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Internet technology has affected human lives in many disciplines. The search engine

is one of the most important Internet tools in that it allows people to search information.

Search queries entered in a web search engine can be used to predict dengue incidence. This

vector borne disease causes severe illness and kills a large number of people every year.

This dissertation utilizes the capabilities of search queries related to dengue and climate to

forecast the number of dengue cases. Several machine learning techniques are applied for

data analysis, including multiple linear regression, artificial neural networks, and the seasonal

autoregressive integrated moving average. Predictive models produced from these machine

learning methods are measured their performances to find which technique generates the

best model for dengue prediction. The results of experiments presented in this dissertation

indicate that search query data related to dengue and climate can be used to forecast the

number of dengue cases. The performance measurement of predictive models shows that

Artificial Neural Networks outperform the others. These results will help public health

officials in planning to deal with the outbreaks.
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CHAPTER 1

INTRODUCTION

1.1. Background and Discussion of the Problems

There is no doubt that epidemics of infectious diseases have plagued mankind on a

global level [15, 31]. Many historical and epidemiological disasters have affected a great

number of people throughout the world. The Black Death in the fourteenth century, for

example, killed about 250,000 people in Europe. Three and a half million people died

due to smallpox in 1521. In 1918, pandemic influenza caused over 20 million deaths [15].

Additionally, increased population and decreased travel time in our civilized era have greatly

facilitated the outbreak of diseases, including their emergence, and their evolution [31].

In particular, the outbreak of a novel strain of the influenza H1N1 in 2009 resulted in

over 414,000 cases and approximately 5,000 deaths worldwide, as reported by the World

Health Organization (WHO) [65, 48]. Other examples include hand-foot-and-mouth disease

in Southeast Asia and the outbreak of vector-borne diseases, such as malaria, dengue, and

chikungunya, in tropical and sub-tropical nations. These diseases have increased the concern

regarding epidemics. Dengue infects people in 50-100 countries and kills nearly 24,000 people

worldwide each year, including people in South America, South Africa, South Asia, and

Southeast Asia [48]. Figure 1.1 shows the prevalence of the risk of dengue throughout the

world in 2012 [37].

The public health agencies of most countries need to deal actively with these epi-

demics in order to curtail the diseases. Efficient and effective processes must be established

for monitoring, surveillance, early warning, and interventions. The world Health Organi-

zation (WHO) and the United States Centers for Disease Control and Prevention (CDC)

have engaged worldwide to actively implement surveillance systems to counter infectious

diseases. However, there are significant challenges, including the unpredictability of the

disease dynamics, shortage of vaccines, and limits of funding and other resources to help

overcome such diseases. Dengue epidemics, for example, have affected a large number of
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people and led to many deaths around the world [37, 48]. This particular vector-borne dis-

ease requires a tremendous amount of monetary resources annually, especially in hospitals,

where the number of patients grows rapidly during an epidemic. To cope with this outbreak

efficiently, governments require experts, equipment, medicine, and response strategies to deal

with symptoms and to reduce the mosquito populations. Unfortunately, the main concern

about dengue is that there is no vaccine to prevent its infection, and the virus spreads mostly

in developing countries [48]. Dengue infection in Southeast Asia has caused many cases and

deaths, especially in children [48]. In fact, within the three years from 2010 to 2012, the

number of dengue cases in Thailand reached 198,361, with 206 deaths [47]. Hence, some

researchers have declared that dengue is currently the most serious vector-borne disease

globally. It spreads mostly durring the rainy season and after floods [3, 4, 20, 28, 52].

Figure 1.1. Dengue risk throughout the world in 2012

Dengue was first identified in 1779 in Asia, Africa, and North America [70]. The

global dengue outbreak first occurred in Thailand and the Philippines in the 1950s. In 2010,

the dengue infection in Thailand caused nearly 97,000 cases and there were 114 deaths.
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Furthermore, dengue infected 53,506 individuals and killed 45 people in 2011 [47]. Many

different factors make it difficult to prevent and control dengue epidemics, such as the lack

of a vaccine to prevent the infection, severe flu-like illness symptoms in children with weak

immune systems, the lack of planning for or control of the disease’s outbreak in urban areas,

and the lack of sufficient specialists, including physicians, epidemiologists, and researchers

[36, 49, 51]. Moreover, climate change, governmental budget constraints, and administra-

tion inefficiencies are other factors that make it difficult to control dengue outbreaks. It is

important that all countries at risk take into account these obstacles to dealing with dengue

fever before a severe outbreak occurs involving a large number of people.

Such relevant organizations as public health agencies in each country need to deal

with dengue outbreaks efficiently. A surveillance system is one strategy that can monitor

the epidemics of dengue; at least it would mitigate or reduce the spread of the disease.

Epidemiological surveillance gathers, analyzes, and interprets data about a particular disease.

It then reports the results and conclusions to relevant organizations, typically the public

health agencies [70]. In Thailand, for example, a dengue surveillance program was initially

established in 1973. In this program, experts like doctors collected blood samples from

patients from 60 provincial hospitals around the country to be tested so that the spread of

the disease could be confirmed. The doctors then reported their results to the ministry of

health [29]. However, the challenge was that the laboratory process needed time for diagnosis

and confirmation.

Currently, the delayed report of dengue cases is still a problem of the dengue surveil-

lance system. Moreover, during hospitalization, dengue infection still continues to occur,

especially in urban areas near watercourses, or in areas with rainfall [48]. Therefore, dengue

fever is a dangerous disease, and those nations in at-risk geographies need to pay more at-

tention to this particular mosquito-borne disease; otherwise, dengue may kill an enormous

number of people throughout the world.

Some experts have tried to help epidemiologists and public health organizations to

overcome disease epidemics. For example, researchers have studied how viruses spread and
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predicted the distribution of diseases in different situations through the modeling and sim-

ulation of disease epidemics. This has helped relevant public health agencies to implement

active response plans, such as early detection of the outbreak, controlling mosquito popu-

lations, migrating at-risk people, and preparing enough physicians, hospitals, and medicine,

among other interventions [19, 22, 39]. However, accurate modeling and simulation depends

on the data, models, and parameters used, to which simulation results are very sensitive. For

instance, a minor change of one particular parameter may result in extremely different re-

sults. In addition, some experiments may require high performance computing for modeling

and simulation of the disease epidemics; otherwise, experiments can not be easily completed

within the the expected period of time [5, 33, 41].

