1			25			10.0			2.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			NEG11			1			1			1			1			1			73			1			25			16.0			4.00			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ICL001			1			1			0			0			1			63			1			28			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL002			1			1			0			0			1			55			0			25			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL003			1			0			1			0			1			76			1			21			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ICL004			1			0			1			0			1			69			0			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL005			1			1			0			0			1			75			1			25			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ICL006			1			0			1			0			1			72			0			27			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL007			1			0			1			0			2			70			0			24			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL008			1			1			1			1			1			68			1			22			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL009			1			0			1			0			1			72			1			17			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL010			1			1			0			0			2			70			0			28			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL011			1			0			1			0			1			63			0			28			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL012			1			1			0			0			1			85			1			27			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL013			1			1			1			1			1			82			1			27			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL014			1			1			1			1			1			63			1			24			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL015			1			0			1			0			2			72			0			22			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL016			1			0			1			0			2			63			1			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL017			1			1			0			0			1			76			1			28			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL018			1			0			1			0			1			78			1			25			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL019			1			1			0			0			1			72			0			20			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!


			ICL020			1			0			1			0			2			75			0			24			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL021			1			0			1			0			2			62			0			21			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!


			ICL022			1			0			1			0			2			69			0			29			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL023			1			1			1			1			1			54			0			24			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL024			1			1			0			0			1			69			1			27			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			0			ERROR:#NULL!


			ICL025			1			1			0			0			1			78			0			22			ERROR:#NULL!			ERROR:#NULL!			ERROR:#NULL!			1			ERROR:#NULL!








variable explanation


			Diagnosis


			0			NC


			1			DLB


			2			PDD


			3			AD


			4			PD


			5			prodromal AD


			6			prodromal DLB


			7			mixed AD/DLB


			99			missing


			Education level


			1			<9


			2			9-11


			3			12-13


			4			>14












Extract_Metadata_ADNI_xml.m

function [Metadata_2, Subjects ] = Extract_Metadata_ADNI_xml( Folder )


Metadata_2=[];
Metadata=[];
Nmb_data=[];
Subjects={};
Metadata_info={};


for j=1:length(Folder)
    %i=3;
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    %Metadata_info{i,1} = xml2struct(Folder_temp(3).name);
    %Metadata_info{((j-1)*Nmb_data(1))+i} = xml2struct(Folder_temp(3).name);
    %Metadata_info{3,j} = xml2struct(Folder_temp(3).name);
    for i=3:Nmb_data(j)
        if Folder_temp(i).isdir == 0
            Metadata_info{i,1} = xml2struct(Folder_temp(i).name);
            %Metadata_info{i,j} = xml2struct(Folder_temp(i).name);
            
          
            
            if i>3 && strcmp(Metadata_info{i, 1}.idaxs.project.subject.subjectIdentifier.Text,Metadata_info{i-1, 1}.idaxs.project.subject.subjectIdentifier.Text)==1
            %if strcmp(Metadata_info{i, j}.idaxs.project.subject.subjectIdentifier.Text,Metadata_info{i-1, j}.idaxs.project.subject.subjectIdentifier.Text)==1    
            %Problem her. Ingen celle i Metadata_info{(i-1),1)}
                continue
            else

                %k = strfind(Metadata_info{i,1}.Children,'project');
                %Age = str2num(Metadata_info{i, 1}.Children(2).Children(8).Children(16).Children(4).Children.Data);
                %Sex = Metadata_info{i, 1}.Children(2).Children(8).Children(6).Children.Data;
                %ID = Metadata_info{i, 1}.Children(2).Children(8).Children(2).Children.Data;
                
                %Subjects{i} = Metadata_info{i, 1}.idaxs.project.subject.subjectIdentifier.Text;
                Subjects{(((j-1)*Nmb_data(1))+i),1} = Metadata_info{i, 1}.idaxs.project.subject.subjectIdentifier.Text;
                %Subjects{(((j-1)*Nmb_data(1))+i),j} = Metadata_info{i, j}.idaxs.project.subject.subjectIdentifier.Text;
                
                Age = str2num(Metadata_info{i, 1}.idaxs.project.subject.study.subjectAge.Text);  
                Sex = Metadata_info{i, 1}.idaxs.project.subject.subjectSex.Text;  
                Class = Metadata_info{3, 1}.idaxs.project.subject.subjectInfo{1, 1}.Text;


                if strcmp(Sex,'F') == 1
                    Sex=0;
                elseif strcmp(Sex,'M') == 1
                    Sex=1;
                end
                
                if strcmp(Class,'AD') == 1
                    Class = 1;
                elseif strcmp(Class,'Normal') == 1
                    Class = 0;
                end
                
                Metadata_Features =[i, Age, Sex, Class];
                %Metadata{i,j} = Metadata_Features; 
                Metadata(((j-1)*Nmb_data(1))+i,:) = Metadata_Features;
            end
        else
            continue
        end
    end
end

Metadata_2 = Metadata(any(Metadata,2),:);
Subjects=Subjects(~cellfun('isempty',Subjects))  

end








Extract_Nifti.m

function [ Nifti_ADNI, Nifti_ADNI_2, Nifti_dataname ] = Extract_Nifti_ADNI( Folder )



Nifti_data={};
Nifti_ADNI={};
Nifti_ADNI_2={};
Nifti_dataname = {};


for j=1:length(Folder)
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    %Metadata_info{3,1} = xml2struct(Folder_temp(3).name);
    Nifti_Files = dirrec(Folder{j},'.nii');
    for i=1:length(Nifti_Files)
        I = load_untouch_nii(Nifti_Files{1,i});
        A = uint8(I.img);
        %Nifti_dataname{i,j} = Nifti_Files{j,i};
        Nifti_ADNI{i,j} = A;

    end


end

% for j=1:length(Folder)
% 
%    Nifti_ADNI = vertcat(Nifti_data{:,j},Nifti_ADNI);
% 
% end    
%Nifti_ADNI_2 = Nifti_ADNI(any(Nifti_ADNI,2),:);

Nifti_ADNI=reshape(Nifti_ADNI,[],1)
Nifti_ADNI=Nifti_ADNI(~cellfun('isempty',Nifti_ADNI))  

end









Functions.py

# Fil for funksjoner som brukes i ELE630-Prossesignal.py

# module imports:
import os
import tensorflow as tf
import numpy as np
from sklearn.model_selection import train_test_split
from sklearn.metrics import confusion_matrix
import pandas as pd
import seaborn as sn
import time
import scipy.io
import matplotlib.pyplot as pyp
from sklearn import preprocessing
from sklearn.decomposition import PCA
from sklearn import svm
import sklearn.metrics as sm

def read_data_from_mat(filename):
    Data = scipy.io.loadmat(filename)


def read_and_preprocess_dataset_CNN(Conv_3D,Two_class_AD_NC,Two_class_AD_DLB,Two_class_NC_DLB,Three_class,DLB_data,NC_data,AD_data,DLB_matlab_variable,NC_matlab_variable,AD_matlab_variable):


    DLB_data_temp = scipy.io.loadmat(DLB_data)
    DLB_data = DLB_data_temp[DLB_matlab_variable]

    NC_data_temp = scipy.io.loadmat(NC_data)
    NC_data = NC_data_temp[NC_matlab_variable]

    AD_data_temp = scipy.io.loadmat(AD_data)
    AD_data = AD_data_temp[AD_matlab_variable]

    print(DLB_data.shape, AD_data.shape, NC_data.shape)

    if Three_class:
        Dataset = np.concatenate((NC_data, AD_data, DLB_data), axis=0)

    if Two_class_AD_DLB:
        Dataset = np.concatenate((AD_data, DLB_data), axis=0)

    if Two_class_AD_NC:
        Dataset = np.concatenate((NC_data, AD_data), axis=0)

    if Two_class_NC_DLB:
        Dataset = np.concatenate((NC_data, DLB_data), axis=0)

    X_temp = np.array(Dataset[:, 0])
    Y_temp = np.array(Dataset[:, 1])

    arrs = [X_temp[i] for i in range(len(X_temp))]
    X = np.concatenate([arr[np.newaxis] for arr in arrs])

    arrs2 = [Y_temp[j] for j in range(len(Y_temp))]
    Y = np.concatenate([arr[np.newaxis] for arr in arrs2])
    Y = np.squeeze(Y)

    if Conv_3D:
        X = np.expand_dims(X, 4)

    print(X.shape)

    if Two_class_AD_DLB:
        Y = np.column_stack((Y[:, 1], Y[:, 2]))

    if Two_class_AD_NC:
        Y = np.column_stack((Y[:, 0], Y[:, 1]))

    if Two_class_NC_DLB:
        Y = np.column_stack((Y[:, 0], Y[:, 2]))

    num_classes = Y.shape[1]

    print(X.shape,Y.shape)

    return X, Y, num_classes



def read_and_preprocess_dataset_SVM(Two_class_AD_NC,Two_class_AD_DLB,Two_class_NC_DLB,Three_class,DLB_data,NC_data,AD_data,DLB_matlab_variable,NC_matlab_variable,AD_matlab_variable):


    DLB_data_temp = scipy.io.loadmat(DLB_data)
    DLB_data = DLB_data_temp[DLB_matlab_variable]

    NC_data_temp = scipy.io.loadmat(NC_data)
    NC_data = NC_data_temp[NC_matlab_variable]

    AD_data_temp = scipy.io.loadmat(AD_data)
    AD_data = AD_data_temp[AD_matlab_variable]

    print(DLB_data.shape, AD_data.shape, NC_data.shape)

    if Three_class:
        Dataset = np.concatenate((NC_data, AD_data, DLB_data), axis=0)
        target_names = ['NC', 'AD', 'DLB']

    if Two_class_AD_DLB:
        Dataset = np.concatenate((AD_data, DLB_data), axis=0)
        target_names = ['AD', 'DLB']

    if Two_class_AD_NC:
        Dataset = np.concatenate((NC_data, AD_data), axis=0)
        target_names = ['NC', 'AD']

    if Two_class_NC_DLB:
        Dataset = np.concatenate((NC_data, DLB_data), axis=0)
        target_names = ['NC', 'DLB']

