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Abstract

Brain Cancer is a rare type of cancer that is classified based on their cell origin.

Recent advancements in bioinformatics analysis enable us to develop molecularly

defined classifications within tumors such as using microarrays. This study aims

to construct a tool that would predict the existence of a glioma brain cancer using

gene expression data, preprocess it, and classify its subtype using Support Vector

Machines. This system would help in early detection of the disease and contribute

to earlier treatment of the patient.

Keywords: glioma brain cancer, glioma brain cancer classification, microarrays, gene

expression data, data normalization, preprocessing, support vector machines
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I. Introduction

A. Background of the Study

Brain tumors are the result of the abnormal growth of cells in tissues of the brain

or spinal cord and can either be benign or malignant. Brain cancer is the result of

malignant tumors spreading cancer cells throughout the entire body. These cells

do not die and instead, divide rapidly at an uncontrollable rate to create more

tumors in healthy tissues that can disrupt the functions of the brain [1, 2].

Brain cancer is a rare type of cancer in which only 1.4 % of all cancer cases

are diagnosed with it [3]. According to the International Brain Tumor Alliance,

statistics involving brain cancer in the Philippines are incomplete as of 2015 [4].

There are many types of brain cancer that are classified based on their cell

origin. The most common and aggressive type type being gliomas which begin in

the glial tissue and has the following subtypes: astrocytomas that make up for

27 % of the cases of brain cancer in children, glioblastomas which make up 56 %

of the cases in adults, and oligodendrogliomas that only make up 6 % but can

possibly evolve to glioblastomas [5].

Brain cancer was first identified in 1873 but up to this date, has no definite cure

due to the fact that its cause is yet to be proven. Although most victims of this

cancer are usually exposed to radiation, such as people working in oil refineries,

handlers of jet fuel or chemicals like benzene, chemists, and rubber-factory workers.

Whether brain cancer is hereditary is also yet to be proven. There are also claims

that aspartame (an artificial sweetener) causes brain cancer [2].
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B. Statement of the Problem

Currently, brain cancer classification is based on clinicopathological features only.

MRI is the most common diagnostic tool for brain tumors, and once the MRI shows

that a tumor is found in the brain, surgeons conduct biopsy to determine the type

of brain tumor. Other diagnostic tools include CT scans and PET scans that varies

per patient [6]. Unfortunately, these approaches have only been partially successful

in gliomas, the most common malignant tumor for adults because they fail to take

into consideration underlying molecular lesions [7]. While recent advancements

in bioinformatics analysis enable us to develop molecularly defined classifications

within tumors such as using microarrays [7], it never implemented the prediction of

glioma brain tumors. Furthermore, microarrays have been a subject of criticism as

a method due to the influence of factors such as cellular heterogeneity or variability

of morphological features, which are difficult to separate from the studied features

[8]. This study aims to construct a tool that would predict the existence of a

glioma brain cancer using gene expression data from microarrays, preprocess it

using methods such as Decimal Scale Normalization to reduce factors that affect

their reliability and classify its subtype using Support Vector Machines should a

brain tumor exist in the patient. The results of this process can be used as a

decision-support tool in diagnosis and in the validation of examinations.

More specifically, this study seeks to answer the following questions:

1. How can gene expression data from cDNA microarrays be used to predict

the brain condition of the patient?

2. How can you reduce the factors that affect a microarray’s reliability in iden-

tifying gene expression patterns of a particular disease?

3. How the results of the analysis generated?
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C. Objectives of the Study

The goal of this study is to construct an automated diagnostic system that would

take gene expression profiles as input and predict the presence of a glioma brain

cancer and classify which type of glioma is it associated with.

Generally, the study contains the following objectives:

1. To train the system to determine the presence or absence of glioma brain

tumor in a patient

2. To train the system to classify the type of glioma

Specifically, it aims to fulfill these objectives using the following steps:

1. To preprocess the data by reducing other factors such as cellular heterogene-

ity or variability of morphological features, noise and other non-biological

factors that may affect the systems accuracy

2. To predict the presence or absence of glioma brain tumor

3. To classify the brain tumor to its corresponding glioma subtype (Astrocy-

toma, Oligodendroglioma, Glioblastoma)

D. Significance of the Project

This study aims to provide a decision making-tool for neurologists to diagnose

glioma brain cancer. This also aims to provide a system these specialists can use

to classify the type of glioma the patient has which could greatly contribute to

earlier treatment of the patient since gliomas are the most common and most ag-

gressive type of brain cancer.

This study might also aid in determining the appropriate treatment for the

patient for each type of glioma contains different cell compositions that might

have different ways of being treated efficiently and finally, the study aims to help

save lives by using microarray data for early detection.
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E. Scope and Limitations

The following are the scope and limitations of the following system:

1. Input dataset would be composed of 180 gene expression profiles downloaded

at ftp://ftp.ncbi.nih.gov/pub/geo/DATA/SOFT/GDS/GDS1962.soft.gz

2. The system would let the user choose which preprocessing method/s the

system will use for the given data. If no preprocessing method is chosen,

normalization by decimal scaling would be its default preprocessing method.

3. The system predicts the presence or absence of glioma brain cancer based

from the classification rule generated after training the data.

4. If the data contains the presence of a glioma brain tumor, it classifies the

specific type of glioma present.

F. Assumptions

The following are the assumptions of the following system:

1. Input dataset is already extracted and in numerical format

2. Gene expression profiles of microarrays is considered for input datasets

3. Training data and testing data are in .csv format. The rows would corre-

spond to the gene expression identifiers and the columns would be the glioma

brain samples

4. Training and testing data do not contain any missing values

5. The system is to be used by neurologists, brain cancer specialists, and other

health care professionals
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II. Review of Related Literature

Scientists and researchers have recently been using DNA microarrays in measuring

the expression levels of large amounts of genes simultaneously. This process has

aided them in classifying diseases and determining the genes that contribute to

a particular disease in a parallel, rapid and efficient manner. Cancer in particu-

lar has been a popular example for the application of microarrays because cancer

classification has been one of the most difficult diseases to classify, mainly due to

the fact that tumors can develop in any type of cell [9].

Past studies have shown that classifying these tumors using microarrays is

possible and has even aided in identifying different subclasses of the tumors and

the genes that contribute to it. Shai et al. used gene expression data to identify

three subtypes of gliomas: Lower grade Astrocytomas, Glioblastomas, and Oligo-

dendrogliomas. They used K-means clustering and hierarchical clustering analysis

on the microarray data and even determined two subtypes of Glioblastomas. The

experiment also indicated that a relatively small number of genes can be used to

distinguish between these molecular subtypes [7].

Figure 1: K-means clustering results defining subtypes of gliomas

Nutt et al. classified gliomas using microarrays and concluded that gene-
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expression-based grouping of tumors is a more powerful survival predictor than

histologic grade or age [10]. The experiment demonstrated that gene-expression

analysis showed unrecognized heterogeneity of tumors and is efficient in select-

ing gene expression differences. Frejie et al. also did a similar experiment but

compared it to histological classification. They concluded that microarray classifi-

cation is a more accurate predictor of prognosis than histological classification [11].

Support Vector Machines have also contributed in classifying brain cancer

types. Using given labelled training data, the algorithm outputs an optimal hy-

perplane which categorizes the samples. Ghotekar et al. used Support Vector

Machines to detect and classify brain cancer in MRI images and results showed

an accuracy of 83.33 % [12]. Bauer et al. also did a similar experiment but added

CRF regularization to accelerate computation time. They concluded by using

CRF regularization, accuracy is higher for larger amounts of patients [13].

There are also studies that implemented Support Vector Machines in classify-

ing microarray gene expression data. George et al. stated that SVMs achieve the

best classification performance compared to other classification methods such as

K-nearest neighbors, back propagation neural networks, probabilistic neural net-

works, weighted voting methods and decision trees because SVMs have demon-

strated to not only separate entities into appropriate classes respectively, it also

identifies instances whose established classification is not supported by the data

[14].

Other applications of SVM in gene expression included Guyon et al. which

classified leukemia and colon cancer and showed a better performance than base-

line method with a 95.8 % confidence [15]. Furey et al. classified ovarian cancer,

leukemia, and colon cancer using SVM and aside for its ability to correctly classify

tissue and cell types, it also demonstrated its ability to identify mislabeled data
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[16]. Ramaswanny et al. used One-vs-All SVM on classifying tumor tissues and

showed an accuracy of 78 % [17]. Lee et al. used Multicategory Support Vector

Machines which aims to diagnose multiple cancer types respectively to classify

leukemia and small round blue cell tumor data. The experiment resulted in 0 to

1 test error at best [18].

Preprocessing and normalization techniques also play an important role in

interpreting the results of classifying microarrays. Normalization reduces the vari-

ation between microarrays of non-biological origin. Normalizing data attempts to

give all attributes equal weight and it helps prevent attributes with initially large

ranges from outweighing attributes with initially smaller ranges [19, 20]. Nor-

malization methods include min-max normalization, z-score normalization, and

normalization by decimal scaling [19].

C. Cheadle et al. analyzed microarray data using z-score transformation. They

stated that Z scores provide a useful measurement of gene expression and has

been used directly on hierarchical clustering, k-means clustering, self-organizing

maps, principal component analysis, multidimensional scaling and visualization

programs. It formed the basis of comparison of hybridization intensity data among

many experiments within the same data type and as such offers a useful method

for the basic analysis of microarray data [20].

Bolstad et al. presented another normalization method called quantile nor-

malization so that data from all arrays are used to form the normalizing relation.

It was compared to other methods such as scaling normalization and non-linear

normalization. They concluded that the quantile method outperforms the other

methods in terms of speed, variance and bias and should be used in preference to

other methods [21].
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III. Theoretical Framework

Definition of Terms

• Brain Cancer/Brain Tumor - result of the abnormal growth of cells in tissues

of the brain or spinal cord and can either be benign or malignant [1, 2].

• Primary Brain Cancer - tumors that originated from the brain or the spinal

cord [1].

• Glioma - most frequent type of Primary Brain Cancer [1]. Has 3 main types:

– Astrocytoma - glioma that develops from star-shaped cells that support

nerve cells [5]. It is the most common type of brain cancer in children

and composes of about 27 % of all cases of brain cancer [1].

– Oligodendroglioma glioma that develops from glial cells called oligo-

dendrocytes. It is responsible for around 6 % of all brain cancer cases

[5].

– Ependymoma - glioma that develops in the ependymal, or cells that

line the passageway of the brain. It is one of the least common glioma

cancer types but most cases came from adults aged 20-42 [5].

• Glioblastoma - grade 4 astrocytoma which is the most aggressive type of

brain cancer common among adults. It accounts for about 56 % of Brain

Cancer cases in adults [5].

• Gene - basic unit of heredity. They are made up of DNA and encode instruc-

tions to make protein molecules. Genes are widely used to test a persons

susceptibility to cancer and other diseases [22].

• Gene Expression - process where DNA information is converted to mRNA

and is translated to proteins [23].

• Deoxyrybonucleic acid (DNA) hereditary material found in almost every

organism including humans [24].
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• Metastasis the process of spreading cancer cells into other parts of the body

[1, 2].

• Biomarker - characteristics that can be observed from a given medical con-

dition or biological state [25].

Microarray

A Microarray is a tool for analyzing gene expression. It contains a glass slide

consisting of a large number of genes arranged in a regular pattern and is used to

survey these genes quickly or when the sample to be studied is small. Using mi-

croarrays, scientists can determine the expression levels of hundreds or thousands

of genes in single experiment by measuring the amount of mRNA bound to each

site on the array [26].

DNA Microarray

DNA microarrays are small, solid supports onto which the sequences from

thousands of different genes are immobilized, or attached, at fixed locations. Their

locations are used to identify a particular gene sequence [26]. It is a tool used to

determine mutation in genes and is particularly useful in identifying abnormal

cells such as tumor cells [27].

To study gene expression patterns, the basic approach is to measure the levels

of all mRNAs present in a cell. The underlying assumption is that if a gene

is being transcribed to mRNA, then the gene is being expressed. First mRNA is

extracted from cells and is converted to cDNA using enzyme reverse transcriptase.

Then cDNA is labelled with flourescent markers (typically, tumor cell cDNA as

red and normal cell cDNA as green) and are then mixed together and allowed to

hybridize to the complementary sequences of DNA of the microarray. As laser

scanner then measures the flourescence of each spot seperately for red and green

and the results of one color are superimposed over those of the other. This process

is called hybridization probing [26, 27].
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Machine Learning

Machine learning is a type of Artificial Intelligence (AI) that provides com-

puters with the ability to learn without being explicitly programmed. Similar to

data mining, it uses extracted data to detect patterns and adjust program actions

accordingly [28].

Supervised Machine Learning

Supervised machine learning is when all data is labelled and the algorithms

learn to predict the output from the input data. It is the process where the algo-

rithms can apply what has been learned in the past to iteratively make predictions

on the training data and is corrected by the teaching data. The learning stops

when the algorightm achieves an acceptable level of performance [28, 29].

Statistical Classification

Statistical classification is a method to build predicative models to seperate

and classify new data points [30]. It is considered a part of machine learning

because the system, or classifier, needs to have a set of already known classified

data as a training set to learn the characteristics of the labels and identify which

set of categories future unlabelled input belongs [31]. It uses discrete, categorical

random variables of interest and has a fixed set of categories [32]. It has two types:

binary classification, which involves only two classes and multiclass classification,

which involves 3 or more classes [33].

To build a classifier, we first define its attributes in order to classify the data.

This could be done by first, stating explicit rules or by defining them through

training examples called the training set. In general, the training set is a set of

data that is already classified and is used to build the classification model. The

training data is defined as X = {X1, X2, ..., Xn}. Then we define the feature space

by selecting the features we want to measure. Features can be either discrete

or continuous. If m features are measured, each sample would contain a m X 1
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row vector Xi, for i ∈ {1,...,N }of data, and we refer to the space IRm as the

feature space. The training data is a N x m matrix, where entry Xij represents

the jth feature of the ith sample. Next we define the decision algorithm by setting

parameters from the training set which would produce a prediction of the sample.

Finally we measure its performance by calculating the weighted error rate [30, 32].

Figure 2. The process of supervised machine learning [33]

Data Normalization and Preprocessing

Data Normalization and Preprocessing is the process of manipulating data

to make measurements from multiple arrays comparable [34]. They play an im-

portant role in interpreting the results of classifying microarrays. Normalization

reduces the variation between microarrays of non-biological origin. Normalizing

data attempts to give all attributes equal weight and it helps prevent attributes

with initially large ranges from outweighing attributes with initially smaller ranges
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[19]. Several microarray data have been proposed in the past, the methods are

the following:

Normalization by Decimal Scaling

Normalization by decimal scaling normalizes data by moving by moving the

decimal point of values of attribute A. The number of decimal points moved de-

pends on the maximum absolute value of A. A value Vi, of A is normalized to v’

by computing

where j is the smallest integer such that max(|V ′i | < 1) [19].

Quantile Normalization

Quantile method seeks to make the same empirical distribution of probe inten-

sities for each array in a set of arrays by transforming the distribution of intensities

from one distribution to another. The method is motivated by the idea that a

quantile-quantile plot shows that the distribution of two data vectors is the same

if the plot is a straight diagonal line and not the same if it is other than a diagonal

line [19, 21]. This implies that we can give each array the same distribution by

taking the mean quantile and substituting it as the value of the data item in the

original dataset.
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Min-max Normalization

Min-max normalization performs linear transformation on the original data.

Suppose that minA and maxA are the minimum and maximum values of an at-

tribute, A. Min-max normalization maps a value, vi, of A to v′i in the range

[new minA, new maxA] by computing

Min-max normalization preserves the relationships among the original data values.

It will encounter an ”out-of-bounds” error if a future input case for normalization

falls outside of the original data range for A.

Z-score Transformation

In z-score transformation (or zero-mean normalization), the values for an at-

tribute, A, are normalized based on the mean and standard deviation of A. A

value, vi of A is normalized to v′i by computing

where Ā and σA are the mean and standard deviation, respectively, of attribute A.

This method of normalization is useful when the actual minimum and maximum

of attribute A are unknown, or when there are outliers that dominate the min-max

normalization.

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a discriminative classifier formally defined

by a seperating hyperplane. Given labelled training data, the algorithm outputs

an optimal hyperplane which categorizes new examples [35]. The seperating hy-

perplane is defined as
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where w is the normal vector and b as the offset. The vector w points perpen-

dicular to the seperating hyperplane and adding the offset parameter b allows us

to increase the margin [36]. The margin is the distance to the separating hyper-

plane and intuitively, a measure of confidence. Therefore, the optimal separating

hyperplane maximizes the margin of the training data [34, 35].

Figure 3. Visualization of Maximal Margin Hyperplane [35]

To find the maximum margin hyperplane, given samples xi, yi where xi ε <n, yi

ε {−1,+1}, we find the hyperplane v · x = 0 with ‖v‖ = 1. The margin δ is given

as

In order to maximize δ, we subject it to yi(v · xi) ≥ δ and ‖v‖ = 1. We then

set w = v
δ
⇒ ‖w‖ = 1

δ
. To minimize 1

2
‖w‖2, we subject it to

In the event that the data is not linearly separable, there are two possible ways

to tackle the problem. One is to penalize each point by distance from margin 1,

that is, minimize:

14



The result would be complex in low dimensional space, which would lead to a

statistical problem called ”curse of dimensionality” for the amount of data needed

is often proportional to the number of dimensions n mapped to O(nd) dimensions

which would be very expensive in time and memory if it is to be computed [37, 34].

Figure 4. Nonlinear separable data being separable in higher

dimensions

The other solution would be to map the data into a higher dimensional space in

which it becomes linearly separable. This process is called ”kernel trick” [38, 34].

The construction of the maximal margin hyperplane in higher dimensional spaces

would depend on its inner products, nonetheless, this solution would still be very

efficient in large dimensions.

If classification in higher dimensional planes would be easier, we would want

to construct a dividing hyperplane there then calculate the scalar products of the

form 〈φ(p), φ(q)〉 which would be very difficult if the dimension becomes too large.

So instead of using scalar product, SVM uses a kernel function K which behaves

like its inner product [38].

The similarity in gene space would then be the inner product defined as

15



The similarity in feature space would be the kernel function. The four basic

kernels would be [39, 38]:

Linear: K(p, q) = pT q

Polynomial: K(p, q) = (γpT q + r)d, γ > 0

Radial Basis Function (RBF): K(p, q) = exp(−γ‖p− q‖2), γ > 0

Sigmoid: K(p, q) = tanh(γpT q + r)

Here, γ (the width of RBF coefficient in polynomial (=1)), d (degree of the

polynomial), and r (additive constant in polynomial (=0)) are the parameters of

the kernel [34, 39].

In using SVMs in microarray data classification, there are certain rules that

need to be taken note of [37]:

1. Data normalization:

Rescale data such that all kernel values fall between -100 and 100; a simple

way to do this is by normalizing all entries of the microarray such that they

fall between −10(n)
1
2and + 10(n)

1
2 , where n is the number of expression

values per sample.

2. Choosing the regularization parameter C:

Given the above normalization, the regularization parameter usually does

not have much effect, so set it somewhere between 1-100.

3. Choosing the kernel:

For microarray applications, a linear kernel is usually sufficient. Polynomial

kernels can be used to examine correlations between genes but they do not

greatly improve performance, so the Gaussian kernel can be used as an

alternative.

There are many types of SVM kernel functions. The commonly used functions

are [40]
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1. Linear Kernel:

Predict y = 1 if θTx ≥ 0, where θ0 + θ1x1 + ...+ θnxn ≥ 0.

The Linear Kernel uses data transposition which generates a standard linear

classifier. The kernel is used for cases when n, the number of features, is very

large, and m, the number of training samples, is very small, or x ε <n + 1.

This is a reasonable choice of kernel as it avoids fitting a very complicated

nonlinear function in a very high dimensional feature space (overfitting).

2. Radial Basis Function Kernel [41]:

fi = exp(−‖x−l
i‖2

2σ2 ), where li = xi

This kernel function is in Gaussian form, where σ is the width of the Gaus-

sian. If σ2 is too large, then we will tend to have a higher bias and lower

variance classifier, and if σ2 is too small, then we will tend to have lower

bias and higher variance classifier. This Gaussian kernel is used when you

have a feature space <n where the number of features n, is very small, and

m, the number of training samples, is very large. Feature scaling is needed

when when using the Gaussian kernel if the features are on very different

scales so that the SVM would give a comparable amount of attention to all

the features instead of being dominated only by the feature with the highest

scale.

The kernel or similarity function is used to compute a particular feature of

the kernel. Using the function, it will generate an array of features and train

the SVM from there.

SVM was designed for binary applications, but real clinical applications such

as microarray gene classification require multicategory classification methods. In

order to address this, we transform the multiclass classification problem into a

binary problem. Given a dataset composed of l patterns (x1, y1), ..., (xl, yl) where

17



xi ε <n and yi ε 1,2,...,k, here are the methods for SVM multiclass classification

[42]:

1. One-vs-All method (OVA)

Each class is learned against the others (k − 1), resulting in k classifiers.

2. One-vs-One method (OVO)

This method builds k(k−1)
2

classifiers: each one of them learning the sepera-

tion between two classes, where k is a single class.

Performance Evaluation

Several issues need to be addressed in designing a procedure for the assessment

of gene expression data such as the proceudre should provide protection against

overfitting the data and the time-consuming process of repeatedly fitting high

dimensional data. Here are possible methods to evaluate the relative performance

of the classification procedures:

1. Cross-validation

In v -fold cross-validation, we first divide the training set into v subsets of

equal size. Subsequently one subset is tested using the classifier trained on

the remaining v − 1 subsets. Thus, each instance of the whole training set

is predicted once so the cross-validation accuracy is the percentage of data

which are correclty classified [39].

2. Re-randomization

Re-randomization involves re-randomizing the entire data and then repeat

the modeling and validation steps. This is used because cross-validation may

not be sufficient in protecting against overfitting due to the relatively small

cross-validated errors achieved by capitalizing on chance properties [43].
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IV. Design and Implementation

A. Dataset

The dataset would consist of gene expression profiles for a total of 180 samples.

The data includes 23 samples from epilepsy patients (used as non-tumor sam-

ples), 26 astrocytoma tumor samples, 50 oligodendroglioma tumor samples, and

81 glioblastoma tumor samples for a total of 157 tumor samples.

The dataset can be used to generate two smaller datasets, a training set and

a testing set that contains normal and glioma brain cancer data (Astrocytoma,

Oligodendroglioma, and Glioblastoma).

The dataset can be accessed publicly on the NCBI website (ftp://ftp.ncbi.nih.gov/pub/

geo/DATA/SOFT/GDS/GDS1962.soft.gz).

The input data of the system should be in a comma delimited format. with

rows labelled as the samples and the columns labelled as the genes. The first row

of the training dataset should contain the gene code for each gene and each sample

should contain a label of the gene classification in string format. The testing set

should also contain the gene code for each gene but it doesn’t need to contain the

label of its gene classification. The same genes would also be used for the training

set and the testing set. We will also assume that the dataset does not contain any

missing data.
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B. System

Generally, the input and output of the system would be defined on the context

diagram below:

Figure 5. I/O Context Diagram

The system would take gene expression profiles of brain tumor samples as

input. The input would be in .csv format. The user can then set the preprocessing

methods as parameters. If the user does not set these parameters, normalization

by decimal scaling would be its default parameter. A more detailed representation

of the system is illustrated below:

Figure 6. Use Case Diagram

The input data would then be read by the system and the training and testing

sets are generated with a 70% - 30% ratio distributed randomly in the data. The

data would then undergo preprocessing and normalization to reduce the amount
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of data by removing non-biological in order to produce more accurate results. If

Decimal Scale Normalization is selected, the decimal places of the data would be

computed. If Quantile Normalization is selected, the average of the transposed

data would be computed. If Z-Score Transformation is selcted, the data’s mean

intensity and standard deviation would be computed, and if Min-Max Normaliza-

tion is used, the min and max feature of the data would be identified. The system

would then identify which genes contain cancerous attributes, and afterwards, will

apply Support Vector Machine to classify which subtype of Glioma Brain Cancer

does it belong to. The top level flow of the process is shown below:

Figure 7. Top Level Data Flow Diagram

If the system has not been trained, the user must input a microarray dataset

that is comma delimited and is in .csv format before it can generate training and

testing sets and analyze the data. The dataset should also include its disease

state or class name such as ”non-tumor”, ”astrocytomas”, ”glioblastomas”, and

”oligodendrogliomas”.

After the dataset and its parameters are given, the system parses the file to

collect the data matrix. It will then divide it into the training set and the testing

21



set with a 70% - 30% ratio. The system selects the sample genes using random

sampling without replacement then proceeds to place it into the divided datasets.

The process is shown below:

Figure 8. Process Flow 1

The system would then begin to preprocess the data matrices based on the

method selected by the system. The user may select which preprocessing method

would the system use on the input dataset. The possible preprocessing meth-

ods include Normalization by Decimal Scaling, Quantile Normalization, Z-Score

Transformation, and Min-Max normalization. If the user does not select a prepro-

cessing method, the system would choose Normalization by Decimal Scaling by

default. Preprocessing involves normalizing and transforming the data to remove

non-biological factors in the input. This step results to preprocessed data that

will be used for dimension reduction and gene selection as shown below:

22



Figure 9. Process Flow 2

The reduced dataset would then undergo microarray dataset analysis which

involves training the system and generating the classification rules in order to

predict the presence or absence of Glioma Brain Cancer. The system would build

a classifier model from the training set for predicting Astrocytoma, Glioblastoma,

and Oligodendroglioma. The classification rule generated would then be used in

determining the subtype for Glioma Brain Cancer shown in the figure below:
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Figure 10. Process Flow 3

The classification result would then be used as the output to the user. The

output would consist of the probably Glioma Brain condition of the patient based

on the gene expression results. Performance measures and statistics would also be

outputted as well as the values computed along the process should the user opt

to include it.

SVM Implementation

Support Vector Machines is implemented using a library in R [44]. The chosen

regularization parameter is any integer between 1 and 100 [45]. Linear kernel

would be used as the training datasets have a small sample size and large number

of features. It also supports multiclass clasification using One-vs-one method and

will be used for the two multiclass classifiers required by the system.
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C. System Architecture

The system is built using the following:

• Eclipse Oxygen 3a ver 4.7.3

• Java Development Kit (1.8.1 71)

• Windows 10 Operating system

The minimum system requirements for an effective run of the system are as

follows:

• Java Runtime Enviroment (JRE)

• 8 GB RAM

• 1 GB free hard disk space

• Dual core processor (2.00GHz and 2.50GHz)
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V. Results

The main menu consists of mainly the side panel where you can place your input

and configure the preprocessing methods and the results panel which would be

filled once the application has finished running. The main menu shown below

labelled as Figure 11.

Figure 11. Main Menu

The side panel consists of the Data field where you can import your respective

.csv file by pressing the Data button and the possible preproccessing methods to

be used wherein the user can select more than one. Once the user has finished

specifying its microarray data input and preprocessing methods, they can process

to press the OK button to start the prediction and classification process as shown

in Figure 12.
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Figure 12. Input

Once the classification process is finished, the generated results would be dis-

played in the results panel which first consists of the Dataset tab as shown wherein

it views information regarding the csv input such as how many samples were

placed, total amount of gene lists, number of glioma brain cancer types detected,

etc.

Figure 13. Output, Dataset Tab
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Next would be the Parameters tab which would consist of information the sys-

tem accepted such as its SVM type, Preprocessing methods selected, etc.

Figure 14. Output, Parameters Tab

Next would be the Prediction tab that shows the prediction results of the

testing set. It shows its sample ID, the predicted and actual class, and its %

probability in prediction
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Figure 15. Output, Prediction Tab

Finally the Performance tab contains its evaluation measures on classifying

the data using SVM by showing its Confusion Matrix, Overall accuracy, Preci-

sion, Sensitivity, Specificity, and Negative Predictive Value

Figure 16. Output, Performance Tab
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VI. Discussions

The dataset contains a total of 180 samples, 12600 gene expression values, and 4

Glioma Brain Cancer classes:

• 23 samples from epilepsy patients (non-tumor)

• 26 astrocytoma tumor samples

• 50 oligodendroglioma tumor samples

• 81 glioblastoma tumor samples

Using the given dataset it would then randomly generate the training set and

testing set. Random generation without replacement would ensure that biases on

a given glioma brain tumor type would be avoided in generating its training and

testing sets. The system randomly selects 70% of the samples to be used as its

training set and the remaining 30% as its testing set. Undersampling is used to

address inequalities in the sample amount.

Ten-fold cross validation is performed on the dataset for each combination of

the different preprocessing methods. The following table shows the results:
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Preprocessing Methods Accuracy

1 46.686

2 69.046

3 69.682

4 71.007

1, 2 66.663

1, 3 70.943

1, 4 71.642

2, 3 74.664

2, 4 74.74

3, 4 74.679

1, 2, 3 73.885

1, 2, 4 75.645

1, 3, 4 78.047

2, 3, 4 76.62

1, 2, 3, 4 76.352

1 - Decimal Scale Normalization, 2 - Quantile Normalization

3 - Z-score Transformation, 4 - Min-max Normalization

Figure 17. Ten-Fold Cross-validation results

The cross-validation results shows that the output’s accuracy has improved as

more preprocessing methods were added in combination. This implies that the

prediction relies on how the data was preprocessed.

The results have shown that Min-max Normalization yielded the highest accu-

racy when used as the only preprocessing method, followed by Z-Score transfor-

mation. Decimal scale normalization yielded a very low accuracy overall because

the method involved simple linear rescaling of the data into a decimal scale.

While most of the preprocessing methods were not very effective on their own,

when combined together with other methods its performance improves by a larger

margin with the combination of Decimal Scale Normalization, Z-score transfor-

mation, and Min-max nomalization boasting the highest accuracy (78.047%).
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VII. Conclusions

This classification tool is a decision-support tool that implements Support Vector

Machines to predict the type of Glioma Brain Cancer type that exists within gene

expression samples of glioma brain tumors. It provides preprocessing methods

to remove biases and external factors that might affect the prediction. It then

presents the results in tables and provides additional information such as its ac-

curacy and probability.

By adding more preprocessing methods, the reduction of genes would aid in

giving higher accuracy results. Although this might be able to conduct prediction

and analysis, limitations on both the existing hardware and limited amount of

input would imply that this would have more rooms of improvement to generate

more consistent and accurate results.
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VIII. Recommendations

The system might be able to preprocess microarray data but that does not mean

that these are the only preprocessing methods that can be implemented. One of

the improvements is having additional preprocessing methods that would be also

be able to remove non-biological factors and noise in gene expression data and be

able to improve its specificity and accuracy, which are things that microarray data

have low values of.