Another technique to fight the spread of infectious diseases is the development of

surveillance systems that utilize data from other resources, including websites or social media.

Twitter, for instance, is a kind of online social network with data that has been used to

predict disease epidemics using different methods in order to help epidemiologists and public

health organizations control the disease outbreak [27, 59]. The use of social network data

can help researchers estimate the number of such dengue incidences ahead of official reports,

which always take time depending on the laboratory process. The results of this kind of

study can help researchers make a good prediction of the number of dengue cases at near

real-time even though the people who tweeted did not go to hospitals or get diagnosed.

This research utilized data from another resource on the Internet: typically search

query data that people entered on the Google search engine. The data were used to predict

the number of dengue cases in Thailand. Several machine learning techniques were used to

find the best predictive model. Another main aim of this study was to find whether climate

search terms have correlation with dengue outbreaks. The study focused on the query search

terms that related to both dengue search terms and climate search terms, including rainfall,

temperature, and relative humidity.
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1.2. Research Objectives

The research objectives of this study were to assess whether online data, epidemio-

logical and meteorological data, from Google Trends are a viable data source for monitoring

dengue epidemics. The objectives of this research are as follows:

(i) To find correlations between dengue outbreaks and online search query data, using

dengue search terms and climate search terms

(ii) To predict the number of dengue cases using dengue related search terms and cli-

matic search terms from the Google Trends website

(iii) To compare different predictive models used to predict dengue cases

(a) Multiple linear regression (MLR)

(b) Autoregressive integrated moving average (ARIMA)

(c) Artificial neural network (ANN)

1.3. Research Questions

Research questions in this study followed the research objectives. Three research

questions can be addressed as follow:

(i) Do dengue related search terms and climatic search terms correlate with the occur-

rence of dengue epidemics?

(ii) Can dengue related search terms and climatic search terms from the Google Trends

website be used to predict dengue cases?

(iii) Which machine learning technique leads to the most effective model to predict

dengue cases: multiple linear regression (MLR), autoregressive integrated moving

average (ARIMA), or artificial enural network (ANN)?

1.4. Overview

This chapter has introduced background information, provided the motivation for this

study, indicated the research objectives, and identified the research questions. The remainder

of this dissertation is organized as follows: Chapter 2 introduces the basic concepts related

to dengue and the dengue situation in Thailand; next introduces the search query, Google
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Trends, and finally focuses on the review of relevant literature related to the prediction

of dengue epidemics. Chapter 3 outlines the methodology used in this research, including

data sources to be used in this research, computational predictive models, and validation.

In this chapter, three machine learning models are introduced: multiple linear regression,

autoregressive integrated moving Average (ARIMA), and artificial neural network (ANN).

Chapter 4 summarizes the prediction analysis and the research results. Chapter 5 consists

of conclusion, contribution, limitations, and future work.
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CHAPTER 2

LITERATURE REVIEW

This chapter presents an overview of literature relevant to this research, including lit-

erature on disease surveillance, types of disease surveillance systems, syndromic surveillance

systems, and dengue surveillance systems in different types.

Disease surveillance is the collection, analysis, and dissemination of data on diseases

in order to predict cases, prevent disease, or control further spread of disease [64, 71]. The

main goal of disease surveillance is to monitor the spread of diseases by predicting, observing,

and minimizing the harm of the disease outbreak. Moreover, disease surveillance is also used

to identify high-risk populations and areas, determine the frequency of occurrence or burden

of disease, and perform other tasks to stop the disease outbreak [64].

The types of surveillance appropriate for a particular disease depend on the charac-

teristics and the outbreak of that disease. Sometimes, the disease surveillance system covers

the entire country. When the number of cases of a disease is high, it is important to know

where those cases are. In contrast, if the number of cases is reduced, it is necessary to

eliminate and investigate individual cases. The disease surveillance system can be divided

into three categories: passive surveillance, sentinel surveillance, and active surveillance [64].

The first category of surveillance system is passive surveillance, which relies on the

regular disease data that all institutions (local staff) report to a higher administrative level

so that the received data can be analyzed for use in monitoring the disease outbreak [64].

In other words, this type of surveillance gathers disease data from all reporting health care

workers. In most countries, the regular data are required to be reported monthly, weekly,

or daily. However, although passive surveillance is inexpensive, it is difficult to receive

complete data due to the size of areas, financial situations of governments, the effectiveness

of the laboratory process for confirmed cases, the availability of specialists for the disease, etc.

These may result in low informative of quality reports and slow the surveillance process. For

example, some developing countries have not enough specialists and laboratories to support
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efforts against the disease, which leads to a high number of patients in hospitals [64].

Another kind of surveillance system is active surveillance, which is the process of

investigating an outbreak of the specific disease in focused areas. In order to collect disease

data, health care workers have to visit health facilities, such as hospitals and clinics. In

this kind of system, health care workers might review medical records, interview health

workers, visit relevant outpatients in hospitals or clinics, or receive information regarding

the confirmed cases from the laboratory. If a case is found, these staff members must

report the information rapidly to high levels of administration. This active surveillance

is commonly used when a specific disease outbreak is found and must be eliminated. This

method reports cases, location, time, and type of virus, more accurately and quickly than the

passive surveillance. However, this system is more expensive and more difficult to conduct

[64].

The next surveillance system is sentinel surveillance. This type of surveillance is used

to gather the specific high-quality data related to a particular disease from a small group of

health workers, who gather disease data, in the specific area. This method is conducted in

selected locations and is used when the data cannot be collected using the passive surveil-

lance. The data collected can be used to predict trends or monitor the disease outbreak in

the targeted area. This type of surveillance system requires the effective participation of

health facilities (hospitals), easy access to the targeted groups, and high quality diagnostic

laboratories [64].