    X = Dataset[:, 0:Dataset.shape[1] - 2]
    Y = Dataset[:, Dataset.shape[1] - 1]

    return X, Y, target_names


def split_and_normalize_CNN(X,Y,min_max_norm,zero_mean_norm,e):

    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=42)
    X_train, X_val, Y_train, Y_val = train_test_split(X_train, Y_train, test_size=0.2, random_state=488)

    # print(X_train.shape,X_train[1].shape,'rsgrwg',X_train[1])

    if min_max_norm:
        X_train = X_train / 255
        X_val = X_val / 255
        X_test = X_test / 255

    elif zero_mean_norm:
        X_train = (X_train - X_train.mean(axis=0)) / (X_train.std(axis=0) + e)
        X_val = (X_val - X_train.mean(axis=0)) / (X_train.std(axis=0) + e)
        X_test = (X_test - X_train.mean(axis=0)) / (X_train.std(axis=0) + e)

    return X_train,X_val,X_test,Y_train,Y_val,Y_test


def split_and_normalize_SVM(X,Y,kernel,class_weight,n_components,Use_PCA,c):

    tf.set_random_seed(0xABB)

    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=42)
    X_train, X_val, Y_train, Y_val = train_test_split(X_train, Y_train, test_size=0.2, random_state=488)

    model = svm.SVC(C=c, kernel=kernel, class_weight=class_weight)

    scaler = preprocessing.StandardScaler().fit(X_train)
    X_train_transformed = scaler.transform(X_train)
    X_val_transformed = scaler.transform(X_val)
    X_test_transformed = scaler.transform(X_test)

    if Use_PCA:
        pca = PCA(n_components=n_components)
        X_train_transformed = pca.fit_transform(X_train_transformed)
        X_val_transformed = pca.transform(X_val_transformed)
        X_test_transformed = pca.transform(X_test_transformed)

    print(X_train_transformed.shape, X_val_transformed.shape, X_test_transformed.shape)

    model.fit(X_train_transformed, Y_train)


    return X_train_transformed, X_val_transformed, X_test_transformed, Y_train, Y_val, Y_test, model


def Test_SVM_Model(X,Y,model,target_names,Two_class_AD_DLB,Two_class_AD_NC,Two_class_NC_DLB):


    actual = Y
    preds = model.predict(X)

    print('preds', preds)
    print('actual', actual)

    ACC = sm.accuracy_score(actual, preds)
    print(ACC)

    print(sm.classification_report(actual, preds, target_names=target_names))

    Confusion_Matrix = True

    if Confusion_Matrix:
        confmat = confusion_matrix(actual, preds)
        confmat = confmat.astype('float') / confmat.sum(axis=1)[:, np.newaxis]

        if Two_class_AD_DLB:
            Act = ['True: AD', 'True: DLB']
            Pred = ['Predictedt: AD', 'Predicted: DLB']

        elif Two_class_AD_NC:
            Act = ['True: NC', 'True: AD']
            Pred = ['Predicted: NC', 'Predicted: AD']

        elif Two_class_NC_DLB:
            Act = ['True: NC', 'True: DLB']
            Pred = ['Predicted: NC', 'Predicted: DLB']

        else:
            Act = ['True: NC', 'Predicted: AD', 'True: DLB']
            Pred = ['Predicted: NC', 'Predicted: AD', 'Predicted: DLB']

        df_cm = pd.DataFrame(confmat, Act, Pred)
        sn.set(font_scale=1.1)  # for label size
        sn.heatmap(df_cm, annot=True, cmap="YlGnBu")
        pyp.show()


def Train_network(X_train,Y_train,X_val,Y_val,num_classes,dropout,Conv_3D,learning_rate,L2,batch_size,epochs,save_model):
    resultat = []
    tf.reset_default_graph()
    tf.set_random_seed(0xABB)
    starttime = time.time()
    #np.random.seed(42)



    x = tf.placeholder(tf.float32, [None, 79, 95, 79])
    y = tf.placeholder(tf.float32, [None, num_classes])
    dropout_keep = tf.placeholder(tf.float32)
    network = create_conv_model(x=x, dropout_keep=1-dropout, N_signals=0, N_classes=num_classes)

    if Conv_3D:
        x = tf.placeholder(tf.float32, [None, 79, 95, 79, 1])
        network = create_conv_model3D(x=x, dropout_keep=dropout, N_signals=0, N_classes=num_classes)



    print('\nBuilding model...\n')
    print('Defining loss and optimization function...')
    loss, opt = get_loss_and_optimizer(network, y, learning_rate=learning_rate, l2_loss_factor=L2)


    with tf.Session() as sess:

        sess.run(tf.global_variables_initializer())

        for epoch in range(epochs):
            print('Epoch {}:'.format(epoch + 1))
            batch_no = 1
            for x_, y_ in batch_epoch(X_train, Y_train, batch_size):
                ls, _, = sess.run((loss, opt), feed_dict={x: x_, y: y_, dropout_keep: dropout})
                #print('what is happening, sir')
                if batch_no % 25 == 0:
                    print('\tBatch {} loss: {:.2f}'.format(batch_no, ls))
                batch_no += 1

            actual = np.argmax(Y_train, axis=1)
            #accuracy = tf.reduce_mean(tf.cast(actual, tf.float32))
            # test accuracy on training data:
            out = sess.run(network, feed_dict={x: X_train, dropout_keep: 1.})
            preds = np.argmax(out, axis=1)

            num_correct = np.where(preds == actual)[0].size
            score = (num_correct / float(actual.size)) * 100
            print('\tTraining score: {:.2f} %\n'.format(score))
            resultat.append((100 - score))


            out2 = sess.run(network, feed_dict={x: X_val, dropout_keep: 1.})
            # print('out2',out2)
            preds2 = np.argmax(out2, axis=1)
            actual2 = np.argmax(Y_val, axis=1)
            num_correct2 = np.where(preds2 == actual2)[0].size
            score2 = (num_correct2 / float(actual2.size)) * 100
            print('\tValidation score: {:.2f} %\n'.format(score2))

            print('trainactual', actual)
            print('valactual', actual2)
            print('trainpreds', preds)
            print('valpreds', preds2)


        endtime = time.time()
        print('Training took {:.2f} seconds.'.format(endtime - starttime))
        print('resultat: ', resultat)



        if save_model:
            # Saving and loading models
            filepath = 'saved_models/conv_model.ckpt'
            print('Saving model to {}...'.format(filepath))

            cwd = os.getcwd()
            savepath = os.path.join(cwd, filepath)
            print(savepath)

            tf.train.Saver().save(sess, savepath)
            print('Model saved.')


def Test_network(X_test,Y_test,Confusion_Matrix,Two_class_AD_DLB,Two_class_NC_DLB,Two_class_AD_NC,num_classes,dropout,Conv_3D):

    tf.reset_default_graph()
    tf.set_random_seed(0xABB)
    np.random.seed(42)


    savepath = os.path.join(os.getcwd(), 'saved_models/conv_model.ckpt')
    print(savepath)
    x = tf.placeholder(tf.float32, [None, 79, 95, 79])
    y = tf.placeholder(tf.float32, [None, num_classes])
    dropout_keep = tf.placeholder(tf.float32)
    network = create_conv_model(x=x, dropout_keep=dropout, N_signals=0, N_classes=num_classes)

    if Conv_3D:
        x = tf.placeholder(tf.float32, [None, 79, 95, 79,1])
        network = create_conv_model3D(x=x, dropout_keep=dropout, N_signals=0, N_classes=num_classes)





    with tf.Session() as sess:

        #sess.run(tf.global_variables_initializer())

        tf.train.Saver().restore(sess, savepath)

        print('Testing model on test data...')
        #out = sess.run(network, feed_dict={x: X_test, dropout_keep: 1.})
        out = sess.run(network, feed_dict={x: X_test, dropout_keep: 1.})
        preds = np.argmax(out, axis=1)
        actual = np.argmax(Y_test, axis=1)
        num_correct = np.where(preds == actual)[0].size
        score = (num_correct / float(actual.size)) * 100
        print("preds:", preds)
        print("actual:", actual)
        print("num_correct:", num_correct)
        print('Score on test data: {:.2f} %'.format(score))


        if Confusion_Matrix:
            confmat = confusion_matrix(actual, preds)
            confmat = confmat.astype('float') / confmat.sum(axis=1)[:, np.newaxis]

            print(confmat)

            if Two_class_AD_DLB:
                Act = ['True: AD','True: DLB']
                Pred = ['Predictedt: AD','Predicted: DLB']

            elif Two_class_AD_NC:
                Act = ['True: NC','True: AD']
                Pred = ['Predicted: NC','Predicted: AD']

            elif Two_class_NC_DLB:
                Act = ['True: NC','True: DLB']
                Pred = ['Predicted: NC','Predicted: DLB']

            else:
                Act = ['True: NC','Predicted: AD','True: DLB']
                Pred = ['Predicted: NC','Predicted: AD','Predicted: DLB']



            df_cm = pd.DataFrame(confmat, Act, Pred)
            sn.set(font_scale=1.1)  # for label size
            sn.heatmap(df_cm, annot=True, cmap="YlGnBu")
            pyp.show()



# Defines loss and optimizer tensors
def get_loss_and_optimizer(network, y, l2_loss_factor, learning_rate):
    # mean cross entropy of labels and softmaxed network output
    loss = tf.reduce_mean(

        tf.nn.softmax_cross_entropy_with_logits_v2(
            logits=network,
            labels=y
        )
    )