Another improvement is to have additional microarray samples for the few

samples that have been placed in training and testing sets have affected the wide

range of its accuracy. Having a few samples used for testing data meant that even

a single false prediction would have a great impact in its overall accuracy so having

more samples would make the evaluation of predicted results more consistent.

Lastly, this study could be improved if you could determine genes that would

have a possible factor in possessing a particular condition, which in this case, the

type of glioma brain cancer present. Being able to identify the genes that have

consistently been positive for a particular glioma brain cancer type, and using

them to evaluate other samples would make the process of diagnosing faster and

more accurate.
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X. Appendix

A. Forms

Ten-fold Cross Validation Results

B. Source Code

1. main/Main.java
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package main ;

import u s e r i n t e r f a c e . Us e r In t e r f a c e ;

pub l i c c l a s s Main {
pub l i c s t a t i c void main ( St r ing [ ] args )
{

javax . swing . Sw i n gUt i l i t i e s . invokeLater (new Runnable ( )
{

pub l i c void run ( )
{

new Use r In t e r f a c e ( ) ;
}

} ) ;
}

}

2. input/Input.java
package input ;

import java . i o . BufferedReader ;
import java . i o . FileNotFoundException ;
import java . i o . Fi leReader ;
import java . i o . IOException ;
import java . u t i l . ArrayList ;
import java . u t i l .Random ;
import java . u t i l . S t r ingToken ize r ;

import javax . swing . JFrame ;
import javax . swing . JOptionPane ;

import l ibsvm . svm model ;
import u t i l . U t i l s ;

pub l i c c l a s s Input
{

pr i va t e JFrame appFrame ;
p r i va t e St r ing f i l e ;
p r i va t e i n t to ta lFeature s , totalSamples , t o t a lC l a s s e s ;
p r i va t e i n t totalTrainSamples , tota lTestSamples ;
p r i va t e i n t noOfSamplesPerClassForTesting , noOfSamplesPerClassForTraining ;
p r i va t e St r ing [ ] probeSet ;
p r i va t e double [ ] [ ] t r a in ingSe t , t e s t i ngSe t , t r a i n i n gRe su l t s ;
p r i va t e ArrayList <Str ing> sampleLabels ;
p r i va t e ArrayList <Str ing> classNames ;
p r i va t e ArrayList <double []> f u l lDa t a s e t ;

// gene expre s s i on va lues only , no c l a s s l a b e l
p r i va t e ArrayList <ArrayList <double []>> dataPerClass ;
p r i va t e ArrayList <ArrayList <Integer>> i nd i c e sPe rC la s s ;
p r i va t e ArrayList <ArrayList <Integer>> tra in ingSamplesIndex , tes t ingSamples Index ;
p r i va t e svm model svmModel ;
p r i va t e boolean e r r o r = f a l s e ;

pub l i c Input ( St r ing f i l e , boolean sub c l a s s i f y , JFrame appFrame )
{

t h i s . appFrame = appFrame ;
t h i s . f i l e = f i l e ;
t h i s . t o t a lFea tu r e s = th i s . tota lSamples = th i s . t o t a lC l a s s e s = 0 ;
t h i s . f u l lDa t a s e t = new ArrayList <double []> ( ) ;
t h i s . sampleLabels = new ArrayList <Str ing> ( ) ;
t h i s . classNames = new ArrayList <Str ing> ( ) ;
t h i s . t ra in ingSamples Index = new ArrayList <ArrayList <Integer>> ( ) ;
t h i s . te s t ingSamples Index = new ArrayList <ArrayList <Integer>> ( ) ;

doProcess ( ) ;
}

pub l i c i n t getTotalSamples ( ) { re turn tota lSamples ; }
pub l i c i n t ge tTota lC la s s e s ( ) { re turn t o t a lC l a s s e s ; }
pub l i c i n t getTota lFeatures ( ) { re turn to ta lFea tu r e s ; }
pub l i c i n t getTotalTrainSamples ( ) { re turn tota lTra inSamples ; }
pub l i c i n t getTotalTestSamples ( ) { re turn tota lTestSamples ; }

pub l i c S t r ing [ ] getProbeSet ( ) { re turn probeSet ; }
pub l i c double [ ] [ ] ge tTra in ingSet ( ) { re turn t r a i n i n gS e t ; }
pub l i c double [ ] [ ] ge tTes t ingSet ( ) { re turn t e s t i n gS e t ; }

pub l i c ArrayList <Str ing> getClassNames ( ) { re turn classNames ; }
pub l i c ArrayList<ArrayList<double []>> getSamplesPerClass ( ) { re turn dataPerClass ; }

pub l i c i n t getNoOfSamplesPerClassForTraining ( ) { re turn noOfSamplesPerClassForTraining ; }
pub l i c svm model getSvmModel ( ) { re turn svmModel ; }

pub l i c ArrayList <ArrayList <Integer>> ge t Ind i c e sPe rC la s s ( ) { re turn ind i c e sPe rC la s s ; }
pub l i c double [ ] [ ] g e tTra in ingResu l t s ( ) { re turn t r a i n i n gRe su l t s ; }
pub l i c ArrayList <ArrayList <Integer>> getTrainingSamplesIndex ( ) { re turn tra in ingSamples Index ; }
pub l i c ArrayList <ArrayList <Integer>> getTest ingSamplesIndex ( ) { re turn test ingSamples Index ; }

pub l i c void se tTra in ingSe t ( double [ ] [ ] t r a i nSe t ) { t r a i n i n gS e t = t r a i nSe t ; }
pub l i c void s e tTes t ingSe t ( double [ ] [ ] t e s t S e t ) { t e s t i n gS e t = t e s t S e t ; }
pub l i c void setSvmModel ( svm model model ) { svmModel = model ; }
pub l i c void s e tTra in ingResu l t s ( double [ ] [ ] r e s u l t s ) { t r a i n i n gRe su l t s = r e s u l t s ; }

pr i va t e void doProcess ( )
{
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BufferedReader br ;
t ry
{

br = new BufferedReader (new Fi leReader ( f i l e ) ) ;
probeSet = co l l e c tP r ob e s e t ( br . readLine ( ) ) ;
t o t a lFea tu r e s = probeSet . l ength ;

S t r ing l i n e = ”” ;
whi le ( ( l i n e = br . readLine ( ) ) != nu l l )
{

double [ ] sample = co l l e c tSample ( l i n e ) ;
f u l lDa t a s e t . add ( sample ) ;

}

tota lSamples = sampleLabels . s i z e ( ) ;
classNames = determineClassNames ( ) ;
t o t a lC l a s s e s = classNames . s i z e ( ) ;
dataPerClass = getDataPerClass ( ) ;
t r a i n i n gS e t = generateTra in ingSet ( ) ;
t e s t i n gS e t = generateTes t ingSet ( ) ;
tota lTra inSamples = t r a i n i n gS e t . l ength ;
tota lTestSamples = t e s t i n gS e t . l ength ;

}
catch ( FileNotFoundException e )
{

JOptionPane . showMessageDialog ( appFrame , ”Dataset f i l e not found ! ” ) ;
e r r o r = true ;
// e . pr intStackTrace ( ) ;

}
catch ( IOException e )
{

e r r o r = true ;
// e . pr intStackTrace ( ) ;

}
}

pr i va t e double [ ] [ ] g enerateTes t ingSet ( )
{

Random generator = new Random ( ) ;
noOfSamplesPerClassForTesting = ( in t ) ( generator . nextFloat ( ) ∗ 5) + 5 ;

ArrayList <double []> t e s t ingSetArray = new ArrayList <double []> ( ) ;

f o r ( i n t i =0; i<dataPerClass . s i z e ( ) ; i++)
{

i n t dataS izePerClass = dataPerClass . get ( i ) . s i z e ( ) ;
i n t numberOfTrainingSamples = noOfSamplesPerClassForTraining ;
i n t d i f f = dataS izePerClass − numberOfTrainingSamples ;

i f ( d i f f < noOfSamplesPerClassForTesting )
{

ArrayList <Integer> testSamplesIndex = new ArrayList <Integer> ( ) ;
ArrayList <Integer> t e s t I n d i c e s = new ArrayList <Integer> ( ) ;

f o r ( i n t j =0; j<dataPerClass . get ( i ) . s i z e ( ) ; j++)
{

i f ( ! t ra in ingSamples Index . get ( i ) . conta in s ( j ) )
{

testSamplesIndex . add ( j ) ;

t e s t I n d i c e s . add ( ind i c e sPe rC la s s . get ( i ) . get ( j ) ) ;
double [ ] sample = new double [ f u l lDa t a s e t . get ( 0 ) . l ength + 1 ] ;
sample [ 0 ] = ( double ) i ;

f o r ( i n t k=0; k<dataPerClass . get ( i ) . get ( j ) . l ength ; k++)
{

sample [ k+1] = dataPerClass . get ( i ) . get ( j ) [ k ] ;
}

t e s t ingSetArray . add ( sample ) ;
}

}

tes t ingSamples Index . add ( testSamplesIndex ) ;
}
e l s e
{

ArrayList <Integer> testSamplesIndex = new ArrayList <Integer> ( ) ;
ArrayList <Integer> t e s t I n d i c e s = new ArrayList <Integer> ( ) ;

i n t j =0;
whi le ( j<noOfSamplesPerClassForTesting )
{

i n t index = ( in t ) ( generator . nextFloat ( ) ∗ dataPerClass . get ( i ) . s i z e ( ) ) ;

i f ( ! t ra in ingSamples Index . get ( i ) . conta in s ( index ) && ! testSamplesIndex . conta ins ( index ) )
{

testSamplesIndex . add ( index ) ;
t e s t I n d i c e s . add ( ind i c e sPe rC la s s . get ( i ) . get ( index ) ) ;

double [ ] sample = new double [ f u l lDa t a s e t . get ( 0 ) . l ength + 1 ] ;
sample [ 0 ] = ( double ) i ;

f o r ( i n t k=0; k<dataPerClass . get ( i ) . get ( index ) . l ength ; k++)
{

sample [ k+1] = dataPerClass . get ( i ) . get ( index ) [ k ] ;
}

t e s t ingSetArray . add ( sample ) ;

41



j++;
}

}

tes t ingSamples Index . add ( testSamplesIndex ) ;
}

}

double [ ] [ ] t e s t i n gS e t = new double [ t e s t ingSetArray . s i z e ( ) ] [ ] ;
f o r ( i n t i =0; i<t e s t i n gS e t . l ength ; i++)
{

t e s t i n gS e t [ i ] = te s t ingSetArray . get ( i ) ;
}

re turn t e s t i n gS e t ;
}

pr i va t e double [ ] [ ] g enerateTra in ingSet ( )
{

i n t smallestSampleCount = dataPerClass . get ( 0 ) . s i z e ( ) ;

f o r ( i n t i =0; i<dataPerClass . s i z e ( ) ; i++)
{

i f ( dataPerClass . get ( i ) . s i z e ( ) < smallestSampleCount ) {
smallestSampleCount = dataPerClass . get ( i ) . s i z e ( ) ;

}
}

noOfSamplesPerClassForTraining = ( in t ) ( ( i n t ) smallestSampleCount ∗ 0 . 7 0 ) ;

double [ ] [ ] t r a i n i n gS e t = new double [ noOfSamplesPerClassForTraining ∗ classNames . s i z e ( ) ] [ ] ;

f o r ( i n t i =0; i<t r a i n i n gS e t . l ength ; i++)
{

t r a i n i n gS e t [ i ] = nu l l ;
}

i n t index = 0 ;
f o r ( i n t i =0; i<classNames . s i z e ( ) ; i++)
{

ArrayList <Integer> chosenSamples = getRandomSamples ( noOfSamplesPerClassForTraining , i ) ;
t ra in ingSamples Index . add ( chosenSamples ) ;

f o r ( i n t j =0; j<chosenSamples . s i z e ( ) ; j++)
{

double [ ] sample=new double [ f u l lDa t a s e t . get ( 0 ) . l ength + 1 ] ;
sample [ 0 ] = ( double ) i ;

f o r ( i n t k=0; k<dataPerClass . get ( i ) . get ( j ) . l ength ; k++) {
sample [ k+1] = dataPerClass . get ( i ) . get ( chosenSamples . get ( j ) ) [ k ] ;

}

t r a i n i n gS e t [ index ] = sample ;
index++;

}
}
re turn t r a i n i n gS e t ;

}

pr i va t e ArrayList <Integer> getRandomSamples ( i n t count , i n t c l a s sLabe l )
{

Random generator = new Random ( ) ;
ArrayList <Integer> chosenSamples = new ArrayList <Integer> ( ) ;
i n t i = 0 ;

whi le ( i<count )
{

i n t sample = ( in t ) ( generator . nextFloat ( ) ∗ dataPerClass . get ( c l a s sLabe l ) . s i z e ( ) ) ;

i f ( ! chosenSamples . conta in s ( sample ) )
{

chosenSamples . add ( sample ) ;
i++;

}
}
re turn chosenSamples ;

}

pr i va t e ArrayList <ArrayList <double []>> getDataPerClass ( )
{

ArrayList <ArrayList <double []>> dataPerClass = new ArrayList <ArrayList <double []>> ( ) ;
i nd i c e sPe rC la s s = new ArrayList <ArrayList <Integer>> ( ) ;

f o r ( i n t i =0; i<classNames . s i z e ( ) ; i++)
{

dataPerClass . add (new ArrayList <double [ ] > ( ) ) ;
i nd i c e sPe rC la s s . add (new ArrayList<Integer> ( ) ) ;

}

f o r ( i n t i =0; i<sampleLabels . s i z e ( ) ; i++)
{

dataPerClass . get ( classNames . indexOf ( sampleLabels . get ( i ) ) ) . add ( f u l lDa t a s e t . get ( i ) ) ;
i nd i c e sPe rC la s s . get ( classNames . indexOf ( sampleLabels . get ( i ) ) ) . add ( i ) ;

}

re turn dataPerClass ;
}

pr i va t e ArrayList <Str ing> determineClassNames ( )
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{
ArrayList <Str ing> classNames = new ArrayList <Str ing> ( ) ;

f o r ( i n t i =0; i<sampleLabels . s i z e ( ) ; i++)
{

i f ( classNames . s i z e ( ) > 0)
{

i f ( ! classNames . conta ins ( sampleLabels . get ( i ) ) )
{

classNames . add ( sampleLabels . get ( i ) ) ;
}

}
e l s e
{

classNames . add ( sampleLabels . get ( i ) ) ;
}

}

re turn classNames ;
}

pr i va t e double [ ] co l l e c tSample ( St r ing sampleStr ing )
{

Str ingToken ize r s t r ingToken i z e r = new Str ingToken ize r ( sampleStr ing , ” , ” ) ;
S t r ing l a b e l = s t r ingToken i z e r . nextToken ( ) ;

sampleLabels . add ( l a b e l ) ;

double [ ] sample = new double [ t o t a lFea tu r e s ] ;
i n t i = 0 ;

whi le ( s t r i ngToken i z e r . hasMoreTokens ( ) )
{

sample [ i ] = Double . parseDouble ( s t r i ngToken i z e r . nextToken ( ) ) ;
i++;

}

re turn sample ;
}

pr i va t e St r ing [ ] c o l l e c tP r ob e s e t ( S t r ing probes )
{

ArrayList <Str ing> probeArray = new ArrayList <Str ing> ( ) ;
St r ingToken ize r s t r ingToken i z e r = new Str ingToken ize r ( probes , ” , ” ) ;

whi le ( s t r i ngToken i z e r . hasMoreTokens ( ) )
{

probeArray . add ( s t r i ngToken i z e r . nextToken ( ) ) ;
}

probeArray . remove ( 0 ) ;

re turn Ut i l s . convertToStr ingArray ( probeArray ) ;
}

pub l i c boolean hasError ( )
{

re turn e r r o r ;
}

}

3. preprocesses/DecimalScaleNormalization.java
package p r ep ro c e s s e s ;

pub l i c c l a s s Dec imalSca leNormal izat ion
{

pub l i c s t a t i c double [ ] [ ] preprocessData ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] preprocessedData = performMethod ( dataset , tota lSamples , t o t a lFea tu r e s +1);
re turn preprocessedData ;

}

pr i va t e s t a t i c double [ ] [ ] performMethod ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] preprocessedData = new double [ tota lSamples ] [ t o t a lFea tu r e s ] ;
i n t [ ] dec = getDec imalPlaces ( dataset , totalSamples , t o t a lFea tu r e s ) ;

f o r ( i n t row=0; row<tota lSamples ; row++)
{

preprocessedData [ row ] [ 0 ] = datase t [ row ] [ 0 ] ;

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

preprocessedData [ row ] [ c o l ] = Math . round ( ( datase t [ row ] [ c o l ] /( double ) Math . pow(10 , dec [ co l −1])) ∗ 10000) / ( double ) 10000;
}

}
re turn preprocessedData ;

}

pr i va t e s t a t i c i n t [ ] getDec imalPlaces ( double [ ] [ ] dataset , i n t totalSamples , i n t t o ta lFea tu r e s )
{

double [ ] maxes = new double [ t o t a lFea tu r e s ] ;
i n t [ ] dec = new in t [ t o t a lFea tu r e s ] ;

f o r ( i n t i =1; i<t o t a lFea tu r e s ; i++)
{
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double max = datase t [ 0 ] [ i ] ;
f o r ( i n t j =0; j<tota lSamples ; j++)
{

i f ( datase t [ j ] [ i ] > max)
{

max = datase t [ j ] [ i ] ;
}

}
maxes [ i −1] = max ;

}

f o r ( i n t i =0; i<maxes . l ength ; i++)
{

i n t j = 0 ;
double va l = Math . round ( ( maxes [ i ] / Math . pow(10 , j ) ) ∗ 10000) / 10000;

whi le ( va l >= 1)
{

j++;
va l = Math . round ( ( maxes [ i ] / Math . pow(10 , j ) ) ∗ 10000) / 10000;

}
dec [ i ] = j ;

}
re turn dec ;

}
}

4. preprocesses/QuantileNormalization.java
/∗∗ Quanti le Normal izat ion :
∗ 1 . Sort each column of o r i g i n a l matrix .
∗ 2 . Take average ac ro s s rows .
∗ 3 . Subs t i tu t e each value to corresponding row average .
∗ 4 . Unsort columns o f matrix to o r i g i n a l order .
∗/

package p r ep ro c e s s e s ;

import java . u t i l . ArrayList ;

pub l i c c l a s s Quant i l eNormal izat ion
{

pub l i c s t a t i c double [ ] [ ] preprocessData ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] preprocessedData = performMethod ( dataset , tota lSamples , t o t a lFea tu r e s +1);
re turn preprocessedData ;

}

pr i va t e s t a t i c double [ ] [ ] performMethod ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] processedData = new double [ tota lSamples ] [ t o t a lFea tu r e s ] ;
ArrayList <ArrayList <double []>> data = new ArrayList<ArrayList<double []>> ( ) ;

f o r ( i n t i =0; i<tota lSamples ; i++)
{

ArrayList <double []> row = new ArrayList <double []> ( ) ;

f o r ( i n t j =0; j<t o t a lFea tu r e s ; j++)
{

double [ ] rowdata = new double [ 2 ] ;
rowdata [ 0 ] = i ;
rowdata [ 1 ] = datase t [ i ] [ j ] ;
row . add ( rowdata ) ;

}
data . add ( row ) ;

}

ArrayList <ArrayList <double []>> t ranspose = transposeData ( data , tota lSamples , t o t a lFea tu r e s ) ;

f o r ( i n t i =1; i<t ranspose . s i z e ( ) ; i++)
{

t ranspose . s e t ( i , mergeSort ( t ranspose . get ( i ) , 0 , t ranspose . get ( i ) . s i z e ()−1)) ;
}

data = untransposeData ( transpose , tota lSamples , t o t a lFea tu r e s ) ;

double [ ] average = new double [ data . s i z e ( ) ] ;
f o r ( i n t i =0; i<tota lSamples ; i++)
{

double sum = 0 ;
ArrayList <double []> row = data . get ( i ) ;
f o r ( i n t j =1; j<t o t a lFea tu r e s ; j++)
{

double [ ] rowdata = row . get ( j ) ;
sum += rowdata [ 1 ] ;

}

average [ i ] = Math . round ( ( sum / to ta lFea tu r e s ) ∗ 10000) / ( double )10000 ;
}

f o r ( i n t i =0; i<tota lSamples ; i++)
{

ArrayList <double []> row = data . get ( i ) ;
f o r ( i n t j =1; j<t o t a lFea tu r e s ; j++)
{

double [ ] rowdata = row . get ( j ) ;
rowdata [ 1 ] = average [ i ] ;
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row . s e t ( j , rowdata ) ;
}

}

processedData = unsortMatrix ( data , tota lSamples , t o t a lFea tu r e s ) ;
r e turn processedData ;

}

pr i va t e s t a t i c ArrayList <ArrayList <double []>> transposeData ( ArrayList <ArrayList <double []>> data , i n t totalSamples , i n t t o t a lFea tu r e s )
{

ArrayList <ArrayList <double []>> t ranspose = new ArrayList<ArrayList<double []>> ( ) ;
f o r ( i n t i =0; i<t o t a lFea tu r e s ; i++)
{

ArrayList <double []> transposeRow = new ArrayList <double []> ( ) ;

f o r ( i n t j =0; j<tota lSamples ; j++)
{

ArrayList <double []> row = data . get ( j ) ;
double [ ] rowdata = row . get ( i ) ;
transposeRow . add ( rowdata ) ;

}
t ranspose . add ( transposeRow ) ;

}

re turn t ranspose ;
}

pr i va t e s t a t i c ArrayList<double []> mergeSort ( ArrayList<double []> row , i n t l , i n t h)
{

i n t low = l ;
i n t high = h ;

i f ( low >= high )
{

re turn row ;
}

i n t middle = ( low + high ) / 2 ;
mergeSort ( row , low , middle ) ;
mergeSort ( row , middle+1, high ) ;

i n t endLow = middle ;
i n t s tar tHigh = middle+1;

whi le ( ( low <= endLow) && ( star tHigh <= high ) )
{

i f ( row . get ( low ) [ 1 ] < row . get ( s tar tHigh ) [ 1 ] )
{

low++;
}
e l s e
{

double [ ] temp = row . get ( s tar tHigh ) ;

f o r ( i n t k=startHigh −1; k>=low ; k−−)
{

row . s e t ( k+1, row . get (k ) ) ;
}

row . s e t ( low , temp ) ;
low++;
endLow++;
star tHigh++;

}
}

re turn row ;
}

pr i va t e s t a t i c ArrayList <ArrayList <double []>> untransposeData ( ArrayList <ArrayList <double []>> data , i n t totalSamples , i n t t o t a lFea tu r e s )
{

ArrayList <ArrayList <double []>> t ranspose = new ArrayList<ArrayList<double []>> ( ) ;
f o r ( i n t i =0; i<tota lSamples ; i++)
{

ArrayList <double []> transposeRow = new ArrayList <double []> ( ) ;

f o r ( i n t j =0; j<t o t a lFea tu r e s ; j++)
{

ArrayList <double []> row = data . get ( j ) ;
double [ ] rowdata = row . get ( i ) ;
transposeRow . add ( rowdata ) ;

}
t ranspose . add ( transposeRow ) ;

}

re turn t ranspose ;
}

pr i va t e s t a t i c double [ ] [ ] unsortMatrix ( ArrayList<ArrayList<double []>> data , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] processedData = new double [ tota lSamples ] [ t o t a lFea tu r e s ] ;

f o r ( i n t i =0; i<tota lSamples ; i++)
{

ArrayList <double []> row = data . get ( i ) ;

f o r ( i n t j =0; j<t o t a lFea tu r e s ; j++)
{

double [ ] rowdata = row . get ( j ) ;
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processedData [ ( i n t ) rowdata [ 0 ] ] [ j ] = rowdata [ 1 ] ;
}

}
re turn processedData ;

}
}

5. preprocesses/ZScoreTransformation.java
/∗∗
∗ Z−Score Transformation :
∗ z−Score = (x − mean) / stddev
∗/

package p r ep ro c e s s e s ;

pub l i c c l a s s ZScoreTransformation {
pub l i c s t a t i c double [ ] [ ] preprocessData ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] processedData = performMethod ( dataset , totalSamples , t o t a lFea tu r e s +1);
re turn processedData ;

}

pub l i c s t a t i c double [ ] [ ] performMethod ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] [ ] processedData = new double [ tota lSamples ] [ t o t a lFea tu r e s ] ;
double [ ] meanIntens i t i e sPerFeature = getMeanIntens ityPerFeature ( dataset , totalSamples , t o t a lFea tu r e s ) ;
double [ ] s tdDeviat ionPerFeature = getStdDeviat ionPerFeature ( meanIntens i t i e sPerFeature , dataset , tota lSamples , t o t a lFea tu r e s ) ;

f o r ( i n t row=0; row<tota lSamples ; row++)
{

processedData [ row ] [ 0 ] = datase t [ row ] [ 0 ] ;

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

processedData [ row ] [ c o l ] = Math . round ( ( ( datase t [ row ] [ c o l ] − meanIntens i t i e sPerFeature [ c o l ] ) / stdDeviat ionPerFeature [ c o l ] )∗10000) / ( double )10000 ;
}

}
re turn processedData ;

}

pr i va t e s t a t i c double [ ] getMeanIntens ityPerFeature ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] means = new double [ t o t a lFea tu r e s ] ;

f o r ( i n t i =0; i<t o t a lFea tu r e s ; i++) {
means [ i ] = 0 ;

}

f o r ( i n t row=0; row<tota lSamples ; row++)
{

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

means [ c o l ] += ( double ) datase t [ row ] [ c o l ] ;
}

}

f o r ( i n t i =1; i<t o t a lFea tu r e s ; i++)
{

means [ i ] = ( double )means [ i ] / ( double ) tota lSamples ;
}

re turn means ;
}

//FORMULA: sq r t (sum( ( x−mean(x ) ) ˆ2 ) / ( n−1))
p r i va t e s t a t i c double [ ] getStdDeviat ionPerFeature ( double [ ] meanPerFeature , double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] stdDev = new double [ t o t a lFea tu r e s ] ;

f o r ( i n t i =0; i<t o t a lFea tu r e s ; i++) {
stdDev [ i ] = 0 ;

}

f o r ( i n t row=0; row<tota lSamples ; row++)
{

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

stdDev [ c o l ] += ( double ) ( datase t [ row ] [ c o l ] − meanPerFeature [ c o l ] ) ∗ ( double ) ( datase t [ row ] [ c o l ] − meanPerFeature [ c o l ] ) ;
}

}

f o r ( i n t i =0; i<t o t a lFea tu r e s ; i++) {
stdDev [ i ] = Math . sq r t ( stdDev [ i ] / ( double ) ( tota lSamples − 1 ) ) ;

}

re turn stdDev ;
}

}

6. preprocesses/MinMaxNormalization.java
/∗∗
∗ Min−max Normal izat ion :
∗ v ’ = ( ( v−min )/(max−min ) ) ( new max − new min ) + new min
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∗/

package p r ep ro c e s s e s ;

pub l i c c l a s s MinMaxNormalization
{

pub l i c s t a t i c double [ ] [ ] preprocessData ( double [ ] [ ] dataset , i n t totalSamples , i n t to ta lFeature s , i n t minInterval , i n t maxInterval )
{

double [ ] [ ] processedData = performMethod ( dataset , totalSamples , t o t a lFea tu r e s +1, minInterval , maxInterval ) ;
r e turn processedData ;

}

pub l i c s t a t i c double [ ] [ ] performMethod ( double [ ] [ ] dataset , i n t totalSamples , i n t to ta lFeature s , i n t minInterval , i n t maxInterval )
{

double [ ] [ ] processedData = new double [ tota lSamples ] [ t o t a lFea tu r e s ] ;
double new max = maxInterval , new min=minInterva l ;
double [ ] maxs = getMaxPerFeature ( dataset , tota lSamples , t o t a lFea tu r e s ) ;
double [ ] mins = getMinPerFeature ( dataset , tota lSamples , t o t a lFea tu r e s ) ;

f o r ( i n t row=0; row<tota lSamples ; row++)
{

processedData [ row ] [ 0 ] = datase t [ row ] [ 0 ] ;

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

processedData [ row ] [ c o l ] = Math . round ( ( ( ( ( datase t [ row ] [ c o l ] − mins [ c o l ] ) / (maxs [ c o l ]−mins [ c o l ] ) ) ∗ (new max − new min ) ) + new min ) ∗ 10000) / ( double ) 10000;
}

}

re turn processedData ;
}

pr i va t e s t a t i c double [ ] getMinPerFeature ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] mins = new double [ t o t a lFea tu r e s ] ;

f o r ( i n t i =0; i<t o t a lFea tu r e s ; i++) {
mins [ i ] = 0 ;

}

f o r ( i n t row=0; row<tota lSamples ; row++)
{

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

i f ( datase t [ row ] [ c o l ] < mins [ c o l ] )
{

mins [ c o l ] = datase t [ row ] [ c o l ] ;
}

}
}

re turn mins ;
}

pr i va t e s t a t i c double [ ] getMaxPerFeature ( double [ ] [ ] dataset , i n t totalSamples , i n t t o t a lFea tu r e s )
{

double [ ] maxs = new double [ t o t a lFea tu r e s ] ;

f o r ( i n t i =0; i<t o t a lFea tu r e s ; i++) {
maxs [ i ] = 0 ;

