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ABSTRACT

This research aimed to develop a web service system that helps latex traders develop
their own latex trading programs easily. They can exchange latex trading data via the provided web
services. This data exchange could be beneficial to their business plans.

Anocther aim of this research was to predict daily traded latex volume by using
meteorological conditions and publish prediction results via a web service. Three classification
methods were tested in order to select the most suitable one for building the prediction model, these
were; decision tree, neural network, and support vector machine. The data used in this research
was unbalanced. So the class distribution was adjusted by sampling with replacement and bias
toward uniform distribution. Results from experiments showed that decision tree gave higher
overall accuracy than the others. From class-by-class analysis, it was also robust to the
overlearning of small classes. By increasing the volume of the smallest class, it improved the

prediction of this class, yet kept the prediction of the others stably well.
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CHAPTER |
INTRODUCTION

1.1 Background and Motivation

Rubber tree agriculture is one of the major economic sectors of Thailand,
especially in Southern provinces. In Songkhla, the Southern economic hub, there were
815506.93 acres of rubber planting in 2013 which yielded 493,340 ton of rubber [1]
worth approximately 249,288.97 million baht [2].

Latex is a product of rubber trees. Agriculturists tap the trees at night and
collect latex in the morning. They sell the latex to latex traders who determine the
price of latex from its concentration. The latex traders do the following tasks:

1. Weigh the latex.

2. Measure the percent of latex.

3. Calculate the concentration of latex by multiplying weight with percent
to get the dry rubber.

4. Calculate total price by multiplying dry rubber with daily price of latex.
The daily price of latex is determined by factories or middlemen.

The latex trading process is depicted by Figure 1.1

Resell Factory

\4

Sell Resell

Resell .
Latex Trader » Middleman

Agriculturist

v Transform

Rubber
Central
Market

Figure 1.1 Latex Trading Process
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Figure 1.1 shows latex trading process consisting of Agriculturist, Latex
Traders, and Middleman. Once trading between agriculturists and latex traders is
finished, the latex traders can possibly manage latex by: (1) reselling the latex to
factory, (2) reselling the latex to middleman, (3) transforming the latex into product
and selling it to rubber central market.

This research proposes a web service system for latex trading. It aims to
help latex traders develop their own latex trading programs easier and exchange
trading data with other latex traders. Also, latex traders can know daily latex volume
and latex stock in local markets.

Web service enables web applications on different platforms to
communicate with each other. Web service helps latex traders reduce the workload
and cost of their system development.

In addition, the proposed system provides a latex volume prediction
service that can help latex traders make production and trading plans as well as
bargain with the middleman for higher price of latex.

The prediction is based on weather forecast data as weather condition is an
important factor that affects daily latex volume. Techniques used for prediction are
current state-of-the-art data mining techniques, namely decision tree, neural network,

and support vector machine.

1.2 Research Objective

1.2.1 To develop a web service system that allows latex traders to
development their latex trading program easier by calling the provided services.

1.2.2 To develop a web service system that exchanges trading data
between latex traders and local markets.

1.2.3 To predict latex volume by using decision tree, neural network, and

support vector machine.
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1.3 Scope of Research

This research focuses on latex trading in Hatyai District, Songkhla

Province.

1.4 Results

1.4.1 A web service system for exchanging latex trading data
1.4.2 Results of latex volume prediction from decision tree, neural

network, and support vector machine.

1.5 Significance of the study

1.5.1 The proposed web service system can help latex traders save cost for
developing individual latex trading programs because common services are provided
by the system and their programs only need to call these services. In addition, the
proposed system can help traders exchange trading data and visualize the movement of
latex volume in the area.

1.5.2 Results of latex volume prediction can help production planning,

trading plan and bargaining.
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CHAPTER II
LITERATURE REVIEW

This chapter reviews literature about rubber trees and latex trading,
weather conditions influencing latex collection, web service technology used for latex

trading system, and data mining techniques used for latex volume prediction.

2.1 Rubber Trees and Latex Trading

The normal age of a rubber tree is up to 100 years and it can be as high as
100-130 feet. When the tree is about six years old, it can produce latex. The latex is
white milky substance obtained by removing a sliver of its bark. This process is called
latex tapping. Rubber trees bear fruits that spread seeds to reproduce.|[3]

Rubber trees grow well in humid and tropical areas. Native rubber trees
are found primarily in South America in such countries as Brazil, Bolivia, Peru,
Colombia, and Venezuela. However, the trees can also be found outside their native
lands primarily in tropical countries in Africa (such as Liberia, Ethiopia, and Uganda)
and Asia (such as Brunei, Cambodia, China, India, Indonesia, Malaysia, Sri Lanka, the
Philippines, Thailand, Singapore, Laos, Myanmar, and Vietnam).[4]

Rubber tree plantation in Thailand was initiated by Lord Ratsadanupradit
Mahisornpakdee, the governor of Trang province, in 1899. Since then, it has become a

major segment in Thailand’s agriculture, especially in the Southern provinces.

2.1.1 Latex Collection and Latex Trading. Rubber trees are best tapped
in cool weather. Agriculturists usually tap the trees between 1 AM - 4 AM. If the trees
are tapped late, e.g. as late as 6 AM, the latex volume will decrease by 4-5%. The

agriculturists can tap the rubber trees for 3-4 consecutive days and break for 1 day.
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Figure 2.1 Latex flowing into cup [5]

Figure 2.1 shows an example of latex tapping. The latex will stop flowing
after approximately 3 hours. After that, the agriculturists will collect the latex (Figure
2.2) and sell it to latex traders. [6]

Brush for sweep latex
>

Figure 2.2 Equipment for latex collection. [7]
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The latex appearance is white, turbid, and thick liquid with slight aroma.
Sometimes, the liquid is pale yellow. It is lighter than water (its density is 0.98 g/cm?).
It contains about 35% of dry rubber content (DRC) and 65% of water. This ratio may
vary by the following factors: breed and age of rubber, season, tapping method, the
frequency of tapping, and plantation method. [8]

Rubber Research Institute of Thailand has established Latex Central
Market in Hatyai District, Songkhla Province, to help agriculturists with fair trading.
Despite this attempt, there are still many highly competitive local markets. Most
agriculturists sell their latex to various traders such as latex shops, latex cooperatives,
and middlemen in such markets. Their decisions about where to sell the latex based on
the cost of transportation and yield volume.

The average volume of latex trading in the Local Central Market is about
10-15 tons/day, depending on price and season. The trading volume is lowest, about 7-

8 tons/day, during the wettest months (in the South), i.e. November and December. [9]

2.2 Weather Conditions

Weather conditions influence the amount of latex being collected. The
amount of rainfall in planting area must be at least 1,350 mm, with at least 120-150
days of raining per year. The annual average relative humidity must be at least 65%.
The annual wind speed must be at least 1 m/s. And the annual average temperature
must be at least 25-28 °c. [10]

Therefore, given weather-related data, one can make a prediction about
latex volume. There are three types of weather forecast: short range, medium range,
and long range.