    # Add L2 regularization loss (weighted sum of weights) for better generalization
    # This puts a cost to weight size, and therefore prevents extreme weight sizes (both negative and positive),
    # which is associated with overfitting.
    # 'kernel' is used as a default name for tf weights.
    for t in tf.trainable_variables():
        if 'conv_model' in t.name and 'kernel' in t.name:
            print('adding L2 loss for {}'.format(t.name))
            loss += tf.nn.l2_loss(t) * l2_loss_factor

    # The magic part.
    # performs a variation of gradient descent on the weights in the model
    learning_rate = learning_rate
    #opt = tf.train.AdamOptimizer(learning_rate).minimize(loss)
    opt = tf.train.AdadeltaOptimizer(learning_rate).minimize(loss)
    #opt = tf.train.GradientDescentOptimizer(learning_rate).minimize(loss)

    return loss, opt

# Define batch epoch
def batch_epoch(X, Y, batch_size):
    random_idx = np.arange(X.shape[0])
    np.random.shuffle(random_idx)

    current_idx = 0
    while current_idx + batch_size <= X.shape[0]:
        cur_randoms = random_idx[range(current_idx, current_idx + batch_size)]
        x_batch = X[cur_randoms]
        y_batch = Y[cur_randoms]
        yield x_batch, y_batch
        current_idx += batch_size





def create_conv_model(x, dropout_keep, N_signals, N_classes):
    # architecture:
    #    input
    # -> conv2d
    # -> pool2d
    # -> conv2d
    # -> pool2d
    # -> flatten
    # -> fully connectedx6 with relu6 and dropout
    # -> output

    # -------------------------------------conv1----------------------------------------
    print('x: ', np.shape(x))
    # -------------------------------------conv1----------------------------------------
    conv1 = tf.layers.conv2d(
        inputs=x,
        filters=32,
        kernel_size=6,
        padding='VALID',
        strides=1,
        activation=tf.nn.relu6,
        name='conv_model_conv1'
    )
    print('conv1: ', np.shape(conv1))

    pool0 = tf.layers.max_pooling2d(
        inputs=conv1,
        pool_size=3,
        strides=2
    )


    conv2 = tf.layers.conv2d(
        inputs=pool0,
        filters=32,
        kernel_size=6,
        strides=2,
        padding='VALID',
        activation=tf.nn.relu6,
        name='conv_model_conv2'
    )
    print('conv2: ', np.shape(conv2))

    pool1 = tf.layers.max_pooling2d(
        inputs=conv2,
        pool_size=3,
        strides=2
    )
    print('pool1: ', np.shape(pool1))



    # -------------------------------------flat----------------------------------------

    rows = pool1.get_shape().as_list()[1]
    cols = pool1.get_shape().as_list()[2]
    depth = pool1.get_shape().as_list()[3]
    flat = tf.reshape(pool1, [-1, rows * cols * depth])

    print('flat: ', np.shape(flat))


    # -------------------------------------fc1------------------------------------------
    layer3 = tf.layers.dense(
        inputs=flat,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )

    dropout1 = tf.layers.dropout(layer3,rate=dropout_keep)

    print('layer3 ', np.shape(layer3))

    # -------------------------------------fc2------------------------------------------
    layer4 = tf.layers.dense(
        inputs=dropout1,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout2 = tf.layers.dropout(layer4, rate=dropout_keep)

    # -------------------------------------fc3------------------------------------------

    layer5 = tf.layers.dense(
        inputs=dropout2,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout3 = tf.layers.dropout(layer5, rate=dropout_keep)

    # -------------------------------------fc4------------------------------------------

    layer6 = tf.layers.dense(
        inputs=dropout3,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout4 = tf.layers.dropout(layer6, rate=dropout_keep)

    # -------------------------------------fc5------------------------------------------

    layer7 = tf.layers.dense(
        inputs=dropout4,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout5 = tf.layers.dropout(layer7, rate=dropout_keep)

    # -------------------------------------fc6------------------------------------------

    layer8 = tf.layers.dense(
        inputs=dropout5,
        units=2000,
        activation=tf.nn.relu,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout = tf.nn.dropout(layer8, dropout_keep)

    print('dropout: ', np.shape(dropout))

    # -------------------------------------output------------------------------------------
    output = tf.layers.dense(
        inputs=dropout,
        activation=tf.nn.softmax,
        units=N_classes,
        name='conv_model_output'
    )
    print('output: ', np.shape(output))

    return output


def create_conv_model3D(x, dropout_keep, N_signals, N_classes):
    # architecture:
    #    input
    # -> conv3d
    # -> pool3d
    # -> conv3d
    # -> pool3d
    # -> flatten
    # -> fully connectedx6 with relu6 and dropout
    # -> output


    # -------------------------------------conv1----------------------------------------
    print('x: ', np.shape(x))
    # -------------------------------------conv1----------------------------------------
    conv1 = tf.layers.conv3d(
        inputs=x,
        filters=32,
        kernel_size=6,
        padding='VALID',
        strides=1,
        activation=tf.nn.relu6,
        name='conv_mo213del_conv1'
    )
    print('conv1: ', np.shape(conv1))

    pool0 = tf.layers.max_pooling3d(
        inputs=conv1,
        pool_size=3,
        strides=2
    )


    conv2 = tf.layers.conv3d(
        inputs=pool0,
        filters=32,
        kernel_size=6,
        strides=2,
        padding='VALID',
        activation=tf.nn.relu6,
        name='conv_model321_conv2'
    )
    print('conv2: ', np.shape(conv2))

    pool1 = tf.layers.max_pooling3d(
        inputs=conv2,
        pool_size=3,
        strides=2
    )
    print('pool1: ', np.shape(pool1))



    # -------------------------------------flat----------------------------------------

    rows = pool1.get_shape().as_list()[1]
    cols = pool1.get_shape().as_list()[2]
    depth = pool1.get_shape().as_list()[3]
    channels = pool1.get_shape().as_list()[4]
    flat = tf.reshape(pool1, [-1, rows * cols * depth * channels])

    print('flat: ', np.shape(flat))

    # -------------------------------------fc1------------------------------------------
    layer3 = tf.layers.dense(
        inputs=flat,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )

    print('layer3 ', np.shape(layer3))

    dropout1 = tf.layers.dropout(layer3, rate=dropout_keep)


    # -------------------------------------fc2------------------------------------------
    layer4 = tf.layers.dense(
        inputs=dropout1,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout2 = tf.layers.dropout(layer4, rate=dropout_keep)

    # -------------------------------------fc3------------------------------------------

    layer5 = tf.layers.dense(
        inputs=dropout2,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout3 = tf.layers.dropout(layer5, rate=dropout_keep)

    # -------------------------------------fc4------------------------------------------

    layer6 = tf.layers.dense(
        inputs=dropout3,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout4 = tf.layers.dropout(layer6, rate=dropout_keep)

    # -------------------------------------fc5------------------------------------------

    layer7 = tf.layers.dense(
        inputs=dropout4,
        units=2000,
        activation=tf.nn.relu6,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout5 = tf.layers.dropout(layer7, rate=dropout_keep)

    # -------------------------------------fc6------------------------------------------

    layer8 = tf.layers.dense(
        inputs=dropout5,
        units=2000,
        activation=tf.nn.relu,
        use_bias=True,
        trainable=True,
        name=None
    )
    print('layer4: ', np.shape(layer4))

    dropout = tf.nn.dropout(layer8, dropout_keep)

    print('dropout: ', np.shape(dropout))

    # -------------------------------------output------------------------------------------
    output = tf.layers.dense(
        inputs=dropout,
        activation=tf.nn.softmax,
        units=N_classes,
        name='conv_modjgel_output'
    )
    print('output: ', np.shape(output))