}

f o r ( i n t row=0; row<tota lSamples ; row++)
{

f o r ( i n t c o l =1; co l<t o t a lFea tu r e s ; c o l++)
{

i f ( datase t [ row ] [ c o l ] > maxs [ c o l ] )
{

maxs [ c o l ] = datase t [ row ] [ c o l ] ;
}

}
}

re turn maxs ;
}

}

7. process/ProcessInput.java
package proce s s ;

import java . u t i l . ArrayList ;
import java . u t i l . concurrent . Cance l l a t ionExcept ion ;
import java . u t i l . concurrent . ExecutionException ;

import javax . swing . JFrame ;
import javax . swing . JOptionPane ;
import javax . swing . JScro l lPane ;
import javax . swing . JTabbedPane ;
import javax . swing . SwingWorker ;

import input . Input ;
import l ibsvm . svm parameter ;
import g e t s e t . Ge t t e r sS e t t e r s ;

import p r ep ro c e s s e s . Dec imalSca leNormal izat ion ;
import p r ep ro c e s s e s . MinMaxNormalization ;
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import p r ep ro c e s s e s . Quant i l eNormal izat ion ;
import p r ep ro c e s s e s . ZScoreTransformation ;

import svm . SvmEvaluator ;
import svm . SvmParameters ;
import svm . SvmTrainer ;

import u s e r i n t e r f a c e . ResultDatasetTab ;
import u s e r i n t e r f a c e . ResultParametersTab ;
import u s e r i n t e r f a c e . ResultPredict ionTab ;
import u s e r i n t e r f a c e . ResultStatsTab ;

pub l i c c l a s s Process Input extends SwingWorker <JTabbedPane , Void>
{

pr i va t e f i n a l i n t PREPROCESSING METHODS = 4 ;
p r i va t e JTabbedPane resultTabbedPane ;
p r i va t e JFrame appFrame ;
p r i va t e Input dataModel ;
p r i va t e Ge t t e r sS e t t e r s s e t t i n g s ;
p r i va t e svm parameter svmParams ;
p r i va t e ArrayList <JTabbedPane> resultTabbedPanes ;

pub l i c Process Input ( Input dataModel , Ge t t e r sS e t t e r s s e t t i n g s , JTabbedPane resultTabbedPane , JFrame appFrame )
{

t h i s . appFrame = appFrame ;
t h i s . dataModel = dataModel ;
t h i s . s e t t i n g s = s e t t i n g s ;
t h i s . resultTabbedPane = resultTabbedPane ;

resultTabbedPane . removeAll ( ) ;
resultTabbedPane . addTab (” Dataset ” , new ResultDatasetTab ( dataModel ) ) ;
resultTabbedPane . addTab (” Parameters ” , new JScro l lPane ( nul l , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ) ;
resultTabbedPane . addTab (” Pred i c t i on ” , new JScro l lPane ( nul l , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ) ;
resultTabbedPane . addTab(” Performance ” , new JScro l lPane ( nul l , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ) ;

f o r ( i n t i =1; i<resultTabbedPane . getTabCount ( ) ; i++)
{

resultTabbedPane . setEnabledAt ( i , f a l s e ) ;
}

SvmParameters params = new SvmParameters ( ) ;
svmParams = params . getSvmParameters ( ) ;

}

@Override
protec ted JTabbedPane doInBackground ( ) throws Exception
{

resultTabbedPane . setEnabled ( t rue ) ;
s e tProg r e s s ( 5 ) ;

resultTabbedPane . setComponentAt (1 , new JScro l lPane (new ResultParametersTab ( svmParams , s e t t i n g s ) , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ) ;
resultTabbedPane . setEnabledAt (1 , t rue ) ;
resultTabbedPane . s e tSe l e c t ed Index ( 1 ) ;
s e tProg r e s s ( 3 0 ) ;

i f ( i sCance l l ed ( ) )
{

JOptionPane . showMessageDialog ( appFrame , ”Process c anc e l l e d ! ” , ”Warning ” , JOptionPane .WARNINGMESSAGE) ;
}
e l s e
{

double [ ] [ ] t r a i n i n gS e t = dataModel . ge tTra in ingSet ( ) ;
double [ ] [ ] t e s t i n gS e t = dataModel . ge tTest ingSet ( ) ;

i f ( ( ! s e t t i n g s . getPrep ( ) [ 0 ] && ! s e t t i n g s . getPrep ( ) [ 1 ] && ! s e t t i n g s . getPrep ( ) [ 2 ] && ! s e t t i n g s . getPrep ( ) [ 3 ] ) | | ( s e t t i n g s . getPrep ( ) [ 0 ] ) )
{

t r a i n i n gS e t = DecimalSca leNormal izat ion . preprocessData ( t ra in ingSe t , dataModel . getTotalTrainSamples ( ) , dataModel . getTota lFeatures ( ) ) ;
t e s t i n gS e t = DecimalSca leNormal izat ion . preprocessData ( t e s t i ngSe t , dataModel . getTotalTestSamples ( ) , dataModel . getTota lFeatures ( ) ) ;

}
i f ( s e t t i n g s . getPrep ( ) [ 1 ] )
{

t r a i n i n gS e t = Quant i l eNormal izat ion . preprocessData ( t ra in ingSe t , dataModel . getTotalTrainSamples ( ) , dataModel . getTota lFeatures ( ) ) ;
t e s t i n gS e t = Quant i l eNormal izat ion . preprocessData ( t e s t i ngSe t , dataModel . getTotalTestSamples ( ) , dataModel . getTota lFeatures ( ) ) ;

}

i f ( s e t t i n g s . getPrep ( ) [ 2 ] )
{

t r a i n i n gS e t = ZScoreTransformation . preprocessData ( t ra in ingSe t , dataModel . getTotalTrainSamples ( ) , dataModel . getTota lFeatures ( ) ) ;
t e s t i n gS e t = ZScoreTransformation . preprocessData ( t e s t i ngSe t , dataModel . getTotalTestSamples ( ) , dataModel . getTota lFeatures ( ) ) ;

}

i f ( s e t t i n g s . getPrep ( ) [ 3 ] )
{

t r a i n i n gS e t = MinMaxNormalization . preprocessData ( t ra in ingSe t , dataModel . getTotalTrainSamples ( ) , dataModel . getTota lFeatures ( ) , s e t t i n g s . getMinMaxInterval ( ) [ 0 ] , s e t t i n g s . getMinMaxInterval ( ) [ 1 ] ) ;
t e s t i n gS e t = MinMaxNormalization . preprocessData ( t e s t i ngSe t , dataModel . getTotalTestSamples ( ) , dataModel . getTota lFeatures ( ) , s e t t i n g s . getMinMaxInterval ( ) [ 0 ] , s e t t i n g s . getMinMaxInterval ( ) [ 1 ] ) ;

}

dataModel . s e tTra in ingSe t ( t r a i n i n gS e t ) ;
dataModel . s e tTes t ingSe t ( t e s t i n gS e t ) ;
s e tProg r e s s ( 6 0 ) ;

t r a i n i n gS e t = dataModel . ge tTra in ingSet ( ) ;
dataModel . setSvmModel ( SvmTrainer . getSvmModel ( svmParams , dataModel ) ) ;
double [ ] [ ] t r a i n i n gRe su l t s = new double [ dataModel . ge tTest ingSet ( ) . l ength ] [ ] ;

f o r ( i n t j =0; j<dataModel . ge tTest ingSet ( ) . l ength ; j++)
{

i f ( i sCance l l ed ( ) )
{
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JOptionPane . showMessageDialog ( appFrame , ”Process c anc e l l e d ! ” , ”Warning ” , JOptionPane .WARNINGMESSAGE) ;
}
e l s e
{

t r a i n i n gRe su l t s [ j ] = SvmEvaluator . eva luate ( dataModel . ge tTest ingSet ( ) [ j ] , dataModel . getSvmModel ( ) , dataModel . g e tTota lC la s s e s ( ) ) ;
}

dataModel . s e tTra in ingResu l t s ( t r a i n i n gRe su l t s ) ;
}

}

resultTabbedPane . setComponentAt (2 , new JScro l lPane (new ResultPredict ionTab ( dataModel ) , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ) ;
resultTabbedPane . setEnabledAt (2 , t rue ) ;
resultTabbedPane . s e tSe l e c t ed Index ( 2 ) ;
s e tProg r e s s ( 9 0 ) ;

resultTabbedPane . setComponentAt (3 , new JScro l lPane (new ResultStatsTab ( dataModel ) , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ) ;
resultTabbedPane . setEnabledAt (3 , t rue ) ;
resultTabbedPane . s e tSe l e c t ed Index ( 3 ) ;
s e tProg r e s s ( 1 00 ) ;

re turn resultTabbedPane ;
}

protec ted void done ( )
{

t ry
{

JTabbedPane resu l tPane = get ( ) ;
resultTabbedPanes . add ( resu l tPane ) ;

}
catch ( Inter ruptedExcept ion e )
{

JOptionPane . showMessageDialog ( appFrame , ”Process i n t e r rupt ed ! ” , ”Warning ” , JOptionPane .WARNINGMESSAGE) ;
e . pr intStackTrace ( ) ;
r e turn ;

}
catch ( ExecutionException e )
{

JOptionPane . showMessageDialog ( appFrame , ”Execution Exception ! ” , ”Warning ” , JOptionPane .WARNINGMESSAGE) ;
e . pr intStackTrace ( ) ;
r e turn ;

}
catch ( Cance l l a t ionExcept ion e )
{

JOptionPane . showMessageDialog ( appFrame , ”Process c anc e l l e d ! ” , ”Warning ” , JOptionPane .WARNINGMESSAGE) ;
e . pr intStackTrace ( ) ;
r e turn ;

}
catch ( Nul lPo interExcept ion e )
{

JOptionPane . showMessageDialog ( appFrame , ”Process Completed ! ” , ” In format ion ” , JOptionPane .INFORMATION MESSAGE) ;
// e . pr intStackTrace ( ) ;
r e turn ;

}
}

}

8. getset/GettersSetters.java
package g e t s e t ;

pub l i c c l a s s Ge t t e r sS e t t e r s
{

pr i va t e boolean decnorm = true ;
p r i va t e boolean qnorm = f a l s e ;
p r i va t e boolean z s co r e = f a l s e ;
p r i va t e boolean minmax = f a l s e ;
p r i va t e i n t min = 0 , max = 100 ;

pub l i c void setPrep ( boolean decnorm , boolean qnorm , boolean zscore , boolean minmax)
{

t h i s . decnorm = decnorm ;
t h i s . qnorm = qnorm ;
t h i s . z s co r e = zs co r e ;
t h i s .minmax = minmax ;

}

pub l i c void setMinMaxInterval ( i n t min , i n t max)
{

t h i s . min = min ;
t h i s .max = max ;

}

pub l i c boolean [ ] getPrep ( )
{

re turn new boolean [ ] { decnorm , qnorm , zscore , minmax } ;
}

pub l i c i n t [ ] getMinMaxInterval ( )
{

re turn new in t [ ] { min , max } ;
}

}

9. svm/SvmEvaluator.java

49



package svm ;

import l ibsvm . svm ;
import l ibsvm . svm model ;
import l ibsvm . svm node ;

pub l i c c l a s s SvmEvaluator {
pub l i c s t a t i c double [ ] eva luate ( double [ ] f e a tu r e s , svm model model , i n t t o t a lC l a s s e s )
{

svm node [ ] nodes = new svm node [ f e a t u r e s . length −1] ;

f o r ( i n t i =1; i<f e a t u r e s . l ength ; i++)
{

svm node node = new svm node ( ) ;
node . index = i ;
node . value = f e a t u r e s [ i ] ;
nodes [ i −1] = node ;

}

i n t [ ] l a b e l s = new in t [ t o t a lC l a s s e s ] ;
svm . svm ge t l abe l s (model , l a b e l s ) ;
double [ ] p rob es t imate s = new double [ t o t a lC l a s s e s ] ;
double v = svm . svm pr ed i c t p r obab i l i t y (model , nodes , p rob es t imate s ) ;
double [ ] r e s u l t = new double [ t o t a lC l a s s e s +2] ;
r e s u l t [ 0 ] = f e a t u r e s [ 0 ] ;
r e s u l t [ 1 ] = v ;

f o r ( i n t i =0; i<t o t a lC l a s s e s ; i++)
{

r e s u l t [ i +2] = prob es t imate s [ i ] ;
}

re turn r e s u l t ;
}

}

10. svm/SvmParameters.java
package svm ;

import l ibsvm . ∗ ;

pub l i c c l a s s SvmParameters
{

pub l i c s t a t i c svm parameter param ;

pub l i c SvmParameters ( )
{

param = new svm parameter ( ) ;

// d e f au l t va lues
// param . svm type = svm parameter .C SVC ;
// param . ke rne l t ype = svm parameter .RBF;
// param . degree = 3 ;
// param .gamma = 0 ;
// param . coe f0 = 0 ;
// param . nu = 0 . 5 ;
// param . c a ch e s i z e = 20000;
// param .C = 1 ;
// param . eps = 1e−3;
// param . p = 0 . 1 ;
// param . sh r ink ing = 1 ;
// param . p r obab i l i t y = 0 ;
// param . nr weight = 0 ;
// param . we i gh t l ab e l = new in t [ 0 ] ;
// param . weight = new double [ 0 ] ;

// l i n e a r ke rne l
param . p r obab i l i t y = 1 ;
param .gamma = 0 . 5 ;
param . nu = 0 . 5 ;
param .C = 1 ;
param . svm type = svm parameter .C SVC ;
param . ke rne l t ype = svm parameter .LINEAR;
param . c a ch e s i z e = 20000;
param . eps = 0 . 0 01 ;

}

pub l i c svm parameter getSvmParameters ( )
{

re turn param ;
}

}

11. svm/SvmTrainer.java
package svm ;

import input . Input ;
import l ibsvm . ∗ ;

pub l i c c l a s s SvmTrainer
{

pub l i c s t a t i c svm model getSvmModel ( svm parameter param , Input datase t )
{
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svm model model = trainSystem (param , datase t . ge tTra in ingSet ( ) , datase t . getTotalTrainSamples ( ) ) ;
r e turn model ;

}

pr i va t e s t a t i c svm model tra inSystem ( svm parameter param , double [ ] [ ] dataset , i n t tota lSamples )
{

svm problem prob = new svm problem ( ) ;
prob . l = tota lSamples ;
prob . y = new double [ prob . l ] ;

i f ( param .gamma == 0)
{

param .gamma = 1 ;
}
prob . x = new svm node [ prob . l ] [ ] ;

f o r ( i n t i =0; i<tota lSamples ; i++)
{

double [ ] f e a t u r e s = datase t [ i ] ;
prob . x [ i ] = new svm node [ f e a t u r e s . length −1] ;

f o r ( i n t j =1; j<f e a t u r e s . l ength ; j++)
{

svm node node = new svm node ( ) ;
node . index = j ;
node . value = f e a t u r e s [ j ] ;
prob . x [ i ] [ j −1] = node ;

}
prob . y [ i ] = f e a t u r e s [ 0 ] ;

}

re turn svm . svm tra in ( prob , param ) ;
}

}

12. libsvm/svm.java

package l ibsvm ;
import java . i o . ∗ ;
import java . u t i l . ∗ ;

//
// Kernel Cache
//
// l i s the number o f t o t a l data items
// s i z e i s the cache s i z e l im i t in bytes
//
c l a s s Cache {

pr i va t e f i n a l i n t l ;
p r i va t e long s i z e ;
p r i va t e f i n a l c l a s s head t
{

head t prev , next ; // a c i c u l a r l i s t
f l o a t [ ] data ;
i n t l en ; // data [ 0 , l en ) i s cached in t h i s entry

}
pr i va t e f i n a l head t [ ] head ;
p r i va t e head t l ru head ;

Cache ( i n t l , long s i z e )
{

l = l ;
s i z e = s i z e ;
head = new head t [ l ] ;
f o r ( i n t i =0; i<l ; i++) head [ i ] = new head t ( ) ;
s i z e /= 4 ;
s i z e −= l ∗ ( 16/4 ) ; // s i z e o f ( head t ) == 16
s i z e = Math .max( s i z e , 2∗ ( long ) l ) ; // cache must be l a r g e enough f o r two columns
l ru head = new head t ( ) ;
l ru head . next = l ru head . prev = l ru head ;

}

pr i va t e void l r u d e l e t e ( head t h)
{

// d e l e t e from current l o c a t i on
h . prev . next = h . next ;
h . next . prev = h . prev ;

}

pr i va t e void l r u i n s e r t ( head t h)
{

// i n s e r t to l a s t p o s i t i o n
h . next = l ru head ;
h . prev = l ru head . prev ;
h . prev . next = h ;
h . next . prev = h ;

}

// reques t data [ 0 , l en )
// return some po s i t i o n p where [ p , l en ) need to be f i l l e d
// (p >= len i f nothing needs to be f i l l e d )
// java : s imulate po in t e r us ing s i ng l e−element array
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i n t ge t data ( i n t index , f l o a t [ ] [ ] data , i n t l en )
{

head t h = head [ index ] ;
i f (h . l en > 0) l r u d e l e t e (h ) ;
i n t more = len − h . l en ;

i f (more > 0)
{

// f r e e o ld space
whi le ( s i z e < more )
{

head t old = l ru head . next ;
l r u d e l e t e ( o ld ) ;
s i z e += old . l en ;
o ld . data = nu l l ;
o ld . l en = 0 ;

}

// a l l o c a t e new space
f l o a t [ ] new data = new f l o a t [ l en ] ;
i f (h . data != nu l l ) System . arraycopy (h . data , 0 , new data , 0 , h . l en ) ;
h . data = new data ;
s i z e −= more ;
do { i n t tmp=h . l en ; h . l en=len ; l en=tmp ;} whi le ( f a l s e ) ;

}

l r u i n s e r t (h ) ;
data [ 0 ] = h . data ;
re turn l en ;

}

void swap index ( i n t i , i n t j )
{

i f ( i==j ) return ;

i f ( head [ i ] . l en > 0) l r u d e l e t e ( head [ i ] ) ;
i f ( head [ j ] . l en > 0) l r u d e l e t e ( head [ j ] ) ;
do { f l o a t [ ] tmp=head [ i ] . data ; head [ i ] . data=head [ j ] . data ; head [ j ] . data=tmp ;} whi le ( f a l s e ) ;
do { i n t tmp=head [ i ] . l en ; head [ i ] . l en=head [ j ] . l en ; head [ j ] . l en=tmp ;} whi le ( f a l s e ) ;
i f ( head [ i ] . l en > 0) l r u i n s e r t ( head [ i ] ) ;
i f ( head [ j ] . l en > 0) l r u i n s e r t ( head [ j ] ) ;

i f ( i>j ) do { i n t tmp=i ; i=j ; j=tmp ;} whi le ( f a l s e ) ;
f o r ( head t h = l ru head . next ; h!= l ru head ; h=h . next )
{

i f (h . l en > i )
{

i f (h . l en > j )
do { f l o a t tmp=h . data [ i ] ; h . data [ i ]=h . data [ j ] ; h . data [ j ]=tmp ;} whi le ( f a l s e ) ;

e l s e
{

// g ive up
l r u d e l e t e (h ) ;
s i z e += h . l en ;
h . data = nu l l ;
h . l en = 0 ;

}
}

}
}

}

//
// Kernel eva lua t i on
//
// the s t a t i c method k func t i on i s f o r doing s i n g l e ke rne l eva luat i on
// the cons t ruc to r o f Kernel prepares to c a l c u l a t e the l ∗ l k e rne l matrix
// the member func t i on get Q i s f o r g e t t i ng one column from the Q Matrix
//
abs t rac t c l a s s QMatrix {

abs t rac t f l o a t [ ] get Q ( i n t column , i n t l en ) ;
ab s t rac t double [ ] get QD ( ) ;
ab s t rac t void swap index ( i n t i , i n t j ) ;

} ;

ab s t r a c t c l a s s Kernel extends QMatrix {
pr i va t e svm node [ ] [ ] x ;
p r i va t e f i n a l double [ ] x square ;

// svm parameter
p r i va t e f i n a l i n t k e rne l t ype ;
p r i va t e f i n a l i n t degree ;
p r i va t e f i n a l double gamma;
p r i va t e f i n a l double coe f0 ;

ab s t rac t f l o a t [ ] get Q ( i n t column , i n t l en ) ;
ab s t rac t double [ ] get QD ( ) ;

void swap index ( i n t i , i n t j )
{

do {svm node [ ] tmp=x [ i ] ; x [ i ]=x [ j ] ; x [ j ]=tmp ;} whi le ( f a l s e ) ;
i f ( x square != nu l l ) do {double tmp=x square [ i ] ; x square [ i ]= x square [ j ] ; x square [ j ]=tmp ;} whi le ( f a l s e ) ;

}

pr i va t e s t a t i c double powi ( double base , i n t t imes )
{

double tmp = base , r e t = 1 . 0 ;

f o r ( i n t t=times ; t>0; t /=2)
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{
i f ( t%2==1) r e t∗=tmp ;
tmp = tmp ∗ tmp ;

}
re turn r e t ;

}

double k e r n e l f un c t i o n ( i n t i , i n t j )
{

switch ( ke rne l t ype )
{

case svm parameter .LINEAR:
return dot (x [ i ] , x [ j ] ) ;

case svm parameter .POLY:
return powi (gamma∗dot (x [ i ] , x [ j ])+ coef0 , degree ) ;

case svm parameter .RBF:
return Math . exp(−gamma∗( x square [ i ]+ x square [ j ]−2∗dot (x [ i ] , x [ j ] ) ) ) ;

case svm parameter .SIGMOID:
return Math . tanh (gamma∗dot (x [ i ] , x [ j ])+ coe f0 ) ;

case svm parameter .PRECOMPUTED:
return x [ i ] [ ( i n t ) ( x [ j ] [ 0 ] . va lue ) ] . va lue ;

d e f au l t :
r e turn 0 ; // java

}
}

Kernel ( i n t l , svm node [ ] [ ] x , svm parameter param)
{

t h i s . k e rne l t ype = param . ke rne l t ype ;
t h i s . degree = param . degree ;
t h i s . gamma = param .gamma;
t h i s . coe f 0 = param . coe f0 ;

x = ( svm node [ ] [ ] ) x . c lone ( ) ;

i f ( k e rne l t ype == svm parameter .RBF)
{

x square = new double [ l ] ;
f o r ( i n t i =0; i<l ; i++)

x square [ i ] = dot (x [ i ] , x [ i ] ) ;
}
e l s e x square = nu l l ;

}

s t a t i c double dot ( svm node [ ] x , svm node [ ] y )
{

double sum = 0 ;
i n t x len = x . l ength ;
i n t y len = y . l ength ;
i n t i = 0 ;
i n t j = 0 ;
whi le ( i < xlen && j < ylen )
{

i f ( x [ i ] . index == y [ j ] . index )
sum += x [ i ++]. value ∗ y [ j ++]. value ;

e l s e
{

i f ( x [ i ] . index > y [ j ] . index )
++j ;

e l s e
++i ;

}
}
re turn sum ;

}

s t a t i c double k func t i on ( svm node [ ] x , svm node [ ] y ,
svm parameter param)

{
switch (param . ke rne l t ype )
{

case svm parameter .LINEAR:
return dot (x , y ) ;

case svm parameter .POLY:
return powi (param .gamma∗dot (x , y)+param . coef0 , param . degree ) ;

case svm parameter .RBF:
{

double sum = 0 ;
i n t x len = x . l ength ;
i n t y len = y . l ength ;
i n t i = 0 ;
i n t j = 0 ;
whi le ( i < xlen && j < ylen )
{

i f ( x [ i ] . index == y [ j ] . index )
{

double d = x [ i ++]. value − y [ j ++]. value ;
sum += d∗d ;

}
e l s e i f ( x [ i ] . index > y [ j ] . index )
{

sum += y [ j ] . va lue ∗ y [ j ] . va lue ;
++j ;

}
e l s e
{

sum += x [ i ] . va lue ∗ x [ i ] . va lue ;
++i ;

}
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}

whi le ( i < xlen )
{

sum += x [ i ] . va lue ∗ x [ i ] . va lue ;
++i ;

}

whi le ( j < ylen )
{

sum += y [ j ] . va lue ∗ y [ j ] . va lue ;
++j ;

}

re turn Math . exp(−param .gamma∗sum ) ;
}
case svm parameter .SIGMOID:

return Math . tanh (param .gamma∗dot (x , y)+param . coe f0 ) ;
case svm parameter .PRECOMPUTED:

return x [ ( i n t ) ( y [ 0 ] . va lue ) ] . va lue ;
d e f au l t :

r e turn 0 ; // java
}

}
}

// An SMO algor i thm in Fan et a l . , JMLR 6(2005) , p . 1889−−1918
// So lves :
//
// min 0 .5 (\ alpha ˆT Q \alpha ) + pˆT \alpha
//
// yˆT \alpha = \ de l t a
// y i = +1 or −1
// 0 <= a lpha i <= Cp f o r y i = 1
// 0 <= a lpha i <= Cn f o r y i = −1
//
// Given :
//
// Q, p , y , Cp, Cn, and an i n i t i a l f e a s i b l e po int \alpha
// l i s the s i z e o f v e c to r s and matr i ces
// eps i s the stopping t o l e r an c e
//
// s o l u t i on w i l l be put in \alpha , ob j e c t i v e value w i l l be put in obj
//
c l a s s So lve r {

i n t a c t i v e s i z e ;
byte [ ] y ;
double [ ] G; // grad i ent o f ob j e c t i v e func t i on
s t a t i c f i n a l byte LOWERBOUND = 0;
s t a t i c f i n a l byte UPPER BOUND = 1 ;
s t a t i c f i n a l byte FREE = 2 ;
byte [ ] a l pha s t a tu s ; // LOWERBOUND, UPPER BOUND, FREE
double [ ] alpha ;
QMatrix Q;
double [ ] QD;
double eps ;
double Cp,Cn ;
double [ ] p ;
i n t [ ] a c t i v e s e t ;
double [ ] G bar ; // gradient , i f we t r e a t f r e e v a r i a b l e s as 0
i n t l ;
boolean unshrink ; // XXX

s t a t i c f i n a l double INF = java . lang . Double . POSITIVE INFINITY ;

double get C ( i n t i )
{

re turn (y [ i ] > 0)? Cp : Cn ;
}
void update a lpha s ta tus ( i n t i )
{

i f ( alpha [ i ] >= get C ( i ) )
a l pha s t a tu s [ i ] = UPPER BOUND;

e l s e i f ( alpha [ i ] <= 0)
a lpha s t a tu s [ i ] = LOWERBOUND;

e l s e a l pha s t a tu s [ i ] = FREE;
}
boolean is upper bound ( i n t i ) { re turn a lpha s t a tu s [ i ] == UPPER BOUND; }
boolean i s l ower bound ( i n t i ) { re turn a lpha s t a tu s [ i ] == LOWERBOUND; }
boolean i s f r e e ( i n t i ) { re turn a lpha s t a tu s [ i ] == FREE; }

// java : in format ion about s o l u t i on except alpha ,
// because we cannot return mul t ip l e va lues otherwi se . . .
s t a t i c c l a s s So l u t i on In f o {

double obj ;
double rho ;
double upper bound p ;
double upper bound n ;
double r ; // f o r Solver NU

}

void swap index ( i n t i , i n t j )
{

Q. swap index ( i , j ) ;
do {byte tmp=y [ i ] ; y [ i ]=y [ j ] ; y [ j ]=tmp ;} whi le ( f a l s e ) ;
do {double tmp=G[ i ] ; G[ i ]=G[ j ] ; G[ j ]=tmp ;} whi le ( f a l s e ) ;
do {byte tmp=a lpha s t a tu s [ i ] ; a l pha s t a tu s [ i ]= a lpha s t a tu s [ j ] ; a l pha s t a tu s [ j ]=tmp ;} whi le ( f a l s e ) ;
do {double tmp=alpha [ i ] ; alpha [ i ]=alpha [ j ] ; alpha [ j ]=tmp ;} whi le ( f a l s e ) ;
do {double tmp=p [ i ] ; p [ i ]=p [ j ] ; p [ j ]=tmp ;} whi le ( f a l s e ) ;
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do { i n t tmp=a c t i v e s e t [ i ] ; a c t i v e s e t [ i ]= a c t i v e s e t [ j ] ; a c t i v e s e t [ j ]=tmp ;} whi le ( f a l s e ) ;
do {double tmp=G bar [ i ] ; G bar [ i ]=G bar [ j ] ; G bar [ j ]=tmp ;} whi le ( f a l s e ) ;

}

void r e c on s t r u c t g r ad i e n t ( )
{

// r e con s t ru c t i n a c t i v e e lements o f G from G bar and f r e e v a r i a b l e s

i f ( a c t i v e s i z e == l ) return ;

i n t i , j ;
i n t n r f r e e = 0 ;

f o r ( j=a c t i v e s i z e ; j<l ; j++)
G[ j ] = G bar [ j ] + p [ j ] ;

f o r ( j =0; j<a c t i v e s i z e ; j++)
i f ( i s f r e e ( j ) )

n r f r e e++;

i f (2∗ n r f r e e < a c t i v e s i z e )
svm . i n f o (”\nWARNING: us ing −h 0 may be f a s t e r \n ” ) ;

i f ( n r f r e e ∗ l > 2∗ a c t i v e s i z e ∗( l−a c t i v e s i z e ) )
{

f o r ( i=a c t i v e s i z e ; i<l ; i++)
{

f l o a t [ ] Q i = Q. get Q ( i , a c t i v e s i z e ) ;
f o r ( j =0; j<a c t i v e s i z e ; j++)

i f ( i s f r e e ( j ) )
G[ i ] += alpha [ j ] ∗ Q i [ j ] ;

}
}
e l s e
{

f o r ( i =0; i<a c t i v e s i z e ; i++)
i f ( i s f r e e ( i ) )
{

f l o a t [ ] Q i = Q. get Q ( i , l ) ;
double a l pha i = alpha [ i ] ;
f o r ( j=a c t i v e s i z e ; j<l ; j++)

G[ j ] += a lpha i ∗ Q i [ j ] ;
}

}
}

void Solve ( i n t l , QMatrix Q, double [ ] p , byte [ ] y ,
double [ ] a lpha , double Cp, double Cn, double eps , So l u t i on In f o s i , i n t sh r ink ing )

{
t h i s . l = l ;
t h i s .Q = Q;
QD = Q. get QD ( ) ;
p = ( double [ ] ) p . c l one ( ) ;
y = ( byte [ ] ) y . c l one ( ) ;
alpha = ( double [ ] ) a lpha . c lone ( ) ;
t h i s .Cp = Cp;
t h i s .Cn = Cn;
t h i s . eps = eps ;
t h i s . unshrink = f a l s e ;

// i n i t i a l i z e a lpha s t a tu s
{

a lpha s t a tu s = new byte [ l ] ;
f o r ( i n t i =0; i<l ; i++)

update a lpha s ta tus ( i ) ;
}

// i n i t i a l i z e a c t i v e s e t ( f o r sh r ink ing )
{

a c t i v e s e t = new in t [ l ] ;
f o r ( i n t i =0; i<l ; i++)

a c t i v e s e t [ i ] = i ;
a c t i v e s i z e = l ;

}

// i n i t i a l i z e g rad i ent
{

G = new double [ l ] ;
G bar = new double [ l ] ;
i n t i ;
f o r ( i =0; i<l ; i++)
{

G[ i ] = p [ i ] ;
G bar [ i ] = 0 ;

}
f o r ( i =0; i<l ; i++)

i f ( ! i s l ower bound ( i ) )
{

f l o a t [ ] Q i = Q. get Q ( i , l ) ;
double a l pha i = alpha [ i ] ;
i n t j ;
f o r ( j =0; j<l ; j++)

G[ j ] += a lpha i ∗Q i [ j ] ;
i f ( i s upper bound ( i ) )

f o r ( j =0; j<l ; j++)
G bar [ j ] += get C ( i ) ∗ Q i [ j ] ;