1. Short range forecast is to forecast the weather less than 72 hours ahead,
using current weather monitoring data. The forecast period can be subdivided into

¢ Nowcast forecast period, which is less than 3 hours ahead.

e Very short range forecast period, which is less than 12 hours ahead.

e Short range forecast period, which is less than 72 hours ahead.
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2. Medium range forecast is to forecast the weather more than 72 hours
and up to 10 days ahead, using current meteorological data along with statistical data.

3. Long range forecast is to forecast the weather more than 10 days ahead,
using statistical data.

Besides meteorological theories, weather observation is important and
necessary for effective forecast. A meteorological station in Thailand observes
weather conditions for both surface weather and upper weather. At the surface level,
which is less than 10 meters above the ground, the observation is done every 3 hours
[11]. At the upper level, which is about 30 km. above the ground, meteorological
compounds such as atmospheric pressure, temperature, and wind are measured. [12]
The meteorological station is also equipped with radars to observe the violence of rain
in each area.[13]

There have been a few studies about the relationship between latex volume
and weather conditions. For example, Rao et al. (1996) modeled the relationship
between latex volume and climatic variables by using multiple regressions.[14]

Teerachai Lerkmongkolwit (2005) used climatic data to predict the amount
of latex from rubber trees in Suratthani province by using nonlinear auto-regressive
network with exogenous inputs (NARX) which is a complicated neural network. The
prediction error was within + 5% (confidence interval of 95%) compared to the actual
amount of latex. [15]

2.3 Web Services

Web Service is a software system that enables the interaction between web
applications written in different languages and running on different platforms. The
interaction is generally based on standardized XML messaging [16]. Web service is a
prominent technology in the third generation of the Web.

In the first generation of the Web, web contents were static. They were
written only in Hypertext Markup Language (HTML) and information was transferred
via Hypertext Transfer Protocol (HTTP). In the second generation of the Web, web

contents were dynamic. They can be generated or changed upon user requests. And in
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the third generation of the Web, web service technology allows clients to request

certain processing, i.e. services, from service providers. [17]

ervice
Description
Service
Register

Find Publish

WSDL+UDD
WSDL+UDD

ervice
S Description

Provider

Service
Requester

Bind

\ 4

A

Figure 2.3 Architecture of web service [18]

Figure 2.3 shows the architecture of web service, consisting of three roles.
They are service provider, service requester, and service registry. The service provider
publishes its service, including service description written in Web Services
Description Language (WSDL), to the service registry based on Universal Description,
Discovery, and Integration (UDDI) specification. The service requester finds this
service via UDDI interface. It can use the WSDL service description to directly bind

to the service provider. [16]

2.3.1 SOAP (Simple Object Access Protocol) is a messaging protocol
that allows programs running on different platforms to communicate with each other.
This cross-platform interoperability is supported by Hypertext Transfer Protocol
(HTTP), a web protocol installed by all major operating systems, and its Extensible
Markup Language (XML).

A SOAP document itself is an XML document that specifies how one

program can call another program in another computer and pass information to the
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callee. The callee sends back a response as specified by SOAP. SOAP also supports
other transporting protocols besides HTTP.

SOAP calls are likely to pass firewalls because HTTP is typically port-80
compliant, whereas calls that use other protocols may be blocked for security reasons.
Because of this, programs using SOAP can surely communicate with other programs
anywhere [19]. In summary, SOAP enables programs to call functions from other
programs, regardless of different hardware platforms, operating systems, or

programming languages.

SOAP Envelope
SOAP Header

SOAP Body

Figure 2.4 SOAP structure [19]

Figure 2.4 shows SOAP structure and Figure 2.5 shows SOAP document
in XML format. It includes: SOAP envelop, which contains the whole document;
SOAP header, which contains additional information about the service; and SOAP

body, which is for calling service and showing result.
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<soap:Envelope xmlIns:soap="http://schemas.xmlsoap.org/soap/envelope/"
soap:encodingStyle="http://schemas.xmlsoap.org/soap/encoding/"">
<soap:Header>
<!-- Header -->
<i:local xmIns:i="http://www:.i3t.or.th/ws/"">
<i:currency>Bath</i:currency>
</i:local>
</soap:Header>
<soap:body>
<!-- Body -->
<GetPrice>
<Item>Rose</Item>
<Quantity>100</Quantity>
</GetPrice>
</soap:Body>
<soap:Fault>
<!-- SOAP Node -->
</soap:Fault>
</soap:Envelope

Figure 2.5 SOAP Documents [20]

2.3.2 WSDL (Web Services Description Language) is an XML-based
format for describing a web service interface. It describes services and their binding to
specific network addresses. WSDL has three parts: definitions, operations, and service

binding. Figure 2.6 shows the relationship between these parts.

Definitions Operations Service bindings
Data type definitions n

Operation
hWessage definitions

Data type definitions
- Port t Port & netwark
}Operatlon = Port type s

hessage definitions

Data type definitions
Operation
hessage definitions P

Figure 2.6 The relationship between basic parts of WSDL [21]
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Definitions. Definitions are generally expressed in XML and include both
data type definitions and message definitions. These definitions are usually based on
some predefined XML vocabulary. The XML vocabulary may be either organization-
specific or industry-wide. The former is designed and used within an organization. The
latter is based on some agreements between organizations.

Operations. Operations describe actions for the messages supported by a
web service. They are grouped into port types. There are four types of operations:

e One-way operations: The client sends a message to the endpoint
(where the service is located) without expecting a response.

e Request/response operations: The client sends a message to the
endpoint and the endpoint sends a response back.

e Solicit/response operations: The endpoint sends a request to the
client and the client sends a response back.

¢ Notification operations: The endpoint sends a response to the
client.

Service bindings. Service bindings connect port types to a port that is in
turn mapped to a network address. This binding is commonly created by using SOAP.
[21]
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<?xml version="1.0"?>
<definitions name="HelloWorld" targetNamespace="urn:HellowWorld"
xmins:tns="urn:HelloWorld" xmlIns:xsd="http://www.w3.0rg/2001/XMLSchema"
xmins:soap="http://schemas.xmlsoap.org/wsdl/soap/"
xmlns:soapenc="http://schemas.xmlsoap.org/soap/encoding/"
xmlns:wsdl="http://schemas.xmlsoap.org/wsdl/"
xmlns="http://schemas.xmlsoap.org/wsdl/">
<I--Type -->
<types>
<xsd:schema xmlns="http://www.w3.0rg/2001/XMLSchema"
targetNamespace="urn:Hello">
<xsd:element name="getName" type="xsd:string" />
<xsd:element name="HelloResponse" type="xsd:string" />
</xsd:schema>
</types>
<I-- Message -->
<message name="doHello">
<part name="yourName" type="tns:getName" />
</message>
<message hame="doHelloResponse">
<part name="return" type="tns:HelloResponse" />
</message>
<I-- PortType-->
<portType name="HelloPort">
<operation name="doHello">
<input message="tns:doHello" />
<output message="tns:doHelloResponse" />
</operation>
</portType>
<!-- Bingding -->
<binding name="HelloBinding" type="tns:HelloPort">
<soap:binding style="rpc" transport="http://schemas.xmlsoap.org/soap/http" />
<operation name="doHello">
<soap:operation soapAction="urn:HelloAction" />
<input>
<soap:body use="encoded" namespace="urn:Hello"
encodingStyle="http://schemas.xmlsoap.org/soap/encoding/" />
</input>
<output>
<soap:body use="encoded" namespace="urn:Hello
encodingStyle="http://schemas.xmlsoap.org/soap/encoding/" />
</output>
</operation>
</binding>
<I-- Service -->
<service name="HelloService">

Figure 2.7 WSDL Document [22]
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2.3.3 UDDI (Universal Description, Discovery, and Integration). UDDI
is an integral part to the development of web services. It provides an open framework
for registering and locating services offered by various providers.