    return output











GLCM_Features.m

function [out] = GLCM_Features1(glcmin,pairs)
% 
% GLCM_Features1 helps to calculate the features from the different GLCMs
% that are input to the function. The GLCMs are stored in a i x j x n
% matrix, where n is the number of GLCMs calculated usually due to the
% different orientation and displacements used in the algorithm. Usually
% the values i and j are equal to 'NumLevels' parameter of the GLCM
% computing function graycomatrix(). Note that matlab quantization values
% belong to the set {1,..., NumLevels} and not from {0,...,(NumLevels-1)}
% as provided in some references
% http://www.mathworks.com/access/helpdesk/help/toolbox/images/graycomatrix
% .html
% 
% Although there is a function graycoprops() in Matlab Image Processing
% Toolbox that computes four parameters Contrast, Correlation, Energy,
% and Homogeneity. The paper by Haralick suggests a few more parameters
% that are also computed here. The code is not fully vectorized and hence
% is not an efficient implementation but it is easy to add new features
% based on the GLCM using this code. Takes care of 3 dimensional glcms
% (multiple glcms in a single 3D array)
% 
% If you find that the values obtained are different from what you expect 
% or if you think there is a different formula that needs to be used 
% from the ones used in this code please let me know. 
% A few questions which I have are listed in the link 
% http://www.mathworks.com/matlabcentral/newsreader/view_thread/239608
%
% I plan to submit a vectorized version of the code later and provide 
% updates based on replies to the above link and this initial code. 
%
% Features computed 
% Autocorrelation: [2]                      (out.autoc)
% Contrast: matlab/[1,2]                    (out.contr)
% Correlation: matlab                       (out.corrm)
% Correlation: [1,2]                        (out.corrp)
% Cluster Prominence: [2]                   (out.cprom)
% Cluster Shade: [2]                        (out.cshad)
% Dissimilarity: [2]                        (out.dissi)
% Energy: matlab / [1,2]                    (out.energ)
% Entropy: [2]                              (out.entro)
% Homogeneity: matlab                       (out.homom)
% Homogeneity: [2]                          (out.homop)
% Maximum probability: [2]                  (out.maxpr)
% Sum of sqaures: Variance [1]              (out.sosvh)
% Sum average [1]                           (out.savgh)
% Sum variance [1]                          (out.svarh)
% Sum entropy [1]                           (out.senth)
% Difference variance [1]                   (out.dvarh)
% Difference entropy [1]                    (out.denth)
% Information measure of correlation1 [1]   (out.inf1h)
% Informaiton measure of correlation2 [1]   (out.inf2h)
% Inverse difference (INV) is homom [3]     (out.homom)
% Inverse difference normalized (INN) [3]   (out.indnc) 
% Inverse difference moment normalized [3]  (out.idmnc)
%
% The maximal correlation coefficient was not calculated due to
% computational instability 
% http://murphylab.web.cmu.edu/publications/boland/boland_node26.html
%
% Formulae from MATLAB site (some look different from
% the paper by Haralick but are equivalent and give same results)
% Example formulae: 
% Contrast = sum_i(sum_j(  (i-j)^2 * p(i,j) ) ) (same in matlab/paper)
% Correlation = sum_i( sum_j( (i - u_i)(j - u_j)p(i,j)/(s_i.s_j) ) ) (m)
% Correlation = sum_i( sum_j( ((ij)p(i,j) - u_x.u_y) / (s_x.s_y) ) ) (p[2])
% Energy = sum_i( sum_j( p(i,j)^2 ) )           (same in matlab/paper)
% Homogeneity = sum_i( sum_j( p(i,j) / (1 + |i-j|) ) ) (as in matlab)
% Homogeneity = sum_i( sum_j( p(i,j) / (1 + (i-j)^2) ) ) (as in paper)
% 
% Where:
% u_i = u_x = sum_i( sum_j( i.p(i,j) ) ) (in paper [2])
% u_j = u_y = sum_i( sum_j( j.p(i,j) ) ) (in paper [2])
% s_i = s_x = sum_i( sum_j( (i - u_x)^2.p(i,j) ) ) (in paper [2])
% s_j = s_y = sum_i( sum_j( (j - u_y)^2.p(i,j) ) ) (in paper [2])
%
% 
% Normalize the glcm:
% Compute the sum of all the values in each glcm in the array and divide 
% each element by it sum
%
% Haralick uses 'Symmetric' = true in computing the glcm
% There is no Symmetric flag in the Matlab version I use hence
% I add the diagonally opposite pairs to obtain the Haralick glcm
% Here it is assumed that the diagonally opposite orientations are paired
% one after the other in the matrix
% If the above assumption is true with respect to the input glcm then
% setting the flag 'pairs' to 1 will compute the final glcms that would result 
% by setting 'Symmetric' to true. If your glcm is computed using the
% Matlab version with 'Symmetric' flag you can set the flag 'pairs' to 0
%
% References:
% 1. R. M. Haralick, K. Shanmugam, and I. Dinstein, Textural Features of
% Image Classification, IEEE Transactions on Systems, Man and Cybernetics,
% vol. SMC-3, no. 6, Nov. 1973
% 2. L. Soh and C. Tsatsoulis, Texture Analysis of SAR Sea Ice Imagery
% Using Gray Level Co-Occurrence Matrices, IEEE Transactions on Geoscience
% and Remote Sensing, vol. 37, no. 2, March 1999.
% 3. D A. Clausi, An analysis of co-occurrence texture statistics as a
% function of grey level quantization, Can. J. Remote Sensing, vol. 28, no.
% 1, pp. 45-62, 2002
% 4. http://murphylab.web.cmu.edu/publications/boland/boland_node26.html
%
%
% Example:
%
% Usage is similar to graycoprops() but needs extra parameter 'pairs' apart
% from the GLCM as input
% I = imread('circuit.tif');
% GLCM2 = graycomatrix(I,'Offset',[2 0;0 2]);
% stats = GLCM_features1(GLCM2,0)
% The output is a structure containing all the parameters for the different
% GLCMs
%
% [Avinash Uppuluri: avinash_uv@yahoo.com: Last modified: 11/20/08]

% If 'pairs' not entered: set pairs to 0 
if ((nargin > 2) || (nargin == 0))
   error('Too many or too few input arguments. Enter GLCM and pairs.');
elseif ( (nargin == 2) ) 
    if ((size(glcmin,1) <= 1) || (size(glcmin,2) <= 1))
       error('The GLCM should be a 2-D or 3-D matrix.');
    elseif ( size(glcmin,1) ~= size(glcmin,2) )
        error('Each GLCM should be square with NumLevels rows and NumLevels cols');
    end    
elseif (nargin == 1) % only GLCM is entered
    pairs = 0; % default is numbers and input 1 for percentage
    if ((size(glcmin,1) <= 1) || (size(glcmin,2) <= 1))
       error('The GLCM should be a 2-D or 3-D matrix.');
    elseif ( size(glcmin,1) ~= size(glcmin,2) )
       error('Each GLCM should be square with NumLevels rows and NumLevels cols');
    end    
end


format long e
if (pairs == 1)
    newn = 1;
    for nglcm = 1:2:size(glcmin,3)
        glcm(:,:,newn)  = glcmin(:,:,nglcm) + glcmin(:,:,nglcm+1);
        newn = newn + 1;
    end
elseif (pairs == 0)
    glcm = glcmin;
end

size_glcm_1 = size(glcm,1);
size_glcm_2 = size(glcm,2);
size_glcm_3 = size(glcm,3);

% checked 
out.autoc = zeros(1,size_glcm_3); % Autocorrelation: [2] 
out.contr = zeros(1,size_glcm_3); % Contrast: matlab/[1,2]
out.corrm = zeros(1,size_glcm_3); % Correlation: matlab
out.corrp = zeros(1,size_glcm_3); % Correlation: [1,2]
out.cprom = zeros(1,size_glcm_3); % Cluster Prominence: [2]
out.cshad = zeros(1,size_glcm_3); % Cluster Shade: [2]
out.dissi = zeros(1,size_glcm_3); % Dissimilarity: [2]
out.energ = zeros(1,size_glcm_3); % Energy: matlab / [1,2]
out.entro = zeros(1,size_glcm_3); % Entropy: [2]
out.homom = zeros(1,size_glcm_3); % Homogeneity: matlab
out.homop = zeros(1,size_glcm_3); % Homogeneity: [2]
out.maxpr = zeros(1,size_glcm_3); % Maximum probability: [2]

out.sosvh = zeros(1,size_glcm_3); % Sum of sqaures: Variance [1]
out.savgh = zeros(1,size_glcm_3); % Sum average [1]
out.svarh = zeros(1,size_glcm_3); % Sum variance [1]
out.senth = zeros(1,size_glcm_3); % Sum entropy [1]
out.dvarh = zeros(1,size_glcm_3); % Difference variance [4]
%out.dvarh2 = zeros(1,size_glcm_3); % Difference variance [1]
out.denth = zeros(1,size_glcm_3); % Difference entropy [1]
out.inf1h = zeros(1,size_glcm_3); % Information measure of correlation1 [1]
out.inf2h = zeros(1,size_glcm_3); % Informaiton measure of correlation2 [1]
%out.mxcch = zeros(1,size_glcm_3);% maximal correlation coefficient [1]
%out.invdc = zeros(1,size_glcm_3);% Inverse difference (INV) is homom [3]
out.indnc = zeros(1,size_glcm_3); % Inverse difference normalized (INN) [3]
out.idmnc = zeros(1,size_glcm_3); % Inverse difference moment normalized [3]

% correlation with alternate definition of u and s
%out.corrm2 = zeros(1,size_glcm_3); % Correlation: matlab
%out.corrp2 = zeros(1,size_glcm_3); % Correlation: [1,2]

glcm_sum  = zeros(size_glcm_3,1);
glcm_mean = zeros(size_glcm_3,1);
glcm_var  = zeros(size_glcm_3,1);

% http://www.fp.ucalgary.ca/mhallbey/glcm_mean.htm confuses the range of 
% i and j used in calculating the means and standard deviations.
% As of now I am not sure if the range of i and j should be [1:Ng] or
% [0:Ng-1]. I am working on obtaining the values of mean and std that get
% the values of correlation that are provided by matlab.
u_x = zeros(size_glcm_3,1);
u_y = zeros(size_glcm_3,1);
s_x = zeros(size_glcm_3,1);
s_y = zeros(size_glcm_3,1);

% % alternate values of u and s
% u_x2 = zeros(size_glcm_3,1);
% u_y2 = zeros(size_glcm_3,1);
% s_x2 = zeros(size_glcm_3,1);
% s_y2 = zeros(size_glcm_3,1);

% checked p_x p_y p_xplusy p_xminusy
p_x = zeros(size_glcm_1,size_glcm_3); % Ng x #glcms[1]  
p_y = zeros(size_glcm_2,size_glcm_3); % Ng x #glcms[1]
p_xplusy = zeros((size_glcm_1*2 - 1),size_glcm_3); %[1]
p_xminusy = zeros((size_glcm_1),size_glcm_3); %[1]
% checked hxy hxy1 hxy2 hx hy
hxy  = zeros(size_glcm_3,1);
hxy1 = zeros(size_glcm_3,1);
hx   = zeros(size_glcm_3,1);
hy   = zeros(size_glcm_3,1);
hxy2 = zeros(size_glcm_3,1);

%Q    = zeros(size(glcm));

for k = 1:size_glcm_3 % number glcms

    glcm_sum(k) = sum(sum(glcm(:,:,k)));
    glcm(:,:,k) = glcm(:,:,k)./glcm_sum(k); % Normalize each glcm
    glcm_mean(k) = mean2(glcm(:,:,k)); % compute mean after norm
    glcm_var(k)  = (std2(glcm(:,:,k)))^2;
    
    for i = 1:size_glcm_1

        for j = 1:size_glcm_2

            out.contr(k) = out.contr(k) + (abs(i - j))^2.*glcm(i,j,k);
            out.dissi(k) = out.dissi(k) + (abs(i - j)*glcm(i,j,k));
            out.energ(k) = out.energ(k) + (glcm(i,j,k).^2);
            out.entro(k) = out.entro(k) - (glcm(i,j,k)*log(glcm(i,j,k) + eps));
            out.homom(k) = out.homom(k) + (glcm(i,j,k)/( 1 + abs(i-j) ));
            out.homop(k) = out.homop(k) + (glcm(i,j,k)/( 1 + (i - j)^2));
            % [1] explains sum of squares variance with a mean value;
            % the exact definition for mean has not been provided in 
            % the reference: I use the mean of the entire normalized glcm 
            out.sosvh(k) = out.sosvh(k) + glcm(i,j,k)*((i - glcm_mean(k))^2);
            