Last but not least is the category of syndromic surveillance system. This type of sys-

tem was motivated by the terrorists attack on the United States on September 11, 2001, and

the subsequent outbreak of anthrax (bioterrorism) in the USA. The syndromic surveillance

system was developed in the US for early event detection and expanded to be implemented

for early detection of disease epidemics at real-time or near real-time around the world

[8, 23, 30]. In other words, the system aims to quickly detect and monitor disease epi-

demics before diagnoses are confirmed in order to reduce morbidity and mortality [30]. This

method collects the health-related data and then analyzes, interprets, reports the numbers
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of predicted cases, and provides early warning of the disease outbreak. In the process of

monitoring the disease outbreak, this method might use data mining approaches to achieve

the goal of this surveillance [75].

More recently, syndromic surveillance systems have been widely used around the

world. Therefore, the syndromic surveillance systems’ names themselves are diverse, includ-

ing early warning systems, clinical surveillance, outbreak surveillance, prodrome surveillance,

biosurveillance systems (or electronic biosurveillance systems), health indicator surveillance,

and symptom-based surveillance [23, 30, 69].

Syndromic surveillance system, for example, was conducted for hurricane Katrina

evacuees seeking shelter in Houston’s astrodome and Reliant Park Complex [42]. This study

investigated the outbreak of acute gastroenteritis. The researchers developed a survey health

assessment tool and trained the volunteers on how to conduct the survey, gather data,

and interview evacuees. The 29,478 evacuees were asked about their symptoms, such as

fever, vomiting, diarrhea, sore throat, cough, runny nose, and rash. The results showed

a high increase in vomiting and diarrhea, which are symptoms of acute gastroenteritis.

The researchers claimed that this symptom monitoring tool successfully confirmed an early

detection of this outbreak [42].

In the era of real time communication technology, the reporting of confirmed cases

in disease outbreaks has changed dramatically with the use of the Internet. In fact, the

disease incidences can be reported within days or sometimes within hours. This potential

may stimulate related organizations to make disease information available as quickly and

accurately as possible [71].

Severe and dynamic disease outbreaks have stimulated the efforts toward early de-

tection of disease outbreaks around the world. New methods have been introduced in order

to predict the numbers of cases and then give an early warning for disease outbreaks. The

use of other resources (Internet and social networks) for monitoring disease outbreaks has

played an important role for public health agencies, epidemiologists, and researchers [57].

Data analysis processes may use machine learning or data mining techniques. This new kind
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of surveillance can help in dealing with disease epidemics, such as reducing morbidity and

mortality.

The use of social media to advance epidemiology of Influenza is a good example of

improving disease surveillance. This study collected data from Spinn3r during the Fall flu

season from August 1 to October 1, 2008, and then analyzed the data. The results showed

a high correlation between the data on Spinn3r and the US Center for Disease Control and

Prevention surveillance reports (r = 0.767) with 95% confidence [16].

Twitter data from social networks are another resource that can be used for monitor-

ing disease epidemics. Researchers from the United Kingdom, for instance, analyzed Twitter

data for 24 weeks during the occurrence of the seasonal flu H1N1 in 2009. The results in-

dicated that the Twitter data can be used to monitor the flu. The correlation between the

normalized Twitter data and the UK health protection agency (HPA) for five regions was

over 0.8 [35]. In addition, the approaches of utilizing Twitter tweets for disease surveillances

have been widely used to monitor not only the Influenza H1N1, but also many other diseases

including malaria, dengue, yellow fever, measles, poisoning, cholera, typhoid, hepatitis, and

smallpox [1, 27, 34, 59].

Regarding the effort of utilizing the social networking data from Facebook, which

has become a popular social network, many studies have conducted experiments to gather

Facebook data that people posted in public for analyzing, monitoring, and predicting trends

[14, 18, 45]. In [21], the researchers collected Facebook data for modeling virus propagation.

The findings of this work showed that people posted information about their illnesses in their

messages on Facebook for entertainment. This indicates that Facebook data can be used for

monitoring disease outbreaks.

The data from social networks in the previous examples indicate that Twitter data is

useful for the disease surveillance system: the systems can track disease epidemics, predict

the number cases, and identify the disease outbreak at near real-time. In [1], for another

example, the researchers introduced the framework called social network enabled flu trends

(SNEFT), which crawled Twitter messages that were related to the H1N1 symptoms and the
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data from the influenza-like illness (ILI) reports (this report is always delayed 1-2 weeks).

Researchers collected 4.7 million tweets from Oct 18, 2009, to Oct 31, 2010, and used the

auto-regression model to analyze the data and predict the ILI incidences. The correlation

of the two sets of data was very high (r = 0.98), indicating that the Twitter data are useful

data for disease surveillance [1]

Different data mining or machine learning algorithms can be used for analyzing disease

data, including naive bayes, descision tree, artificial neural networks, support vector machine,

etc. [11, 60]. These algorithms can be used to identify the high season of outbreaks and

to predict the number of cases. In [60], the researchers predicted the occurrence of heart

disease by analyzing data in the fields of medicine, computer science, and engineering, from

journals and publications provided on the Internet. Different algorithms were used; the

results showed that decision tree outperforms naive bayes and artificial neural Networks.

Another approach is the use of machine learning models to predict heart disease. The

researchers collected healthcare data from UCI database, which is the database provided

by University of California at Irvine. The data consists of different attributes related to

heart disease, such as age, sex, blood pressure, and blood sugar. The researchers applied

different kinds of models, including rule based, decision tree, naive bayes, and artificial neural

networks. The findings showed that the naive bayes model outperforms the others. This

model could predict a heart attack with the accuracy of prediction about 84% [61].

The efforts in disease surveillances have been extended to dengue fever, which oc-

curs throughout the world perennially, especially in those countries located in tropical and

subtropical zones [48]. This particular disease kills more people than influenza [44]. One

example of a dengue surveillance system is the use of official data as a time series for ana-

lyzing, monitoring, or predicting dengue outbreaks. In this study, the researchers conducted

their experiment by analyzing data on dengue reported in Dhaka, Bangladesh, from Janu-

ary 2000 to October 2007. This study proposed seasonal autoregressive integrated moving

average (SARIMA) models for use in analysis. The results revealed that the SARIMA

(1, 0, 0)(1, 1, 1)12 is the most effective prediction model [13].
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Additionally, it has been proposed that efforts toward the use of surveillance systems

for the early detection (real-time or near real-time) of dengue utilize data from other re-

sources. For instance, the researchers in [27] collected data from two different sources in

Brazil: the Twitter data that are related to dengue terms (dengue) and the official dengue

cases. The linear regression model was used for predicting the number of dengue cases. The

results showed that the value of predictive model and the Twitter data have high correlation

with R2 = 0.9578.