As illustrated earlier in Figure 2.3, a web service requester needs to know
the location of service it wants to bind to. There needs to be some kind of registry
server that holds such information. The UDDI provides a standard mechanism,
typically XML-based, for service providers to publish their web services, and for
service requesters to locate them.[23]

Instead of traditionally searching services from UDDI server, a developer
may search services directly from web service providers, for example Google
(https://developers.google.com/maps/documentation/webservices), Amazon
(https://aws.amazon.com), and etc.

2.34 XML (eXtensible Markup Language). Extensible Markup
Language (XML) is used to describe data.

The XML standard provides flexibility to format information and share the
structured data through networks.

According to formal recommendation by World Wide Web Consortium
(W3C), XML code is quite similar to Hypertext Markup Language (HTML). The
markup symbols in both HTML and XML describe the content of a file. The former
carry web page content and describe how the content will be displayed. The latter
carry data and describe how the data is structured. Thus, XML data is a self-defining.
Upon receiving an XML file, the receiver can extract both data structure and data from
that file. There is no need for the receiver to know or prepare the data structure in
advance. [24]

Due to such advantages, XML is an integral part of web service that
facilitates the interoperability. SOAP messages and WSDL documents are all XML-
based. Their examples are shown in Figures 2.5 and 2.7 respectively.

Examples of works that employed web service technology are as follows.
Kunathip Boonruangkhao (2008) developed Electronics Marketplace that collected

details of products into the data center. Customers can pick products from the
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Marketplace. And by using web service, vendors can transfer product information
from their web systems to the Electronics Marketplace system. [25]

Settapong Tunyarittikorn (2008) developed E-Coupon Payment Model on
web services business-to-customer (B2C) systems. This model covered information
and prevented data tracking of buyers by using web services. It can run on different
platforms without having to install additional programs.[26]

Pongsathorn Noimanee (2009) developed conference management system
with web services technology. Various conference organizers can use this system

without having to develop their own. [27]

2.4 Data Mining

The aim of data mining is to discover hidden knowledge in the data. This
knowledge is usually represented as patterns or relationship between variables. Data
mining cycle consists of four stages as follows:

1. Problem specification: To specify the scope of the analysis. In the
context of this research, the goal is to predict latex volume, which can help latex
traders plan for trading and bargaining the price of latex.

2. Data Mining: To use data mining techniques to extract patterns, such as
prediction or classification models, from the data.

3. Application: To apply the results from data mining to new cases or in
real business situations.

4. Performance measurement: To measure the results from data mining, for
example, the accuracy of predicting latex volume.

There are many different tasks in data mining, including classification,
estimation, and clustering. Choosing an appropriate task depends on application
domain and the purpose of the analysis. This research focuses on classification task.
Classification is the process of creating a model of independent variables (e.g.
weather-related variables) that classifies the dependent one (e.g. latex volume), based

on training data. Then, this model is used to predict the classes of unseen cases. Three
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well-known classification methods are chosen. They are decision tree, neural network,

and support vector machine. [28]

2.4.1 Decision Tree. A decision tree (DT) is a classification model
represented as a tree, as in Figure 2.8. It is like as organization structure, including root
node, which is the top node in the tree; leaf node, which is a node with no children;
internal node, which is a node with at least one child; and edge, which is a line
connecting two nodes.[29] It is popular because the algorithm to construct a tree is not

complex. The decision tree can be easily interpreted and understood.

Age?
<=30 31.40 >40
Student yes Credit rating?
no yes excellent fair
no yes no yes

Figure 2.8 An example of decision tree.[28]

The idea of decision tree learner was originated by Hunt in the late 1950s
and it has been followed by many others. The family of ID3, C4, C4.5, and C5.0 is one
of them. ID3 was a simple system containing only 600 lines of Pascal, while C4.5
grew to about 9,000 lines of C. It is now available in many open source tools including
Weka. Although C5.0 is a more recent and better algorithm, it is less popular than
C4.5 because it is used mostly in commercial systems.[30]

C4.5 builds a decision tree from a set of training data, using the concept

of information entropy. The training data is a set 5 = s4,5,, ... of already classified
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samples or records. Each record S; consists of vector of independent variables or
attributes and the class in which S; falls.

The algorithm runs in iterations. In each iteration, it chooses the attribute
that best splits the samples belonging to different classes. The splitting criterion is
normalized information gain. The attribute with the highest information gain or
highest gain ratio is chosen as a new tree node. The C4.5 algorithm then recurs on the
smaller subsets of samples. [31]

The information gain from splitting a sample S by attribute A is calculated

from the following formula:

|5, |
|51

Gain(S,4) = E(S) — Z

vevalue (4)

E(S,)

S is a sample that includes vectors of attributes and class.

A is the attribute under consideration.

Value (A) is the set of possible values of A, i.e. child nodes after splitting.
Sv is a sample at the child node where A =v.

E(S) is the entropy of sample S

E(Sv) is the entropy of sample Sy

The gain ratio is calculated by normalizing the information gain as

follows:
. . Gain(S,4) Gain(S, A)
GainRatio(S,A) = =
’ Splitinfo(S, A _ Ispl, 1Sl
P f ( ] ZuEuaIue{A] 15| lo sl

Once the decision tree is fully grown, it may consist of too many branches
due to the presence of noises or outliers in the training data. Therefore, tree pruning is
applied afterwards. The pruning also helps reduce the problem of over appropriateness
(overfitting) with the training data. The pruning process removes branches that do not
bring benefits to the classification, or whose absence increase the classification

performance. [32]
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2.4.2 Neural Network

Artificial neutral network or simply neural network (NN) [33] is a system
that emulates biological neural network, such as the brain. The brain is considered a
biological neural network since it possesses about 100 billion neurons that
communicate by using electro-chemical signals. Synapses are junctions where those
neurons are connected and there are thousands of connections between them. Each
neuron gets incoming signals from other neurons. If the sum of the signals surpasses a
threshold, a response will be sent through the axon. The attempt of NN is to create a
computational model of biological neural network although it is impossible to capture
the full complexity of the biological neurons.