            %out.invdc(k) = out.homom(k);
            out.indnc(k) = out.indnc(k) + (glcm(i,j,k)/( 1 + (abs(i-j)/size_glcm_1) ));
            out.idmnc(k) = out.idmnc(k) + (glcm(i,j,k)/( 1 + ((i - j)/size_glcm_1)^2));
            u_x(k)          = u_x(k) + (i)*glcm(i,j,k); % changed 10/26/08
            u_y(k)          = u_y(k) + (j)*glcm(i,j,k); % changed 10/26/08
            % code requires that Nx = Ny 
            % the values of the grey levels range from 1 to (Ng) 
        end
        
    end
    out.maxpr(k) = max(max(glcm(:,:,k)));
end
% glcms have been normalized:
% The contrast has been computed for each glcm in the 3D matrix
% (tested) gives similar results to the matlab function

for k = 1:size_glcm_3
    
    for i = 1:size_glcm_1
        
        for j = 1:size_glcm_2
            p_x(i,k) = p_x(i,k) + glcm(i,j,k); 
            p_y(i,k) = p_y(i,k) + glcm(j,i,k); % taking i for j and j for i
            if (ismember((i + j),[2:2*size_glcm_1])) 
                p_xplusy((i+j)-1,k) = p_xplusy((i+j)-1,k) + glcm(i,j,k);
            end
            if (ismember(abs(i-j),[0:(size_glcm_1-1)])) 
                p_xminusy((abs(i-j))+1,k) = p_xminusy((abs(i-j))+1,k) +...
                    glcm(i,j,k);
            end
        end
    end
    
%     % consider u_x and u_y and s_x and s_y as means and standard deviations
%     % of p_x and p_y
%     u_x2(k) = mean(p_x(:,k));
%     u_y2(k) = mean(p_y(:,k));
%     s_x2(k) = std(p_x(:,k));
%     s_y2(k) = std(p_y(:,k));
    
end

% marginal probabilities are now available [1]
% p_xminusy has +1 in index for matlab (no 0 index)
% computing sum average, sum variance and sum entropy:
for k = 1:(size_glcm_3)
    
    for i = 1:(2*(size_glcm_1)-1)
        out.savgh(k) = out.savgh(k) + (i+1)*p_xplusy(i,k);
        % the summation for savgh is for i from 2 to 2*Ng hence (i+1)
        out.senth(k) = out.senth(k) - (p_xplusy(i,k)*log(p_xplusy(i,k) + eps));
    end

end
% compute sum variance with the help of sum entropy
for k = 1:(size_glcm_3)
    
    for i = 1:(2*(size_glcm_1)-1)
        out.svarh(k) = out.svarh(k) + (((i+1) - out.senth(k))^2)*p_xplusy(i,k);
        % the summation for savgh is for i from 2 to 2*Ng hence (i+1)
    end

end
% compute difference variance, difference entropy, 
for k = 1:size_glcm_3
% out.dvarh2(k) = var(p_xminusy(:,k));
% but using the formula in 
% http://murphylab.web.cmu.edu/publications/boland/boland_node26.html
% we have for dvarh
    for i = 0:(size_glcm_1-1)
        out.denth(k) = out.denth(k) - (p_xminusy(i+1,k)*log(p_xminusy(i+1,k) + eps));
        out.dvarh(k) = out.dvarh(k) + (i^2)*p_xminusy(i+1,k);
    end
end

% compute information measure of correlation(1,2) [1]
for k = 1:size_glcm_3
    hxy(k) = out.entro(k);
    for i = 1:size_glcm_1
        
        for j = 1:size_glcm_2
            hxy1(k) = hxy1(k) - (glcm(i,j,k)*log(p_x(i,k)*p_y(j,k) + eps));
            hxy2(k) = hxy2(k) - (p_x(i,k)*p_y(j,k)*log(p_x(i,k)*p_y(j,k) + eps));
%             for Qind = 1:(size_glcm_1)
%                 Q(i,j,k) = Q(i,j,k) +...
%                     ( glcm(i,Qind,k)*glcm(j,Qind,k) / (p_x(i,k)*p_y(Qind,k)) ); 
%             end
        end
        hx(k) = hx(k) - (p_x(i,k)*log(p_x(i,k) + eps));
        hy(k) = hy(k) - (p_y(i,k)*log(p_y(i,k) + eps));
    end
    out.inf1h(k) = ( hxy(k) - hxy1(k) ) / ( max([hx(k),hy(k)]) );
    out.inf2h(k) = ( 1 - exp( -2*( hxy2(k) - hxy(k) ) ) )^0.5;
%     eig_Q(k,:)   = eig(Q(:,:,k));
%     sort_eig(k,:)= sort(eig_Q(k,:),'descend');
%     out.mxcch(k) = sort_eig(k,2)^0.5;
% The maximal correlation coefficient was not calculated due to
% computational instability 
% http://murphylab.web.cmu.edu/publications/boland/boland_node26.html
end

corm = zeros(size_glcm_3,1);
corp = zeros(size_glcm_3,1);
% using http://www.fp.ucalgary.ca/mhallbey/glcm_variance.htm for s_x s_y
for k = 1:size_glcm_3
    for i = 1:size_glcm_1
        for j = 1:size_glcm_2
            s_x(k)  = s_x(k)  + (((i) - u_x(k))^2)*glcm(i,j,k);
            s_y(k)  = s_y(k)  + (((j) - u_y(k))^2)*glcm(i,j,k);
            corp(k) = corp(k) + ((i)*(j)*glcm(i,j,k));
            corm(k) = corm(k) + (((i) - u_x(k))*((j) - u_y(k))*glcm(i,j,k));
            out.cprom(k) = out.cprom(k) + (((i + j - u_x(k) - u_y(k))^4)*...
                glcm(i,j,k));
            out.cshad(k) = out.cshad(k) + (((i + j - u_x(k) - u_y(k))^3)*...
                glcm(i,j,k));
        end
    end
    % using http://www.fp.ucalgary.ca/mhallbey/glcm_variance.htm for s_x
    % s_y : This solves the difference in value of correlation and might be
    % the right value of standard deviations required 
    % According to this website there is a typo in [2] which provides
    % values of variance instead of the standard deviation hence a square
    % root is required as done below:
    s_x(k) = s_x(k) ^ 0.5;
    s_y(k) = s_y(k) ^ 0.5;
    out.autoc(k) = corp(k);
    out.corrp(k) = (corp(k) - u_x(k)*u_y(k))/(s_x(k)*s_y(k));
    out.corrm(k) = corm(k) / (s_x(k)*s_y(k));
%     % alternate values of u and s
%     out.corrp2(k) = (corp(k) - u_x2(k)*u_y2(k))/(s_x2(k)*s_y2(k));
%     out.corrm2(k) = corm(k) / (s_x2(k)*s_y2(k));
end
% Here the formula in the paper out.corrp and the formula in matlab
% out.corrm are equivalent as confirmed by the similar results obtained

% % The papers have a slightly different formular for Contrast
% % I have tested here to find this formula in the papers provides the 
% % same results as the formula provided by the matlab function for 
% % Contrast (Hence this part has been commented)
% out.contrp = zeros(size_glcm_3,1);
% contp = 0;
% Ng = size_glcm_1;
% for k = 1:size_glcm_3
%     for n = 0:(Ng-1)
%         for i = 1:Ng
%             for j = 1:Ng
%                 if (abs(i-j) == n)
%                     contp = contp + glcm(i,j,k);
%                 end
%             end
%         end
%         out.contrp(k) = out.contrp(k) + n^2*contp;
%         contp = 0;
%     end
%     
% end

%       GLCM Features (Soh, 1999; Haralick, 1973; Clausi 2002)
%           f1. Uniformity / Energy / Angular Second Moment (done)
%           f2. Entropy (done)
%           f3. Dissimilarity (done)
%           f4. Contrast / Inertia (done)
%           f5. Inverse difference    
%           f6. correlation
%           f7. Homogeneity / Inverse difference moment
%           f8. Autocorrelation
%           f9. Cluster Shade
%          f10. Cluster Prominence
%          f11. Maximum probability
%          f12. Sum of Squares
%          f13. Sum Average
%          f14. Sum Variance
%          f15. Sum Entropy
%          f16. Difference variance
%          f17. Difference entropy
%          f18. Information measures of correlation (1)
%          f19. Information measures of correlation (2)
%          f20. Maximal correlation coefficient
%          f21. Inverse difference normalized (INN)
%          f22. Inverse difference moment normalized (IDN)







loadniftispm.m

function mrimage = loadniftispm(fname)

imhan = spm_vol_nifti(fname);
mrimage = zeros(imhan.dim);
for i = 1 : imhan.dim(3)
    imsli = spm_slice_vol(imhan,spm_matrix([0 0 i]),imhan.dim(1:2),0);
    mrimage(:,:,i) = imsli;
end
%[mrimage, loc] = spm_read_vols(struct);