}
}
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// opt imizat i on step

i n t i t e r = 0 ;
i n t max iter = Math .max(10000000 , l>I n t eg e r .MAXVALUE/100 ? In t eg e r .MAXVALUE : 100∗ l ) ;
i n t counter = Math . min ( l ,1000)+1;
i n t [ ] work ing se t = new in t [ 2 ] ;

whi le ( i t e r < max iter )
{

// show prog r e s s and do shr ink ing

i f (−−counter == 0)
{

counter = Math . min ( l , 1 0 0 0 ) ;
i f ( sh r ink ing !=0) do shr ink ing ( ) ;
svm . i n f o ( ” . ” ) ;

}

i f ( s e l e c t wo r k i n g s e t ( work ing se t ) !=0)
{

// r e con s t ru c t the whole g rad i ent
r e c on s t r u c t g r ad i e n t ( ) ;
// r e s e t a c t i v e s e t s i z e and check
a c t i v e s i z e = l ;
svm . i n f o ( ”∗” ) ;
i f ( s e l e c t wo r k i n g s e t ( work ing se t ) !=0)

break ;
e l s e

counter = 1 ; // do shr ink ing next i t e r a t i o n
}

i n t i = work ing se t [ 0 ] ;
i n t j = work ing se t [ 1 ] ;

++i t e r ;

// update alpha [ i ] and alpha [ j ] , handle bounds c a r e f u l l y

f l o a t [ ] Q i = Q. get Q ( i , a c t i v e s i z e ) ;
f l o a t [ ] Q j = Q. get Q ( j , a c t i v e s i z e ) ;

double C i = get C ( i ) ;
double C j = get C ( j ) ;

double o l d a l p h a i = alpha [ i ] ;
double o l d a l ph a j = alpha [ j ] ;

i f ( y [ i ] !=y [ j ] )
{

double quad coe f = QD[ i ]+QD[ j ]+2∗Q i [ j ] ;
i f ( quad coe f <= 0)

quad coe f = 1e−12;
double de l t a = (−G[ i ]−G[ j ] ) / quad coe f ;
double d i f f = alpha [ i ] − alpha [ j ] ;
alpha [ i ] += de l t a ;
alpha [ j ] += de l t a ;

i f ( d i f f > 0)
{

i f ( alpha [ j ] < 0)
{

alpha [ j ] = 0 ;
alpha [ i ] = d i f f ;

}
}
e l s e
{

i f ( alpha [ i ] < 0)
{

alpha [ i ] = 0 ;
alpha [ j ] = −d i f f ;

}
}
i f ( d i f f > C i − C j )
{

i f ( alpha [ i ] > C i )
{

alpha [ i ] = C i ;
alpha [ j ] = C i − d i f f ;

}
}
e l s e
{

i f ( alpha [ j ] > C j )
{

alpha [ j ] = C j ;
alpha [ i ] = C j + d i f f ;

}
}

}
e l s e
{

double quad coe f = QD[ i ]+QD[ j ]−2∗Q i [ j ] ;
i f ( quad coe f <= 0)

quad coe f = 1e−12;
double de l t a = (G[ i ]−G[ j ] ) / quad coe f ;
double sum = alpha [ i ] + alpha [ j ] ;
alpha [ i ] −= de l t a ;
alpha [ j ] += de l t a ;
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i f (sum > C i )
{

i f ( alpha [ i ] > C i )
{

alpha [ i ] = C i ;
alpha [ j ] = sum − C i ;

}
}
e l s e
{

i f ( alpha [ j ] < 0)
{

alpha [ j ] = 0 ;
alpha [ i ] = sum ;

}
}
i f (sum > C j )
{

i f ( alpha [ j ] > C j )
{

alpha [ j ] = C j ;
alpha [ i ] = sum − C j ;

}
}
e l s e
{

i f ( alpha [ i ] < 0)
{

alpha [ i ] = 0 ;
alpha [ j ] = sum ;

}
}

}

// update G

double d e l t a a l p h a i = alpha [ i ] − o l d a l p h a i ;
double d e l t a a l p h a j = alpha [ j ] − o l d a l ph a j ;

f o r ( i n t k=0;k<a c t i v e s i z e ; k++)
{

G[ k ] += Q i [ k ]∗ d e l t a a l p h a i + Q j [ k ]∗ d e l t a a l p h a j ;
}

// update a lpha s t a tu s and G bar

{
boolean ui = is upper bound ( i ) ;
boolean uj = is upper bound ( j ) ;
update a lpha s ta tus ( i ) ;
update a lpha s ta tus ( j ) ;
i n t k ;
i f ( u i != is upper bound ( i ) )
{

Q i = Q. get Q ( i , l ) ;
i f ( u i )

f o r ( k=0;k<l ; k++)
G bar [ k ] −= C i ∗ Q i [ k ] ;

e l s e
f o r ( k=0;k<l ; k++)

G bar [ k ] += C i ∗ Q i [ k ] ;
}

i f ( uj != is upper bound ( j ) )
{

Q j = Q. get Q ( j , l ) ;
i f ( uj )

f o r ( k=0;k<l ; k++)
G bar [ k ] −= C j ∗ Q j [ k ] ;

e l s e
f o r ( k=0;k<l ; k++)

G bar [ k ] += C j ∗ Q j [ k ] ;
}

}

}

i f ( i t e r >= max iter )
{

i f ( a c t i v e s i z e < l )
{

// r e con s t ru c t the whole g rad i ent to c a l c u l a t e ob j e c t i v e value
r e c on s t r u c t g r ad i e n t ( ) ;
a c t i v e s i z e = l ;
svm . i n f o ( ”∗” ) ;

}
System . e r r . p r i n t (”\nWARNING: reach ing max number o f i t e r a t i o n s \n ” ) ;

}

// c a l c u l a t e rho

s i . rho = ca l c u l a t e r h o ( ) ;

// c a l c u l a t e ob j e c t i v e value
{

double v = 0 ;
i n t i ;
f o r ( i =0; i<l ; i++)
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v += alpha [ i ] ∗ (G[ i ] + p [ i ] ) ;

s i . obj = v /2 ;
}

// put back the s o l u t i on
{

f o r ( i n t i =0; i<l ; i++)
a lpha [ a c t i v e s e t [ i ] ] = alpha [ i ] ;

}

s i . upper bound p = Cp;
s i . upper bound n = Cn;

svm . i n f o (”\ nopt imizat ion f i n i sh ed , #i t e r = ”+ i t e r +”\n ” ) ;
}

// return 1 i f a l r eady optimal , r e turn 0 otherwi se
i n t s e l e c t wo r k i n g s e t ( i n t [ ] work ing se t )
{

// return i , j such that
// i : maximizes −y i ∗ grad ( f ) i , i in I up (\ alpha )
// j : mimimizes the dec rease o f obj value
// ( i f quadrat i c c o e f f i c e i n t <= 0 , r ep l a c e i t with tau )
// −y j ∗grad ( f ) j < −y i ∗grad ( f ) i , j in I l ow (\ alpha )

double Gmax = −INF ;
double Gmax2 = −INF ;
i n t Gmax idx = −1;
i n t Gmin idx = −1;
double ob j d i f f m i n = INF ;

f o r ( i n t t=0; t<a c t i v e s i z e ; t++)
i f ( y [ t ]==+1)
{

i f ( ! i s upper bound ( t ) )
i f (−G[ t ] >= Gmax)
{

Gmax = −G[ t ] ;
Gmax idx = t ;

}
}
e l s e
{

i f ( ! i s l ower bound ( t ) )
i f (G[ t ] >= Gmax)
{

Gmax = G[ t ] ;
Gmax idx = t ;

}
}

i n t i = Gmax idx ;
f l o a t [ ] Q i = nu l l ;
i f ( i != −1) // nu l l Q i not acce s s ed : Gmax=−INF i f i=−1

Q i = Q. get Q ( i , a c t i v e s i z e ) ;

f o r ( i n t j =0; j<a c t i v e s i z e ; j++)
{

i f ( y [ j ]==+1)
{

i f ( ! i s l ower bound ( j ) )
{

double g r a d d i f f=Gmax+G[ j ] ;
i f (G[ j ] >= Gmax2)

Gmax2 = G[ j ] ;
i f ( g r a d d i f f > 0)
{

double o b j d i f f ;
double quad coe f = QD[ i ]+QD[ j ]−2.0∗y [ i ]∗Q i [ j ] ;
i f ( quad coe f > 0)

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/ quad coe f ;
e l s e

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/1 e−12;

i f ( o b j d i f f <= ob j d i f f m i n )
{

Gmin idx=j ;
o b j d i f f m i n = o b j d i f f ;

}
}

}
}
e l s e
{

i f ( ! i s upper bound ( j ) )
{

double g r a d d i f f= Gmax−G[ j ] ;
i f (−G[ j ] >= Gmax2)

Gmax2 = −G[ j ] ;
i f ( g r a d d i f f > 0)
{

double o b j d i f f ;
double quad coe f = QD[ i ]+QD[ j ]+2.0∗y [ i ]∗Q i [ j ] ;
i f ( quad coe f > 0)

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/ quad coe f ;
e l s e

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/1 e−12;
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i f ( o b j d i f f <= ob j d i f f m i n )
{

Gmin idx=j ;
o b j d i f f m i n = o b j d i f f ;

}
}

}
}

}

i f (Gmax+Gmax2 < eps | | Gmin idx == −1)
return 1 ;

work ing se t [ 0 ] = Gmax idx ;
work ing se t [ 1 ] = Gmin idx ;
re turn 0 ;

}

pr i va t e boolean be shrunk ( i n t i , double Gmax1 , double Gmax2)
{

i f ( i s upper bound ( i ) )
{

i f ( y [ i ]==+1)
return(−G[ i ] > Gmax1 ) ;

e l s e
re turn(−G[ i ] > Gmax2 ) ;

}
e l s e i f ( i s l ower bound ( i ) )
{

i f ( y [ i ]==+1)
return (G[ i ] > Gmax2 ) ;

e l s e
re turn (G[ i ] > Gmax1 ) ;

}
e l s e

re turn ( f a l s e ) ;
}

void do shr ink ing ( )
{

i n t i ;
double Gmax1 = −INF ; // max { −y i ∗ grad ( f ) i | i in I up (\ alpha ) }
double Gmax2 = −INF ; // max { y i ∗ grad ( f ) i | i in I l ow (\ alpha ) }

// f i nd maximal v i o l a t i n g pa i r f i r s t
f o r ( i =0; i<a c t i v e s i z e ; i++)
{

i f ( y [ i ]==+1)
{

i f ( ! i s upper bound ( i ) )
{

i f (−G[ i ] >= Gmax1)
Gmax1 = −G[ i ] ;

}
i f ( ! i s l ower bound ( i ) )
{

i f (G[ i ] >= Gmax2)
Gmax2 = G[ i ] ;

}
}
e l s e
{

i f ( ! i s upper bound ( i ) )
{

i f (−G[ i ] >= Gmax2)
Gmax2 = −G[ i ] ;

}
i f ( ! i s l ower bound ( i ) )
{

i f (G[ i ] >= Gmax1)
Gmax1 = G[ i ] ;

}
}

}

i f ( unshrink == f a l s e && Gmax1 + Gmax2 <= eps ∗10)
{

unshrink = true ;
r e c on s t r u c t g r ad i e n t ( ) ;
a c t i v e s i z e = l ;

}

f o r ( i =0; i<a c t i v e s i z e ; i++)
i f ( be shrunk ( i , Gmax1 , Gmax2) )
{

a c t i v e s i z e −−;
whi le ( a c t i v e s i z e > i )
{

i f ( ! be shrunk ( a c t i v e s i z e , Gmax1 , Gmax2) )
{

swap index ( i , a c t i v e s i z e ) ;
break ;

}
a c t i v e s i z e −−;

}
}

}

double c a l c u l a t e r h o ( )
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{
double r ;
i n t n r f r e e = 0 ;
double ub = INF , lb = −INF , sum free = 0 ;
f o r ( i n t i =0; i<a c t i v e s i z e ; i++)
{

double yG = y [ i ]∗G[ i ] ;

i f ( i s l ower bound ( i ) )
{

i f ( y [ i ] > 0)
ub = Math . min (ub ,yG) ;

e l s e
lb = Math .max( lb ,yG) ;

}
e l s e i f ( i s upper bound ( i ) )
{

i f ( y [ i ] < 0)
ub = Math . min (ub ,yG) ;

e l s e
lb = Math .max( lb ,yG) ;

}
e l s e
{

++n r f r e e ;
sum free += yG;

}
}

i f ( n r f r e e >0)
r = sum free / n r f r e e ;

e l s e
r = (ub+lb ) /2 ;

re turn r ;
}

}

//
// So lve r f o r nu−svm c l a s s i f i c a t i o n and r e g r e s s i o n
//
// add i t i ona l c on s t r a i n t : eˆT \alpha = constant
//
f i n a l c l a s s Solver NU extends So lver
{

pr i va t e So lu t i on In f o s i ;

void Solve ( i n t l , QMatrix Q, double [ ] p , byte [ ] y ,
double [ ] alpha , double Cp, double Cn, double eps ,
So l u t i on In f o s i , i n t sh r ink ing )

{
t h i s . s i = s i ;
super . Solve ( l ,Q, p , y , alpha ,Cp,Cn, eps , s i , sh r ink ing ) ;

}

// return 1 i f a l r eady optimal , r e turn 0 otherwi se
i n t s e l e c t wo r k i n g s e t ( i n t [ ] work ing se t )
{

// return i , j such that y i = y j and
// i : maximizes −y i ∗ grad ( f ) i , i in I up (\ alpha )
// j : minimizes the dec rease o f obj value
// ( i f quadrat i c c o e f f i c e i n t <= 0 , r ep l a c e i t with tau )
// −y j ∗grad ( f ) j < −y i ∗grad ( f ) i , j in I l ow (\ alpha )

double Gmaxp = −INF ;
double Gmaxp2 = −INF ;
i n t Gmaxp idx = −1;

double Gmaxn = −INF ;
double Gmaxn2 = −INF ;
i n t Gmaxn idx = −1;

i n t Gmin idx = −1;
double ob j d i f f m i n = INF ;

f o r ( i n t t=0; t<a c t i v e s i z e ; t++)
i f ( y [ t ]==+1)
{

i f ( ! i s upper bound ( t ) )
i f (−G[ t ] >= Gmaxp)
{

Gmaxp = −G[ t ] ;
Gmaxp idx = t ;

}
}
e l s e
{

i f ( ! i s l ower bound ( t ) )
i f (G[ t ] >= Gmaxn)
{

Gmaxn = G[ t ] ;
Gmaxn idx = t ;

}
}

i n t ip = Gmaxp idx ;
i n t in = Gmaxn idx ;
f l o a t [ ] Q ip = nu l l ;
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f l o a t [ ] Q in = nu l l ;
i f ( ip != −1) // nu l l Q ip not acce s s ed : Gmaxp=−INF i f ip=−1

Q ip = Q. get Q ( ip , a c t i v e s i z e ) ;
i f ( in != −1)

Q in = Q. get Q ( in , a c t i v e s i z e ) ;

f o r ( i n t j =0; j<a c t i v e s i z e ; j++)
{

i f ( y [ j ]==+1)
{

i f ( ! i s l ower bound ( j ) )
{

double g r a d d i f f=Gmaxp+G[ j ] ;
i f (G[ j ] >= Gmaxp2)

Gmaxp2 = G[ j ] ;
i f ( g r a d d i f f > 0)
{

double o b j d i f f ;
double quad coe f = QD[ ip ]+QD[ j ]−2∗Q ip [ j ] ;
i f ( quad coe f > 0)

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/ quad coe f ;
e l s e

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/1 e−12;

i f ( o b j d i f f <= ob j d i f f m i n )
{

Gmin idx=j ;
o b j d i f f m i n = o b j d i f f ;

}
}

}
}
e l s e
{

i f ( ! i s upper bound ( j ) )
{

double g r a d d i f f=Gmaxn−G[ j ] ;
i f (−G[ j ] >= Gmaxn2)

Gmaxn2 = −G[ j ] ;
i f ( g r a d d i f f > 0)
{

double o b j d i f f ;
double quad coe f = QD[ in ]+QD[ j ]−2∗Q in [ j ] ;
i f ( quad coe f > 0)

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/ quad coe f ;
e l s e

o b j d i f f = −( g r a d d i f f ∗ g r a d d i f f )/1 e−12;

i f ( o b j d i f f <= ob j d i f f m i n )
{

Gmin idx=j ;
o b j d i f f m i n = o b j d i f f ;

}
}

}
}

}

i f (Math .max(Gmaxp+Gmaxp2 ,Gmaxn+Gmaxn2) < eps | | Gmin idx == −1)
return 1 ;

i f ( y [ Gmin idx ] == +1)
work ing se t [ 0 ] = Gmaxp idx ;

e l s e
work ing se t [ 0 ] = Gmaxn idx ;

work ing se t [ 1 ] = Gmin idx ;

re turn 0 ;
}

pr i va t e boolean be shrunk ( i n t i , double Gmax1 , double Gmax2, double Gmax3 , double Gmax4)
{

i f ( i s upper bound ( i ) )
{

i f ( y [ i ]==+1)
return(−G[ i ] > Gmax1 ) ;

e l s e
re turn(−G[ i ] > Gmax4 ) ;

}
e l s e i f ( i s l ower bound ( i ) )
{

i f ( y [ i ]==+1)
return (G[ i ] > Gmax2 ) ;

e l s e
re turn (G[ i ] > Gmax3 ) ;

}
e l s e

re turn ( f a l s e ) ;
}

void do shr ink ing ( )
{

double Gmax1 = −INF ; // max { −y i ∗ grad ( f ) i | y i = +1, i in I up (\ alpha ) }
double Gmax2 = −INF ; // max { y i ∗ grad ( f ) i | y i = +1, i in I l ow (\ alpha ) }
double Gmax3 = −INF ; // max { −y i ∗ grad ( f ) i | y i = −1, i in I up (\ alpha ) }
double Gmax4 = −INF ; // max { y i ∗ grad ( f ) i | y i = −1, i in I l ow (\ alpha ) }

// f i nd maximal v i o l a t i n g pa i r f i r s t
i n t i ;
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f o r ( i =0; i<a c t i v e s i z e ; i++)
{

i f ( ! i s upper bound ( i ) )
{

i f ( y [ i ]==+1)
{

i f (−G[ i ] > Gmax1) Gmax1 = −G[ i ] ;
}
e l s e i f (−G[ i ] > Gmax4) Gmax4 = −G[ i ] ;

}
i f ( ! i s l ower bound ( i ) )
{

i f ( y [ i ]==+1)
{

i f (G[ i ] > Gmax2) Gmax2 = G[ i ] ;
}
e l s e i f (G[ i ] > Gmax3) Gmax3 = G[ i ] ;

}
}

i f ( unshrink == f a l s e && Math .max(Gmax1+Gmax2,Gmax3+Gmax4) <= eps ∗10)
{

unshrink = true ;
r e c on s t r u c t g r ad i e n t ( ) ;
a c t i v e s i z e = l ;

}

f o r ( i =0; i<a c t i v e s i z e ; i++)
i f ( be shrunk ( i , Gmax1 , Gmax2 , Gmax3 , Gmax4) )
{

a c t i v e s i z e −−;
whi le ( a c t i v e s i z e > i )
{

i f ( ! be shrunk ( a c t i v e s i z e , Gmax1 , Gmax2 , Gmax3 , Gmax4) )
{

swap index ( i , a c t i v e s i z e ) ;
break ;

}
a c t i v e s i z e −−;

}
}

}

double c a l c u l a t e r h o ( )
{

i n t n r f r e e 1 = 0 , n r f r e e 2 = 0 ;
double ub1 = INF , ub2 = INF ;
double lb1 = −INF , lb2 = −INF ;
double sum free1 = 0 , sum free2 = 0 ;

f o r ( i n t i =0; i<a c t i v e s i z e ; i++)
{

i f ( y [ i ]==+1)
{

i f ( i s l ower bound ( i ) )
ub1 = Math . min (ub1 ,G[ i ] ) ;

e l s e i f ( i s upper bound ( i ) )
lb1 = Math .max( lb1 ,G[ i ] ) ;

e l s e
{

++nr f r e e 1 ;
sum free1 += G[ i ] ;

}
}
e l s e
{

i f ( i s l ower bound ( i ) )
ub2 = Math . min (ub2 ,G[ i ] ) ;

e l s e i f ( i s upper bound ( i ) )
lb2 = Math .max( lb2 ,G[ i ] ) ;

e l s e
{

++nr f r e e 2 ;
sum free2 += G[ i ] ;

}
}

}

double r1 , r2 ;
i f ( n r f r e e 1 > 0)

r1 = sum free1 / n r f r e e 1 ;
e l s e

r1 = (ub1+lb1 ) /2 ;

i f ( n r f r e e 2 > 0)
r2 = sum free2 / n r f r e e 2 ;

e l s e
r2 = (ub2+lb2 ) /2 ;

s i . r = ( r1+r2 ) /2 ;
re turn ( r1−r2 ) /2 ;

}
}

//
// Q matr i ces f o r var i ous fo rmula t i ons
//
c l a s s SVC Q extends Kernel
{
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pr i va t e f i n a l byte [ ] y ;
p r i va t e f i n a l Cache cache ;
p r i va t e f i n a l double [ ] QD;

SVC Q( svm problem prob , svm parameter param , byte [ ] y )
{

super ( prob . l , prob . x , param ) ;
y = ( byte [ ] ) y . c l one ( ) ;
cache = new Cache ( prob . l , ( long ) ( param . c a ch e s i z e ∗(1<<20)));
QD = new double [ prob . l ] ;
f o r ( i n t i =0; i<prob . l ; i++)

QD[ i ] = k e rn e l f un c t i o n ( i , i ) ;
}

f l o a t [ ] get Q ( i n t i , i n t l en )
{

f l o a t [ ] [ ] data = new f l o a t [ 1 ] [ ] ;
i n t s ta r t , j ;
i f ( ( s t a r t = cache . ge t data ( i , data , l en ) ) < l en )
{

f o r ( j=s t a r t ; j<l en ; j++)
data [ 0 ] [ j ] = ( f l o a t ) ( y [ i ]∗ y [ j ]∗ k e rn e l f un c t i o n ( i , j ) ) ;

}
re turn data [ 0 ] ;

}

double [ ] get QD ()
{

re turn QD;
}

void swap index ( i n t i , i n t j )
{

cache . swap index ( i , j ) ;
super . swap index ( i , j ) ;
do {byte tmp=y [ i ] ; y [ i ]=y [ j ] ; y [ j ]=tmp ;} whi le ( f a l s e ) ;
do {double tmp=QD[ i ] ; QD[ i ]=QD[ j ] ; QD[ j ]=tmp ;} whi le ( f a l s e ) ;

}
}

c l a s s ONE CLASS Q extends Kernel
{

pr i va t e f i n a l Cache cache ;
p r i va t e f i n a l double [ ] QD;

ONE CLASS Q( svm problem prob , svm parameter param)
{

super ( prob . l , prob . x , param ) ;
cache = new Cache ( prob . l , ( long ) ( param . c a ch e s i z e ∗(1<<20)));
QD = new double [ prob . l ] ;
f o r ( i n t i =0; i<prob . l ; i++)

QD[ i ] = k e rn e l f un c t i o n ( i , i ) ;
}

f l o a t [ ] get Q ( i n t i , i n t l en )
{

f l o a t [ ] [ ] data = new f l o a t [ 1 ] [ ] ;
i n t s ta r t , j ;
i f ( ( s t a r t = cache . ge t data ( i , data , l en ) ) < l en )
{

f o r ( j=s t a r t ; j<l en ; j++)
data [ 0 ] [ j ] = ( f l o a t ) k e r n e l f un c t i o n ( i , j ) ;

}
re turn data [ 0 ] ;

}

double [ ] get QD ()
{

re turn QD;
}

void swap index ( i n t i , i n t j )
{

cache . swap index ( i , j ) ;
super . swap index ( i , j ) ;
do {double tmp=QD[ i ] ; QD[ i ]=QD[ j ] ; QD[ j ]=tmp ;} whi le ( f a l s e ) ;

}
}

c l a s s SVR Q extends Kernel
{

pr i va t e f i n a l i n t l ;
p r i va t e f i n a l Cache cache ;
p r i va t e f i n a l byte [ ] s i gn ;
p r i va t e f i n a l i n t [ ] index ;
p r i va t e i n t n ex t bu f f e r ;
p r i va t e f l o a t [ ] [ ] bu f f e r ;
p r i va t e f i n a l double [ ] QD;

SVR Q( svm problem prob , svm parameter param)
{

super ( prob . l , prob . x , param ) ;
l = prob . l ;
cache = new Cache ( l , ( long ) ( param . c a ch e s i z e ∗(1<<20)));
QD = new double [2∗ l ] ;
s i gn = new byte [2∗ l ] ;
index = new in t [2∗ l ] ;
f o r ( i n t k=0;k<l ; k++)
{

63



s i gn [ k ] = 1 ;
s i gn [ k+l ] = −1;
index [ k ] = k ;
index [ k+l ] = k ;
QD[ k ] = ke rn e l f un c t i o n (k , k ) ;
QD[ k+l ] = QD[ k ] ;

}
bu f f e r = new f l o a t [ 2 ] [ 2 ∗ l ] ;
n e x t bu f f e r = 0 ;

}

void swap index ( i n t i , i n t j )
{

do {byte tmp=s ign [ i ] ; s i gn [ i ]= s ign [ j ] ; s i gn [ j ]=tmp ;} whi le ( f a l s e ) ;
do { i n t tmp=index [ i ] ; index [ i ]= index [ j ] ; index [ j ]=tmp ;} whi le ( f a l s e ) ;
do {double tmp=QD[ i ] ; QD[ i ]=QD[ j ] ; QD[ j ]=tmp ;} whi le ( f a l s e ) ;

}

f l o a t [ ] get Q ( i n t i , i n t l en )
{

f l o a t [ ] [ ] data = new f l o a t [ 1 ] [ ] ;
i n t j , r e a l i = index [ i ] ;
i f ( cache . ge t data ( r e a l i , data , l ) < l )
{

f o r ( j =0; j<l ; j++)
data [ 0 ] [ j ] = ( f l o a t ) k e r n e l f un c t i o n ( r e a l i , j ) ;

}

// r eo rde r and copy
f l o a t buf [ ] = bu f f e r [ n ex t bu f f e r ] ;
n ex t bu f f e r = 1 − nex t bu f f e r ;
byte s i = s ign [ i ] ;
f o r ( j =0; j<l en ; j++)

buf [ j ] = ( f l o a t ) s i ∗ s i gn [ j ] ∗ data [ 0 ] [ index [ j ] ] ;
r e turn buf ;

}

double [ ] get QD ()
{

re turn QD;
}

}

pub l i c c l a s s svm {
//
// cons t ruc t and so l v e var i ous fo rmula t i ons
//
pub l i c s t a t i c f i n a l i n t LIBSVM VERSION=322;
pub l i c s t a t i c f i n a l Random rand = new Random ( ) ;

p r i va t e s t a t i c s vm p r i n t i n t e r f a c e svm pr int s tdout = new svm pr i n t i n t e r f a c e ( )
{

pub l i c void p r in t ( St r ing s )
{

System . out . p r in t ( s ) ;
System . out . f l u s h ( ) ;

}
} ;

p r i va t e s t a t i c s vm p r i n t i n t e r f a c e s vm pr i n t s t r i n g = svm pr int s tdout ;

s t a t i c void i n f o ( St r ing s )
{

s vm pr i n t s t r i n g . p r in t ( s ) ;
}

pr i va t e s t a t i c void s o l v e c s v c ( svm problem prob , svm parameter param ,
double [ ] alpha , So lve r . So l u t i on In f o s i ,
double Cp, double Cn)

{
i n t l = prob . l ;
double [ ] minus ones = new double [ l ] ;
byte [ ] y = new byte [ l ] ;

i n t i ;

f o r ( i =0; i<l ; i++)
{

alpha [ i ] = 0 ;
minus ones [ i ] = −1;
i f ( prob . y [ i ] > 0) y [ i ] = +1; e l s e y [ i ] = −1;

}

So lve r s = new So lver ( ) ;
s . Solve ( l , new SVC Q( prob , param , y ) , minus ones , y ,

alpha , Cp, Cn, param . eps , s i , param . sh r ink ing ) ;

double sum alpha=0;
f o r ( i =0; i<l ; i++)

sum alpha += alpha [ i ] ;

i f (Cp==Cn)
svm . i n f o (”nu = ”+sum alpha /(Cp∗prob . l )+”\n ” ) ;

f o r ( i =0; i<l ; i++)
alpha [ i ] ∗= y [ i ] ;

}

pr i va t e s t a t i c void s o l v e nu sv c ( svm problem prob , svm parameter param ,
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double [ ] alpha , So lve r . So l u t i on In f o s i )
{

i n t i ;
i n t l = prob . l ;
double nu = param . nu ;

byte [ ] y = new byte [ l ] ;

f o r ( i =0; i<l ; i++)
i f ( prob . y [ i ]>0)

y [ i ] = +1;
e l s e

y [ i ] = −1;

double sum pos = nu∗ l /2 ;
double sum neg = nu∗ l /2 ;

f o r ( i =0; i<l ; i++)
i f ( y [ i ] == +1)
{

alpha [ i ] = Math . min ( 1 . 0 , sum pos ) ;
sum pos −= alpha [ i ] ;

}
e l s e
{

alpha [ i ] = Math . min ( 1 . 0 , sum neg ) ;
sum neg −= alpha [ i ] ;

}

double [ ] z e ro s = new double [ l ] ;

f o r ( i =0; i<l ; i++)
ze ro s [ i ] = 0 ;

Solver NU s = new Solver NU ( ) ;
s . Solve ( l , new SVC Q( prob , param , y ) , zeros , y ,

alpha , 1 . 0 , 1 . 0 , param . eps , s i , param . sh r ink ing ) ;
double r = s i . r ;

svm . i n f o (”C = ”+1/r+”\n ” ) ;

f o r ( i =0; i<l ; i++)
alpha [ i ] ∗= y [ i ] / r ;

s i . rho /= r ;
s i . obj /= ( r∗ r ) ;
s i . upper bound p = 1/ r ;
s i . upper bound n = 1/ r ;

}

pr i va t e s t a t i c void s o l v e o n e c l a s s ( svm problem prob , svm parameter param ,
double [ ] alpha , So lve r . So l u t i on In f o s i )

{
i n t l = prob . l ;
double [ ] z e ro s = new double [ l ] ;
byte [ ] ones = new byte [ l ] ;
i n t i ;

i n t n = ( in t ) ( param . nu∗prob . l ) ; // # of alpha ’ s at upper bound

f o r ( i =0; i<n ; i++)
alpha [ i ] = 1 ;

i f (n<prob . l )
alpha [ n ] = param . nu ∗ prob . l − n ;

f o r ( i=n+1; i<l ; i++)
alpha [ i ] = 0 ;

f o r ( i =0; i<l ; i++)
{

z e ro s [ i ] = 0 ;
ones [ i ] = 1 ;