Shown in Figure 2.9, an NN is composed of a network of artificial neurons
(also known as "nodes"). These nodes are connected to each other, and each
connection is assigned a value that indicates the strength (or weight) of connection. A
connection can be inhibitory (negative weight, with the maximum being -1.0) or
excitatory (positive weight, with the maximum being +1.0). There are three types of
neurons in an NN: input nodes, hidden nodes, and output nodes. Each node, except
input node, has summation function and transfer (or activation) function that processes
incoming signals and pass the neuron’s response to the others.

There are many types of NN but the one often used in data mining is

feedforward multilayer perceptron, a non-recurrent network containing input, output,
and hidden layers. This type of neural network allows signals to only travel in one
direction.

Artificial Neural Network

Weights

=
O

||

Input Hidden  Qutput
nodes nodes nodes

Q0000

Figure 2.9 The architecture of neural network [33]
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As illustrated in Figure 2.10, the input nodes read the values of
independent variables of one record and pass them through the network. These values
are also called activation values. The activation values reaching the next nodes (in the
next layer) depend on the connection strengths. Each node in the next layer sums the
activation values it receives and transforms the summed value by using its transfer
function. The activation flows through the network, through hidden layers, until it
reaches the output nodes. The output nodes then give output values that are combined
to represent a predicted class. The difference between real class and predicted class,
i.e. error, is propagated backward. After all connection strengths are adjusted with

respect to the error, the NN begins processing the next record.

Feedforward Input Data Backward Error Propagation
(1) Summation
I Zu,l, o\ Aw=n=xd=x
N
& Q=
w
y, —f{f} o/

Figure 2.10 The forward and backward phases of neural network [33]

The transfer function transforms the total input signals (from the
summation function) to an output signal. Four types of transfer functions are
commonly used: unit step (threshold), sigmoid, piecewise linear, and Gaussian.

Unit step (threshold) function. The output is set at either of two levels,

depending on whether the total input is greater than or less than a threshold value.
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Unit step (threshold)

i

(0if 0> x

TO=\1it x20

Figure 2.11 Unit step (threshold) function, where the threshold is 0 [33]

Sigmoid function. The sigmoid function is a function that gives sigmoid
curve or “S” curve as shown in Figure 2.12 Popular sigmoid functions are logistic
function whose values range from 0 to 1, and hyperbolic tangent (tanh) function whose

values range from -1 to +1.
Sigmoid

1

1
f(x)=m

Figure 2.12 Sigmoid Function [33]

Piecewise linear function. The function is composed of multiple linear

functions. The output is proportional to the total output.
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Piecewise Linear
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Figure 2.13 Piecewise linear function [33]

Gaussian function. The Gaussian function gives bell-shaped curves that

are continuous as in Figure 2.14.

Gaussian

Figure 2.14 Gaussian function [33]

2.4.3 Support Vector Machine
Support Vector Machines (SVM) [34] distinguishes objects of different

classes by using a decision plane. An example is shown in Figure 2.15. The objects are
separated by a linear boundary such that all the RED objects are on the left side and all

the GREEN objects are on the right side.

Figure 2.15 Linear separation in support vector machine [34]
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The above linear separation is not always applicable in real practices. Most
classification tasks are more complicated and thus require non-linear separation, as can

be seen in Figure 2.16. SVM is very useful to handle these cases as follows.

Figure 2.16 Non-linear separation in support vector machine [34]

Figure 2.17 shows how SVM simplifies the non-linear separation task. The
original objects on the left side (input space) are rearranged to the ones on the right
side (feature space) using a mathematical transformation function called kernel. The
objects in the feature space are now linearly separable. Thus, instead of constructing a
complex curve, the task is only to find an optimal line that can separate the GREEN
and the RED obijects. [23]

There are a number of kernels that can be used in SVM. These include
linear, polynomial, radial basis function (RBF), and sigmoid.

Input space Feature space

Figure 2.17 Kernel transformation from input space (non-linearly separable)
to feature space (linearly separable) [34]
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2.4.4 Comparison Between Decision Tree, Neural Network, and
Support Vector Machine

Decision tree (DT), neural network (NN), and support vector machine
(SVM) are chosen for the prediction of latex volume because they are well-known
methods that differ in learning algorithms and resulting classification models. Other
research that also compared between these methods are as follows.

Maria Seyagh (2011) [35] used support vector machines, neural networks,
and decision trees to predict the anti-HIV activity in the organic compounds. In drug
discovery research, it is difficult to predict biological activity of molecules from their
chemical structures. Pattern classification has been recognized as a potential technique
for this purpose. Three classification methods were applied in her study as mentioned
above. From Table 1, all methods gave good results in learning (i.e. high accuracy on
training set) and predicting unseen cases (i.e. high accuracy on test set). The latter

results indicated that these methods were useful in the study of anti-HIV activity.

Table 2.1 The prediction accuracy of SVM, NN and DT, as reported by [47]

Methods Training set (%) Test set (%)
SVM 97.06 100
NN 97.06 92.90
DT 92.60 100

Comparing these methods in detail, SVM appeared to be slightly better
than the other two methods. NN had worst performance on test set, implying possible
overfitting. A major advantage of SVM is that it adopts the structure risk minimization
principle, where the model is built by balancing between its complexity and data
fitting. But NN uses traditional empirical risk minimization principle, where the model
is built to only best fit the training data. Sometimes NN may suffer problems inherent
to its architecture such as overtraining, overfitting, and network optimization. Another
problem with NN is the reproducibility of results, due to the random initialization of
NN parameteres and the variation of stopping criteria. DT avoids overfitting by tree
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pruning. Although its performance was slightly worse than the other two methods, its
resulting tree model was more understandable to users.

Efstathios Kirkos (2008) [34] used classification methods to predict a
firm’s decision to choose an auditor based on its financial characteristics. The choosen
methods were also DT, NN, and SVM. The evaluation was done by using 10-fold
cross-validation.

In his study, he used the data of 338 UK and Irish firms. The input vector
contained financial ratios and account values, as well as qualitative variables
indicating the qualification cases and the auditor change. His results showed that DT
outperformed the other methods, achieving an average accuracy rate of 83.73%. The
average accuracy rates of quadratic polynomial SVM and NN were 79.29% and
75.44% respectively. With other kernels such as linear polynomial and RBF, SVM
yielded even worse performance. The models from DT and SVM agreed that the level
of debt had influence on the selection of an auditor. Companies with a high debt
structure tended to choose a brand name auditor. Kirkos suggested additional research.
For example, the auditors can be further categorized into international, national, and
local ones. And as auditor choice may be influenced by managerial issues, additional

variables related to managerial characteristics can help improve the prediction.

2.4.5 Class imbalance handling

When there is much difference between class sizes, a classifier may learn
only big classes and ignore (or cannot learn the pattern of) small ones. As summarized
by Jindaluang, Chouvatut, & Kantabutra (2014) [36], two strategies to handle this
problem are undersampling and oversampling.