In conclusion, the effort toward conducting disease surveillance systems is crucial,

particularly for the severe outbreaks of Influenza, dengue, and other diseases that affect a

great number of people around the world. Different surveillance systems have been proposed

to identify the outbreak and the of cases. The faster predictions bring several advantages,

including saving people’s health, lives, and money. Some experts have proposed methods

to monitor diseases using official data while the others have conducted surveillance systems

that utilize data from other resources. In addition, some studies have proposed data mining

or machine learning methods for the process of data analysis. However, although these

surveillance systems are effective, some issues needed to be considered, such as the quality

of data, the process of analyzing data, or the model prediction. The next chapter reviews

more details in methodology, including research design, data sources, data analysis, and

validation.
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CHAPTER 3

METHODOLOGY

This chapter presents the research design, analytical process, and predictive models

used to address the research objectives. First, this chapter provides a description of the

study design, and then it gives a detailed description of the datasets, including search query

data (online data) and official data. Next, the chapter provides more detail on different

models of machine learning, then discusses the validation of the experiment.

3.1. Design

Search query data

1. Multiple Linear Regression
2. Artificial Neural Network

Predictive Models

3. Seasonal Autoregressive In-
tegrated Moving Average

1. Root Mean Squared Error
2. Correlation
3. K-Fold Cross Validation

Model Evaluation

Official data

Results

1. Forecasting results
2. Best Model

Dengue terms
Climate terms

Dengue cases

Dengue terms
Climate terms

Dengue cases

Dengue cases

Figure 3.1. Research framework

Figure 3.1 shows the research framework, consisting of five main components. The

first two components are databases from official reports and from the search query website.

The next three components are the predictive models, the model evaluation, and the results.

These five components are described in detail in the following sections.
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3.2. Data

In order to achieve the research objectives, especially the prediction of dengue cases,

two kinds of data sources were used as described below.

3.2.1. Official data

The official data, the number of dengue cases, were collected from the official web-

site of the Thailand Vector-Borne Disease Bureau, the Department of Disease Control,

Thailand. This web site provides free statistical data for the whole country at the URL:

http://www.thaivbd.org/dengue.php?id=234 [10].

Month
Year

2008 2009 2010 2011 2012

January 3,323 2,614 3,618 2,890 1,956

February 3,141 2,057 3,709 2,239 2,015

March 3,831 2,324 4,539 2,373 2,397

April 4,587 2,947 4,301 3,117 3,077

May 8,695 6,234 7,589 7,659 4,965

June 13,868 8,569 13,882 11,688 8,377

July 14,422 7,184 21,398 11,487 10,044

August 12,450 7,302 23,260 9,086 9,709

September 8,091 5,016 16,037 5,662 8,801

October 8,026 4,604 8,976 3,982 9,486

November 5,928 4,724 5,688 3,980 9,765

December 3,264 3,040 3,249 1,808 3,658

Total 89,626 56,651 116,246 65,971 74,250

Table 3.1: Reported cases of dengue in Thailand from 2008 to 2012
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3.2.2. Search query data

A search query is a word or string of words that a user enters into a web search engine

to find related information, based on location and time [25, 74]. This study made use of the

new Google Trends web search engine, which is an online search tool that shows how often

a particular search query or search term has been used over particular periods of time, in

different regions, and in various languages [53, 72]. The Google Trends website is available

at the following link: http://www.google.com/trends/. Figure 3.2 shows an example of a

result from Google Trends on the use of term “[Thai] dengue” in Thailand from January

2008 to August 2013. The line in the graph indicates the frequency of “[Thai] dengue”.

Figure 3.2. Google Trends’ results using the term “[Thai] dengue” from

January 2008 to August 2013

The frequencies of different search terms from Google Trends web search engine were

collected from January 2008 to August 2013. The study focused on Thai Internet users who

searched for information of interest, related to dengue and climate. These search queries

were categorized into four groups: dengue terms, rainfall terms, temperature and humidity
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Category Variable Search Query Remark

Dengue terms

X1 dengue
X2 dengue fever
X3 dengue symptoms
X4 mosquito bites
X5 ยุงลาย [Thai] aedes aegypti
X6 ไข้เลือดออก [Thai] dengue
X7 โรคไข้เลือดออก [Thai] dengue fever
X8 อาการไข้เลือดออก [Thai] dengue symptoms
X9 ยุงกัด [Thai] mosquito bites
X10 ป้องกันไข้เลือดออก [Thai] dengue prevention

Rainfall terms

X11 rain
X12 raining
X13 rainy season
X14 flood
X15 น้ำฝน [Thai] rain
X16 ฝนตก [Thai] raining
X17 ฤดูฝน [Thai] rainy season1 (formal term)
X18 หน้าฝน [Thai] rainy season2 (informal term)
X19 น้ำท่วม [Thai] flood
X20 น้ำขัง [Thai] waterlogging
X21 ปริมาณน้ำฝน [Thai] rainfall amount

Temperature & humidity terms

X22 temperature
X23 hot
X24 humid
X25 humidity
X26 อูณหภูมิ [Thai] temperature
X27 ร้อน [Thai] hot
X28 ชื้น [Thai] humid
X29 ความชื้น [Thai] humidity

Concept terms

X30 [Concept] dengue X1+X2+X6+X7
X31 [Concept] dengue symptoms X3+X8
X32 [Concept] mosquito bites X4+X9
X33 [Concept] rain X11+X12+X15+X16
X34 [Concept] rainy season X13+X17+X18
X35 [Concept] flood X14+X19+X20
X36 [Concept] temperature X22+X26
X37 [Concept] hot X23+X27
X38 [Concept] humidity X24+X25+X28+X29

Table 3.2: Variables and search queries

terms, and concept terms. The concept term is the combination of the frequency of some

search terms having similar or close meanings. This category of search terms was created to

verify whether the collected data are good for dengue prediction because some search terms
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have low frequency, which would result in low accuracy of prediction. All search queries,

which are the independent variables, are shown in Table 3.2.