}

So lver s = new So lver ( ) ;
s . Solve ( l , new ONE CLASS Q( prob , param ) , zeros , ones ,

alpha , 1 . 0 , 1 . 0 , param . eps , s i , param . sh r ink ing ) ;
}

pr i va t e s t a t i c void s o l v e e p s i l o n s v r ( svm problem prob , svm parameter param ,
double [ ] alpha , So lve r . So l u t i on In f o s i )

{
i n t l = prob . l ;
double [ ] alpha2 = new double [2∗ l ] ;
double [ ] l i n e a r t e rm = new double [2∗ l ] ;
byte [ ] y = new byte [2∗ l ] ;
i n t i ;

f o r ( i =0; i<l ; i++)
{

alpha2 [ i ] = 0 ;
l i n e a r t e rm [ i ] = param . p − prob . y [ i ] ;
y [ i ] = 1 ;

alpha2 [ i+l ] = 0 ;
l i n e a r t e rm [ i+l ] = param . p + prob . y [ i ] ;
y [ i+l ] = −1;

}

So lve r s = new So lver ( ) ;
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s . Solve (2∗ l , new SVR Q( prob , param ) , l i n ea r t e rm , y ,
alpha2 , param .C, param .C, param . eps , s i , param . sh r ink ing ) ;

double sum alpha = 0 ;
f o r ( i =0; i<l ; i++)
{

alpha [ i ] = alpha2 [ i ] − alpha2 [ i+l ] ;
sum alpha += Math . abs ( alpha [ i ] ) ;

}
svm . i n f o (”nu = ”+sum alpha /(param .C∗ l )+”\n ” ) ;

}

pr i va t e s t a t i c void s o l v e nu sv r ( svm problem prob , svm parameter param ,
double [ ] alpha , So lve r . So l u t i on In f o s i )

{
i n t l = prob . l ;
double C = param .C;
double [ ] alpha2 = new double [2∗ l ] ;
double [ ] l i n e a r t e rm = new double [2∗ l ] ;
byte [ ] y = new byte [2∗ l ] ;
i n t i ;

double sum = C ∗ param . nu ∗ l / 2 ;
f o r ( i =0; i<l ; i++)
{

alpha2 [ i ] = alpha2 [ i+l ] = Math . min (sum ,C) ;
sum −= alpha2 [ i ] ;

l i n e a r t e rm [ i ] = − prob . y [ i ] ;
y [ i ] = 1 ;

l i n e a r t e rm [ i+l ] = prob . y [ i ] ;
y [ i+l ] = −1;

}

Solver NU s = new Solver NU ( ) ;
s . Solve (2∗ l , new SVR Q( prob , param ) , l i n ea r t e rm , y ,

alpha2 , C, C, param . eps , s i , param . sh r ink ing ) ;

svm . i n f o (” ep s i l o n = ”+(− s i . r )+”\n ” ) ;

f o r ( i =0; i<l ; i++)
alpha [ i ] = alpha2 [ i ] − alpha2 [ i+l ] ;

}

//
// d e c i s i o n f un c t i o n
//
s t a t i c c l a s s d e c i s i o n f un c t i o n
{

double [ ] alpha ;
double rho ;

} ;

s t a t i c d e c i s i o n f un c t i o n svm tra in one (
svm problem prob , svm parameter param ,
double Cp, double Cn)

{
double [ ] alpha = new double [ prob . l ] ;
So lve r . So l u t i on In f o s i = new So lver . So l u t i on In f o ( ) ;
switch (param . svm type )
{

case svm parameter .C SVC :
s o l v e c s v c ( prob , param , alpha , s i ,Cp ,Cn ) ;
break ;

case svm parameter .NU SVC:
so l v e nu sv c ( prob , param , alpha , s i ) ;
break ;

case svm parameter .ONE CLASS:
s o l v e o n e c l a s s ( prob , param , alpha , s i ) ;
break ;

case svm parameter .EPSILON SVR:
s o l v e e p s i l o n s v r ( prob , param , alpha , s i ) ;
break ;

case svm parameter .NU SVR:
s o l v e nu sv r ( prob , param , alpha , s i ) ;
break ;

}

svm . i n f o (” obj = ”+s i . obj+”, rho = ”+s i . rho+”\n ” ) ;

// output SVs

in t nSV = 0 ;
i n t nBSV = 0 ;
f o r ( i n t i =0; i<prob . l ; i++)
{

i f (Math . abs ( alpha [ i ] ) > 0)
{

++nSV ;
i f ( prob . y [ i ] > 0)
{

i f (Math . abs ( alpha [ i ] ) >= s i . upper bound p )
++nBSV;

}
e l s e
{

i f (Math . abs ( alpha [ i ] ) >= s i . upper bound n )
++nBSV;
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}
}

}

svm . i n f o (”nSV = ”+nSV+”, nBSV = ”+nBSV+”\n ” ) ;

d e c i s i o n f un c t i o n f = new de c i s i o n f un c t i o n ( ) ;
f . alpha = alpha ;
f . rho = s i . rho ;
re turn f ;

}

// Platt ’ s binary SVM Probab l i s t i c Output : an improvement from Lin et a l .
p r i va t e s t a t i c void s i gmo id t r a i n ( i n t l , double [ ] dec va lues , double [ ] l ab e l s ,

double [ ] probAB)
{

double A, B;
double p r i o r 1 =0, p r i o r 0 = 0 ;
i n t i ;

f o r ( i =0; i<l ; i++)
i f ( l a b e l s [ i ] > 0) p r i o r 1+=1;
e l s e p r i o r 0+=1;

i n t max iter =100; // Maximal number o f i t e r a t i o n s
double min step=1e−10; // Minimal s tep taken in l i n e search
double sigma=1e−12; // For numer i ca l ly s t r i c t PD of Hess ian
double eps=1e−5;
double hiTarget=(p r i o r 1 +1.0)/( p r i o r 1 +2.0) ;
double loTarget=1/( p r i o r 0 +2.0) ;
double [ ] t= new double [ l ] ;
double fApB , p , q , h11 , h22 , h21 , g1 , g2 , det ,dA,dB, gd , s t e p s i z e ;
double newA, newB , newf , d1 , d2 ;
i n t i t e r ;

// I n i t i a l Point and I n i t i a l Fun Value
A=0.0; B=Math . l og ( ( p r i o r 0 +1.0)/( p r i o r 1 +1 .0 ) ) ;
double f v a l = 0 . 0 ;

f o r ( i =0; i<l ; i++)
{

i f ( l a b e l s [ i ]>0) t [ i ]=hiTarget ;
e l s e t [ i ]= loTarget ;
fApB = dec va lue s [ i ]∗A+B;
i f ( fApB>=0)

f v a l += t [ i ]∗ fApB + Math . l og (1+Math . exp(−fApB ) ) ;
e l s e

f v a l += ( t [ i ] − 1)∗ fApB +Math . l og (1+Math . exp ( fApB ) ) ;
}
f o r ( i t e r =0; i t e r<max iter ; i t e r++)
{

// Update Gradient and Hess ian ( use H’ = H + sigma I )
h11=sigma ; // numer i ca l ly ensures s t r i c t PD
h22=sigma ;
h21=0.0; g1=0.0; g2=0.0;
f o r ( i =0; i<l ; i++)
{

fApB = dec va lue s [ i ]∗A+B;
i f ( fApB >= 0)
{

p=Math . exp(−fApB)/(1.0+Math . exp(−fApB ) ) ;
q=1.0/(1.0+Math . exp(−fApB ) ) ;

}
e l s e
{

p=1.0/(1.0+Math . exp ( fApB ) ) ;
q=Math . exp ( fApB)/(1.0+Math . exp ( fApB ) ) ;

}
d2=p∗q ;
h11+=dec va lue s [ i ]∗ dec va lue s [ i ]∗ d2 ;
h22+=d2 ;
h21+=dec va lue s [ i ]∗ d2 ;
d1=t [ i ]−p ;
g1+=dec va lue s [ i ]∗ d1 ;
g2+=d1 ;

}

// Stopping C r i t e r i a
i f (Math . abs ( g1)<eps && Math . abs ( g2)<eps )

break ;

// Finding Newton d i r e c t i o n : −inv (H’ ) ∗ g
det=h11∗h22−h21∗h21 ;
dA=−(h22∗g1 − h21 ∗ g2 ) / det ;
dB=−(−h21∗g1+ h11 ∗ g2 ) / det ;
gd=g1∗dA+g2∗dB ;

s t e p s i z e = 1 ; // Line Search
whi le ( s t e p s i z e >= min step )
{

newA = A + s t e p s i z e ∗ dA;
newB = B + s t e p s i z e ∗ dB ;

// New func t i on value
newf = 0 . 0 ;
f o r ( i =0; i<l ; i++)
{

fApB = dec va lue s [ i ]∗newA+newB ;
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i f ( fApB >= 0)
newf += t [ i ]∗ fApB + Math . l og (1+Math . exp(−fApB ) ) ;

e l s e
newf += ( t [ i ] − 1)∗ fApB +Math . l og (1+Math . exp ( fApB ) ) ;

}
// Check s u f f i c i e n t dec rease
i f ( newf<f v a l +0.0001∗ s t e p s i z e ∗gd )
{

A=newA ;B=newB ; f v a l=newf ;
break ;

}
e l s e

s t e p s i z e = s t e p s i z e / 2 . 0 ;
}

i f ( s t e p s i z e < min step )
{

svm . i n f o (” Line search f a i l s in two−c l a s s p r obab i l i t y e s t imate s \n ” ) ;
break ;

}
}

i f ( i t e r>=max iter )
svm . i n f o (” Reaching maximal i t e r a t i o n s in two−c l a s s p r obab i l i t y e s t imate s \n ” ) ;

probAB[0]=A; probAB[1]=B;
}

pr i va t e s t a t i c double s i gmo id p r ed i c t ( double de c i s i on va lu e , double A, double B)
{

double fApB = de c i s i o n va l u e ∗A+B;
i f ( fApB >= 0)

return Math . exp(−fApB)/(1.0+Math . exp(−fApB ) ) ;
e l s e

re turn 1.0/(1+Math . exp ( fApB ) ) ;
}

// Method 2 from the mu l t i c l a s s p r ob paper by Wu, Lin , and Weng
pr i va t e s t a t i c void mu l t i c l a s s p r o b ab i l i t y ( i n t k , double [ ] [ ] r , double [ ] p )
{

i n t t , j ;
i n t i t e r = 0 , max iter=Math .max(100 , k ) ;
double [ ] [ ] Q=new double [ k ] [ k ] ;
double [ ] Qp=new double [ k ] ;
double pQp, eps=0.005/k ;

f o r ( t=0; t<k ; t++)
{

p [ t ]=1.0/k ; // Val id i f k = 1
Q[ t ] [ t ]=0;
f o r ( j =0; j<t ; j++)
{

Q[ t ] [ t ]+=r [ j ] [ t ]∗ r [ j ] [ t ] ;
Q[ t ] [ j ]=Q[ j ] [ t ] ;

}
f o r ( j=t+1; j<k ; j++)
{

Q[ t ] [ t ]+=r [ j ] [ t ]∗ r [ j ] [ t ] ;
Q[ t ] [ j ]=−r [ j ] [ t ]∗ r [ t ] [ j ] ;

}
}
f o r ( i t e r =0; i t e r<max iter ; i t e r++)
{

// stopping condit ion , r e c a l c u l a t e QP,pQP fo r numerical accuracy
pQp=0;
f o r ( t=0; t<k ; t++)
{

Qp[ t ]=0;
f o r ( j =0; j<k ; j++)

Qp[ t]+=Q[ t ] [ j ]∗p [ j ] ;
pQp+=p [ t ]∗Qp[ t ] ;

}
double max error=0;
f o r ( t=0; t<k ; t++)
{

double e r r o r=Math . abs (Qp[ t ]−pQp ) ;
i f ( e r ror>max error )

max error=e r r o r ;
}
i f ( max error<eps ) break ;

f o r ( t=0; t<k ; t++)
{

double d i f f=(−Qp[ t ]+pQp)/Q[ t ] [ t ] ;
p [ t]+=d i f f ;
pQp=(pQp+d i f f ∗( d i f f ∗Q[ t ] [ t ]+2∗Qp[ t ] ) )/(1+ d i f f )/(1+ d i f f ) ;
f o r ( j =0; j<k ; j++)
{

Qp[ j ]=(Qp[ j ]+ d i f f ∗Q[ t ] [ j ] )/(1+ d i f f ) ;
p [ j ]/=(1+ d i f f ) ;

}
}

}
i f ( i t e r>=max iter )

svm . i n f o (” Exceeds max iter in mu l t i c l a s s p r ob \n ” ) ;
}

// Cross−va l i d a t i on d e c i s i o n va lues f o r p r obab i l i t y e s t imate s
p r i va t e s t a t i c void svm b ina ry svc p robab i l i t y ( svm problem prob , svm parameter param , double Cp, double Cn, double [ ] probAB)
{
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i n t i ;
i n t n r f o l d = 5 ;
i n t [ ] perm = new in t [ prob . l ] ;
double [ ] d e c va lue s = new double [ prob . l ] ;

// random s h u f f l e
f o r ( i =0; i<prob . l ; i++) perm [ i ]= i ;
f o r ( i =0; i<prob . l ; i++)
{

i n t j = i+rand . next Int ( prob . l−i ) ;
do { i n t tmp=perm [ i ] ; perm [ i ]=perm [ j ] ; perm [ j ]=tmp ;} whi le ( f a l s e ) ;

}
f o r ( i =0; i<n r f o l d ; i++)
{

i n t begin = i ∗prob . l / n r f o l d ;
i n t end = ( i +1)∗prob . l / n r f o l d ;
i n t j , k ;
svm problem subprob = new svm problem ( ) ;

subprob . l = prob . l−(end−begin ) ;
subprob . x = new svm node [ subprob . l ] [ ] ;
subprob . y = new double [ subprob . l ] ;

k=0;
f o r ( j =0; j<begin ; j++)
{

subprob . x [ k ] = prob . x [ perm [ j ] ] ;
subprob . y [ k ] = prob . y [ perm [ j ] ] ;
++k ;

}
f o r ( j=end ; j<prob . l ; j++)
{

subprob . x [ k ] = prob . x [ perm [ j ] ] ;
subprob . y [ k ] = prob . y [ perm [ j ] ] ;
++k ;

}
i n t p count=0, n count=0;
f o r ( j =0; j<k ; j++)

i f ( subprob . y [ j ]>0)
p count++;

e l s e
n count++;

i f ( p count==0 && n count==0)
f o r ( j=begin ; j<end ; j++)

dec va lue s [ perm [ j ] ] = 0 ;
e l s e i f ( p count > 0 && n count == 0)

f o r ( j=begin ; j<end ; j++)
dec va lue s [ perm [ j ] ] = 1 ;

e l s e i f ( p count == 0 && n count > 0)
f o r ( j=begin ; j<end ; j++)

dec va lue s [ perm [ j ] ] = −1;
e l s e
{

svm parameter subparam = ( svm parameter )param . c lone ( ) ;
subparam . p r obab i l i t y =0;
subparam .C=1.0;
subparam . nr weight=2;
subparam . we i gh t l ab e l = new in t [ 2 ] ;
subparam . weight = new double [ 2 ] ;
subparam . we i gh t l ab e l [0]=+1;
subparam . we i gh t l ab e l [1]=−1;
subparam . weight [0 ]=Cp ;
subparam . weight [1 ]=Cn ;
svm model submodel = svm tra in ( subprob , subparam ) ;
f o r ( j=begin ; j<end ; j++)
{

double [ ] dec va lue=new double [ 1 ] ;
s vm pred i c t va lue s ( submodel , prob . x [ perm [ j ] ] , dec va lue ) ;
de c va lue s [ perm [ j ] ]= dec va lue [ 0 ] ;
// ensure +1 −1 order ; reason not us ing CV subrout ine
dec va lue s [ perm [ j ] ] ∗= submodel . l a b e l [ 0 ] ;

}
}

}
s i gmo id t r a i n ( prob . l , dec va lues , prob . y , probAB ) ;

}

// Return parameter o f a Laplace d i s t r i b u t i o n
pr i va t e s t a t i c double svm sv r p robab i l i t y ( svm problem prob , svm parameter param)
{

i n t i ;
i n t n r f o l d = 5 ;
double [ ] ymv = new double [ prob . l ] ;
double mae = 0 ;

svm parameter newparam = ( svm parameter )param . c lone ( ) ;
newparam . p r obab i l i t y = 0 ;
s vm c ro s s va l i d a t i on ( prob , newparam , n r f o ld , ymv ) ;
f o r ( i =0; i<prob . l ; i++)
{

ymv [ i ]=prob . y [ i ]−ymv [ i ] ;
mae += Math . abs (ymv [ i ] ) ;

}
mae /= prob . l ;
double std=Math . sq r t (2∗mae∗mae ) ;
i n t count=0;
mae=0;
f o r ( i =0; i<prob . l ; i++)
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i f (Math . abs (ymv [ i ] ) > 5∗ std )
count=count+1;

e l s e
mae+=Math . abs (ymv [ i ] ) ;

mae /= ( prob . l−count ) ;
svm . i n f o (”Prob . model f o r t e s t data : t a r g e t value = pred i c t ed value + z ,\ nz : Laplace d i s t r i b u t i o n eˆ(−| z |/ sigma )/(2 sigma ) , sigma=”+mae+”\n ” ) ;
re turn mae ;

}

// l a b e l : l a b e l name , s t a r t : begin o f each c l a s s , count : #data o f c l a s s e s , perm : i n d i c e s to the o r i g i n a l data
// perm , l ength l , must be a l l o c a t ed be fo r e c a l l i n g t h i s subrout ine
p r i va t e s t a t i c void svm group c la s s e s ( svm problem prob , i n t [ ] n r c l a s s r e t , i n t [ ] [ ] l a b e l r e t , i n t [ ] [ ] s t a r t r e t , i n t [ ] [ ] count ret , i n t [ ] perm)
{

i n t l = prob . l ;
i n t max nr c la s s = 16 ;
i n t n r c l a s s = 0 ;
i n t [ ] l a b e l = new in t [ max nr c la s s ] ;
i n t [ ] count = new in t [ max nr c la s s ] ;
i n t [ ] d a t a l ab e l = new in t [ l ] ;
i n t i ;

f o r ( i =0; i<l ; i++)
{

i n t t h i s l a b e l = ( in t ) ( prob . y [ i ] ) ;
i n t j ;
f o r ( j =0; j<n r c l a s s ; j++)
{

i f ( t h i s l a b e l == l ab e l [ j ] )
{

++count [ j ] ;
break ;

}
}
da t a l ab e l [ i ] = j ;
i f ( j == n r c l a s s )
{

i f ( n r c l a s s == max nr c la s s )
{

max nr c la s s ∗= 2;
i n t [ ] new data = new in t [ max nr c la s s ] ;
System . arraycopy ( l abe l , 0 , new data , 0 , l a b e l . l ength ) ;
l a b e l = new data ;
new data = new in t [ max nr c la s s ] ;
System . arraycopy ( count , 0 , new data , 0 , count . l ength ) ;
count = new data ;

}
l a b e l [ n r c l a s s ] = t h i s l a b e l ;
count [ n r c l a s s ] = 1 ;
++n r c l a s s ;

}
}

//
// Labels are ordered by t h e i r f i r s t occurrence in the t r a i n i n g s e t .
// However , f o r two−c l a s s s e t s with −1/+1 l a b e l s and −1 appears f i r s t ,
// we swap l a b e l s to ensure that i n t e r n a l l y the binary SVM has p o s i t i v e data corresponding to the +1 in s t anc e s .
//
i f ( n r c l a s s == 2 && l ab e l [ 0 ] == −1 && l ab e l [ 1 ] == +1)
{

do { i n t tmp=l ab e l [ 0 ] ; l a b e l [0 ]= l a b e l [ 1 ] ; l a b e l [1 ]=tmp ;} whi le ( f a l s e ) ;
do { i n t tmp=count [ 0 ] ; count [0 ]= count [ 1 ] ; count [1 ]=tmp ;} whi le ( f a l s e ) ;
f o r ( i =0; i<l ; i++)
{

i f ( d a t a l ab e l [ i ] == 0)
da t a l ab e l [ i ] = 1 ;

e l s e
da t a l ab e l [ i ] = 0 ;

}
}

i n t [ ] s t a r t = new in t [ n r c l a s s ] ;
s t a r t [ 0 ] = 0 ;
f o r ( i =1; i<n r c l a s s ; i++)

s t a r t [ i ] = s t a r t [ i−1]+count [ i −1] ;
f o r ( i =0; i<l ; i++)
{

perm [ s t a r t [ d a t a l ab e l [ i ] ] ] = i ;
++s t a r t [ d a t a l ab e l [ i ] ] ;

}
s t a r t [ 0 ] = 0 ;
f o r ( i =1; i<n r c l a s s ; i++)

s t a r t [ i ] = s t a r t [ i−1]+count [ i −1] ;

n r c l a s s r e t [ 0 ] = n r c l a s s ;
l a b e l r e t [ 0 ] = l a b e l ;
s t a r t r e t [ 0 ] = s t a r t ;
c ount r e t [ 0 ] = count ;

}

//
// I n t e r f a c e f unc t i on s
//
pub l i c s t a t i c svm model svm tra in ( svm problem prob , svm parameter param)
{

svm model model = new svm model ( ) ;
model . param = param ;

i f ( param . svm type == svm parameter .ONE CLASS | |
param . svm type == svm parameter .EPSILON SVR | |
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param . svm type == svm parameter .NU SVR)
{

// r e g r e s s i o n or one−c l a s s−svm
model . n r c l a s s = 2 ;
model . l a b e l = nu l l ;
model . nSV = nu l l ;
model . probA = nu l l ; model . probB = nu l l ;
model . s v c o e f = new double [ 1 ] [ ] ;

i f ( param . p r obab i l i t y == 1 &&
(param . svm type == svm parameter .EPSILON SVR | |
param . svm type == svm parameter .NU SVR))

{
model . probA = new double [ 1 ] ;
model . probA [ 0 ] = svm sv r p robab i l i t y ( prob , param ) ;

}

d e c i s i o n f un c t i o n f = svm tra in one ( prob , param , 0 , 0 ) ;
model . rho = new double [ 1 ] ;
model . rho [ 0 ] = f . rho ;

i n t nSV = 0 ;
i n t i ;
f o r ( i =0; i<prob . l ; i++)

i f (Math . abs ( f . alpha [ i ] ) > 0) ++nSV ;
model . l = nSV ;
model .SV = new svm node [ nSV ] [ ] ;
model . s v c o e f [ 0 ] = new double [ nSV ] ;
model . s v i n d i c e s = new in t [ nSV ] ;
i n t j = 0 ;
f o r ( i =0; i<prob . l ; i++)

i f (Math . abs ( f . alpha [ i ] ) > 0)
{

model .SV[ j ] = prob . x [ i ] ;
model . s v c o e f [ 0 ] [ j ] = f . alpha [ i ] ;
model . s v i n d i c e s [ j ] = i +1;
++j ;

}
}
e l s e
{

// c l a s s i f i c a t i o n
i n t l = prob . l ;
i n t [ ] tmp nr c l a s s = new in t [ 1 ] ;
i n t [ ] [ ] tmp labe l = new in t [ 1 ] [ ] ;
i n t [ ] [ ] tmp start = new in t [ 1 ] [ ] ;
i n t [ ] [ ] tmp count = new in t [ 1 ] [ ] ;
i n t [ ] perm = new in t [ l ] ;

// group t r a i n i n g data o f the same c l a s s
svm group c la s s e s ( prob , tmp nr c las s , tmp label , tmp start , tmp count , perm ) ;
i n t n r c l a s s = tmp nr c l a s s [ 0 ] ;
i n t [ ] l a b e l = tmp labe l [ 0 ] ;
i n t [ ] s t a r t = tmp start [ 0 ] ;
i n t [ ] count = tmp count [ 0 ] ;

i f ( n r c l a s s == 1)
svm . i n f o (”WARNING: t r a i n i n g data in only one c l a s s . See README fo r d e t a i l s .\n ” ) ;

svm node [ ] [ ] x = new svm node [ l ] [ ] ;
i n t i ;
f o r ( i =0; i<l ; i++)

x [ i ] = prob . x [ perm [ i ] ] ;

// c a l c u l a t e weighted C

double [ ] weighted C = new double [ n r c l a s s ] ;
f o r ( i =0; i<n r c l a s s ; i++)

weighted C [ i ] = param .C;
f o r ( i =0; i<param . nr weight ; i++)
{

i n t j ;
f o r ( j =0; j<n r c l a s s ; j++)

i f ( param . we i gh t l ab e l [ i ] == l ab e l [ j ] )
break ;

i f ( j == n r c l a s s )
System . e r r . p r in t (”WARNING: c l a s s l a b e l ”+param . we i gh t l ab e l [ i ]+” s p e c i f i e d in weight i s not found\n ” ) ;

e l s e
weighted C [ j ] ∗= param . weight [ i ] ;

}

// t r a i n k∗(k−1)/2 models

boolean [ ] nonzero = new boolean [ l ] ;
f o r ( i =0; i<l ; i++)

nonzero [ i ] = f a l s e ;
d e c i s i o n f un c t i o n [ ] f = new de c i s i o n f un c t i o n [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;

double [ ] probA=nul l , probB=nu l l ;
i f ( param . p r obab i l i t y == 1)
{

probA=new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;
probB=new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;

}

i n t p = 0 ;
f o r ( i =0; i<n r c l a s s ; i++)

f o r ( i n t j=i +1; j<n r c l a s s ; j++)
{
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svm problem sub prob = new svm problem ( ) ;
i n t s i = s t a r t [ i ] , s j = s t a r t [ j ] ;
i n t c i = count [ i ] , c j = count [ j ] ;
sub prob . l = c i+c j ;
sub prob . x = new svm node [ sub prob . l ] [ ] ;
sub prob . y = new double [ sub prob . l ] ;
i n t k ;
f o r ( k=0;k<c i ; k++)
{

sub prob . x [ k ] = x [ s i+k ] ;
sub prob . y [ k ] = +1;

}
f o r ( k=0;k<c j ; k++)
{

sub prob . x [ c i+k ] = x [ s j+k ] ;
sub prob . y [ c i+k ] = −1;

}

i f ( param . p r obab i l i t y == 1)
{

double [ ] probAB=new double [ 2 ] ;
s vm b ina ry svc p robab i l i t y ( sub prob , param , weighted C [ i ] , weighted C [ j ] , probAB ) ;
probA [ p]=probAB [ 0 ] ;
probB [ p]=probAB [ 1 ] ;

}

f [ p ] = svm tra in one ( sub prob , param , weighted C [ i ] , weighted C [ j ] ) ;
f o r ( k=0;k<c i ; k++)

i f ( ! nonzero [ s i+k ] && Math . abs ( f [ p ] . alpha [ k ] ) > 0)
nonzero [ s i+k ] = true ;

f o r ( k=0;k<c j ; k++)
i f ( ! nonzero [ s j+k ] && Math . abs ( f [ p ] . alpha [ c i+k ] ) > 0)

nonzero [ s j+k ] = true ;
++p ;

}

// bu i ld output

model . n r c l a s s = n r c l a s s ;

model . l a b e l = new in t [ n r c l a s s ] ;
f o r ( i =0; i<n r c l a s s ; i++)

model . l a b e l [ i ] = l a b e l [ i ] ;

model . rho = new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;
f o r ( i =0; i<n r c l a s s ∗( n r c l a s s −1)/2; i++)

model . rho [ i ] = f [ i ] . rho ;

i f ( param . p r obab i l i t y == 1)
{

model . probA = new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;
model . probB = new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;
f o r ( i =0; i<n r c l a s s ∗( n r c l a s s −1)/2; i++)
{

model . probA [ i ] = probA [ i ] ;
model . probB [ i ] = probB [ i ] ;

}
}
e l s e
{

model . probA=nu l l ;
model . probB=nu l l ;

}

i n t nnz = 0 ;
i n t [ ] nz count = new in t [ n r c l a s s ] ;
model . nSV = new in t [ n r c l a s s ] ;
f o r ( i =0; i<n r c l a s s ; i++)
{

i n t nSV = 0 ;
f o r ( i n t j =0; j<count [ i ] ; j++)

i f ( nonzero [ s t a r t [ i ]+ j ] )
{

++nSV ;
++nnz ;

}
model . nSV [ i ] = nSV ;
nz count [ i ] = nSV ;

}

svm . i n f o (” Total nSV = ”+nnz+”\n ” ) ;

model . l = nnz ;
model .SV = new svm node [ nnz ] [ ] ;
model . s v i n d i c e s = new in t [ nnz ] ;
p = 0 ;
f o r ( i =0; i<l ; i++)

i f ( nonzero [ i ] )
{

model .SV[ p ] = x [ i ] ;
model . s v i n d i c e s [ p++] = perm [ i ] + 1 ;

}

i n t [ ] n z s t a r t = new in t [ n r c l a s s ] ;
n z s t a r t [ 0 ] = 0 ;
f o r ( i =1; i<n r c l a s s ; i++)

n z s t a r t [ i ] = n z s t a r t [ i−1]+nz count [ i −1] ;

model . s v c o e f = new double [ n r c l a s s − 1 ] [ ] ;
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f o r ( i =0; i<n r c l a s s −1; i++)
model . s v c o e f [ i ] = new double [ nnz ] ;

p = 0 ;
f o r ( i =0; i<n r c l a s s ; i++)

f o r ( i n t j=i +1; j<n r c l a s s ; j++)
{

// c l a s s i f i e r ( i , j ) : c o e f f i c i e n t s with
// i are in s v c o e f [ j −1] [ n z s t a r t [ i ] . . . ] ,
// j are in s v c o e f [ i ] [ n z s t a r t [ j ] . . . ]

i n t s i = s t a r t [ i ] ;
i n t s j = s t a r t [ j ] ;
i n t c i = count [ i ] ;
i n t c j = count [ j ] ;

i n t q = nz s t a r t [ i ] ;
i n t k ;
f o r ( k=0;k<c i ; k++)

i f ( nonzero [ s i+k ] )
model . s v c o e f [ j −1] [ q++] = f [ p ] . alpha [ k ] ;

q = nz s t a r t [ j ] ;
f o r ( k=0;k<c j ; k++)

i f ( nonzero [ s j+k ] )
model . s v c o e f [ i ] [ q++] = f [ p ] . alpha [ c i+k ] ;