Undersampling strategy removes some records from the big class. This
strategy has advantages when the class is big enough and the remaining records well
represent that big class. Otherwise, records that represent certain features may be
thrown away in the selection process, causing the classifier to suffer from underfitting.
Works that employed this strategy are, for example, Tang & Zang (2006) [37].

On the other hand, oversampling strategy adds more records to the small

class. The records being added may be the repeats of existing ones (such as Shatnawi
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[38]), or newly synthesized ones. The latter technique is called SMOTE or synthetic
minority oversampling (Blagus & Lusa [39]).

This oversampling strategy has advantages that important features in the
big class are retained. However, its drawback is that it may take a long time to learn
patterns from a large amount of data. And if the small class is oversampled too much,

the classifier may suffer from overfitting.
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CHAPTER 11
RESEARCH METHODOLOGY

The purpose of this research is to develop a web service system for latex
trading and latex volume prediction. The area in focus is Hatyai District, Songkhla
Province. This chapter explains the following:

1. Data Collection

2. System Analysis and Design

3. Data Mining

4. Research Tools

5. System Evaluation

3.1 Data Collection

The data collection in this research consists of elements as follows:

3.1.1 Study latex trading process and collect daily volume of traded latex
in Hatyai District of Songkhla, Thailand, in 2012-2013, from local traders.

3.1.2 Study weather forecasting and collect daily meteorological
conditions in Hatyai District of Songkhla, Thailand, in 2012-2013, from the Thai
Meteorological Department. After data consolidation, record matching, and cleansing,
a data set of 653 records was derived. In this data set, each record corresponds to the
data of each day. Nine independent variables are as follows:

- Daily average wind speed (knots)

- Daily average relative humidity (%)

- Daily average vapour presure (hPa)

- Daily average pressure (hPa)

- Daily average visibility (%)
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- Daily average cloudiness (score 0-10)
- Daily average rainfall (millimetres)

- Daily average temperature (°C)

- Daily average dew point (°C)

3.2 System Analysis and Design

3.2.1 Target Users are divided into 2 groups as follows:

1.) Latex Traders are general system users. They (human users) can access
the website of the proposed system, or let their client programs exchange data with the
system via web services.

2.) System administrator.

3.2.2 Web Service. The proposed system offers 8 services as follows:

1.) Latex Price Service is for storing daily latex price data.

2.) Latex Buying and Reselling Service is for storing latex buying and
reselling data.

3.) Latex Alert Service is for getting alerts about unusual trading.

4.) Latex Stock Service is for checking latex stocks of local traders.

5.) Latex Daily Price Service is for checking daily latex price in local
trading.

6.) Latex Daily Alert Service is for showing alerts about unusual trading.

7.) Latex Volume Prediction Service is for predicting latex volume.

8.) Weather Service is for storing daily meteorological conditions.
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Figure 3.1 The design of web service

Figure 3.1 shows the design of web service which is divided into 3 parts

as follows:

1. Service Provider stores services and their related HTML, database, text

files, etc., and provides service descriptions (metadata).

2. Service Registry posts available services. In this research it is the same

entity as Service Provider.

3. Service Requestor are client programs (of target users) that call the

services.
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Figure 3.2 Website for providing web services

Figure 3.2 shows the website that provides the proposed web services,
including terms of use and service descriptions.
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3.2.3 Flow of Processing

Latex
Price

Latex
Buying and
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Alert
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Latex
Daily

Latex
Prediction

Weather

<
<
Z

Service > Data
Mining

System Latex volume
Management prediction, Report

4

A

End

Figure 3.3 Flowchart of the proposed system

From Figure 3.3, Once a user accesses the system, he/she will be

authenticated and checked for permission. The system divides users into 2 groups. The
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first group, system administrator, can manage the system. The second group, general

user, can call services and transfer data to system.

3.2.4 Context Diagram is a component of functional modeling. It allows
a team or an individual to produce a high-level model of existing or proposed systems.
It defines the boundary of the system and its interactions with the critical elements.

The diagram is shown in Figure 3.4.

Latex daily alert
Latex daily price
Latex stock
Latex volume predictior

Latex
Trader

YYVYY

Admir

4 C A _ Transfer alert date

\ 4

Transfer buying and resell date

Web Service

;‘H

Transfer daily meteorological conditions

__ Transfer daily price date

TMD

Figure 3.4 Context diagram of the proposed system
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3.2.5 ER-Diagram. Figure 3.5 shows the relationship of elements of data

in the system.
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Figure 3.5 ER-diagram of the proposed system
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3.2.6 Data Dictionary is the guideline that consists of table names, fields

of data, types of data, and detail of data (descriptions) as shown in Tables 3.1 — 3.8.

Table 3.1 admin : storing information about user

TABLE NAME admin

Field Type Detail

id_ad Varchar(10) | username

pass_ad Varchar(10) | password (hashed)

Table 3.2 buy_la: storing information about latex buying

TABLE NAME buy la

Field Type Detail
Idshp_bl Varchar(10) | ID Shop
Date bl Int(2) Date
Month_bl Int(2) Month
Year_bl Int(4) Year
Weightin_bl Float Weigh buy
Weightout_bl Float Weigh resell

Table 3.3 latex_alert : storing information about alerting events

TABLE NAME latex_alert

Field Type Detail

Id_al int Alert ID (auto run)
ldshp_al Varchar(10) | ID Shop

Event _al Varchar(100) | Event

Detail_al Text Detail

Date_al Date Date

Time_al Time Time
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Table 3.4 latex_daily : storing information about daily latex price

TABLE NAME | latex_daily

Field Type Detail
Idshp_Id Varchar(10) | ID Shop
Date Id Int(2) Date
Month_Id Int(2) Month
Year_Id Int(2) Year

Perl Id Float Percent Start
Per2_1d Float Percent End
Price_Id Float Price

Table 3.5 latex_model : storing weather conditions for latex volume prediction

TABLE NAME latex_model

Field Type Detail

date_mo Int(2) Date

month_mo Int(2) Month

year_ mo Int(2) Year

win Float Average Wind Speed
relative Float Average Relative Humidity
vapour Float Average Vapour Presure
pressure Float Average Pressure
visibility Float Average Visibility
cloud Float Average Cloudiness

rain Float Average Rainfall

tem Float Average Temperature
dew Float Average Dew Point
volume Varchar(6) | Latex Volume
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TABLE NAME latex_prediction

Field Type Detail
Date_Ip Int(2) Date
Month_Ip Int(2) Month
Year_Ip Int(2) Year
Volume_Ip Varchar(6) | Latex Volume
Acc_Ip Float Accuracy

Table 3.7 latex_shop : storing information about latex shop

TABLE NAME latex_shop

Field Type Detail

Idshp_lIs Varchar(10) | ID Shop (auto run)
Pass_Is Varchar(7) | Password
Name_ls Text Name Shop
Add_Is Varchar(50) | Address