3.3. Predictive Models

Predictive models are sophisticated algorithms, used in data mining techniques, which

estimate an unknown value based on historical data [63]. This research predicts dengue

incidences in Thailand in order to help the public health agencies plan to control and mitigate

dengue outbreaks, for example, by apportioning resources for specific times. In addition,

this work tries to find the best predictive model from the three candidate models, which are

multiple linear regression, autoregressive integrated moving average (ARIMA), and artificial

neural network.

3.3.1. Multiple Linear Regression

Multiple linear regression is the statistical method employed to model the relation-

ship between a dependent variable (response variable) and two or more independent variables

(explanatory variables) [9, 40, 73]. In other words, this technique attempts to predict the out-

come and quantify the strength of the relationships among the variables. A simple equation

of the multiple linear regression is in the form

(1) Y = β0 + β1x1 + β2x2 + ...+ βkxk + ε

where y is the response variable, β0 denotes the intercept of the line, β1 to βp are coefficients

or slopes, k is the number of independent variables, ε is the error term or noise, and x1

to xk are independent variables or predictors; in this research, each independent variable

represents the volume of the search query, and the response variable is the official number

of dengue cases reported.

The best fitted model is the one that minimizes the sum of squared errors (SSE) or

the sum of squared deviations of prediction, which is given by [40, 62]
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(2) SSE =
n∑

i=1

(yi − ŷi)2

where SSE is the sum of squared errors, y is the number of dengue cases, ŷ is the predicted

value from the fitted model, n is the size of the data set, and i = 1,..., n.

The sum of squared error is one of the properties of a regression analysis. Another

property of a regression analysis is the sum of squares due to regression (SSR), which can

be defined as [40, 62]

(3) SSR =
n∑

i=1

(ŷi − ȳ)2

where SSR is the sum of squares due to regression, ŷi is the predicted value from the fitted

model, and ȳ is the mean of the the actual values (number of dengue cases).

That is, the equation of the total sum of squares (Total SS) can be defined as

(4) Total SS =
n∑

i=1

(yi − ȳ)2 = SSR + SSE

In multiple linear regression analysis, the Total SS is used for the multiple coefficient

of determination (R2). The coefficient of determination gives the proportion of the Total SS

that is explained by the independent variables [40]. The R2 is found using the formula

(5) R2 =
Total SS − SSE

Total SS
=

SSR

Total SS

The values of the R2 are in the range of -1 to 1, which indicates the goodness of a

fitted model. A value of R2 close to 1 means that the predictor variables provide almost

all information that contribute to the prediction of y. In contrast, a low value of R2 means

that the independent variables provide little information for the prediction of y [40]. For

example, The value R2 = .645 indicates that 64.5% of the total variation of the y values (the

number of dengue cases) can be explained by the variables used in the model (the search

terms). The remainder, 35.5%, is unexplained variation.
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In multiple linear regression analysis , the F value and the t value are the other two

values that are shown in the analytical results. These values are used to test against the

F statistics and the t statistics for hypothesis testing, respectively. If the F value is grater

than the statistical F value, it is supposed to reject the null hypothesis, which means that

at least one of the predictor variables provides information for the prediction of y [40]. In

other words, at least one of the search terms (in the model) contributes information for the

prediction of the number of dengue cases.

In addition, the t value is the value used to test the significance for an individual

parameter to predict the value of the dependent variable. If the t value exceeds the t

statistical value (rejecting the null hypothesis), it means that the variable x (independent

variable) is a significant predictor of variable y (dependent variable). In other words, this

variable x (in this study, a search term) is an important factor in the prediction of y (in this

study, the number of dengue cases).

3.3.2. Artificial Neural Network (ANN)

An artificial neural network or neural network is a model of machine learning inspired

by the biological nervous system, especially the human brain, which consists of nerve cells

called neurons. A neuron is connected to other neurons via axons, which transmit nerve

impulses to other neurons [63, 76]. Figure 3.3 shows simplified biological neurons [56].

Similar to the human brain structure, an ANN is the connection of nodes, known as

neurons or units. The two kinds of nodes, input nodes and output nodes, are represented

by neurons. Each input node is connected to the output nodes via the weighted links,

which represent the strength of synaptic connection. The well-known multilayer perceptrons

(MLP) are the most used learning method for forecasting, especially the time series studies.

Moreover, the ANNs have been applied to classification and pattern recognition problems.

Currently, they are being used in different domains of science, business, and industry [26,

32, 56, 76].

Figure 3.4 depicts a multilayer perceptrons approach (MLP), which is composed of
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Figure 3.3. Simplified biological neurons

Input
layer

Hidden
layer

Output
layer

X 1

X 2

X 3

X 4

X 5

Ouput

Figure 3.4. A typical multilayer feed-forward artificial neural network (ANN)

several layers of nodes. The first layer is an input layer, which receives external information.

Each node in this layer represents an independent variable. The last layer is the output layer,

which obtains the solution; it represents the dependent variable. Between the input layer

and output layer are one or more intermediate layers called hidden layers, which contain the

nodes that are connected from the input layer to the output layer by the arcs or weighted

links. These links represent the strengths of the relationships among the neurons. A high
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value of a weight indicates a strong connection between 2 neurons [32, 76].

For the training process, the feed-forward and backpropagation algorithms are most

commonly used to learn the weights [32]. The feed-forward algorithm starts by feeding input

entry data into the network (feed forward), then taking initialized weights randomly. Each

node in the hidden and the output layers has its weighted sum, which is the summation of

the products between the weight and the neuron from the previous layer. The weight sum

can be calculated using this formula [43].

(6) Xj =
n∑

i=1

(wijXi) + b

where Xj represents the weighted sum of the jth neuron in the hidden and output layers,

n denotes the number of neurons in the previous layer, Xi is the output of the ith neuron

in the previous layer, wij is the weight between the jth neuron and the ith neuron in the

previous layer, and b represents the sum function, which calculates the total effect of inputs

and weights.

In order to prevent an excessively large value of outputs, the weighted sums have to

be transformed into small numbers to reduce processing time [24, 32]. This step uses an

activation function to reduce the weighted sum values. In the example in Figure 3.6, the

activation function must be used to transform values of node N4, N5, and N6. Different

activation functions are used, such as the sigmoid (logistic) function, the hyperbolic tangent

(tanh) function, the sine or cosine function, and the linear function [63, 76]. Figure 3.5 shows

the architecture of an applied neural network using hyperbolic tangent activation function.