++p ;
}

}
re turn model ;

}

// S t r a t i f i e d c r o s s v a l i d a t i on
pub l i c s t a t i c void svm c ro s s va l i d a t i on ( svm problem prob , svm parameter param , i n t n r f o ld , double [ ] t a r g e t )
{

i n t i ;
i n t [ ] f o l d s t a r t = new in t [ n r f o l d +1] ;
i n t l = prob . l ;
i n t [ ] perm = new in t [ l ] ;

// s t r a t i f i e d cv may not g ive leave−one−out ra t e
// Each c l a s s to l f o l d s −> some f o l d s may have zero e lements
i f ( ( param . svm type == svm parameter .C SVC | |

param . svm type == svm parameter .NU SVC) && n r f o l d < l )
{

i n t [ ] tmp nr c l a s s = new in t [ 1 ] ;
i n t [ ] [ ] tmp labe l = new in t [ 1 ] [ ] ;
i n t [ ] [ ] tmp start = new in t [ 1 ] [ ] ;
i n t [ ] [ ] tmp count = new in t [ 1 ] [ ] ;

svm group c la s s e s ( prob , tmp nr c las s , tmp label , tmp start , tmp count , perm ) ;

i n t n r c l a s s = tmp nr c l a s s [ 0 ] ;
i n t [ ] s t a r t = tmp start [ 0 ] ;
i n t [ ] count = tmp count [ 0 ] ;

// random s h u f f l e and then data grouped by f o l d us ing the array perm
in t [ ] f o l d coun t = new in t [ n r f o l d ] ;
i n t c ;
i n t [ ] index = new in t [ l ] ;
f o r ( i =0; i<l ; i++)

index [ i ]=perm [ i ] ;
f o r ( c=0; c<n r c l a s s ; c++)

f o r ( i =0; i<count [ c ] ; i++)
{

i n t j = i+rand . next Int ( count [ c ]− i ) ;
do { i n t tmp=index [ s t a r t [ c ]+ j ] ; index [ s t a r t [ c ]+ j ]= index [ s t a r t [ c ]+ i ] ; index [ s t a r t [ c ]+ i ]=tmp ;} whi le ( f a l s e ) ;

}
f o r ( i =0; i<n r f o l d ; i++)
{

f o l d coun t [ i ] = 0 ;
f o r ( c=0; c<n r c l a s s ; c++)

f o l d count [ i ]+=( i +1)∗ count [ c ] / n r f o ld−i ∗count [ c ] / n r f o l d ;
}
f o l d s t a r t [ 0 ]=0 ;
f o r ( i =1; i<=nr f o l d ; i++)

f o l d s t a r t [ i ] = f o l d s t a r t [ i−1]+ fo ld count [ i −1] ;
f o r ( c=0; c<n r c l a s s ; c++)

f o r ( i =0; i<n r f o l d ; i++)
{

i n t begin = s t a r t [ c ]+ i ∗count [ c ] / n r f o l d ;
i n t end = s t a r t [ c ]+( i +1)∗ count [ c ] / n r f o l d ;
f o r ( i n t j=begin ; j<end ; j++)
{

perm [ f o l d s t a r t [ i ] ] = index [ j ] ;
f o l d s t a r t [ i ]++;

}
}

f o l d s t a r t [ 0 ]=0 ;
f o r ( i =1; i<=nr f o l d ; i++)

f o l d s t a r t [ i ] = f o l d s t a r t [ i−1]+ fo ld count [ i −1] ;
}
e l s e
{

f o r ( i =0; i<l ; i++) perm [ i ]= i ;
f o r ( i =0; i<l ; i++)
{

i n t j = i+rand . next Int ( l−i ) ;
do { i n t tmp=perm [ i ] ; perm [ i ]=perm [ j ] ; perm [ j ]=tmp ;} whi le ( f a l s e ) ;

}
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f o r ( i =0; i<=nr f o l d ; i++)
f o l d s t a r t [ i ]= i ∗ l / n r f o l d ;

}

f o r ( i =0; i<n r f o l d ; i++)
{

i n t begin = f o l d s t a r t [ i ] ;
i n t end = f o l d s t a r t [ i +1] ;
i n t j , k ;
svm problem subprob = new svm problem ( ) ;

subprob . l = l−(end−begin ) ;
subprob . x = new svm node [ subprob . l ] [ ] ;
subprob . y = new double [ subprob . l ] ;

k=0;
f o r ( j =0; j<begin ; j++)
{

subprob . x [ k ] = prob . x [ perm [ j ] ] ;
subprob . y [ k ] = prob . y [ perm [ j ] ] ;
++k ;

}
f o r ( j=end ; j<l ; j++)
{

subprob . x [ k ] = prob . x [ perm [ j ] ] ;
subprob . y [ k ] = prob . y [ perm [ j ] ] ;
++k ;

}
svm model submodel = svm tra in ( subprob , param ) ;
i f ( param . p r obab i l i t y==1 &&

(param . svm type == svm parameter .C SVC | |
param . svm type == svm parameter .NU SVC))

{
double [ ] p rob es t imate s= new double [ s vm ge t n r c l a s s ( submodel ) ] ;
f o r ( j=begin ; j<end ; j++)

ta rg e t [ perm [ j ] ] = svm pr ed i c t p r obab i l i t y ( submodel , prob . x [ perm [ j ] ] , p rob es t imate s ) ;
}
e l s e

f o r ( j=begin ; j<end ; j++)
ta rg e t [ perm [ j ] ] = svm predict ( submodel , prob . x [ perm [ j ] ] ) ;

}
}

pub l i c s t a t i c i n t svm get svm type ( svm model model )
{

re turn model . param . svm type ;
}

pub l i c s t a t i c i n t s vm ge t n r c l a s s ( svm model model )
{

re turn model . n r c l a s s ;
}

pub l i c s t a t i c void svm ge t l abe l s ( svm model model , i n t [ ] l a b e l )
{

i f (model . l a b e l != nu l l )
f o r ( i n t i =0; i<model . n r c l a s s ; i++)

l a b e l [ i ] = model . l a b e l [ i ] ;
}

pub l i c s t a t i c void svm ge t s v i nd i c e s ( svm model model , i n t [ ] i n d i c e s )
{

i f (model . s v i n d i c e s != nu l l )
f o r ( i n t i =0; i<model . l ; i++)

i nd i c e s [ i ] = model . s v i n d i c e s [ i ] ;
}

pub l i c s t a t i c i n t svm get nr sv ( svm model model )
{

re turn model . l ;
}

pub l i c s t a t i c double s vm ge t s v r p r obab i l i t y ( svm model model )
{

i f ( ( model . param . svm type == svm parameter .EPSILON SVR | | model . param . svm type == svm parameter .NU SVR) &&
model . probA!= nu l l )

re turn model . probA [ 0 ] ;
e l s e
{

System . e r r . p r i n t (”Model doesn ’ t conta in in format ion f o r SVR probab i l i t y i n f e r e n c e \n ” ) ;
re turn 0 ;

}
}

pub l i c s t a t i c double svm pred i c t va lue s ( svm model model , svm node [ ] x , double [ ] d e c va lue s )
{

i n t i ;
i f (model . param . svm type == svm parameter .ONE CLASS | |

model . param . svm type == svm parameter .EPSILON SVR | |
model . param . svm type == svm parameter .NU SVR)

{
double [ ] s v c o e f = model . s v c o e f [ 0 ] ;
double sum = 0 ;
f o r ( i =0; i<model . l ; i++)

sum += sv c o e f [ i ] ∗ Kernel . k func t i on (x , model .SV[ i ] , model . param ) ;
sum −= model . rho [ 0 ] ;
d e c va lue s [ 0 ] = sum ;

i f (model . param . svm type == svm parameter .ONE CLASS)
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re turn (sum>0)?1:−1;
e l s e

re turn sum ;
}
e l s e
{

i n t n r c l a s s = model . n r c l a s s ;
i n t l = model . l ;

double [ ] kvalue = new double [ l ] ;
f o r ( i =0; i<l ; i++)

kvalue [ i ] = Kernel . k func t i on (x , model .SV[ i ] , model . param ) ;

i n t [ ] s t a r t = new in t [ n r c l a s s ] ;
s t a r t [ 0 ] = 0 ;
f o r ( i =1; i<n r c l a s s ; i++)

s t a r t [ i ] = s t a r t [ i−1]+model . nSV [ i −1] ;

i n t [ ] vote = new in t [ n r c l a s s ] ;
f o r ( i =0; i<n r c l a s s ; i++)

vote [ i ] = 0 ;

i n t p=0;
f o r ( i =0; i<n r c l a s s ; i++)

f o r ( i n t j=i +1; j<n r c l a s s ; j++)
{

double sum = 0 ;
i n t s i = s t a r t [ i ] ;
i n t s j = s t a r t [ j ] ;
i n t c i = model . nSV [ i ] ;
i n t c j = model . nSV [ j ] ;

i n t k ;
double [ ] coe f1 = model . s v c o e f [ j −1] ;
double [ ] coe f2 = model . s v c o e f [ i ] ;
f o r ( k=0;k<c i ; k++)

sum += coe f1 [ s i+k ] ∗ kvalue [ s i+k ] ;
f o r ( k=0;k<c j ; k++)

sum += coe f2 [ s j+k ] ∗ kvalue [ s j+k ] ;
sum −= model . rho [ p ] ;
d e c va lue s [ p ] = sum ;

i f ( dec va lue s [ p ] > 0)
++vote [ i ] ;

e l s e
++vote [ j ] ;

p++;
}

i n t vote max idx = 0 ;
f o r ( i =1; i<n r c l a s s ; i++)

i f ( vote [ i ] > vote [ vote max idx ] )
vote max idx = i ;

re turn model . l a b e l [ vote max idx ] ;
}

}

pub l i c s t a t i c double svm predict ( svm model model , svm node [ ] x )
{

i n t n r c l a s s = model . n r c l a s s ;
double [ ] d e c va lue s ;
i f (model . param . svm type == svm parameter .ONE CLASS | |

model . param . svm type == svm parameter .EPSILON SVR | |
model . param . svm type == svm parameter .NU SVR)

dec va lue s = new double [ 1 ] ;
e l s e

dec va lue s = new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;
double p r e d r e s u l t = svm pred i c t va lue s (model , x , dec va lue s ) ;
r e turn p r e d r e s u l t ;

}

pub l i c s t a t i c double s vm pr ed i c t p r obab i l i t y ( svm model model , svm node [ ] x , double [ ] p rob es t imate s )
{

i f ( ( model . param . svm type == svm parameter .C SVC | | model . param . svm type == svm parameter .NU SVC) &&
model . probA!= nu l l && model . probB!= nu l l )

{
i n t i ;
i n t n r c l a s s = model . n r c l a s s ;
double [ ] d e c va lue s = new double [ n r c l a s s ∗( n r c l a s s −1)/2 ] ;
svm pred i c t va lue s (model , x , dec va lue s ) ;

double min prob=1e−7;
double [ ] [ ] pa i rw i s e prob=new double [ n r c l a s s ] [ n r c l a s s ] ;

i n t k=0;
f o r ( i =0; i<n r c l a s s ; i++)

f o r ( i n t j=i +1; j<n r c l a s s ; j++)
{

pa i rw i s e prob [ i ] [ j ]=Math . min (Math .max( s i gmo id p r ed i c t ( dec va lue s [ k ] , model . probA [ k ] , model . probB [ k ] ) , min prob ) ,1−min prob ) ;
pa i rw i s e prob [ j ] [ i ]=1−pa i rw i s e prob [ i ] [ j ] ;
k++;

}
i f ( n r c l a s s == 2)
{

prob es t imate s [ 0 ] = pa i rw i s e prob [ 0 ] [ 1 ] ;
p rob es t imate s [ 1 ] = pa i rw i s e prob [ 1 ] [ 0 ] ;

}
e l s e
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mu l t i c l a s s p r o b ab i l i t y ( n r c l a s s , pa i rwi se prob , prob es t imate s ) ;

i n t prob max idx = 0 ;
f o r ( i =1; i<n r c l a s s ; i++)

i f ( p rob es t imate s [ i ] > prob es t imate s [ prob max idx ] )
prob max idx = i ;

re turn model . l a b e l [ prob max idx ] ;
}
e l s e

re turn svm predict (model , x ) ;
}

s t a t i c f i n a l S t r ing svm type tab le [ ] =
{

” c svc ” ,” nu svc ” ,” on e c l a s s ” ,” e p s i l o n s v r ” ,” nu svr ” ,
} ;

s t a t i c f i n a l S t r ing k e r n e l t yp e t ab l e [ ]=
{

” l i n e a r ” ,” polynomial ” ,” rb f ” ,” s igmoid ” ,” precomputed”
} ;

pub l i c s t a t i c void svm save model ( S t r ing model f i l e name , svm model model ) throws IOException
{

DataOutputStream fp = new DataOutputStream (new BufferedOutputStream (new FileOutputStream ( mode l f i l e name ) ) ) ;

svm parameter param = model . param ;

fp . wr i teBytes (” svm type ”+svm type tab le [ param . svm type ]+”\n ” ) ;
fp . wr i teBytes (” ke rne l t ype ”+ke r n e l t yp e t ab l e [ param . ke rne l t ype ]+”\n ” ) ;

i f ( param . ke rne l t ype == svm parameter .POLY)
fp . wr i teBytes (” degree ”+param . degree+”\n ” ) ;

i f ( param . ke rne l t ype == svm parameter .POLY | |
param . ke rne l t ype == svm parameter .RBF | |
param . ke rne l t ype == svm parameter .SIGMOID)

fp . wr i teBytes (”gamma ”+param .gamma+”\n ” ) ;

i f ( param . ke rne l t ype == svm parameter .POLY | |
param . ke rne l t ype == svm parameter .SIGMOID)

fp . wr i teBytes (” coe f0 ”+param . coe f0+”\n ” ) ;

i n t n r c l a s s = model . n r c l a s s ;
i n t l = model . l ;
fp . wr i teBytes (” n r c l a s s ”+n r c l a s s+”\n ” ) ;
fp . wr i teBytes (” t o t a l s v ”+l+”\n ” ) ;

{
fp . wr i teBytes (” rho ” ) ;
f o r ( i n t i =0; i<n r c l a s s ∗( n r c l a s s −1)/2; i++)

fp . wr i teBytes (” ”+model . rho [ i ] ) ;
fp . wr i teBytes (”\n ” ) ;

}

i f (model . l a b e l != nu l l )
{

fp . wr i teBytes (” l a b e l ” ) ;
f o r ( i n t i =0; i<n r c l a s s ; i++)

fp . wr i teBytes (” ”+model . l a b e l [ i ] ) ;
fp . wr i teBytes (”\n ” ) ;

}

i f (model . probA != nu l l ) // r e g r e s s i o n has probA only
{

fp . wr i teBytes (”probA ” ) ;
f o r ( i n t i =0; i<n r c l a s s ∗( n r c l a s s −1)/2; i++)

fp . wr i teBytes (” ”+model . probA [ i ] ) ;
fp . wr i teBytes (”\n ” ) ;

}
i f (model . probB != nu l l )
{

fp . wr i teBytes (” probB ” ) ;
f o r ( i n t i =0; i<n r c l a s s ∗( n r c l a s s −1)/2; i++)

fp . wr i teBytes (” ”+model . probB [ i ] ) ;
fp . wr i teBytes (”\n ” ) ;

}

i f (model . nSV != nu l l )
{

fp . wr i teBytes (” nr sv ” ) ;
f o r ( i n t i =0; i<n r c l a s s ; i++)

fp . wr i teBytes (” ”+model . nSV [ i ] ) ;
fp . wr i teBytes (”\n ” ) ;

}

fp . wr i teBytes (”SV\n ” ) ;
double [ ] [ ] s v c o e f = model . s v c o e f ;
svm node [ ] [ ] SV = model .SV;

f o r ( i n t i =0; i<l ; i++)
{

f o r ( i n t j =0; j<n r c l a s s −1; j++)
fp . wr i teBytes ( s v c o e f [ j ] [ i ]+” ” ) ;

svm node [ ] p = SV[ i ] ;
i f ( param . ke rne l t ype == svm parameter .PRECOMPUTED)

fp . wr i teBytes (”0:”+( in t ) ( p [ 0 ] . va lue ) ) ;
e l s e
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f o r ( i n t j =0; j<p . l ength ; j++)
fp . wr i teBytes (p [ j ] . index+”:”+p [ j ] . va lue+” ” ) ;

fp . wr i teBytes (”\n ” ) ;
}

fp . c l o s e ( ) ;
}

pr i va t e s t a t i c double a to f ( S t r ing s )
{

re turn Double . valueOf ( s ) . doubleValue ( ) ;
}

pr i va t e s t a t i c i n t a t o i ( S t r ing s )
{

re turn In t eg e r . pa r s e In t ( s ) ;
}

pr i va t e s t a t i c boolean read model header ( BufferedReader fp , svm model model )
{

svm parameter param = new svm parameter ( ) ;
model . param = param ;
// parameters f o r t r a i n i n g only won ’ t be ass igned , but ar rays are as s i gned as NULL f o r s a f e t y
param . nr weight = 0 ;
param . we i gh t l ab e l = nu l l ;
param . weight = nu l l ;

t ry
{

whi le ( t rue )
{

St r ing cmd = fp . readLine ( ) ;
S t r ing arg = cmd . subs t r i ng (cmd . indexOf ( ’ ’ )+1) ;

i f (cmd . startsWith (” svm type ”) )
{

i n t i ;
f o r ( i =0; i<svm type tab le . l ength ; i++)
{

i f ( arg . indexOf ( svm type tab le [ i ])!=−1)
{

param . svm type=i ;
break ;

}
}
i f ( i == svm type tab le . l ength )
{

System . e r r . p r i n t (”unknown svm type .\n ” ) ;
re turn f a l s e ;

}
}
e l s e i f (cmd . startsWith (” ke rne l t ype ”) )
{

i n t i ;
f o r ( i =0; i<k e r n e l t yp e t ab l e . l ength ; i++)
{

i f ( arg . indexOf ( k e r n e l t yp e t ab l e [ i ])!=−1)
{

param . ke rne l t ype=i ;
break ;

}
}
i f ( i == ke rn e l t yp e t ab l e . l ength )
{

System . e r r . p r i n t (”unknown ke rne l func t i on .\n ” ) ;
re turn f a l s e ;

}
}
e l s e i f (cmd . startsWith (” degree ”) )

param . degree = a to i ( arg ) ;
e l s e i f (cmd . startsWith (”gamma”))

param .gamma = ato f ( arg ) ;
e l s e i f (cmd . startsWith (” coe f0 ”) )

param . coe f0 = ato f ( arg ) ;
e l s e i f (cmd . startsWith (” n r c l a s s ” ) )

model . n r c l a s s = a to i ( arg ) ;
e l s e i f (cmd . startsWith (” t o t a l s v ”) )

model . l = a t o i ( arg ) ;
e l s e i f (cmd . startsWith (” rho ”) )
{

i n t n = model . n r c l a s s ∗ (model . n r c l a s s −1)/2;
model . rho = new double [ n ] ;
St r ingToken ize r s t = new Str ingToken ize r ( arg ) ;
f o r ( i n t i =0; i<n ; i++)

model . rho [ i ] = a to f ( s t . nextToken ( ) ) ;
}
e l s e i f (cmd . startsWith (” l a b e l ” ) )
{

i n t n = model . n r c l a s s ;
model . l a b e l = new in t [ n ] ;
St r ingToken ize r s t = new Str ingToken ize r ( arg ) ;
f o r ( i n t i =0; i<n ; i++)

model . l a b e l [ i ] = a t o i ( s t . nextToken ( ) ) ;
}
e l s e i f (cmd . startsWith (”probA ”))
{

i n t n = model . n r c l a s s ∗(model . n r c l a s s −1)/2;
model . probA = new double [ n ] ;
St r ingToken ize r s t = new Str ingToken ize r ( arg ) ;
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f o r ( i n t i =0; i<n ; i++)
model . probA [ i ] = a to f ( s t . nextToken ( ) ) ;

}
e l s e i f (cmd . startsWith (”probB ”))
{

i n t n = model . n r c l a s s ∗(model . n r c l a s s −1)/2;
model . probB = new double [ n ] ;
St r ingToken ize r s t = new Str ingToken ize r ( arg ) ;
f o r ( i n t i =0; i<n ; i++)

model . probB [ i ] = a to f ( s t . nextToken ( ) ) ;
}
e l s e i f (cmd . startsWith (” nr sv ”) )
{

i n t n = model . n r c l a s s ;
model . nSV = new in t [ n ] ;
St r ingToken ize r s t = new Str ingToken ize r ( arg ) ;
f o r ( i n t i =0; i<n ; i++)

model . nSV [ i ] = a t o i ( s t . nextToken ( ) ) ;
}
e l s e i f (cmd . startsWith (”SV”))
{

break ;
}
e l s e
{

System . e r r . p r in t (”unknown text in model f i l e : [”+cmd+”]\n ” ) ;
re turn f a l s e ;

}
}

}
catch ( Exception e )
{

re turn f a l s e ;
}
re turn true ;

}

pub l i c s t a t i c svm model svm load model ( S t r ing mode l f i l e name ) throws IOException
{

re turn svm load model (new BufferedReader (new Fi leReader ( mode l f i l e name ) ) ) ;
}

pub l i c s t a t i c svm model svm load model ( BufferedReader fp ) throws IOException
{

// read parameters

svm model model = new svm model ( ) ;
model . rho = nu l l ;
model . probA = nu l l ;
model . probB = nu l l ;
model . l a b e l = nu l l ;
model . nSV = nu l l ;

i f ( read model header ( fp , model ) == f a l s e )
{

System . e r r . p r i n t (”ERROR: f a i l e d to read model\n ” ) ;
re turn nu l l ;

}

// read s v c o e f and SV

in t m = model . n r c l a s s − 1 ;
i n t l = model . l ;
model . s v c o e f = new double [m] [ l ] ;
model .SV = new svm node [ l ] [ ] ;

f o r ( i n t i =0; i<l ; i++)
{

St r ing l i n e = fp . readLine ( ) ;
St r ingToken ize r s t = new Str ingToken ize r ( l i n e , ” \ t\n\ r\ f : ” ) ;

f o r ( i n t k=0;k<m; k++)
model . s v c o e f [ k ] [ i ] = a to f ( s t . nextToken ( ) ) ;

i n t n = st . countTokens ( ) / 2 ;
model .SV[ i ] = new svm node [ n ] ;
f o r ( i n t j =0; j<n ; j++)
{

model .SV[ i ] [ j ] = new svm node ( ) ;
model .SV[ i ] [ j ] . index = a to i ( s t . nextToken ( ) ) ;
model .SV[ i ] [ j ] . va lue = ato f ( s t . nextToken ( ) ) ;

}
}

fp . c l o s e ( ) ;
r e turn model ;

}

pub l i c s t a t i c S t r ing svm check parameter ( svm problem prob , svm parameter param)
{

// svm type

i n t svm type = param . svm type ;
i f ( svm type != svm parameter .C SVC &&

svm type != svm parameter .NU SVC &&
svm type != svm parameter .ONE CLASS &&
svm type != svm parameter .EPSILON SVR &&
svm type != svm parameter .NU SVR)

return ”unknown svm type ” ;
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// kerne l type , degree

i n t ke rne l t ype = param . ke rne l t ype ;
i f ( k e rne l t ype != svm parameter .LINEAR &&

kerne l t ype != svm parameter .POLY &&
kerne l t ype != svm parameter .RBF &&
kerne l t ype != svm parameter .SIGMOID &&
kerne l t ype != svm parameter .PRECOMPUTED)

return ”unknown ke rne l type ” ;

i f ( param .gamma < 0)
return ”gamma < 0” ;

i f ( param . degree < 0)
return ” degree o f polynomial ke rne l < 0” ;

// ca che s i z e , eps ,C, nu , p , sh r ink ing

i f ( param . c a ch e s i z e <= 0)
return ” c a ch e s i z e <= 0” ;

i f ( param . eps <= 0)
return ” eps <= 0” ;

i f ( svm type == svm parameter .C SVC | |
svm type == svm parameter .EPSILON SVR | |
svm type == svm parameter .NU SVR)

i f ( param .C <= 0)
return ”C <= 0” ;

i f ( svm type == svm parameter .NU SVC | |
svm type == svm parameter .ONE CLASS | |
svm type == svm parameter .NU SVR)

i f ( param . nu <= 0 | | param . nu > 1)
return ”nu <= 0 or nu > 1” ;

i f ( svm type == svm parameter .EPSILON SVR)
i f ( param . p < 0)

return ”p < 0” ;

i f ( param . sh r ink ing != 0 &&
param . sh r ink ing != 1)

return ” shr ink ing != 0 and shr ink ing != 1” ;

i f ( param . p r obab i l i t y != 0 &&
param . p r obab i l i t y != 1)

return ” p r obab i l i t y != 0 and p r obab i l i t y != 1” ;

i f ( param . p r obab i l i t y == 1 &&
svm type == svm parameter .ONE CLASS)

return ”one−c l a s s SVM probab i l i t y output not supported yet ” ;

// check whether nu−svc i s f e a s i b l e

i f ( svm type == svm parameter .NU SVC)
{

i n t l = prob . l ;
i n t max nr c la s s = 16 ;
i n t n r c l a s s = 0 ;
i n t [ ] l a b e l = new in t [ max nr c la s s ] ;
i n t [ ] count = new in t [ max nr c la s s ] ;

i n t i ;
f o r ( i =0; i<l ; i++)
{

i n t t h i s l a b e l = ( i n t ) prob . y [ i ] ;
i n t j ;
f o r ( j =0; j<n r c l a s s ; j++)

i f ( t h i s l a b e l == l ab e l [ j ] )
{

++count [ j ] ;
break ;

}

i f ( j == n r c l a s s )
{

i f ( n r c l a s s == max nr c la s s )
{

max nr c la s s ∗= 2;
i n t [ ] new data = new in t [ max nr c la s s ] ;
System . arraycopy ( l abe l , 0 , new data , 0 , l a b e l . l ength ) ;
l a b e l = new data ;

new data = new in t [ max nr c la s s ] ;
System . arraycopy ( count , 0 , new data , 0 , count . l ength ) ;
count = new data ;

}
l a b e l [ n r c l a s s ] = t h i s l a b e l ;
count [ n r c l a s s ] = 1 ;
++n r c l a s s ;

}
}

f o r ( i =0; i<n r c l a s s ; i++)
{

i n t n1 = count [ i ] ;
f o r ( i n t j=i +1; j<n r c l a s s ; j++)
{

i n t n2 = count [ j ] ;
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i f ( param . nu∗( n1+n2 )/2 > Math . min (n1 , n2 ) )
re turn ” s p e c i f i e d nu i s i n f e a s i b l e ” ;

}
}

}

re turn nu l l ;
}

pub l i c s t a t i c i n t svm check probab i l i ty mode l ( svm model model )
{

i f ( ( ( model . param . svm type == svm parameter .C SVC | | model . param . svm type == svm parameter .NU SVC) &&
model . probA!= nu l l && model . probB!= nu l l ) | |
( ( model . param . svm type == svm parameter .EPSILON SVR | | model . param . svm type == svm parameter .NU SVR) &&
model . probA!= nu l l ) )

re turn 1 ;
e l s e

re turn 0 ;
}

pub l i c s t a t i c void s vm s e t p r i n t s t r i n g f u n c t i o n ( s vm pr i n t i n t e r f a c e p r i n t f un c )
{

i f ( p r i n t f un c == nu l l )
s vm pr i n t s t r i n g = svm pr int s tdout ;

e l s e
s vm pr i n t s t r i n g = pr i n t f un c ;

}
}

13. libsvm/svm model.java
//
// svm model
//
package l ibsvm ;
pub l i c c l a s s svm model implements java . i o . S e r i a l i z a b l e
{

pub l i c svm parameter param ; // parameter
pub l i c i n t n r c l a s s ; // number o f c l a s s e s , = 2 in r e g r e s s i o n /one c l a s s svm
pub l i c i n t l ; // t o t a l #SV
pub l i c svm node [ ] [ ] SV; // SVs (SV[ l ] )
pub l i c double [ ] [ ] s v c o e f ; // c o e f f i c i e n t s f o r SVs in d e c i s i o n func t i on s ( s v c o e f [ k−1] [ l ] )
pub l i c double [ ] rho ; // constants in d e c i s i o n func t i on s ( rho [ k∗(k−1)/2])
pub l i c double [ ] probA ; // pa r iw i s e p r obab i l i t y in format ion
pub l i c double [ ] probB ;
pub l i c i n t [ ] s v i n d i c e s ; // s v i n d i c e s [ 0 , . . . , nSV−1] are va lues in [ 1 , . . . , num traning data ] to i nd i c a t e SVs in the t r a i n i n g s e t

// f o r c l a s s i f i c a t i o n only

pub l i c i n t [ ] l a b e l ; // l a b e l o f each c l a s s ( l a b e l [ k ] )
pub l i c i n t [ ] nSV ; // number o f SVs f o r each c l a s s (nSV [ k ] )

// nSV [ 0 ] + nSV [ 1 ] + . . . + nSV [ k−1] = l
} ;

14. libsvm/svm node.java
package l ibsvm ;
pub l i c c l a s s svm node implements java . i o . S e r i a l i z a b l e
{

pub l i c i n t index ;
pub l i c double value ;

}

15. libsvm/svm parameter.java
package l ibsvm ;
pub l i c c l a s s svm parameter implements Cloneable , java . i o . S e r i a l i z a b l e
{

/∗ svm type ∗/
pub l i c s t a t i c f i n a l i n t C SVC = 0 ;
pub l i c s t a t i c f i n a l i n t NU SVC = 1 ;
pub l i c s t a t i c f i n a l i n t ONE CLASS = 2 ;
pub l i c s t a t i c f i n a l i n t EPSILON SVR = 3 ;
pub l i c s t a t i c f i n a l i n t NU SVR = 4 ;

/∗ ke rne l t ype ∗/
pub l i c s t a t i c f i n a l i n t LINEAR = 0 ;
pub l i c s t a t i c f i n a l i n t POLY = 1 ;
pub l i c s t a t i c f i n a l i n t RBF = 2 ;
pub l i c s t a t i c f i n a l i n t SIGMOID = 3 ;
pub l i c s t a t i c f i n a l i n t PRECOMPUTED = 4 ;

pub l i c i n t svm type ;
pub l i c i n t k e rne l t ype ;
pub l i c i n t degree ; // f o r poly
pub l i c double gamma; // f o r poly / rb f / s igmoid
pub l i c double coe f0 ; // f o r poly / sigmoid