load_untouch_nii.m

%  Load NIFTI or ANALYZE dataset, but not applying any appropriate affine
%  geometric transform or voxel intensity scaling.
%
%  Although according to NIFTI website, all those header information are
%  supposed to be applied to the loaded NIFTI image, there are some
%  situations that people do want to leave the original NIFTI header and
%  data untouched. They will probably just use MATLAB to do certain image
%  processing regardless of image orientation, and to save data back with
%  the same NIfTI header.
%
%  Since this program is only served for those situations, please use it
%  together with "save_untouch_nii.m", and do not use "save_nii.m" or
%  "view_nii.m" for the data that is loaded by "load_untouch_nii.m". For
%  normal situation, you should use "load_nii.m" instead.
%  
%  Usage: nii = load_untouch_nii(filename, [img_idx], [dim5_idx], [dim6_idx], ...
%			[dim7_idx], [old_RGB], [slice_idx])
%  
%  filename  - 	NIFTI or ANALYZE file name.
%  
%  img_idx (optional)  -  a numerical array of image volume indices.
%	Only the specified volumes will be loaded. All available image
%	volumes will be loaded, if it is default or empty.
%
%	The number of images scans can be obtained from get_nii_frame.m,
%	or simply: hdr.dime.dim(5).
%
%  dim5_idx (optional)  -  a numerical array of 5th dimension indices.
%	Only the specified range will be loaded. All available range
%	will be loaded, if it is default or empty.
%
%  dim6_idx (optional)  -  a numerical array of 6th dimension indices.
%	Only the specified range will be loaded. All available range
%	will be loaded, if it is default or empty.
%
%  dim7_idx (optional)  -  a numerical array of 7th dimension indices.
%	Only the specified range will be loaded. All available range
%	will be loaded, if it is default or empty.
%
%  old_RGB (optional)  -  a scale number to tell difference of new RGB24
%	from old RGB24. New RGB24 uses RGB triple sequentially for each
%	voxel, like [R1 G1 B1 R2 G2 B2 ...]. Analyze 6.0 from AnalyzeDirect
%	uses old RGB24, in a way like [R1 R2 ... G1 G2 ... B1 B2 ...] for
%	each slices. If the image that you view is garbled, try to set 
%	old_RGB variable to 1 and try again, because it could be in
%	old RGB24. It will be set to 0, if it is default or empty.
%
%  slice_idx (optional)  -  a numerical array of image slice indices.
%	Only the specified slices will be loaded. All available image
%	slices will be loaded, if it is default or empty.
%
%  Returned values:
%  
%  nii structure:
%
%	hdr -		struct with NIFTI header fields.
%
%	filetype -	Analyze format .hdr/.img (0); 
%			NIFTI .hdr/.img (1);
%			NIFTI .nii (2)
%
%	fileprefix - 	NIFTI filename without extension.
%
%	machine - 	machine string variable.
%
%	img - 		3D (or 4D) matrix of NIFTI data.
%
%  - Jimmy Shen (jimmy@rotman-baycrest.on.ca)
%
function nii = load_untouch_nii(filename, img_idx, dim5_idx, dim6_idx, dim7_idx, ...
			old_RGB, slice_idx)

   if ~exist('filename','var')
      error('Usage: nii = load_untouch_nii(filename, [img_idx], [dim5_idx], [dim6_idx], [dim7_idx], [old_RGB], [slice_idx])');
   end

   if ~exist('img_idx','var') | isempty(img_idx)
      img_idx = [];
   end

   if ~exist('dim5_idx','var') | isempty(dim5_idx)
      dim5_idx = [];
   end

   if ~exist('dim6_idx','var') | isempty(dim6_idx)
      dim6_idx = [];
   end

   if ~exist('dim7_idx','var') | isempty(dim7_idx)
      dim7_idx = [];
   end

   if ~exist('old_RGB','var') | isempty(old_RGB)
      old_RGB = 0;
   end

   if ~exist('slice_idx','var') | isempty(slice_idx)
      slice_idx = [];
   end


   v = version;

   %  Check file extension. If .gz, unpack it into temp folder
   %
   if length(filename) > 2 & strcmp(filename(end-2:end), '.gz')

      if ~strcmp(filename(end-6:end), '.img.gz') & ...
	 ~strcmp(filename(end-6:end), '.hdr.gz') & ...
	 ~strcmp(filename(end-6:end), '.nii.gz')

         error('Please check filename.');
      end

      if str2num(v(1:3)) < 7.1 | ~usejava('jvm')
         error('Please use MATLAB 7.1 (with java) and above, or run gunzip outside MATLAB.');
      elseif strcmp(filename(end-6:end), '.img.gz')
         filename1 = filename;
         filename2 = filename;
         filename2(end-6:end) = '';
         filename2 = [filename2, '.hdr.gz'];

         tmpDir = tempname;
         mkdir(tmpDir);
         gzFileName = filename;

         filename1 = gunzip(filename1, tmpDir);
         filename2 = gunzip(filename2, tmpDir);
         filename = char(filename1);	% convert from cell to string
      elseif strcmp(filename(end-6:end), '.hdr.gz')
         filename1 = filename;
         filename2 = filename;
         filename2(end-6:end) = '';
         filename2 = [filename2, '.img.gz'];

         tmpDir = tempname;
         mkdir(tmpDir);
         gzFileName = filename;

         filename1 = gunzip(filename1, tmpDir);
         filename2 = gunzip(filename2, tmpDir);
         filename = char(filename1);	% convert from cell to string
      elseif strcmp(filename(end-6:end), '.nii.gz')
         tmpDir = tempname;
         mkdir(tmpDir);
         gzFileName = filename;
         filename = gunzip(filename, tmpDir);
         filename = char(filename);	% convert from cell to string
      end
   end

   %  Read the dataset header
   %
   [nii.hdr,nii.filetype,nii.fileprefix,nii.machine] = load_nii_hdr(filename);

   if nii.filetype == 0
      nii.hdr = load_untouch0_nii_hdr(nii.fileprefix,nii.machine);
      nii.ext = [];
   else
      nii.hdr = load_untouch_nii_hdr(nii.fileprefix,nii.machine,nii.filetype);

      %  Read the header extension
      %
      nii.ext = load_nii_ext(filename);
   end

   %  Read the dataset body
   %
   [nii.img,nii.hdr] = load_untouch_nii_img(nii.hdr,nii.filetype,nii.fileprefix, ...
		nii.machine,img_idx,dim5_idx,dim6_idx,dim7_idx,old_RGB,slice_idx);

   %  Perform some of sform/qform transform
   %
%   nii = xform_nii(nii, tolerance, preferredForm);

   nii.untouch = 1;


   %  Clean up after gunzip
   %
   if exist('gzFileName', 'var')

      %  fix fileprefix so it doesn't point to temp location
      %
      nii.fileprefix = gzFileName(1:end-7);
      rmdir(tmpDir,'s');
   end


   return					% load_untouch_nii








Main.m


%% Extra metadata from ADNI-data

clear all
close all

Folder = [{'C:\...pathtofolder'};%ex. call pwd and strcat with folder
        {'C:\...pathtofolder'}];


[Metadata, Subjects] = Extract_Metadata_ADNI_xml(Folder);
%Extract metadata and subject label from ADNI_xml_files


%% Extract Metadata from DLB-consortium

% Diagnosis Labels:
% 0 -> NC
% 1 -> DLB
% 3 -> AD



clear all
close all


%Klinisk_info = xml2struct('EDLB_clin_demo_info.xml');
Fil = 'EDLB_clin_demo_info.csv';
Start = 2;
End = 1361;

[EDLBcode,HaveMRI,HaveT1,HaveFLAIR,HavebothT1andFLAIR,diagnosis,ageatbaseline,gender0M1F,MMSEatbaseline,educationyrs,educationlevel,parkinsonismatbaseline01,visualhalucinationsatbaseline01,cognitivefluctuationsatbaseline01] = csv2data(Fil, Start, End);

Klinisk_info = [EDLBcode, diagnosis, ageatbaseline, gender0M1F];

%ADNI           =1
%Ljubljana      =2
%Santpau        =3
%Norge          =4
%Chieti         =5
%Newcastle      =6
%Genoa          =7
%Venezia        =8
%Brno           =9
%Ess?           =10
%Santpau        =11
%Brescia        =12
%Amsterdam      =13
%Strasbourg     =14
%Praha          =15
%Neg?           =16
%ICL?           =17

EDLB_kode = [{'ADNI'}, {'Ljubljana'}, {'Santpau'}, {'Norge'}, {'Chieti'}, ...
    {'Newcastle'}, {'Genoa'}, {'Venezia'}, {'Brno'}, {'Ess'}, {'Santpau'}, ...
    {'Brescia'}, {'Amsterdam'}, {'Strasbourg'}, {'Praha'}, {'Neg'}, {'ICL'}];


Study_Labels = [];
Study_Labels2 = [];

j=1;

for i = 1:length(Klinisk_info)
    if i~=1
        if Klinisk_info(i,1)<Klinisk_info(i-1,1) && i ~=1              
            j=j+1;
        end
    end
    Study_Labels(i) = j;
    %Study_Labels2(i) = EDLB_kode{j};
end

Study_Labels = Study_Labels';

Klinisk_info_labels = horzcat(Study_Labels, Klinisk_info);

%% List subjects available for the different classes

DLB_patients_EDLB = find((diagnosis==1)&(HaveT1==1));
AD_patients_EDLB = find((diagnosis==3)&(HaveT1==1));
NC_patients_EDLB = find((diagnosis==0)&(HaveT1==1));

%Preferably use all DLB-patients available, as NC- and AD subjects will
%both surpass DLB-subjects, when supplemented with ADNI-data

%% Load nifti files from chosen directory and label them

clear all
close all


Folder =  [{'C:\...pathtofolderEDLB1'},{'C:\...pathtofolderNC1'},{'C:\...pathtofolderAD1'};%For one class        
           {'C:\...pathtofolderEDLB2'},{'C:\...pathtofolderNC2'},{'C:\...pathtofolderAD2'}];%separate folder for other class for labels      