This study used hyperbolic tangent as an activation function for the hidden layer,

which transforms input data in the range between -1 and 1. The equation of the hyperbolic

tangent activation function is defined as

(7) tanh x =
sinh x

cosh x
=

ex − e−x

ex + e−x
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Figure 3.5. Architecture of an applied neural network.

where sinh x is the hyperbolic sine of x, cosh x is the hyperbolic cosine of x, and e is the

number used for the exponential constant (approximately 2.718281828).

In addition, this study used the linear function (y = f(x)) for the output layer because

the expected values of the study are the number of dengue cases, not discrete values.

Figure 3.6. Example of a multilayer feed-forward artificial neural network

with different weights)

Figure 3.6 demonstrates how the weights of neural networks are learned. Each value

of neuron or node is described as follows.

N1, N2, and N3 are input neurons (nodes), N4 and N5 are the input neurons in

hidden layer, N44−Out and N5−Out are the output neurons of N4 and N5, N6 is the input

neuron in output layer, and N6−Out is the output neuron of N6.
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N4 = w14 ∗N1 + w24 ∗N2 + w34 ∗N3 N4 is transfered to N4−out = eN4−e−N4

eN4+e−N4

N5 = w15 ∗N1 + w25 ∗N2 + w35 ∗N3 N5 is transfered to N5−out = eN5−e−N5

eN5+e−N5

N6 = w46 ∗N4−out + w56 ∗N5−out N6 is transfered to N6−out = eN6−e−N6

eN6+e−N6

The next step in the learning process is modifying the weights in the networks and

updating the values of neurons in the hidden and the output layers. Different methods have

been proposed, but the most popular algorithm is backpropagation, which feeds backward

through the networks [24, 32, 63, 76]. The first step is calculating the error (δ) of the output

neurons by using the following formula:

(8) δ = (Outideal −Out)Out(1−Out)

where Out denotes the calculated actual output and Outideal represents the provided target

output. In this research, Outideal is the official number of dengue cases. The error of neuron

N6 is :

δN6 = (N6−ideal −N6−out)N6−out(1−N6−out)

The second step is modifying the output layer weights using the following formula:

(9) w+
ji = wij + ηδOutj

where i is the output neuron, j is the hidden neuron, Outj denotes the transferred value of

neuron j, w+
ji is the the new weight between the output neuron j and the hidden neuron i

(or the Outj), δ represents the error of the output neuron, and the constant η is the learning

rate, which is set to speed up or slow down the learning if required. Smaller learning rates

make the learning process slow down [76] . Examples of two new weights (from Figure 3.6)
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between output neuron N6 and N4, and between N6 and N5, are illustrated in the following:

w+
64 = w46 + (η)(δN6)(N4−out)

w+
65 = w56 + (η)(δN6)(N5−out)

The next step is calculating (back-propagating) hidden layer errors using the formula

(10) δi = Outi(1−Outi)
n∑

j=1

δjw
+
ji

where n is the number of output neurons, j denotes output neurons, δj is the error of output

neuron j, i represents the hidden neuron, Outi denotes the transferred value of neuron i,

and w+
ji is the new weight between output neuron j (error) and the hidden neuron i (trans-

ferred value). In the example from Figure 3.6, the errors of neuronsN4 (δN4) andN5 (δN5) are:

δN4 = N4−out(1−N4−out)δN6w
+
64

δN5 = N5−out(1−N5−out)δN6w
+
65

The remaining step is modifying the weights between the hidden layer and the input

layer. This step uses the errors of neurons from the hidden layer, the old weights, and the

values of input neurons. These new weights are in the form

(11) w+
ik = wki + ηδik

where k is the input neuron, i is the hidden neuron, δi represents the error of neuron i, wki

denotes the old weight between the input neuron k and the hidden neuron i, w+
ik is the new

weight between the hidden neuron i and the input neuron k, and η denotes the learning rate.
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The learning or training process repeats until the total error or sum of squared error

(SSE) is satisfied, whereby its value is minimized and close to zero. The SSE is defined as

the following equation:

(12) E =
1

2

n∑
i=1

(yi − ŷi)2

where E is the total error over the training pattern, yi represents the target value for neuron

i, ŷ represents the actual activation for neuron i, and 1
2

is applied to simplify the function’s

derivative computed in the training process [63, 76].

3.3.3. Autoregressive Integrated Moving Average: ARIMA

The autoregressive integrated moving average (ARIMA) model, or univariate Box-

Jenkins (UBJ), is an approach to analyze the time series data in order to better understand

the data or to predict the data with and without trends [2, 6, 46, 68]. It is used mostly in the

economics discipline; for example, researchers have used ARIMA models to predict palm oil

prices, gold prices, foreign exchange markets, and other financial time series. [2, 17, 46, 58].

This research used the ARIMA model to predict the number of dengue cases.

The ARIMA model was first introduced in 1970 by statisticians George Box and

Gwilym Jenkins to find the best fit of the model for forecasting. The model deals with

nonstationary time series in which the mean, variance, and autocovariances of the series

are not constant for every period of time [6, 17]. If the data are a nonstationary series,

they cannot be used to predict the future. Box and Jenkins proposed a way to adjust or

transform the nonstationary series into a stationary one by introducing difference operators

in the model. In general, the mathematical form of the ARIMA (p, d, q) model is [2, 46]

(13) φp(B)(1−B)dYt = µ+ θq(B)εt
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where Yt is a time series at time t, d is the order of differencing (number of time of taking

difference), p denotes the order of the autoregressive model (AR), q represents the order of

the moving average model (MA), φ is the coefficient of the AR model, θ is the coefficient

of the MA model, µ denotes the constant mean of the process, B is the lag or backshift

operator to produce the previous element (BXt = Xt−1), and εt is an error term at time t.

φ(B) is the autoregressive operator represented in the form 1 − φ1B − φ2B
2 − ... − φpB

p.

θ(B) is movingaverage operator represented in the form 1− θ1B − θ2B2 − ...− θpBp. θ(B).

In order to find a good model, Box and Jenkins proposed three procedures, model

identification (model specification), model estimation (model fitting), and model diagnostics

(model checking) [6, 12, 17, 2]. These three stages of the model building are shown in Figure

3.7.