// these are f o r t r a i n i n g only
pub l i c double c a ch e s i z e ; // in MB
pub l i c double eps ; // stopping c r i t e r i a
pub l i c double C; // f o r C SVC, EPSILON SVR and NU SVR
pub l i c i n t nr weight ; // f o r C SVC
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pub l i c i n t [ ] we i gh t l ab e l ; // f o r C SVC
pub l i c double [ ] weight ; // f o r C SVC
pub l i c double nu ; // f o r NU SVC, ONE CLASS, and NU SVR
pub l i c double p ; // f o r EPSILON SVR
pub l i c i n t sh r ink ing ; // use the sh r ink ing h e u r i s t i c s
pub l i c i n t p r obab i l i t y ; // do p r obab i l i t y e s t imate s

pub l i c Object c lone ( )
{

t ry
{

re turn super . c l one ( ) ;
} catch ( CloneNotSupportedException e )
{

re turn nu l l ;
}

}

}

16. libsvm/svm print interface.java
package l ibsvm ;
pub l i c i n t e r f a c e s vm pr i n t i n t e r f a c e
{

pub l i c void p r in t ( St r ing s ) ;
}

17. libsvm/svm problem.java
package l ibsvm ;
pub l i c c l a s s svm problem implements java . i o . S e r i a l i z a b l e
{

pub l i c i n t l ;
pub l i c double [ ] y ;
pub l i c svm node [ ] [ ] x ;

}

18. util/Utils.java
package u t i l ;

import java . i o . BufferedReader ;
import java . i o . FileNotFoundException ;
import java . i o . Fi leReader ;
import java . i o . IOException ;
import java . u t i l . ArrayList ;

import javax . swing . JFi leChooser ;
import javax . swing . JTextField ;
import javax . swing . f i l e c h o o s e r . F i l eNameExtens ionFi l ter ;

pub l i c c l a s s U t i l s
{

pr i va t e s t a t i c BufferedReader br ;
p r i va t e s t a t i c S t r ing emptyString = ”Fie ld i s empty . ” ;
p r i va t e s t a t i c S t r ing notCsvFi le = ” F i l e i s in wrong format . F i l e should be in .CSV. ” ;
p r i va t e s t a t i c S t r ing f i leNotFound = ” F i l e not found . ” ;
p r i va t e s t a t i c S t r ing ioExcept ion = ”Error opening f i l e . ” ;
p r i va t e s t a t i c S t r ing va l i d = ”Valid . ” ;

pub l i c s t a t i c void openFi leChooser ( JTextField f i l eT e x tF i e l d )
{

JFi leChooser f c1 = new JFi leChooser ( ) ;
F i l eNameExtens ionFi l ter f i l t e r = new Fi leNameExtens ionFi l ter (”CSV f i l e s ” , ” csv ” ) ;
f c 1 . s e t F i l e F i l t e r ( f i l t e r ) ;
i n t r e s u l t = f c1 . showOpenDialog ( nu l l ) ;

i f ( r e s u l t == JFi leChooser .APPROVE OPTION)
{

St r ing f i l ePa th = nu l l ;
t ry
{

f i l ePa th = fc1 . g e t S e l e c t e dF i l e ( ) . t oS t r ing ( ) ;
}
catch ( Exception ex )
{

System . out . p r i n t l n (”Could not open f i l e ” ) ;
}

i f ( f i l ePa th != nu l l )
{

f i l eT e x tF i e l d . setText ( f i l ePa th ) ;
}

}
}

pub l i c s t a t i c S t r ing i sVa l i dF i l e ( S t r ing f i l e )
{

t ry
{

i f ( ( f i l e . l ength ( ) > 0 && ! f i l e . equa l s ( ” ” ) ) )
{
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i f ( ! f i l e . endsWith ( ” . csv ”) )
{

re turn notCsvFi le ;
}
br = new BufferedReader (new Fi leReader ( f i l e ) ) ;
br . readLine ( ) ;

}
e l s e
{

re turn emptyString ;
}

}

catch ( FileNotFoundException e )
{

re turn f i leNotFound ;
}

catch ( IOException e )
{

re turn ioExcept ion ;
}

f i n a l l y
{

t ry
{

i f ( br != nu l l )
br . c l o s e ( ) ;

}
catch ( IOException e )
{

re turn ioExcept ion ;
}

}

re turn va l i d ;
}

pub l i c s t a t i c S t r ing [ ] convertToStr ingArray ( ArrayList <Str ing> a r r a y l i s t )
{

St r ing [ ] s t r i ngAr r = new Str ing [ a r r a y l i s t . s i z e ( ) ] ;

f o r ( i n t i =0; i<a r r a y l i s t . s i z e ( ) ; i++)
{

s t r i ngAr r [ i ] = a r r a y l i s t . get ( i ) ;
}

re turn s t r ingAr r ;
}

}

19. user interface/MatrixPanel.java
package u s e r i n t e r f a c e ;

import java . awt . Color ;
import java . awt . Font ;
import java . awt . Graphics ;
import java . awt . Graphics2D ;
import java . awt . geom . Rectangle2D ;
import java . u t i l . ArrayList ;

import javax . swing . JPanel ;

@SuppressWarnings (” s e r i a l ”)
pub l i c c l a s s MatrixPanel extends JPanel {

pr i va t e i n t width , he ight ;
p r i va t e i n t ROWS, COLS, PAD = 10 ;
p r i va t e i n t [ ] [ ] matrix ;
p r i va t e ArrayList <Str ing> classNames ;

pub l i c MatrixPanel ( i n t [ ] [ ] matrix , ArrayList<Str ing> classNames , i n t width , i n t height , i n t ROWS, i n t COLS) {
t h i s . width = width ;
t h i s . he ight = he ight ;
t h i s .ROWS = ROWS;
t h i s .COLS = COLS;
t h i s . matrix = matrix ;
t h i s . classNames = classNames ;
setBackground ( Color .WHITE) ;

}

pub l i c void paintComponent ( Graphics g ) {
super . paintComponent ( g ) ;
Graphics2D g2 = (Graphics2D ) g ;
double w = width ;
double h = he ight ;
double xInc = (w − 2∗PAD)/COLS;
double yInc = (h − 2∗PAD)/ROWS;

f o r ( i n t j = 0 ; j < ROWS; j++) {
double y = PAD + j ∗yInc ;

f o r ( i n t k = 0 ; k < COLS; k++) {
i f ( j==0 && k==0) {}
e l s e i f ( j==k) {

double x = PAD + k∗xInc ;
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g2 . s e tPa int ( Color . ye l low ) ;
g2 . f i l l (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color . l ightGray ) ;
g2 . draw (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color . darkGray ) ;
g2 . setFont (new Font (” Sans S e r i f ” , Font .PLAIN, 1 2 ) ) ;
g2 . drawString ( In t ege r . t oS t r i ng ( matrix [ j −1] [ k−1]) , ( i n t ) ( x+(xInc /2)−1) , ( i n t ) ( y+yInc ) ) ;

}
e l s e i f ( j==0) {
double x = PAD + k∗xInc ;

g2 . s e tPa int ( Color . pink ) ;
g2 . f i l l (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color . l ightGray ) ;
g2 . draw (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color .DARKGRAY) ;
g2 . setFont (new Font (” Sans S e r i f ” , Font .PLAIN, 1 2 ) ) ;
g2 . drawString ( classNames . get (k−1) , ( i n t ) ( x ) , ( i n t ) ( y+yInc ) ) ;

}
e l s e i f ( k==0) {
double x = PAD + k∗xInc ;

g2 . s e tPa int ( Color . cyan ) ;
g2 . f i l l (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color . l ightGray ) ;
g2 . draw (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color .DARKGRAY) ;
g2 . setFont (new Font (” Sans S e r i f ” , Font .PLAIN, 1 2 ) ) ;
g2 . drawString ( classNames . get ( j −1) , ( i n t ) ( x ) , ( i n t ) ( y+yInc ) ) ;

}
e l s e {

double x = PAD + k∗xInc ;
g2 . s e tPa int ( Color . white ) ;
g2 . f i l l (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color . l ightGray ) ;
g2 . draw (new Rectangle2D . Double (x , y , xInc , yInc ) ) ;
g2 . s e tPa int ( Color . darkGray ) ;
g2 . setFont (new Font (” Sans S e r i f ” , Font .PLAIN, 1 2 ) ) ;
g2 . drawString ( In t ege r . t oS t r i ng ( matrix [ j −1] [ k−1]) , ( i n t ) ( x+(xInc /2)−1) , ( i n t ) ( y+yInc ) ) ;

}
}

}
}

}

20. user interface/ResultDatasetTab.java
package u s e r i n t e r f a c e ;

import java . awt . Color ;
import java . awt . Dimension ;
import java . awt . FlowLayout ;
import java . awt . GridBagConstraints ;
import java . awt . GridBagLayout ;
import java . u t i l . ArrayList ;

import javax . swing . BorderFactory ;
import javax . swing . JLabel ;
import javax . swing . JPanel ;
import javax . swing . JScro l lPane ;
import javax . swing . JTable ;
import javax . swing . t ab l e . AbstractTableModel ;
import javax . swing . t ab l e . DefaultTableCel lRenderer ;

import input . Input ;

@SuppressWarnings (” s e r i a l ”)
pub l i c c l a s s ResultDatasetTab extends JPanel {

pr i va t e Input dataModel ;

pub l i c ResultDatasetTab ( ) {
setBackground ( Color . white ) ;
GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
setLayout ( gr idbag ) ;

c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;
JPanel tra inSetPane = createEmptyInfoPane ( ) ;
t ra inSetPane . setBackground ( Color .WHITE) ;
tra inSetPane . setBorder ( BorderFactory . c r ea t eT i t l edBorde r (” Dataset In format ion ” ) ) ;
gr idbag . s e tCons t r a in t s ( trainSetPane , c ) ;
add ( tra inSetPane ) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH;
c . gr idx = 0 ;
c . gr idy = 1 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;
JScro l lPane infoPane = new JScro l lPane ( createEmptyTrainSetPane ( ) ,
JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR AS NEEDED) ;
infoPane . setBorder ( BorderFactory . c r ea t eT i t l edBorde r (” Generated Training Set ” ) ) ;
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gr idbag . s e tCons t r a in t s ( infoPane , c ) ;
add ( infoPane ) ;

}

pub l i c ResultDatasetTab ( Input dataModel ) {
t h i s . dataModel = dataModel ;
GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
setLayout ( gr idbag ) ;

c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;
JPanel tra inSetPane = create In foPane ( ) ;
t ra inSetPane . setBackground ( Color .WHITE) ;
tra inSetPane . setBorder ( BorderFactory . c r ea t eT i t l edBorde r (” Dataset In format ion ” ) ) ;
gr idbag . s e tCons t r a in t s ( trainSetPane , c ) ;
add ( tra inSetPane ) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH;
c . gr idx = 0 ;
c . gr idy = 1 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;
// JPanel in foPane l = new JPanel ( ) ;
JScro l lPane infoPane = new JScro l lPane ( createTrainSetPane ( ) ,
JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR AS NEEDED) ;
// in foPane l . add ( infoPane ) ;
infoPane . setBorder ( BorderFactory . c r ea t eT i t l edBorde r (” Generated Training Set ” ) ) ;
gr idbag . s e tCons t r a in t s ( infoPane , c ) ;
add ( infoPane ) ;

}

pr i va t e JPanel createEmptyInfoPane ( ) {
JPanel panel = new JPanel ( ) ;
panel . setBackground ( Color .WHITE) ;
re turn panel ;

}

pr i va t e JPanel c reate In foPane ( ) {
JPanel panel = new JPanel ( ) ;
panel . setLayout (new FlowLayout ( FlowLayout .LEFT) ) ;

Object [ ] columnNames = { 1 , 2} ;
Object [ ] [ ] rowData1 = {

{”Total Samples : ” , dataModel . getTotalSamples ( )} ,
{”Total Genes : ” , dataModel . getTota lFeatures ( )} ,
{”Total C la s s e s : ” , dataModel . g e tTota lC la s s e s ( )} ,
{”Training Set : ” , dataModel . getTotalTrainSamples ( ) + ” samples ”} ,
{”Test ing Set : ” , dataModel . getTotalTestSamples ( ) + ” samples ”} ,

} ;

JTable tab l e = new JTable ( rowData1 , columnNames ) ;
t ab l e . s e tP r e f e r r e dS i z e (new Dimension (190 , 1 2 0 ) ) ;
t ab l e . setOpaque ( f a l s e ) ;
t ab l e . setTableHeader ( nu l l ) ;
t ab l e . setShowGrid ( f a l s e ) ;
t ab l e . getColumnModel ( ) . getColumn ( 0 ) . setPre ferredWidth ( 1 00 ) ;
panel . add ( tab l e ) ;

ArrayList <Object []> rowDataArr2 = new ArrayList <Object []> ( ) ;
ArrayList <Object []> rowDataArr1 = new ArrayList <Object []> ( ) ;
i n t mainClassCount = 0 ;
St r ing mainClass = ”” ;
rowDataArr1 . add (new Object [ ] {”Main Class ” , ”Samples ”} ) ;
f o r ( i n t i =0; i<dataModel . getSamplesPerClass ( ) . s i z e ( ) ; i++) {

i f ( dataModel . getClassNames ( ) . get ( i ) . conta ins ( ” ( ” ) ) {
mainClassCount += dataModel . getSamplesPerClass ( ) . get ( i ) . s i z e ( ) ;
mainClass = dataModel . getClassNames ( ) . get ( i ) . sub s t r i ng (0 ,
dataModel . getClassNames ( ) . get ( i ) . indexOf ( ” ( ” ) ) ;
rowDataArr2 . add (new Object [ ] {

dataModel . getClassNames ( ) . get ( i ) . sub s t r i ng (
dataModel . getClassNames ( ) . get ( i ) . indexOf (”(”)+1 ,
dataModel . getClassNames ( ) . get ( i ) . indexOf ( ” ) ” ) ) ,
dataModel . getSamplesPerClass ( ) . get ( i ) . s i z e ( )

} ) ;
}
e l s e {

rowDataArr1 . add (new Object [ ] {
dataModel . getClassNames ( ) . get ( i ) ,
dataModel . getSamplesPerClass ( ) . get ( i ) . s i z e ( )

} ) ;
}

}
i f ( mainClassCount != 0)

rowDataArr1 . add (new Object [ ] {mainClass , mainClassCount } ) ;

Object [ ] [ ] rowData2 = new Object [ rowDataArr1 . s i z e ( ) ] [ ] ;
f o r ( i n t i =0; i<rowDataArr1 . s i z e ( ) ; i++) {

rowData2 [ i ] = rowDataArr1 . get ( i ) ;
}

JTable c l a s sTab l e = new JTable ( rowData2 , columnNames ) ;
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c l a s sTab l e . setOpaque ( f a l s e ) ;
c l a s sTab l e . s e tP r e f e r r e dS i z e (new Dimension (150 , 1 2 0 ) ) ;
c l a s sTab l e . setTableHeader ( nu l l ) ;
c l a s sTab l e . setShowGrid ( f a l s e ) ;
c l a s sTab l e . getColumnModel ( ) . getColumn ( 0 ) . setPre ferredWidth ( 1 00 ) ;
panel . add ( c l a s sTab l e ) ;

i f ( ! mainClass . equa l s (””) && rowDataArr2 . s i z e ( ) !=0) {
Object [ ] [ ] rowData3 = new Object [ rowDataArr2 . s i z e ( ) + 1 ] [ ] ;
rowData3 [ 0 ] = new Object [ ] {mainClass + ” Subc lass ” , ”Samples ”} ;
f o r ( i n t i =0; i<rowDataArr2 . s i z e ( ) ; i++) {

rowData3 [ i +1] = rowDataArr2 . get ( i ) ;
}

JTable subc las sTab le = new JTable ( rowData3 , columnNames ) ;
subc las sTab le . setOpaque ( f a l s e ) ;
subc las sTab le . s e tP r e f e r r e dS i z e (new Dimension (150 , 1 2 0 ) ) ;
subc las sTab le . setTableHeader ( nu l l ) ;
subc las sTab le . setShowGrid ( f a l s e ) ;

subc las sTab le . getColumnModel ( ) . getColumn ( 0 ) . setPre ferredWidth ( 1 00 ) ;
panel . add ( subc las sTab le ) ;

}

re turn panel ;
}

pr i va t e JTable createEmptyTrainSetPane ( ) {
TrainTableModel model = new TrainTableModel ( 0 ) ;
JTable tab l e = new JTable (model ) ;
r e turn tab l e ;

}

pr i va t e JTable createTrainSetPane ( ) {
TrainTableModel model = new TrainTableModel ( dataModel . getTotalTrainSamples ( ) ) ;

ArrayList <Object []> dataArr = new ArrayList <Object []> ( ) ;
f o r ( i n t j =0; j<dataModel . getTrainingSamplesIndex ( ) . s i z e ( ) ; j++) {

f o r ( i n t k=0; k<dataModel . getTrainingSamplesIndex ( ) . get ( j ) . s i z e ( ) ; k++) {
Object [ ] a r r = new Object [ 4 ] ;
i n t indexPerClass = dataModel . getTrainingSamplesIndex ( ) . get ( j ) . get ( k ) ;
i n t index = dataModel . g e t Ind i c e sPe rC la s s ( ) . get ( j ) . get ( indexPerClass ) ;
a r r [ 0 ] = index ;
a r r [ 1 ] = dataModel . getClassNames ( ) . get ( j ) ;
dataArr . add ( ar r ) ;

}
}

f o r ( i n t j =0; j<dataArr . s i z e ( ) ; j++) {
model . setValueAt ( dataArr . get ( j ) [ 0 ] , j , 0 ) ;
model . setValueAt ( dataArr . get ( j ) [ 1 ] , j , 1 ) ;

}

JTable tab l e = new JTable (model ) ;
Defau l tTableCel lRenderer centerRenderer = new DefaultTableCel lRenderer ( ) ;
centerRenderer . se tHor izonta lAl ignment ( JLabel .CENTER ) ;
t ab l e . getColumnModel ( ) . getColumn ( 0 ) . s e tCe l lRendere r ( centerRenderer ) ;
t ab l e . getColumnModel ( ) . getColumn ( 1 ) . s e tCe l lRendere r ( centerRenderer ) ;

r e turn tab l e ;
}

}

@SuppressWarnings (” s e r i a l ”)
c l a s s TrainTableModel extends AbstractTableModel {

St r ing [ ] columnNames = { ”Sample ID” , ”Class ” } ;
Object [ ] [ ] data ;

pub l i c TrainTableModel ( i n t rowLength ) {
data = new Object [ rowLength ] [ columnNames . l ength ] ;

}

@Override
pub l i c i n t getColumnCount ( ) {

re turn columnNames . l ength ;
}

@Override
pub l i c i n t getRowCount ( ) {

re turn data . l ength ;
}

@Override
pub l i c Object getValueAt ( i n t row , i n t column ) {

re turn data [ row ] [ column ] ;
}

@Override
pub l i c S t r ing getColumnName( i n t column ) {

re turn columnNames [ column ] ;
}

pub l i c void setValueAt ( Object object , i n t row , i n t c o l ) {
data [ row ] [ c o l ] = ob j e c t ;

}

pub l i c void setColValueAt ( St r ing st r , i n t c o l ) {
columnNames [ c o l ] = s t r ;

}
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}

21. user interface/ResultParametersTab.java
package u s e r i n t e r f a c e ;

import java . awt . Color ;
import java . awt . GridBagConstraints ;
import java . awt . GridBagLayout ;

import javax . swing . BorderFactory ;
import javax . swing . JPanel ;
import javax . swing . JScro l lPane ;
import javax . swing . JTable ;
import javax . swing . t ab l e . AbstractTableModel ;
import javax . swing . t ab l e . TableColumn ;

import l ibsvm . svm parameter ;
import g e t s e t . Ge t t e r sS e t t e r s ;

@SuppressWarnings (” s e r i a l ”)
pub l i c c l a s s ResultParametersTab extends JPanel {

pub l i c ResultParametersTab ( svm parameter p , Ge t t e r sS e t t e r s s e t t i n g s ) {
GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
setLayout ( gr idbag ) ;
setBackground ( Color .WHITE) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

ParameterTableModel model = new ParameterTableModel ( ) ;

switch (p . svm type ) {
case 0 : model . setValueAt (”C SVC” , 0 , 1 ) ; break ;
case 1 : model . setValueAt (”NU SVC” , 0 , 1 ) ; break ;
case 2 : model . setValueAt (”ONE CLASS” , 0 , 1 ) ; break ;
case 3 : model . setValueAt (”EPSILON SVR” , 0 , 1 ) ; break ;
case 4 : model . setValueAt (”NU SVR” , 0 , 1 ) ; break ;

}

switch (p . k e rne l t ype ) {
case 0 : model . setValueAt (” Linear ” , 1 , 1 ) ; break ;
case 1 : model . setValueAt (” Polynomial ” , 1 , 1 ) ; break ;
case 2 : model . setValueAt (”RBF” , 1 , 1 ) ; break ;
case 3 : model . setValueAt (” Sigmoid ” , 1 , 1 ) ; break ;
case 4 : model . setValueAt (”Precomputed ” , 1 , 1 ) ; break ;

}

model . setValueAt (p . p robab i l i t y , 2 , 1 ) ;
model . setValueAt (p . gamma, 3 , 1 ) ;
model . setValueAt (p . nr weight , 4 , 1 ) ;
model . setValueAt (p .C, 5 , 1 ) ;
model . setValueAt (p . c a che s i z e , 6 , 1 ) ;
model . setValueAt (p . eps , 7 , 1 ) ;
model . setValueAt (p . nr weight , 8 , 1 ) ;

S t r ing prep = ”” ;
i f ( ( s e t t i n g s . getPrep ( ) [ 0 ] ) | | ( ! s e t t i n g s . getPrep ( ) [ 0 ] && ! s e t t i n g s . getPrep ( ) [ 1 ] && ! s e t t i n g s . getPrep ( ) [ 2 ] && ! s e t t i n g s . getPrep ( ) [ 3 ] ) )

prep += ”Decimal Sca l e Normalization , ” ;
i f ( s e t t i n g s . getPrep ( ) [ 1 ] )

prep += ”Quanti le Normalization , ” ;
i f ( s e t t i n g s . getPrep ( ) [ 2 ] )

prep += ”Z−Score Transformation , ” ;
i f ( s e t t i n g s . getPrep ( ) [ 3 ] )

prep += ”Min−Max Normalization , ” ;

prep = prep . subs t r i ng (0 , prep . la s t IndexOf ( ” , ” ) ) ;
model . setValueAt ( prep , 9 , 1 ) ;

JTable tab l e = new JTable (model ) ;
TableColumn co l0 = tab l e . getColumnModel ( ) . getColumn ( 0 ) ;
co l 0 . setPre ferredWidth ( 2 5 ) ;
TableColumn co l1 = tab l e . getColumnModel ( ) . getColumn ( 1 ) ;
co l 1 . setPre ferredWidth ( 2 50 ) ;
JScro l lPane s c ro l lPane = new JScro l lPane ( table , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ;
s c r o l lPane . setBorder ( BorderFactory . createEmptyBorder ( ) ) ;

gr idbag . s e tCons t r a in t s ( sc ro l lPane , c ) ;
add ( s c r o l lPane ) ;

}
}
@SuppressWarnings (” s e r i a l ”)
c l a s s ParameterTableModel extends AbstractTableModel {

St r ing [ ] columnNames = {”Parameter ” , ”Value ”} ;
Object [ ] [ ] data = {

{”SVM Type” , nu l l } ,
{”Kernel Type” , nu l l } ,
{” Probab i l i t y ” , nu l l } ,
{”Gamma” , nu l l } ,
{”Nu” , nu l l } ,
{”C” , nu l l } ,
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{”Cache S i z e ” , nu l l } ,
{” Stopping C r i t e r i a ” , nu l l } ,
{”NR Weight ” , nu l l } ,
{” Preproce s s ing Methods ” , nu l l }

} ;

@Override
pub l i c i n t getColumnCount ( ) {

re turn columnNames . l ength ;
}

@Override
pub l i c i n t getRowCount ( ) {

re turn data . l ength ;
}

@Override
pub l i c Object getValueAt ( i n t row , i n t column ) {

re turn data [ row ] [ column ] ;
}

@Override
pub l i c S t r ing getColumnName( i n t column ) {

re turn columnNames [ column ] ;
}

pub l i c void setValueAt ( Object object , i n t row , i n t c o l ) {
data [ row ] [ c o l ] = ob j e c t ;

}
}

22. user interface/ResultPredictionTab.java
package u s e r i n t e r f a c e ;

import java . awt . Color ;
import java . awt . GridBagConstraints ;
import java . awt . GridBagLayout ;
import java . u t i l . ArrayList ;

import javax . swing . JLabel ;
import javax . swing . JPanel ;
import javax . swing . JScro l lPane ;
import javax . swing . JTable ;
import javax . swing . t ab l e . AbstractTableModel ;
import javax . swing . t ab l e . DefaultTableCel lRenderer ;

import input . Input ;

@SuppressWarnings (” s e r i a l ”)
pub l i c c l a s s ResultPredict ionTab extends JPanel {

pub l i c ResultPredict ionTab ( Input dataModel ) {
GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
setLayout ( gr idbag ) ;
setBackground ( Color .WHITE) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

ArrayList <Object []> dataArr = new ArrayList <Object []> ( ) ;

i n t count = 0 ;
f o r ( i n t j =0; j<dataModel . getTest ingSamplesIndex ( ) . s i z e ( ) ; j++) {

f o r ( i n t k=0; k<dataModel . getTest ingSamplesIndex ( ) . get ( j ) . s i z e ( ) ; k++) {
Object [ ] a r r = new Object [ 4 ] ;
i n t indexPerClass = dataModel . getTest ingSamplesIndex ( ) . get ( j ) . get ( k ) ;
i n t index = dataModel . g e t Ind i c e sPe rC la s s ( ) . get ( j ) . get ( indexPerClass ) ;
i n t predIndex = ( in t ) dataModel . ge tTra in ingResu l t s ( ) [ count ] [ 1 ] ;

a r r [ 0 ] = index ;
a r r [ 1 ] = dataModel . getClassNames ( ) . get ( ( i n t ) dataModel . ge tTra in ingResu l t s ( ) [ count ] [ 0 ] ) ;
a r r [ 2 ] = dataModel . getClassNames ( ) . get ( predIndex ) ;
a r r [ 3 ] = Math . round ( ( dataModel . ge tTra in ingResu l t s ( ) [ count ] [ predIndex +2]) ∗ 10000) / ( double )100 + ”%”;
dataArr . add ( ar r ) ;

count++;
}

}

Predict ionTableModel trainModel = new Predict ionTableModel ( dataArr . s i z e ( ) ) ;

f o r ( i n t j =0; j<dataArr . s i z e ( ) ; j++) {
trainModel . setValueAt ( dataArr . get ( j ) [ 0 ] , j , 0 ) ;
trainModel . setValueAt ( dataArr . get ( j ) [ 1 ] , j , 1 ) ;
trainModel . setValueAt ( dataArr . get ( j ) [ 2 ] , j , 2 ) ;
trainModel . setValueAt ( dataArr . get ( j ) [ 3 ] , j , 3 ) ;

}

JTable tab l e = new JTable ( trainModel ) ;
Defau l tTableCel lRenderer centerRenderer = new DefaultTableCel lRenderer ( ) ;
centerRenderer . se tHor izonta lAl ignment ( JLabel .CENTER ) ;
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t ab l e . getColumnModel ( ) . getColumn ( 0 ) . s e tCe l lRendere r ( centerRenderer ) ;
t ab l e . getColumnModel ( ) . getColumn ( 1 ) . s e tCe l lRendere r ( centerRenderer ) ;
t ab l e . getColumnModel ( ) . getColumn ( 2 ) . s e tCe l lRendere r ( centerRenderer ) ;
t ab l e . getColumnModel ( ) . getColumn ( 3 ) . s e tCe l lRendere r ( centerRenderer ) ;
t ab l e . setGr idColor ( Color .DARKGRAY) ;

JScro l lPane s c ro l lPane = new JScro l lPane ( table , JScro l lPane .VERTICAL SCROLLBAR AS NEEDED, JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ;

gr idbag . s e tCons t r a in t s ( sc ro l lPane , c ) ;
add ( s c r o l lPane ) ;

}
}

@SuppressWarnings (” s e r i a l ”)
c l a s s Predict ionTableModel extends AbstractTableModel {

St r ing [ ] columnNames = {”Sample ID” , ”Actual Class ” , ” Pred icted Class ” , ”% Probab i l i t y ”} ;
Object [ ] [ ] data ;
i n t l ength ;

pub l i c Predict ionTableModel ( i n t l ength ) {
t h i s . l ength = length ;
data = new Object [ l ength ] [ 4 ] ;

}

@Override
pub l i c i n t getColumnCount ( ) {

re turn columnNames . l ength ;
}

@Override
pub l i c i n t getRowCount ( ) {

re turn data . l ength ;
}

@Override
pub l i c Object getValueAt ( i n t row , i n t column ) {

re turn data [ row ] [ column ] ;
}

@Override
pub l i c S t r ing getColumnName( i n t column ) {

re turn columnNames [ column ] ;
}

pub l i c void setValueAt ( Object object , i n t row , i n t c o l ) {
data [ row ] [ c o l ] = ob j e c t ;

}
}

23. user interface/ResultStatsTab.java
package u s e r i n t e r f a c e ;

import java . awt . Color ;
import java . awt . Dimension ;
import java . awt . FlowLayout ;
import java . awt . GridBagConstraints ;
import java . awt . GridBagLayout ;

import javax . swing . BorderFactory ;
import javax . swing . JLabel ;
import javax . swing . JLayeredPane ;
import javax . swing . JPanel ;
import javax . swing . JScro l lPane ;
import javax . swing . JTable ;
import javax . swing . t ab l e . AbstractTableModel ;
import javax . swing . t ab l e . DefaultTableCel lRenderer ;

import input . Input ;

@SuppressWarnings (” s e r i a l ”)
pub l i c c l a s s ResultStatsTab extends JPanel {

pr i va t e Input dataModel ;
p r i va t e i n t [ ] [ ] matrix ;
p r i va t e double accuracy = 0 ;
p r i va t e double [ ] p r e c i s i on , s e n s i t i v i t y , s p e c i f i c i t y , negat ivePred i c t i veVa lue ;

pub l i c ResultStatsTab ( Input dataModel ) {
t h i s . dataModel = dataModel ;
compute ( ) ;

GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
setLayout ( gr idbag ) ;

c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

JPanel panel = createMatr ixPane l ( ) ;
panel . setBackground ( Color .WHITE) ;
panel . setBorder ( BorderFactory . c r ea t eT i t l edBorde r (” Confusion Matrix ” ) ) ;
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gr idbag . s e tCons t r a in t s ( panel , c ) ;
add ( panel ) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH;
c . gr idx = 0 ;
c . gr idy = 1 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