Sub_Is Varchar(20) | Sub district

Dis_Is Varchar(20) | District

Pro_ls Varchar(30) | Province

Pos_Is Varchar(5) | Post Code
Type_Is Varchar(30) | Trader type

Tel _Is Varchar(10) | Telephone number
Fax_ls Varchar(10) | Fax Number
Mail_Is Varchar(50) | E-mail

Date _Is datetime Date registration
Status_Is Varchar(1l) | Status Shop
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Table 3.8 weather : storing weather conditions at different times of the day

TABLE NAME weather
Field Type Detail

ro_wea Varchar(15) | Province
dis_wea Varchar(30) | District
date_wea Int(2) Date
month_wea Int(2) Month
year_wea Int(4) Year
win_lam Float wind speed at 1 AM
win_4am Float wind speed at 4 AM
win_7am Float wind speed at 7 AM
relative_lam Float relative humidity at 1 AM
relative_4am Float relative humidity at 4 AM
relative_7am Float relative humidity at 7 AM
vapour_lam Float vapour presure at 1 AM
vapour_4am Float vapour presure at 4 AM
vapour_7am Float vapour presure at 7 AM
pressure_lam Float pressure at 1 AM
pressure_4am Float pressure at 4 AM
pressure_7am Float pressure at 7 AM
visibility _lam Float visibility at 1 AM
visibility_4am Float visibility at 4 AM
visibility 7am Float visibility at 7 AM
cloud_lam Float cloudiness at 1 AM
cloud_4am Float cloudiness at 4 AM
cloud_7am Float cloudiness at 7 AM
rain_lam Float rainfall at 1 AM
rain_4am Float rainfall at 4 AM
rain_7am Float rainfall at 7 AM
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Table 3.8 weather : storing weather conditions at different times of the day

(Continue)
TABLE NAME weather
Field Type Detail
tem_lam Float temperature at 1 AM
tem_4am Float temperature at 4 AM
tem_7am Float temperature at 7 AM
dew_lam Float dew pointat 1 AM
dew_4am Float dew pointat 4 AM
dew_7am Float dew pointat 7 AM

The purpose of this research is to develop a web service system for latex

trading and latex volume prediction. The area in focus is Hatyai District, Songkhla

Province. This chapter explains the following:

3.3 Data Mining

Latex Volume Prediction service uses meteorology parameters and latex

trading data from the database for prediction. It gets prediction parameters from the

users, generates command-line string, and sends this string to Weka. This research
uses Decision Tree (DT), Neural Network (NN), and Support Vector Machine (SVM)
for predicting latex volume. These three methods build prediction models from 9

independent variables (X1-X9) and a class variable () as follows:

X1 = Average wind speed (numeric)

X2 = Average relative humidity (numeric)

Xz = Average vapour presure (numeric)

X4 = Average pressure (numeric)

Xs = Average visibility (numeric)

Xe = Average cloudiness (numeric)

X7 = Average rainfall (numeric)
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Xg = Average temperature (numeric)

Xo = Average dew point (numeric)

Y = Latex volume (nominal)

The class variable (Y) has 3 values: low, medium, and high.

Each variable’s value is the average of measurements from midnight to 7
AM of that particular day. Class variable, i.e. traded latex volume, has three possible
values: LOW (less than 500 kg. per trader), MEDIUM (less than 1500 kg. per trader),
and HIGH (at least 1500 kg. per trader). The class distribution is shown in Figure 3.6.

Latex Volume
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Figure 3.6 Distribution of class variable

Note that the trading data were collected from manual records of local
traders, which were mostly incomplete. It was difficult to amass the total latex volume
traded in the whole district. Thus, latex volume per trader was used instead. The
categorization of latex volume into 3 classes was in agreement with the traders’

opinions.

3.3.1 Experimental Setup
This research used decision tree (DT), neural network (NN), and support
vector machine (SVM) for the latex volume prediction. These three methods built
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prediction models from 9 independent variables. Weka’s classifiers were used with the
following parameter setup:

* C4.5 decision tree (Weka’s J48). All parameters were set as default.

* Neural network (Weka’s MultiLayerPerceptron). All parameters were set
as default.

* SVM (Weka’s SMO). The kernel was polynomial. Other parameters
were set as default.

As seen in Figure 3.6, the class distribution was unbalanced. The ratio of
the biggest class (MEDIUM) to the smallest class (HIGH) was about 8:1. Resampling
strategies were employed to adjust the class distribution, and their effects on the class
prediction were examined. The experiments were divided into 3 sets as follows:

* Predict latex volume by using the original data.

« Predict latex volume by using resampled data (4 data sets). The new data
sets were obtained from resampling (no bias) with replacement to increase the data
sizes to 105%, 110%, 115%, and 120% of the original data size.

* Predict latex volume by using both resampled and balanced data (30 data
sets). The new data sets were obtained from resampling with replacement (data sizes
100%, 110% and 120%) in conjunction with bias factor (ranging from 0.1 to 1.0). This
method increased the volume of small classes or decreased the volume of big classes,
depending on the bias factor. The factor close to 1.0 indicated the class distribution
toward uniform.

Ten-fold cross validation was used when running each classifier on each
data set. The evaluation of latex volume prediction was based on the overall accuracy
and the F-measure of predicting each class. The F-measure of each class is the
harmonic mean of its precision and recall. The precision of class C is the proportion of
records predicted as C that actually belong to C. On the other hand, the recall of class

C is the proportion of records in class C that are correctly retrieved (i.e. predicted).
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3.4 Research Tools

3.4.1 Hardware

Note Book

- CPU AMD V120 2.2 GHz
- RAM 2GB

- Hard Disk 500 GB

3.4.2 Software

Windows 7

MySQL 5.0.51b

Abode Dreamweaver CS 3
PHP, XML

Appserv 2.5.10

Weka 3.7

3.5 Evaluation

3.5.1 The evaluation of web services is based on user satisfaction of using
the website and connecting their client programs to the services.

3.5.2 The evaluation of latex volume prediction is based on the following
metrics:

- The overall accuracy of volume prediction.

- The F-measure of predicting each individual class.
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CHAPTER IV
METHODOLOGY

In this chapter, we show the results of latex volume prediction, web

service system, and user satisfaction of using this system.

4.1 Result of Latex Volume Prediction

4.1.1 Predicting latex volume by using original data

The results are summarized in Figure 4.1 and Figure 4.2 The overall
accuracy of DT, NN, and SVM were close. SVM performed better than the others by
1-2%, but this is only because it was slightly better at predicting MEDIUM and LOW.
Due to the highly unbalanced data, all classifiers suffered when predicting HIGH.
SVM suffered the most as the F-measure of this class is 0.0. These initial results

exposed which classifier and which class were affected by the unbalanced data.

Original Data
100

Accuracy
vl
o

DT NN SVM

Figure 4.1 Overall accuracy (original data)
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Figure 4.2 F-Measure of each class (original data)

4.1.2 Predicting latex volume by using resampled data

The results are summarized in Figure 4.3 and Figure 4.4 Given more but
still unbalanced data, all classifiers had higher accuracy. In particular, DT improved
the most because it could predict HIGH very well. However, SVM still could not learn

this class as its F-measure was still 0.0.