Figure 3.7. ARIMA model building

3.3.4. Stage 1: Model Identification

This stage determines whether the data series is stationary or not. Stationary means

that the means, variances, and covariances of the series are constants over time, meaning

that the data series can be used for prediction. Different measures can be used to test if the

data are stationary, such as the theoretical autocorrelation function (ACF), the theoretical
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partial autocorrelation function (PACF), the inverse autocorrelation function (IAF), the unit

root test (AIC), and cross correlation [17]. In this study, the ACF and PACF are used to

test whether the time series is stationary.

The autocorrelation function (ACF) estimates the correlation between a set of data

series (observation) and a lagged set of data series. In other words, the ACF tries to specify

the similarity or repeating patterns between the data series [2, 67]. The autocorrelation

between zt and zt+k estimates the correlation between pairs (Y1, Y1+k), (Y2, Y2+k), (Y3, Y3+k),

... , (Yn, Yn+k). The sample correlation function, rk, at lag k is in the form [2, 17]

(14) rk =

n∑
t=k+1

(Yt − Y )(Yt−k − Y )

n∑
t=1

(Yt − Y )2
for k = 1, 2, ...

where Yt is the data from the time series, Yt+k is the data from k time period ahead of t,

and Y is the overall mean of the time series.

The graph of ACF determines whether the series is stationary or not. If the graph

of ACF decreases or drops down quickly to 0 (as shown in Figure ?? ), then the data series

should be considered as stationary. If the graph of ACF decreases down slowly to 0 (as

shown in Figure ??), the data series should be considered as nonstationary [46]. Figure 3.8

and Figure 3.9 show examples of ACF (stationary) and ACF (nonstationary), respectively.

Figure 3.8. ACF (stationary)
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Figure 3.9. ACF (nonstationary )

If the series is nonstationary, it must be transformed into a stationary series by

taking the differences or taking the logarithms of the data series, and then computing the

autocorrelations of the differences or logarithms [2, 17, 46, 58]. Figure 3.10 displays an

example of the autocorrelation function (ACF) for the difference of the logarithms of the

data series. The two dashed lines represent the error bounds, white noise limits, or standard

errors of the sample correlation, which can be roughly computed in the form±2/
√
n. In other

words, the dashed lines give critical values for testing whether or not the ACF coefficients

are significantly different from zero.

In this particular example (Figure 3.10), the lag 1 autocorrelations significantly ex-

ceeds the white noise limits (null hypothesis) above zero, and the lag 8 autocorrelation

exceeds the standard error below zero, indicating that the three autocorrelations are signifi-

cantly different from zero (the corresponding t-statistic is greater than 0). The other auto-

correlations are within the white noise limits, or they have small corresponding t-statistics.

These two lags are considered as an autoregressive (AR) process of order 2 (p = 2) because

their values exceed the white noise limits.

The partial autocorrelation function (PACF) is another tool for identifying an au-

toregressive (AR) process, which estimates the p’s. The equation of the PACF is [17]
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Figure 3.10. An example of autocorrelation of residuals of the data series

(the ACF of the logarithms of the data series)

(15) φkk =

pk −
k−1∑
j=1

φk−1,jpk−j

1−
k−1∑
j=1

φk−1,jpj

where φk,j = φk−1,j − φkkφk−1,k−j, k = 1, 2, 3, ..., j = 1, 2, 3, ..., k - 1, and pk is the ACF

at lag k. The parameters p and q should be selected by considering the graphs of ACF and

PACF, called a correlogram as shown in Figure 3.6 and Figure 3.7. In addition, parameter

d, which is the order of difference (number of time of difference), would be selected for the

model if necessary (nonstationary). In fact, the first difference is given by ∆Yt = Yt − Yt−1,

where Yt denotes the observed series at time t.

29



Furthermore, if the time series is a regular pattern of changes that repeats over

different time periods, it is indicated that the time series is seasonal. For this situation, it

is necessary to apply the Seasonal ARIMA (SARIMA) model. A seasonal ARIMA model,

denoted by SARIMA (p, d, q) (P,D,Q)S, is given by [38]

(16) Φ(BS)φ(B)(1−B)d(1−BS)DYt = Θ(BS)θ(B)εt

where Φ(BS) = 1−φS,1B
S−φS,2B

2S− ...−φS,PB
PS and Θ(BS) = 1+θS,1B

S +θS,2B
2S + ...+

θS,QB
QS are seasonal polynomial functions of order P and Q. B is the lag operator given by

Bk = Yt−k/Yt, φ(B) = 1 − φ1B
1 − φ2B

2 − ... − φpB
p is an autoregressive (AR) polynomial

function of order p, θ(B) = 1+θ1B
1+θ2B

2+ ...+θqB
q is a moving average (MA) polynomial

function of order q, d is the number of differences, D is the number of seasonal differences,

and εt represents the error term at time t.

3.3.5. Stage 2: Model Estimation

This stage uses the parameters p, d, and q from the identification stage for the fitted

model with the data series. The results of this stage might indicate the coefficients and

the constant term of the model. Different methods, such as least squares estimation and

maximum likelihood estimation (Akaike’s information criteria [AIC]), can be used to estimate

the fitted model. The AIC equation is defined as [17, 50]

(17) AIC = −2log(L) + 2k

where L is the maximum log likelihood for the evaluated model and k is the number of

parameters of the model.

However, if the sample size is small or the number of k is large, the AIC with correction

for small sample sizes (AICc) can be used to evaluate candidate models, especially in the

seasonal ARIMA (SARIMA) model [7, 55, 66].

(18) AICc = AIC +
2k(k + 1)

(n− k − 1)
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where n is the sample size and k is the number of parameters.

3.3.6. Stage 3: Model Diagnostics

This stage tests the goodness of the fitted model chosen from the previous stage by

taking the residual analysis between the actual and predicted values, which can be written

as [17]

residual = actual - predicted

The ACF and PACF of the residual can be used to help in diagnostic checking of the

model as well. If the model is adequate, all values should fall within the white noise limits

around the zero horizontal level (indicating that there are no trends). Additionally, this

stage can also diagnose whether the model is appropriate or not by analyzing the normality

of the residuals. As shown in Figure 3.11, the histogram of the residuals shows how close

the shape is to the normal distribution. The quantile-quantile is another tool to check the

distribution: if it follows the normal distribution, the points on the graph should be roughly

in a straight line.