JPanel d e t a i l sPane l = c r ea t eDe ta i l sPane l ( ) ;
gr idbag . s e tCons t r a in t s ( de ta i l sPane l , c ) ;
add ( d e t a i l sPane l ) ;

}

pr i va t e JPanel c r e a t eDe ta i l sPane l ( ) {
JPanel panel = new JPanel ( ) ;
GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;

panel . setLayout ( gr idbag ) ;
panel . setBorder ( BorderFactory . c r ea t eT i t l edBorde r (” Performance Measures ” ) ) ;

c . weightx = 1 ;
c . weighty = 1 ;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

JPanel d e t a i l sPane l = new JPanel ( ) ;
d e t a i l sPane l . setBackground ( Color . white ) ;
JLabel accuracyLabel = new JLabel (” Accuracy : ” ) ;
accuracyLabel . s e tP r e f e r r e dS i z e (new Dimension (60 , 2 5 ) ) ;
JLabel accuracyValue = new JLabel ( Double . t oS t r ing ( accuracy ) + ”%”);
d e t a i l sPane l . add ( accuracyLabel ) ;
d e t a i l sPane l . add ( accuracyValue ) ;

gr idbag . s e tCons t r a in t s ( de ta i l sPane l , c ) ;
panel . add ( d e t a i l sPane l ) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 1 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

MeasuresTableModel model = new MeasuresTableModel ( matrix . l ength ) ;
f o r ( i n t i =0; i<matrix . l ength ; i++) {

model . setValueAt ( dataModel . getClassNames ( ) . get ( i ) , i , 0 ) ;
model . setValueAt ( p r e c i s i o n [ i ] , i , 1 ) ;
model . setValueAt ( s e n s i t i v i t y [ i ] , i , 2 ) ;
model . setValueAt ( s p e c i f i c i t y [ i ] , i , 3 ) ;
model . setValueAt ( negat ivePred i c t i veVa lue [ i ] , i , 4 ) ;

}
JTable tab l e = new JTable (model ) ;

Defau l tTableCel lRenderer centerRenderer = new DefaultTableCel lRenderer ( ) ;
centerRenderer . se tHor izonta lAl ignment ( JLabel .CENTER ) ;
t ab l e . getColumnModel ( ) . getColumn ( 0 ) . s e tCe l lRendere r ( centerRenderer ) ;
t ab l e . getColumnModel ( ) . getColumn ( 1 ) . s e tCe l lRendere r ( centerRenderer ) ;

JScro l lPane s c ro l lPane = new JScro l lPane ( table ,
JScro l lPane .VERTICAL SCROLLBAR NEVER,
JScro l lPane .HORIZONTAL SCROLLBAR NEVER) ;
s c r o l lPane . s e tP r e f e r r e dS i z e (new Dimension (500 , 2 0 0 ) ) ;
gr idbag . s e tCons t r a in t s ( sc ro l lPane , c ) ;
panel . add ( s c r o l lPane ) ;

re turn panel ;
}
pr i va t e JPanel createMatr ixPane l ( ) {

JPanel panel = new JPanel ( ) ;
GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
panel . setLayout ( gr idbag ) ;

c . weightx = 1000;
c . weighty = 1000;
c . f i l l = GridBagConstraints .BOTH; ;
c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

i n t h = 240 , w = 620 ;
i f ( dataModel . g e tTota lC la s s e s ( ) <= 5) {

h = 140 ;
w = 400 ;

}

JLayeredPane lpane = new JLayeredPane ( ) ;
lpane . s e tP r e f e r r e dS i z e (new Dimension (w, h ) ) ;
MatrixPanel matrixPanel = new MatrixPanel ( matrix ,
dataModel . getClassNames ( ) , w, h ,
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dataModel . g e tTota lC la s s e s ()+1 , dataModel . g e tTota lC la s s e s ( )+1) ;
matrixPanel . setBounds (0 , 0 , w, h ) ;
lpane . add ( matrixPanel ) ;

gr idbag . s e tCons t r a in t s ( lpane , c ) ;
panel . add ( lpane ) ;

c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH;
c . gr idx = 0 ;
c . gr idy = 1 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

JPanel legend = new JPanel ( ) ;
l egend . setBackground ( Color . white ) ;
l egend . setLayout (new FlowLayout ( FlowLayout .LEADING) ) ;
JLabel cond i t i onLabe l = new JLabel (” Condit ion / True Class ” ) ;
JLabel outcomeLabel = new JLabel (” Test Outcome / Pred icted Class ” ) ;
JLabel h i tLabe l = new JLabel (” Correct Pred i c t i on ” ) ;
JLabel missLabel = new JLabel (” I n c o r r e c t Pred i c t i on ” ) ;

JPanel ye l lowPanel = new JPanel ( ) ;
ye l lowPanel . setBackground ( Color . ye l low ) ;
ye l lowPanel . s e tP r e f e r r e dS i z e (new Dimension (20 , 1 5 ) ) ;
ye l lowPanel . setBorder ( BorderFactory . c reateL ineBorder ( Color .LIGHT GRAY) ) ;
JPanel cyanPanel = new JPanel ( ) ;
cyanPanel . setBackground ( Color . cyan ) ;
cyanPanel . s e tP r e f e r r e dS i z e (new Dimension (20 , 1 5 ) ) ;
cyanPanel . setBorder ( BorderFactory . c reateLineBorder ( Color .LIGHT GRAY) ) ;
JPanel pinkPanel = new JPanel ( ) ;
pinkPanel . setBackground ( Color . pink ) ;
pinkPanel . s e tP r e f e r r e dS i z e (new Dimension (20 , 1 5 ) ) ;
pinkPanel . setBorder ( BorderFactory . c reateL ineBorder ( Color .LIGHT GRAY) ) ;
JPanel whitePanel = new JPanel ( ) ;
whitePanel . setBackground ( Color . white ) ;
whitePanel . s e tP r e f e r r e dS i z e (new Dimension (20 , 1 5 ) ) ;
whitePanel . setBorder ( BorderFactory . c reateL ineBorder ( Color .LIGHT GRAY) ) ;

legend . add ( pinkPanel ) ;
l egend . add ( outcomeLabel ) ;
l egend . add ( cyanPanel ) ;
l egend . add ( cond i t i onLabe l ) ;
l egend . add ( ye l lowPanel ) ;
l egend . add ( h i tLabe l ) ;
l egend . add ( whitePanel ) ;
l egend . add ( missLabel ) ;

gr idbag . s e tCons t r a in t s ( legend , c ) ;
panel . add ( legend ) ;

re turn panel ;
}

pr i va t e void compute ( ) {
double [ ] [ ] r e s u l t s = dataModel . ge tTra in ingResu l t s ( ) ;
matrix = new in t [ dataModel . g e tTota lC la s s e s ( ) ] [ ] ;
f o r ( i n t i =0; i<dataModel . g e tTota lC la s s e s ( ) ; i++) {

i n t counter s [ ] = new in t [ dataModel . getClassNames ( ) . s i z e ( ) ] ;

f o r ( i n t j =0; j<counters . l ength ; j++) {
counters [ j ] = 0 ;

}

f o r ( i n t j =0; j<r e s u l t s . l ength ; j++) {
i f ( r e s u l t s [ j ] [ 0 ] == i ) {

f o r ( i n t k=0; k<dataModel . g e tTota lC la s s e s ( ) ; k++) {
i f ( r e s u l t s [ j ] [ 1 ] == k)
counters [ k ] += 1 ;

}
}

}

matrix [ i ] = counters ;
}

i n t trueValues = 0 ;
i n t t o t a l = 0 ;
f o r ( i n t i =0; i<matrix . l ength ; i++) {

f o r ( i n t j =0; j<matrix [ i ] . l ength ; j++) {
i f ( i==j ) {

trueValues += matrix [ i ] [ j ] ;
t o t a l += matrix [ i ] [ j ] ;

}
e l s e

t o t a l += matrix [ i ] [ j ] ;
}

}

accuracy = Math . round ( ( ( double ) trueValues / ( double ) t o t a l ) ∗ 10000) / ( double )100 ;
p r e c i s i o n = new double [ matrix . l ength ] ;
s e n s i t i v i t y = new double [ matrix . l ength ] ;
s p e c i f i c i t y = new double [ matrix . l ength ] ;
nega t ivePred i c t i veVa lue = new double [ matrix . l ength ] ;

i n t [ ] testOutcomPosit ive = new in t [ matrix . l ength ] ;
i n t [ ] c ond i t i onPo s i t i v e = new in t [ matrix . l ength ] ;
i n t [ ] t r u ePo s i t i v e = new in t [ matrix . l ength ] ;
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i n t [ ] f a l s e P o s i t i v e = new in t [ matrix . l ength ] ;
i n t [ ] t rueNegat ive = new in t [ matrix . l ength ] ;
i n t [ ] totalPerRow = new in t [ matrix . l ength ] ;
i n t [ ] to ta lPerCo l = new in t [ matrix . l ength ] ;

f o r ( i n t i =0; i<f a l s e P o s i t i v e . l ength ; i++) {
f a l s e P o s i t i v e [ i ] = 0 ;
t rueNegat ive [ i ] = 0 ;
p r e c i s i o n [ i ] = 0 ;
s e n s i t i v i t y [ i ] = 0 ;
s p e c i f i c i t y [ i ] = 0 ;
negat ivePred i c t i veVa lue [ i ] = 0 ;

}

f o r ( i n t i =0; i<matrix . l ength ; i++) {
f o r ( i n t j =0; j<matrix . l ength ; j++) {

i f ( i==j ) {
t r u ePo s i t i v e [ i ] = matrix [ i ] [ j ] ;

}
e l s e {

f a l s e P o s i t i v e [ i ] += matrix [ i ] [ j ] ;
}

}
}

f o r ( i n t i =0; i<matrix . l ength ; i++) {
testOutcomPosit ive [ i ] = 0 ;
c ond i t i onPo s i t i v e [ i ] = 0 ;
f o r ( i n t j =0; j<matrix [ i ] . l ength ; j++) {

c ond i t i onPo s i t i v e [ i ] += matrix [ i ] [ j ] ;
testOutcomPosit ive [ i ] += matrix [ j ] [ i ] ;

}
}

i n t tota lTrueNegat ive = 0 ;
f o r ( i n t i =0; i<t r u ePo s i t i v e . l ength ; i++) {

tota lTrueNegat ive += t ru ePo s i t i v e [ i ] ;
}

f o r ( i n t i =0; i<t r u ePo s i t i v e . l ength ; i++) {
t rueNegat ive [ i ] = tota lTrueNegat ive − t r u ePo s i t i v e [ i ] ;

}

f o r ( i n t i =0; i<matrix . l ength ; i++) {
f o r ( i n t j =0; j<matrix . l ength ; j++) {

totalPerRow [ i ] += matrix [ i ] [ j ] ;
to ta lPerCo l [ j ] += matrix [ i ] [ j ] ;

}
}

i n t [ ] cond i t i onNegat ive = new in t [ matrix . l ength ] ;
i n t [ ] testOutcomNegative = new in t [ matrix . l ength ] ;
i n t sk ip = 0 ;

whi le ( sk ip != 4) {
cond i t i onNegat ive [ sk ip ] = 0 ;
testOutcomNegative [ sk ip ] = 0 ;

f o r ( i n t i =0; i<matrix . l ength ; i++) {
i f ( sk ip != i ) {

f o r ( i n t j =0; j<matrix . l ength ; j++) {
i f ( i != j ) {

cond i t i onNegat ive [ sk ip ] += matrix [ i ] [ j ] ;
testOutcomNegative [ sk ip ] += matrix [ j ] [ i ] ;

}
}

}
}
sk ip++;

}

f o r ( i n t i =0; i<matrix . l ength ; i++) {
p r e c i s i o n [ i ] = Math . round ( ( ( double ) t r u ePo s i t i v e [ i ] / ( double ) testOutcomPosit ive [ i ] ) ∗ ( double )100) / ( double )100 ;
s e n s i t i v i t y [ i ] = Math . round ( ( ( double ) t r u ePo s i t i v e [ i ] / ( double ) c ond i t i onPo s i t i v e [ i ] ) ∗ ( double )100) / ( double )100 ;
s p e c i f i c i t y [ i ] = Math . round ( ( ( double ) t rueNegat ive [ i ] / ( double ) cond i t i onNegat ive [ i ] ) ∗ ( double )100) / ( double )100 ;
negat ivePred i c t i veVa lue [ i ] = Math . round ( ( double ) t rueNegat ive [ i ] / ( double ) testOutcomNegative [ i ] ) / ( double )100 ;

}
}

}

@SuppressWarnings (” s e r i a l ”)
c l a s s MeasuresTableModel extends AbstractTableModel {

St r ing [ ] columnNames = {”Class ” , ” Pr e c i s i on ” , ” S en s i t i vy ( Reca l l )” , ” S p e c i f i c i t y ” , ”Negative Pr ed i c t i v e Value ”} ;
Object [ ] [ ] data ;
i n t l ength ;

pub l i c MeasuresTableModel ( i n t l ength ) {
t h i s . l ength = length ;
data = new Object [ l ength ] [ 5 ] ;

}

@Override
pub l i c i n t getColumnCount ( ) {

re turn columnNames . l ength ;
}

@Override
pub l i c i n t getRowCount ( ) {

re turn data . l ength ;

91



}

@Override
pub l i c Object getValueAt ( i n t row , i n t column ) {

re turn data [ row ] [ column ] ;
}

@Override
pub l i c S t r ing getColumnName( i n t column ) {

re turn columnNames [ column ] ;
}

pub l i c void setValueAt ( Object object , i n t row , i n t c o l ) {
data [ row ] [ c o l ] = ob j e c t ;

}
}

24. user interface/SidePanel.java
package u s e r i n t e r f a c e ;

import java . awt . BorderLayout ;
import java . awt . Color ;
import java . awt . Dimension ;
import java . awt . GridBagConstraints ;
import java . awt . GridBagLayout ;
import java . awt . event . ActionEvent ;
import java . awt . event . Act ionL i s t ene r ;
import java . awt . event . ItemEvent ;
import java . awt . event . I t emLis tener ;
import java . beans . PropertyChangeEvent ;
import java . beans . PropertyChangeListener ;

import javax . swing . BorderFactory ;
import javax . swing . JButton ;
import javax . swing . JCheckBox ;
import javax . swing . JFrame ;
import javax . swing . JLabel ;
import javax . swing . JLayeredPane ;
import javax . swing . JOptionPane ;
import javax . swing . JPanel ;
import javax . swing . JProgressBar ;
import javax . swing . JTabbedPane ;
import javax . swing . JTextField ;

import g e t s e t . Ge t t e r sS e t t e r s ;
import input . Input ;
import p roce s s . Process Input ;
import u t i l . U t i l s ;

@SuppressWarnings (” s e r i a l ”)
pub l i c c l a s s SidePanel extends JPanel implements Act ionLis tener , I t emLis tener {

pub l i c i n t f i l e I n d e x = 1 ;
p r i va t e GridBagLayout gr idbag = new GridBagLayout ( ) ;
p r i va t e GridBagConstraints c = new GridBagConstraints ( ) ;
p r i va t e JFrame appFrame ;
p r i va t e JButton okBtn , openDatasetBtn ;
p r i va t e JTextField f i l eT e x tF i e l d ;
p r i va t e JLayeredPane newLPane ;
p r i va t e JLayeredPane r e su l tL i s tPane ;
p r i va t e JCheckBox decScaleCheckBox , qNormCheckBox , zScoreCheckBox , minMaxNormCheckBox ;
p r i va t e JTextField minField , maxField ;
p r i va t e JProgressBar progressBar ;
p r i va t e JTabbedPane resultTabbedPane ;
p r i va t e JButton startBtn , stopBtn ;

pub l i c SidePanel ( JFrame appFrame , JTabbedPane resultTabbedPane , JProgressBar progressBar ) {
t h i s . appFrame = appFrame ;
t h i s . resultTabbedPane = resultTabbedPane ;
t h i s . progressBar = progressBar ;

s e tP r e f e r r e dS i z e (new Dimension ( 237 , 2 4 ) ) ;
setOpaque ( true ) ;
setBackground ( Color .WHITE) ;
setLayout ( gr idbag ) ;
c r ea teS idePane l ( ) ;

}

pr i va t e void c reateS idePane l ( ) {
c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH;
JPanel labPanel1 = new JPanel (new BorderLayout ( ) ) ;
labPanel1 . setBackground ( Color . decode(”#B0E0E6 ” ) ) ;

labPanel1 . setBorder ( BorderFactory . c reateLineBorder ( Color . decode(”#D0D0D0” ) ) ) ;

c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;
gr idbag . s e tCons t r a in t s ( labPanel1 , c ) ;
add ( labPanel1 ) ;

c . weightx = 1000;
c . weighty = 1 ;
c . f i l l = GridBagConstraints .BOTH;
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JLayeredPane cont ro lPane l = new JLayeredPane ( ) ;
newLPane = createNewFilePane ( ) ;
newLPane . setBounds (0 , 0 , 235 , 500 ) ;
r e su l tL i s tPane = createResu l t sPane ( ) ;
r e su l tL i s tPane . setBounds (0 , 0 , 235 , 500 ) ;
r e su l tL i s tPane . s e tV i s i b l e ( f a l s e ) ;
cont ro lPane l . add (newLPane ) ;
cont ro lPane l . setBorder ( BorderFactory . createEmptyBorder ( ) ) ;
cont ro lPane l . setRequestFocusEnabled ( f a l s e ) ;
cont ro lPane l . setBackground ( Color . decode (”#87CEFA” ) ) ;

c . g r idx = 0 ;
c . gr idy = 1 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

gr idbag . s e tCons t r a in t s ( contro lPane l , c ) ;
add ( cont ro lPane l ) ;

}

pr i va t e JLayeredPane createResu l t sPane ( ) {
JLayeredPane r e su l tL i s tPane = new JLayeredPane ( ) ;
r e su l tL i s tPane . setBorder ( BorderFactory . c reateL ineBorder ( Color . gray ) ) ;

s tartBtn = new JButton (” Star t ” ) ;
s tartBtn . setBounds (13 , 465 , 100 , 2 0 ) ;
s tartBtn . setBorder ( BorderFactory . c reateLineBorder ( Color .LIGHT GRAY) ) ;
s tartBtn . addAct ionListener ( t h i s ) ;
r e su l tL i s tPane . add ( startBtn ) ;

stopBtn = new JButton (” Stop ” ) ;
stopBtn . setBorder ( BorderFactory . c reateL ineBorder ( Color .LIGHT GRAY) ) ;
stopBtn . setBounds (118 , 465 , 100 , 2 0 ) ;
stopBtn . addAct ionListener ( t h i s ) ;
r e su l tL i s tPane . add ( stopBtn ) ;

re turn r e su l tL i s tPane ;
}

pr i va t e JLayeredPane createNewFilePane ( ) {
JLayeredPane newLPane = new JLayeredPane ( ) ;
newLPane . setBackground ( Color .WHITE) ;
newLPane . s e tP r e f e r r e dS i z e (new Dimension (237 , 5 00 ) ) ;

openDatasetBtn = new JButton (” Import . csv ” ) ;
openDatasetBtn . setBackground ( Color .WHITE) ;
openDatasetBtn . setBorder ( BorderFactory . c reateL ineBorder ( Color .LIGHT GRAY) ) ;
openDatasetBtn . setBounds (5 , 75 , 72 , 2 5 ) ;
openDatasetBtn . addAct ionListener ( t h i s ) ;

f i l eT e x tF i e l d = new JTextField ( ) ;
f i l eT e x tF i e l d . setBounds (82 , 75 , 148 , 2 5 ) ;

JLabel prepLabel = new JLabel (” Preproce s s ing Method : ” ) ;
prepLabel . setBounds (10 , 130 , 200 , 2 5 ) ;

decScaleCheckBox = new JCheckBox (” Decimal Sca l e Normal izat ion ” ) ;
decScaleCheckBox . s e t S e l e c t e d ( t rue ) ;
decScaleCheckBox . setBounds (20 , 150 , 200 , 2 5 ) ;
decScaleCheckBox . setOpaque ( f a l s e ) ;

qNormCheckBox = new JCheckBox (” Quanti le Normal izat ion ” ) ;
qNormCheckBox . setBounds (20 , 170 , 200 , 2 5 ) ;
qNormCheckBox . setOpaque ( f a l s e ) ;

zScoreCheckBox = new JCheckBox (”Z−Score Transformation ” ) ;
zScoreCheckBox . setBounds (20 , 190 , 200 , 2 5 ) ;
zScoreCheckBox . setOpaque ( f a l s e ) ;

minMaxNormCheckBox = new JCheckBox (”Min−Max Normal izat ion ” ) ;
minMaxNormCheckBox . setBounds (20 , 210 , 200 , 2 5 ) ;
minMaxNormCheckBox . addItemListener ( t h i s ) ;
minMaxNormCheckBox . setOpaque ( f a l s e ) ;

JLabel minLabel = new JLabel (”Min : ” ) ;
minLabel . setBounds (40 , 235 , 50 , 2 5 ) ;
minField = new JTextField ( ” 0” ) ;
minField . setBounds (70 , 235 , 50 , 2 0 ) ;
minField . setEnabled ( f a l s e ) ;

JLabel maxLabel = new JLabel (”Max : ” ) ;
maxLabel . setBounds (40 , 260 , 50 , 2 5 ) ;
maxField = new JTextField (”100” ) ;
maxField . setBounds (70 , 260 , 50 , 2 0 ) ;
maxField . setEnabled ( f a l s e ) ;

okBtn = new JButton (” Submit ” ) ;
okBtn . addAct ionListener ( t h i s ) ;
okBtn . setBorder ( BorderFactory . c reateL ineBorder ( Color .LIGHT GRAY) ) ;
okBtn . setBounds (125 , 300 , 100 , 2 5 ) ;

newLPane . add ( openDatasetBtn ) ;
newLPane . add ( f i l eT e x tF i e l d ) ;
newLPane . add ( prepLabel ) ;
newLPane . add ( decScaleCheckBox ) ;
newLPane . add (qNormCheckBox ) ;
newLPane . add ( zScoreCheckBox ) ;
newLPane . add (minMaxNormCheckBox ) ;
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newLPane . add (minLabel ) ;
newLPane . add ( minField ) ;
newLPane . add (maxLabel ) ;
newLPane . add (maxField ) ;
newLPane . add ( okBtn ) ;

re turn newLPane ;
}

@Override
pub l i c void act ionPerformed ( ActionEvent event ) {

Object s r c = event . getSource ( ) ;

i f ( s r c == openDatasetBtn ) {
Ut i l s . openFi leChooser ( f i l eT e x tF i e l d ) ;

}

i f ( s r c == okBtn ) {
i f ( f i l eT e x tF i e l d . getText ( ) . equa l s ( ”” ) ) {

JOptionPane . showMessageDialog ( appFrame , ”Choose an input datase t ! ” , ”Warning ” , JOptionPane .WARNINGMESSAGE) ;
}
e l s e {

Input dataModel = new Input ( f i l eT e x tF i e l d . getText ( ) , f a l s e , appFrame ) ;
i f ( ! dataModel . hasError ( ) ) {

f i l e I n d e x++;

Ge t t e r sS e t t e r s s e t t i n g s = new Get t e r sS e t t e r s ( ) ;
s e t t i n g s . setPrep ( decScaleCheckBox . i s S e l e c t e d ( ) , qNormCheckBox . i s S e l e c t e d ( ) , zScoreCheckBox . i s S e l e c t e d ( ) , minMaxNormCheckBox . i s S e l e c t e d ( ) ) ;

i f (minMaxNormCheckBox . i s S e l e c t e d ( ) ) {
s e t t i n g s . setMinMaxInterval ( In t eg e r . pa r s e In t ( minField . getText ( ) ) , I n t eg e r . pa r s e In t ( maxField . getText ( ) ) ) ;

}

Process Input p roc e s so r = new Process Input ( dataModel , s e t t i n g s , resultTabbedPane , appFrame ) ;
p roc e s so r . addPropertyChangeListener (new PropertyChangeListener ( ) {

pub l i c void propertyChange ( PropertyChangeEvent e ) {
i f ( e . getPropertyName ( ) . equa l s (” p rog r e s s ” ) ) {

progressBar . setValue (
( In t ege r ) e . getNewValue ( ) ) ;

}
}

} ) ;

p ro c e s so r . execute ( ) ;
}

}
}

}

@Override
pub l i c void itemStateChanged ( ItemEvent e ) {

i f ( e . getStateChange ( ) == ItemEvent .SELECTED) {
i f ( e . getSource ( ) == minMaxNormCheckBox) {

minField . setEnabled ( t rue ) ;
maxField . setEnabled ( t rue ) ;

}

}

i f ( e . getStateChange ( ) == ItemEvent .DESELECTED) {
i f ( e . getSource ( ) == minMaxNormCheckBox) {

minField . setEnabled ( f a l s e ) ;
maxField . setEnabled ( f a l s e ) ;

}

}
}

}

25. user interface/UserInterface.java
package u s e r i n t e r f a c e ;

import java . awt . BorderLayout ;
import java . awt . Color ;
import java . awt . Component ;
import java . awt . Dimension ;
import java . awt . GridBagConstraints ;
import java . awt . GridBagLayout ;
import java . awt . event . ActionEvent ;
import java . awt . event . Act ionL i s t ene r ;

import javax . swing . BorderFactory ;
import javax . swing . JFrame ;
import javax . swing . JPanel ;
import javax . swing . JProgressBar ;
import javax . swing . JTabbedPane ;
import javax . swing . Sw i n gU t i l i t i e s ;
import javax . swing . UIManager ;

pub l i c c l a s s Us e r In t e r f a c e implements Act ionL i s t ener {
pub l i c f i n a l i n t WIDTH = 900;
pub l i c f i n a l i n t HEIGHT = 570 ;

p r i va t e JFrame appFrame ;
p r i va t e UIManager . LookAndFeelInfo [ ] l ooks ;
p r i va t e JPanel mainPanel ;
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pr i va t e JProgressBar progressBar ;
p r i va t e JTabbedPane resultTabbedPane ;

p r i va t e GridBagLayout gr idbag ;
p r i va t e GridBagConstraints c ;

pub l i c Us e r In t e r f a c e ( ) {
appFrame = new JFrame (”Glioma Brain Cancer Detect ion and C l a s s i f i e r ” ) ;
appFrame . s e t S i z e (WIDTH, HEIGHT) ;

l ooks = UIManager . get Insta l l edLookAndFee l s ( ) ;
changeLookAndFeel ( 3 ) ;

createMenuBar ( ) ;
resultTabbedPane = new JTabbedPane ( ) ;
resultTabbedPane . setBackground ( Color .WHITE) ;
resultTabbedPane . addTab (” Dataset ” , new ResultDatasetTab ( ) ) ;

f o r ( i n t i =1; i<resultTabbedPane . getTabCount ( ) ; i++) {
resultTabbedPane . setEnabledAt ( i , f a l s e ) ;

}

mainPanel = new JPanel ( ) ;
gr idbag = new GridBagLayout ( ) ;
c = new GridBagConstraints ( ) ;

mainPanel . setLayout ( gr idbag ) ;
progressBar = new JProgressBar ( ) ;

c . weightx = 1000;
c . weighty = 1 ;
c . f i l l = GridBagConstraints .BOTH;

JPanel mainArea = createMainArea ( ) ;
addComponent (mainArea , 0 , 0 , 1 , 1 ) ;

c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH;

progressBar . setValue ( 0 ) ;
progressBar . s e tP r e f e r r e dS i z e (new Dimension (400 , 1 0 ) ) ;
addComponent ( progressBar , 0 , 1 , 1 , 1 ) ;

appFrame . getContentPane ( ) . add (mainPanel , BorderLayout .CENTER) ;
appFrame . se tDe fau l tC loseOperat ion ( JFrame .EXIT ON CLOSE ) ;
appFrame . s e tRe s i z ab l e ( f a l s e ) ;
appFrame . s e tV i s i b l e ( t rue ) ;

}

pr i va t e JPanel createMainArea ( ) {
JPanel mainAreaPanel = new JPanel ( ) ;

GridBagLayout gr idbag = new GridBagLayout ( ) ;
GridBagConstraints c = new GridBagConstraints ( ) ;
mainAreaPanel . setLayout ( gr idbag ) ;

c . weightx = 0 ;
c . weighty = 0 ;
c . f i l l = GridBagConstraints .BOTH;

JPanel s idebar = new JPanel (new BorderLayout ( ) ) ;
s i d ebar . add (new SidePanel ( appFrame , resultTabbedPane , progressBar ) , BorderLayout .WEST) ;
s idebar . setBackground ( Color . white ) ;

c . g r idx = 0 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;
gr idbag . s e tCons t r a in t s ( s idebar , c ) ;
mainAreaPanel . add ( s idebar ) ;

c . weightx = 1000;
c . weighty = 1 ;
c . f i l l = GridBagConstraints .BOTH;
c . gr idx = 1 ;
c . gr idy = 0 ;
c . gr idwidth = 1 ;
c . g r i dhe i gh t = 1 ;

JPanel resu l tPane = new JPanel ( ) ;
r e su l tPane . setBorder ( BorderFactory . c reateL ineBorder ( Color . gray ) ) ;
r e su l tPane . setBackground ( Color .LIGHT GRAY) ; ;
r e su l tPane . add ( resultTabbedPane ) ;
gr idbag . s e tCons t r a in t s ( resultPane , c ) ;

resultTabbedPane . s e tP r e f e r r e dS i z e (new Dimension (639 , 4 9 6 ) ) ;
resultTabbedPane . setBorder ( BorderFactory . createEmptyBorder ( ) ) ;
resultTabbedPane . setBackground ( Color . decode (”#87CEFA” ) ) ;
resultTabbedPane . setForeground ( Color .DARKGRAY) ;

mainAreaPanel . add ( resu l tPane ) ;

re turn mainAreaPanel ;
}

pr i va t e void addComponent (Component component , i n t row , i n t col , i n t width , i n t he ight ) {
c . gr idx = row ;
c . gr idy = co l ;
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c . gr idwidth = width ;
c . g r i dhe i gh t = he ight ;
gr idbag . s e tCons t r a in t s ( component , c ) ;
mainPanel . add ( component ) ;

}

pr i va t e void createMenuBar ( ) {
}

pr i va t e void changeLookAndFeel ( i n t value ) {
t ry {

UIManager . setLookAndFeel ( l ooks [ va lue ] . getClassName ( ) ) ;
Sw i n gUt i l i t i e s . updateComponentTreeUI ( appFrame ) ;

}
catch ( Exception e ) {

e . pr intStackTrace ( ) ;
}

}

@Override
pub l i c void act ionPerformed ( ActionEvent e ) {

}
}
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