Nifti_Files = [Nifti_EDLB; Nifti_NC; Nifti_AD];

for i = 1:length(Nifti_Files)
    Nifti_Files(i) = Extract_Nifti(Folder{i,:});
end    
%Recognizes all nifti files, and load them to a variable. Wise to keep
%NC, AD and DLB separated

NC_TS = [1, 0, 0];
AD_TS = [0, 1, 0];
DLB_TS = [0, 0, 1];
%Labels for the classes

Labels = 1;%1 if Labels added to the cell structure containing brain volumes (CNN)
%Labels = 2; Add labels of NC = 0, AD = 1, DLB = 2 (SVM)

%SVM-classification requires mat-files with 0,1,2 labelling
%CNN-classification requires one-hot labels, i.e. [1, 0, 0] etc.

if Labels == 1  
    
    for i = 1:length(Nifti_EDLB)
        Nifti_EDLB{i,2} = DLB_TS;
    end
    
    for i = 1:length(Nifti_NC)
        Nifti_NC{i,2} = NC_TS;
    end
    
    for i = 1:length(Nifti_AD)
        Nifti_AD{i,2} = AD_TS;
    end
  
elseif Labels == 2
    
    for i = 1:length(Nifti_EDLB)
        a=zeros(length(Nifti_EDLB),1);
        a=a+2;
        a=num2cell(a);
        Nifti_EDLB_Python = [Nifti_EDLB, a];
    end
    
    for i = 1:length(Nifti_NC)
        b=zeros(length(Nifti_NC),1);
        b=num2cell(b);
        Nifti_NC_Python = [Nifti_NC, b];
    end
    
    for i = 1:length(Nifti_AD)
        c=zeros(length(Nifti_AD),1);
        c=c+1;
        c=num2cell(c);
        Nifti_EDLB_Python = [Nifti_AD, c];
    end
    
        
    
end

%Cells can be stored in .mat-files and exported to Python
%excample: save('Nifti_AD.mat','Nifti_AD')

       
















Normalize.mat

matlabbatch:[1x1  cell array]






PreProcessing.m

%% Pre-processing steps

%The pre-processing pipeline. Realignment was not used during the thesis,
%as T1-structurals were the brain volumes to be used.

%% Realignment (Motion correction)

%Only use for functional scans

clear all
close all

load('Realign.mat');

Folder =  [{'C:\...pathtofolder'};%f.ex. strcat(pwd,'\Chose_Folder')          
          {'C:\...pathtofolder'}];

output_list={};       
       
for j=1:length(Folder)
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    Nifti_Files = dirrec(Folder{j},'.nii')';
    for i=1:length(Nifti_Files)
        matlabbatch{1, 1}.spm.spatial.realign.estimate.data = {strcat({Nifti_Files{i}},',1')};
        output_list{i,j} = spm_jobman('run',matlabbatch);
    end
end      
      
      
%% Spatial normalization

%Normalize brain volumes to MNI152

load('Normalize.mat')


Folder =  [{'C:\...pathtofolder'};%f.ex. strcat(pwd,'\Chose_Folder')       
          {'C:\...pathtofolder'}];     
       
output_list={};       
       
for j=1:length(Folder)
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    %Metadata_info{3,1} = xml2struct(Folder_temp(3).name);
    Nifti_Files = dirrec(Folder{j},'.nii')';
    for i=1:length(Nifti_Files)
        matlabbatch{1, 1}.spm.spatial.normalise.estwrite.subj.vol = {Nifti_Files{i}};
        matlabbatch{1, 1}.spm.spatial.normalise.estwrite.subj.resample  = {Nifti_Files{i}};
        output_list{i,j} = spm_jobman('run',matlabbatch)
    end


end       
       

%% Brain Segmentation

%Segment the brain to:
%Gray Matter
%White Matter
%Cerebrospinal Fluid
%Extracerebral Tissues
%Skull
%Other

clear all
close all

load('Segment.mat')

%Move to a shorter path if path > 256 characters

Folder =  [{'C:\...pathtofolder'};%f.ex. strcat(pwd,'\Chose_Folder')         
          {'C:\...pathtofolder'}];


output_list={};       
startwith = 'w';%Only use warped images if located in same folder


for j=1:length(Folder)
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    Nifti_Files = dirrec(Folder{j},'.nii')';
    
    for i=1:length(Nifti_Files)
        [filepath,name,ext] = fileparts(Nifti_Files{i});
        TF = startsWith(name,startwith);
        if TF == 1
            matlabbatch{1, 1}.spm.spatial.preproc.channel.vols = {Nifti_Files{i}};
            output_list{i,j} = spm_jobman('run',matlabbatch)
        end        
    end

end     

%% Use T1 image and three segments (CSF, GM, WM) to skull strip

%Folder with the T1 images

clear all
close all

load('Skullstrip.mat')

Folder =  [{'C:\...pathtofolder'};%f.ex. strcat(pwd,'\Chose_Folder')         
          {'C:\...pathtofolder'}];

output_list={};   
startwith = 'w';%Only recreate warped images  
Amount_segmented_images = 3;%GM, WM, CSF  

for j=1:length(Folder)
    Nifti_Files = {};
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    Nifti_Files_temp = dirrec(Folder{j},'.nii')';%List all nifti files
    for k=1:length(Nifti_Files_temp)
            [filepath,name,ext] = fileparts(Nifti_Files_temp{k});
            TF = startsWith(name,startwith);%keep only warped images
            if TF == 1
                Nifti_Files = [Nifti_Files; Nifti_Files_temp{k}];
            end
    end
    %out = [{'AD_screening'}, {'NC_screening'},
    %{'AD_baseline'},{'NC_baseline'}];%create subfolders
    direc = 'C:\Users\rune.risanger\Documents\ADNI\ADNI_skullstrip\';%guide output folder
    Folder2_temp = dir(Folder2{j});
    for i=1:length(Nifti_Files)
        if strcmp(out{j},'Newcastle_nifti')==1
            Nmb_Img = length(Nifti_Files);
            Segmented_Files={};
            for n=1:Amount_segmented_images
                Segmented_Files(n) = {strcat(Folder2{j},'\',Folder2_temp(((n-1)*Nmb_Img)+2+i).name)};                              
            end
            
            Segmented_Files = Segmented_Files';
            

            matlabbatch{1, 1}.spm.util.imcalc.input = [{Nifti_Files{i}};Segmented_Files(:)]%set input images. should be t1 image + GM, WM, CSF
            matlabbatch{1, 1}.spm.util.imcalc.output = strcat(out{j},num2str(i));%output filename
            matlabbatch{1, 1}.spm.util.imcalc.outdir  = strcat(direc,out{j});%output directory        
        else
            Folder_2_list = Folder2_temp(i+2).name;
            
            Segmented_Files = dirrec(strcat(Folder2{j},'\',Folder_2_list))';%list all files from the folder
            if isempty(Segmented_Files) == 0
                matlabbatch{1, 1}.spm.util.imcalc.input = [{Nifti_Files{i}};Segmented_Files(1:Amount_segmented_images)]%set input images. should be t1 image + GM, WM, CSV
                matlabbatch{1, 1}.spm.util.imcalc.output = strcat(out{j},num2str(i));%output filename
                matlabbatch{1, 1}.spm.util.imcalc.outdir  = strcat(direc,out{j});%output directory        
                output_list{i,j} = spm_jobman('run',matlabbatch);%run the batch
                matlabbatch{1, 1}.spm.util.imcalc.input
            end

        end
    end


end     

%% Image smoothing

clear all
close all

load('Smoothing.mat')

Folder =  [{'C:\...pathtofolder'};%f.ex. strcat(pwd,'\Chose_Folder')         
          {'C:\...pathtofolder'}];

output_list={};   


for j=1:length(Folder)
    Folder_temp = dir(Folder{j});
    Nmb_data(j) = length(dir(Folder{j}));
    %Metadata_info{3,1} = xml2struct(Folder_temp(3).name);
    Nifti_Files = dirrec(Folder{j},'.nii')';
    for i=1:length(Nifti_Files)
        matlabbatch{1, 1}.spm.spatial.smooth.data = {Nifti_Files{i}};
        output_list{i,j} = spm_jobman('run',matlabbatch);
        %disp(matlabbatch{1, 1}.spm.spatial.smooth.data)
    end


end       






Realign.mat

matlabbatch:[1x1  cell array]






Segment.mat

matlabbatch:[1x1  cell array]






Skullstrip.mat

matlabbatch:[1x1  cell array]






Smoothing.mat

matlabbatch:[1x1  cell array]






SVM.py

from Functions import read_and_preprocess_dataset_SVM
from Functions import split_and_normalize_SVM
from Functions import Test_SVM_Model
#np.set_printoptions(threshold=np.nan)

Three_class = True
Two_class_AD_DLB = False
Two_class_NC_DLB = False
Two_class_AD_NC = False

Validation = False
Test = True
Use_PCA = True
n_components = 14
c=0.075
kernel = 'linear'
class_weight='balanced'

#Files should be cell structures of column length N_samples and row width of 2.
#3D Brain volumes in the first row. Numbered labels in the second row (0, 1 or 2)

DLB_data = 'name_of_mat_file'
DLB_matlab_variable = 'name_of_matlab_variable_from_file'

NC_data = 'name_of_mat_file'
NC_matlab_variable = 'name_of_matlab_variable_from_file'

AD_data = 'name_of_mat_file'
AD_matlab_variable = 'name_of_matlab_variable_from_file'





X, Y, target_names = read_and_preprocess_dataset_SVM(Two_class_AD_NC=Two_class_AD_NC,
                                                     Two_class_AD_DLB=Two_class_AD_DLB,
                                                     Two_class_NC_DLB=Two_class_NC_DLB,
                                                     Three_class=Three_class,
                                                     DLB_data=DLB_data,
                                                     NC_data=NC_data,
                                                     AD_data=AD_data,
                                                     DLB_matlab_variable=DLB_matlab_variable,
                                                     NC_matlab_variable=NC_matlab_variable,
                                                     AD_matlab_variable=AD_matlab_variable)