Resampled Data

2
100 > O
2 2
S
80
3 60
©
35
&5’ 40
20

o

105% 110% 115% 120%
SamplingSize

From left to right: m pT ®m NN B sy

Figure 4.3 Overall accuracy (resampled data)
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Resampled Data
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Figure 4.4 F-Measure of each class (resampled data)

4.1.3 Predicting latex volume by using both resampled and balanced
data

Having adjusted the class distribution, all classifiers including SVM
performed better. As observed in Figure 4.5, bigger data size yielded higher accuracy.
But too big bias did not. This was more obvious in SVM. Its accuracy when the bias
was 1.0 (uniform distribution) turned out to be lower than the accuracy when the bias
was 0.1.

When the class distribution was closer to uniform, the volume of the
biggest class (MEDIUM) may decrease too much and the volume of the smallest class
(HIGH) may increase too much. As a result, the classifiers tended to focus on learning
class HIGH at the expense of the other classes. As seen in Figure 4.6, in case of SVM,
the F-measure of HIGH had a steep upward trend while the F-measure of MEDIUM
had a steep downward trend. NN suffered a similar but not as severe problem because
the F-measure of MEDIUM gradually trended downward. In case of DT, over learning
HIGH did no harm to the prediction of the others. That is, although the F-measure of
HIGH steeply trended upward, the F-measure of MEDIUM remained nearly stable.

Therefore, in the context of predicting latex volume by meteorological

conditions and given unbalanced data, DT was the most appropriate method. This
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method was employed by the Latex VVolume Prediction Service in the proposed web

service system.
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Figure 4.5 Overall accuracy (resampled and balanced data)
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Figure 4.6 F-Measure of each class (resampled and balanced data)
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4.2 Result of System Development

4.2.1 Provided Services

The web service system provides 8 services which can be connected and
called by client web applications as follows:

1. Latex Price Service gets daily latex price from client applications-

2. Latex Buying and Reselling Service gets latex buying and reselling data
from client applications.

3. Latex Alert Service gets alerts about unusual trading from client
applications

4. Latex Stock Service calculates and sends latex stocks of local traders to
client applications. Data used for the calculation is obtained from clients via Latex
Buying and Reselling Service.

5. Latex Daily Price Service checks daily latex price in local trading. This
service uses data from client applications via Latex Price Service.

6. Latex Daily Alert Service sends alerts about unusual trading to clients.
These alerts are collected from client applications via Latex Alert Service.

7. Latex Volume Prediction Service predicts latex volume. This service
uses daily meteorological conditions from the Thai Meteorological Department. The
system receives daily meteorological parameters from Weather Service and predicts
daily latex volume as follows:

(1) Export the latest meteorological parameters from the
database into comma-separated values format (weathertoday.csv) and convert it to
Weka’s attribute-relation file format (weathertoday.arff).

(2) Export meteorological parameters and known latex classes
of previous days into latex.csv and convert it to latex.arff. The system checks class
distribution. If one class is more than twice as big as another class, resampling with
replacement (105% of original data size and 0.5 bias) will be applied. The new data set
is saved to file latexmodel.model. But if no resampling is required, the original data is
simply saved to latexmodel.model.

(3) Generate command-line string that calls Weka’s J48, using

latexmodel.model as training data and weathertoday.arff as a new case to be predicted.
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Weka then runs J48 classifier and returns a prediction. The result is saved to the
database and can be sent to client applications.

8. Weather Service gets daily meteorological conditions from the client
application of Thai Meteorological Department.

Note that the users must develop their own web applications (clients) that
connect to the web service system and call each service.

4.2.2 Web service page for general system users
Figure 4.1 shows the first page of the web service system, including
service usage and registration information and links to other external websites.
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Figure 4.7 First page of web service system

4.2.2.1 About system menu “About system” menu provides
the following information:

- “System Agreement” explains the agreement for calling
services. In order to obtain the data from provided services (such as Latex Stock
Service), the client applications must also send their data to the following services:

e Latex Price Service.
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e Latex Buying and Reselling Service.
e Latex Alert Service.
- “Provided Services” lists services that send data to client
applications:
e Latex Stock Service.
e Latex Daily Price Service.
e Latex Daily Alert Service.

e Latex Volume Prediction Service.
4.2.2.2 Registration menu Registration page allows the users

to register, such that their applications can call the services. The system administrator

will manually check the users’ information and enable their accounts.

4.2.3 Web service page for administrators
Figure 4.2 shows administration page of the web site. The administrator

can manage data in the system such as viewing, editing, and deleting the data.
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Figure 4.8 Administration page
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4.3 Evaluation of Web Services

The web service system was evaluated by 5 system developers who had

experience in web programming as summarized in Table 4.1.

Table 4.1 System Evaluators

Evaluator Experience
1 Senior programmer in a private enterprise
2 Chief of Management Information System (MIS) in the computer
center of a university
3 Instructor in web programing in a university
4 Engineer (Professional Level) in the computer center of a university
5 IT manager in a private enterprise

The evaluation was based on 2 main criteria. The first criterion addressed

opinions about general appearance of the website and the provided information about

web services. The second criterion addressed opinions about the functionality of the

provided services. Five-scale rating system was used. Each sub-criterion was rated one

of the following: (1) very poor, (2) poor, (3) neutral, (4) good, and (5) very good.

Table 4.2 Website Usability

Criterion Number of Rating Result

Evaluators X S.D.

1. The website is easy to access 5 4.20 1.095
2. Fonts are clear and easy to read 5 3.80 0.837
3. Color scheme on website is appropriate 5 4.00 0.707
4. Images on website are appropriate 5 3.80 0.447
5. The provided information is sufficient 5 3.80 0.837
Average 5 3.92 0.573
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From Table 4.2, the average rating score was 3.92 and the standard

deviation (S.D.) was 0.573, indicating that the website usability was quite good.

Table 4.3 Web Service Functionality

Criterion Number of | Rating Result

Evaluators | X S.D.

1. Terms and conditions of using web services is clear 5 3.60 | 1.140
2. Service descriptions are easy to understand 5 3.80 | 1.095
3. The provided services are sufficient 5 4.00 | 0.000
4. Service processing is fast 5 4,00 | 1.000
5. Results from web services are accurate 5 420 | 0.837
6. Results from web services are useful for business 5 460 | 0.548
Average 5 4.03 | 0.691

From Table 4.3, the average rating score was 4.03 and the standard
deviation (S.D.) was 0.691, indicating that the web service functionality was quite
good.

However, there were some feedbacks concerning the first 2 criteria. First,
terms and conditions of using web services should be provided in the registration page
and should be presented as a list. Second, service descriptions should be made clearer.
Input and output variables should match the variables listed in WSDL. And the
website should have a page for testing service calls. Another suggestion is to improve
the authentication to ensure more security.