X_train_transformed, X_val_transformed, X_test_transformed, Y_train, Y_val, Y_test, model = split_and_normalize_SVM(X=X,
                                                                                                                    Y=Y,
                                                                                                                    kernel=kernel,
                                                                                                                    class_weight=class_weight,
                                                                                                                    n_components=n_components,
                                                                                                                    Use_PCA=Use_PCA,
                                                                                                                    c=c)

if Validation:
    Test_SVM_Model(X=X_val_transformed,
                   Y=Y_val,
                   model=model,
                   target_names=target_names,
                   Two_class_AD_DLB=Two_class_AD_DLB,
                   Two_class_AD_NC=Two_class_AD_NC,
                   Two_class_NC_DLB=Two_class_NC_DLB)

if Test:
    Test_SVM_Model(X=X_test_transformed,
                   Y=Y_test,
                   model=model,
                   target_names=target_names,
                   Two_class_AD_DLB=Two_class_AD_DLB,
                   Two_class_AD_NC=Two_class_AD_NC,
                   Two_class_NC_DLB=Two_class_NC_DLB)






TextureAnalysisFeatExt.m

%% Texture Analysis and Feature Extraction

%Script to perform texture analysis and feature extraction



%% Make dataset and find the co-occurence matrix

clear all
close all

load('filenameNC'); % <- load NC volumes (as Nifti_NC or rename variable)
load('filenameAD'); % <- load AD volumes (as Nifti_AD or rename variable)
load('filenameEDLB'); % <- AD volumes (as Nifti_EDLB or rename variable)

Dataset = [Nifti_NC(:,1);Nifti_AD(:,1);Nifti_EDLB(:,1)];
Labels = [Nifti_NC(:,2);Nifti_AD(:,2);Nifti_EDLB(:,2)];

featureVector = {};
coocMat = {};
Imagebase_size = size(Dataset);
Distance = [1; 2; 4; 8]; % <- Choose distances for GLCM
save_cooccurencematrix = 0; % <- 1 to save, anything else to not save
Featurevector_name = 'choosename.mat'; %<-set name for featurevector
coocMat_name = 'choosename.mat'; %<- set name for co-occurence matrix variable

for j=1:Imagebase_size(1)
    [featureVector{j}, coocMat{j}] = cooc3d (Dataset{j}, 'distance', Distance);
end

if save_cooccurencematrix == 1
    save(Featurevector_name, 'featureVector')
    save(coocMat_name, 'coocMat')
end




%% Feature Extraction

load(Featurevector_name);
load(coocMat_name);

Feat_vec = [];
Feat_ext = {};
coocMat_size = size(coocMat);
coocMat_size2 = size(coocMat{1,1});
nmb_directions = coocMat_size2(3);
save_features = 0;
Filename_GLCM_features = 'setnamehere';% <- insert filename


for k=1:length(coocMat)%all subjects
    for l=1:nmb_directions%all directions)
        for m=1:length(Distance)%all distances
            Feat_ext_coocmat{k,((l-1)*4)+m} = GLCM_Features1(coocMat{1,k}(:,:,l,m));
        end
    end       
    %Feat_vec = [Feat_vec; featureVector{:,k}];
end


%% Label the data

NC_labels = zeros(NC_length,1);
AD_labels = ones(AD_length,1);
EDLB_labels = 2*(ones(EDLB_length,1));

Labels = [NC_labels; AD_labels; EDLB_labels]M

Features_Dataset_labels = [Feat_ext_coocmat Labels];

if save_features == 1
    save(Filename_GLCM_features,'Features_Dataset_labels');
end







xml2struct.m

function [ s ] = xml2struct( file )
%Convert xml file into a MATLAB structure
% [ s ] = xml2struct( file )
%
% A file containing:
% <XMLname attrib1="Some value">
%   <Element>Some text</Element>
%   <DifferentElement attrib2="2">Some more text</Element>
%   <DifferentElement attrib3="2" attrib4="1">Even more text</DifferentElement>
% </XMLname>
%
% Will produce:
% s.XMLname.Attributes.attrib1 = "Some value";
% s.XMLname.Element.Text = "Some text";
% s.XMLname.DifferentElement{1}.Attributes.attrib2 = "2";
% s.XMLname.DifferentElement{1}.Text = "Some more text";
% s.XMLname.DifferentElement{2}.Attributes.attrib3 = "2";
% s.XMLname.DifferentElement{2}.Attributes.attrib4 = "1";
% s.XMLname.DifferentElement{2}.Text = "Even more text";
%
% Please note that the following characters are substituted
% '-' by '_dash_', ':' by '_colon_' and '.' by '_dot_'
%
% Written by W. Falkena, ASTI, TUDelft, 21-08-2010
% Attribute parsing speed increased by 40% by A. Wanner, 14-6-2011
% Added CDATA support by I. Smirnov, 20-3-2012
%
% Modified by X. Mo, University of Wisconsin, 12-5-2012

    if (nargin < 1)
        clc;
        help xml2struct
        return
    end
    
    if isa(file, 'org.apache.xerces.dom.DeferredDocumentImpl') || isa(file, 'org.apache.xerces.dom.DeferredElementImpl')
        % input is a java xml object
        xDoc = file;
    else
        %check for existance
        if (exist(file,'file') == 0)
            %Perhaps the xml extension was omitted from the file name. Add the
            %extension and try again.
            if (isempty(strfind(file,'.xml')))
                file = [file '.xml'];
            end
            
            if (exist(file,'file') == 0)
                error(['The file ' file ' could not be found']);
            end
        end
        %read the xml file
        xDoc = xmlread(file);
    end
    
    %parse xDoc into a MATLAB structure
    s = parseChildNodes(xDoc);
    
end

% ----- Subfunction parseChildNodes -----
function [children,ptext,textflag] = parseChildNodes(theNode)
    % Recurse over node children.
    children = struct;
    ptext = struct; textflag = 'Text';
    if hasChildNodes(theNode)
        childNodes = getChildNodes(theNode);
        numChildNodes = getLength(childNodes);

        for count = 1:numChildNodes
            theChild = item(childNodes,count-1);
            [text,name,attr,childs,textflag] = getNodeData(theChild);
            
            if (~strcmp(name,'#text') && ~strcmp(name,'#comment') && ~strcmp(name,'#cdata_dash_section'))
                %XML allows the same elements to be defined multiple times,
                %put each in a different cell
                if (isfield(children,name))
                    if (~iscell(children.(name)))
                        %put existsing element into cell format
                        children.(name) = {children.(name)};
                    end
                    index = length(children.(name))+1;
                    %add new element
                    children.(name){index} = childs;
                    if(~isempty(fieldnames(text)))
                        children.(name){index} = text; 
                    end
                    if(~isempty(attr)) 
                        children.(name){index}.('Attributes') = attr; 
                    end
                else
                    %add previously unknown (new) element to the structure
                    children.(name) = childs;
                    if(~isempty(text) && ~isempty(fieldnames(text)))
                        children.(name) = text; 
                    end
                    if(~isempty(attr)) 
                        children.(name).('Attributes') = attr; 
                    end
                end
            else
                ptextflag = 'Text';
                if (strcmp(name, '#cdata_dash_section'))
                    ptextflag = 'CDATA';
                elseif (strcmp(name, '#comment'))
                    ptextflag = 'Comment';
                end
                
                %this is the text in an element (i.e., the parentNode) 
                if (~isempty(regexprep(text.(textflag),'[\s]*','')))
                    if (~isfield(ptext,ptextflag) || isempty(ptext.(ptextflag)))
                        ptext.(ptextflag) = text.(textflag);
                    else
                        %what to do when element data is as follows:
                        %<element>Text <!--Comment--> More text</element>
                        
                        %put the text in different cells:
                        % if (~iscell(ptext)) ptext = {ptext}; end
                        % ptext{length(ptext)+1} = text;
                        
                        %just append the text
                        ptext.(ptextflag) = [ptext.(ptextflag) text.(textflag)];
                    end
                end
            end
            
        end
    end
end

% ----- Subfunction getNodeData -----
function [text,name,attr,childs,textflag] = getNodeData(theNode)
    % Create structure of node info.
    
    %make sure name is allowed as structure name
    name = toCharArray(getNodeName(theNode))';
    name = strrep(name, '-', '_dash_');
    name = strrep(name, ':', '_colon_');
    name = strrep(name, '.', '_dot_');

    attr = parseAttributes(theNode);
    if (isempty(fieldnames(attr))) 
        attr = []; 
    end
    
    %parse child nodes
    [childs,text,textflag] = parseChildNodes(theNode);
    
    if (isempty(fieldnames(childs)) && isempty(fieldnames(text)))
        %get the data of any childless nodes
        % faster than if any(strcmp(methods(theNode), 'getData'))
        % no need to try-catch (?)
        % faster than text = char(getData(theNode));
        text.(textflag) = toCharArray(getTextContent(theNode))';
    end
    
end

% ----- Subfunction parseAttributes -----
function attributes = parseAttributes(theNode)
    % Create attributes structure.

    attributes = struct;
    if hasAttributes(theNode)
       theAttributes = getAttributes(theNode);
       numAttributes = getLength(theAttributes);

       for count = 1:numAttributes
            %attrib = item(theAttributes,count-1);
            %attr_name = regexprep(char(getName(attrib)),'[-:.]','_');
            %attributes.(attr_name) = char(getValue(attrib));

            %Suggestion of Adrian Wanner
            str = toCharArray(toString(item(theAttributes,count-1)))';
            k = strfind(str,'='); 
            attr_name = str(1:(k(1)-1));
            attr_name = strrep(attr_name, '-', '_dash_');
            attr_name = strrep(attr_name, ':', '_colon_');
            attr_name = strrep(attr_name, '.', '_dot_');
            attributes.(attr_name) = str((k(1)+2):(end-1));
       end
    end
end