Following the evaluators’ feedbacks, the website and service descriptions
were updated accordingly. However, the security aspect requires major extension and

therefore is left for future work.
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CHAPTER V
CONCLUSIONS

5.1 Conclusions

This research aims to develop a web service system to exchange latex
trading data between latex traders in local markets and publish daily latex volume
prediction. The latex traders can develop their latex trading programs on any platform
and let their programs call the services. There are 8 services available including: Latex
Price Service, Latex Buying and Reselling Service, Latex Alert Service, Latex Stock
Service, Latex Daily Price Service, Latex Daily Alert Service, Latex Volume
Prediction Service, and Weather Service.

Another aim of this research is to predict the latex volume being traded in
Hatyai District of Songkhla, Thailand, using 9 meteorological variables. Three
classification methods: decision tree (DT), neural network (NN), and support vector
machine (SVM) were used for the prediction. Sampling with replacement, in
conjunction with bias factor, was used to handle class imbalance.

Based on experimental results, DT appeared to be the best choice. It is
well aware that in other research, given different data, their choices of classifier may
be different. Yet, this work contributes in presenting an empirical method to pick a
proper one. First, classifiers and classes affected by class imbalance were identified
from initial experiments. Then, class distribution was adjusted toward uniform. The
trends of F-measures (of individual classes) over the class distribution indicated
whether improving the prediction of the smallest class caused decline in the others. In
this research, DT was chosen because of its robustness to this situation. The latex
volume prediction was also incorporated into a web service.

The proposed web service system was evaluated by 5 experienced system
developers. Overall, the usability of website and the functionality of services were

satisfying.
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5.2 Contributions

1.5.1 The proposed web service system can help latex traders save cost for
developing individual latex trading program. If the latex traders develop full trading
programs by themselves, the cost of development will be it high. And it will be
difficult for them to aggregate and share the trading data.

The proposed system provides common services for their programs. Web
service enables web applications on different platforms to communicate with each
other by calling the provided services. In addition, the proposed system can help
traders exchange trading data and visualize the movement of latex volume in the area.

1.5.2 Results of latex volume prediction, based on daily weather condition,
can help latex traders estimate daily latex volume in the market. This can help them

plan for trading and bargaining, and even further for rubber production.

5.3 Limitations
Latex trading data from local traders and daily meteorological conditions
from Thai Meteorological Department were mostly incomplete, which could affect the

accuracy of latex volume prediction.

5.4 Suggestions for Future Work

5.3.1 In this study, we focused only on latex trading in Hatyai District of
Songkhla Province. Therefore, we would suggest the future study to gather trading
data from all potential rubber areas in Thailand. Additional services may be added to
support the requirements of other areas. It would benefit the traders to compare latex
volume prediction across different areas.

5.3.2 According to the evaluators’ feedbacks, the security of web service
system should be improved, for example, regarding user authentication and secure
data transfer between client programs and the web service system.

5.3.3 This study uses 3 classification methods: decision tree (DT), neural

network (NN), and support vector machine (SVM) for latex volume prediction. Other
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methods such as multiple linear regression may also be tested. But for the prediction to

be more reliable, the data should be complete.
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Table A.4 Number of records of each class (resampled data)

. Class
Sample Size (%) — G MEDIUM Low
105 46 371 267
110 48 389 280
115 50 407 203
120 52 424 306

Table A.5 Overall accuracy (resampled data)

Sample Size (%) DT NN SVM
105 80.99 76.75 69.73
110 80.05 75.59 70.71
115 79.33 75.2 70.53

120 81.07 76.98 71.22
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Table A.7 Number of records of each class (resampled and balanced data)

Sample Size Bias Class
HIGH MEDIUM LOW
0.1 67 374 276
0.2 86 359 272
0.3 105 344 268
0.4 124 329 264
110 0.5 143 314 259
0.6 263 299 255
07 182 284 251
0.8 201 269 247
0.9 220 254 243
1.0 239 239 239
0.1 73 408 301
0.2 94 329 297
03 115 375 292
0.4 136 359 288
120 0.5 156 342 283
0.6 177 326 279
07 198 310 274
08 219 293 270
0.9 240 277 265

1.0 261 261 261
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Table A.8 Overall accuracy (resampled and balanced data)
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Sample Size Bias DT NN SVM
0.1 79.49 73.77 68.75

0.2 80.19 73.22 68.06

0.3 78.66 71.54 69.31

0.4 81.86 70.71 67.92

110 05 78.49 69.97 69.27
0.6 81.17 70.15 68.20

0.7 81.45 71.54 66.66

0.8 82.84 73.91 65.13

0.9 82.00 73.36 64.85

1.0 85.77 72.66 62.34

0.1 81.71 74.04 70.97

0.2 82.24 74.96 70.24

0.3 83.63 70.58 69.94

0.4 81.60 73.30 68.19

120 0.5 84.12 72.47 68.11
0.6 81.45 73.65 69.05

0.7 82.73 71.73 69.43

0.8 84.78 74.93 67.26

0.9 85.54 74.16 66.36

1.0 84.16 72.03 64.24
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APPENDIX B
PROVIDED SERVICES
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Figure B.1 Latex Price Service
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Figure B.2 Latex Buying and Resell Service



Fac. of Grad. Studies, Mahidol Univ. M.Eng. (Computer Engineering) / 69

< PR T A ¥ . - ¥
AuroFiadmIunsuas H'Uﬁ&lu'ﬂal_.l'ﬂi 53 0YBUNE WAL EUSLNULNEIWTS

weuunlny AUEAFMNSSUANERY UnTAineNduLRea

whusn | Wenduszuy | acwsdin | msmowmi. qui Snasiiannn ) | @nuiusdnma | nsugaiimiivin | dadasy
wihgssun
Latex Alert Service P
Hagld
[Description : s
Latex Alert Senvice usruydsiauauiadantasannsods s i fainnuadstuusias u g pnad

hitp://127.0.0.1/latex

s ey rep—— Pr———— neAsaia e 07 n.a. 5
Publisher: malzisanssaaifLees @ IAIRsIATERS e attiaa

email: mongkon.you@student. mahidol ac.th lgalmi 24:
Development Tool: PHP \idadm 24
URL of WSDL : hittp://127.0.0.1/latex/ba erver_save_alert php?wsdl p—— =
e o A =
e String ASIYBNNUAS 2:
String v =
v String Aia e S
swazden; fvualidu String www.tmd.go.th

Service Description

I\/I |< L eV U%D‘I‘J’IU U IARLIARNTSEIIWEILI

winusn | sanudammiame | ssusnemlssaniu | g | dsnasimeluii | sieminaatuiiuil | wnassilfnanitmna | Latex Report

& usadau Latex Alert

wansak

Tigandsn

SEND) [CLEAR

Client Program (Latex Trader’s)
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Figure B.4 Latex Daily Price Service
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Figure B.5 Latex Daily Alert Service
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Figure B.6 Latex Stock Service
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