Figure 3.11. Example of residual normality diagnostics
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3.3.7. Forecasting

The Box-Jenkins process will result in identifying the best ARIMA model. The next

step is forecasting. This model was used to predict the number of dengue cases, using the

official dengue cases.

Moreover, this model was applied to forecast the frequencies of search terms ahead of

the current time (the end of August); then these predicted data were used with the predictive

models from multiple linear regression analysis to forecast the number of dengue cases up to

the end of year.

3.4. Validation

The most important issue that needs to be considered for every research study is val-

idation. For this research, all proposed models will be measured by examining the efficiency

of the predictions by using the following methods.

3.4.1. Root Mean Squared Error (RMSE)

Root mean squared error is one of the most common measurement tools to evaluate

the goodness of different models [40]. This tool measures the performance of candidate

models by taking the standard deviation of the prediction errors (residuals). The minimum

value of RMSE gives the best model because the lowest value indicates less residual variance.

The RMSE can be computed by means of the following equation.

(19) RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷ)2

where yi is the actual value (official dengue cases), ŷ is the prediction value, and n is the size

of the data.

Root mean squared error is very sensitive to large errors that would result in a very

high value [40]. Normalized RMSE is used to transform the RMSE into a small value. The

equation of normalized RMSE is defined as
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(20) NRMSE =
RMSE

Xmax −Xmin

where NRMSE is the normalized root mean squared error, RMSE is the root mean squared

error, and Xmax and Xmin are the maximum and the minimum of the actual (observed)

values, which come from the official data.

3.4.2. Pearson Correlation Coefficient

The pearson correlation coefficient is a tool to measure the correlation between two

variables; In other words, it determines how strong the relationship between two variables

is. This measurement’s equation can be defined as

(21) r =

n∑
i=1

(xi − x)(yi − y)√
[
n∑

i=1

(xi − x)2][
n∑

i=1

(yi − y)2]

where r is the Pearson correlation coefficient, x1, ..., xn are the values of the independent

(predictor) variables, x denotes the mean of x1, ..., xn, y1, ..., yn, which are the values of the

dependent variables, and y represents the mean of y1, ..., yn. The values of r are between -1

and 1, r = 1 indicates perfect positive correlation, r = -1 indicates perfect negative correlation,

and r = 0 indicates the absence of correlation between the two random variables (x and y).

In this research, x1, ..., xn are predicted values (cases) and y1, ..., yn represent reported cases.

Table 3.3 (on the next page) shows the practical meanings of various correlation coefficients

[54].

3.4.3. K-fold Cross-Validation

Cross-Validation is a method used to evaluate and compare learning algorithms by

dividing data into two parts: training and testing. The training segment is used to train the

model, while the testing segment is used to validate the model. In k-fold cross-validation,
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Absolute Correlation Coefficient (|r|) Practical Meanings

0.01 to 0.19 Very week

0.2 to 0.39 Week

0.4 to 0.69 Moderate

0.7 to 0.89 Strong

0.9 to 1.0 Very strong

Table 3.3: Practical meaning of correlation coefficients

the data are partitioned into k equal-sized segments. During each run, one segment is chosen

for testing while the other segments are used for training. The process is repeated k times

in order to allow each segment to be used for testing [63]. Figure 3.12 shows an example of

6-fold validation, which partitions data into 6 segments and runs 6 times for the learning

process.

Figure 3.12. Example of 6-fold cross-validation

In this study, both the official dengue cases and the search query data were partitioned

into six segments, one for each year from 2008 to 2013. Each segment consists of 12 months,

except for the data in 2013, which were obtained for the months from January to the end of

August. However, the data for this year can be accepted for use in this study.

Additionally, this study used a modified type of k-fold cross-validation by comparing
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different models for each category of search queries. For example, the models for the dengue

terms for each year are not the same.
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CHAPTER 4

PREDICTION ANALYSIS

This chapter first reveals the correlation between the two kinds of data collected, the

search terms, and the number of dengue cases. The next section presents an analysis of

different predictive models, which analyzed Google Trends data to predict dengue cases in

Thailand. Three kinds of machine learning techniques, multiple linear regression, artificial

neural network, and seasonal autoregressive integrated moving average, were applied for

prediction analysis. Another section is the extra task of this study, which is to extend the

length of the prediction period. The last two sections in this chapter provide a comparison

of all the models used in this research and summarize the results, which answers the research

questions.

4.1. Correlations Between Search Query Data and the Number of Dengue Cases

In order to find the relationship between the search query data and the reported

dengue data, these data were analyzed using the Pearson correlation coefficient method.

If these two groups of data have relationships to each other, the data could be used for

prediction analysis, which generates fitted models to predict the number of dengue cases.

For this analytical process, the IBM SPSS statistic tool was used to conduct the experiments.

The correlations of each search term and the number of dengue cases were computed. Table

4.1 summarizes all correlation values.

As can be seen from Table 4.1, most of the search terms have correlation with the

number of dengue cases. There are 22 terms that have absolute correlations from .20 to .84.

The term “[Thai] dengue symptoms” has the highest correlation with the number of dengue

cases (r = .84), while the term “[Thai] waterlogging” has a very low correlation with the

official data.

Overall, seven search terms have high correlations with the number of dengue cases

(.70 ≤ |r| ≤ .89), including “[Thai] dengue symptoms,” “[Thai] dengue,” “[Concept] dengue

symptoms,” “[Thai] rainy season1 (formal term),” “[Concept] dengue symptoms,” and “dengue
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Category Variable Search Query Correlation (r)

Dengue terms

X1 dengue .66

X2 dengue fever .73

X3 dengue symptoms .41

X4 mosquito bites .17

X5 [Thai] aedes aegypti .66

X6 [Thai] dengue .82

X7 [Thai] dengue fever .58

X8 [Thai] dengue symptoms .84

X9 [Thai] mosquito bites .17

X10 [Thai] dengue prevention .69

Rainfall terms

X11 rain -.20

X12 raining .22

X13 rainy season .20

X14 flood -.14

X15 [Thai] rain .17

X16 [Thai] raining .30

X17 [Thai] rainy season1 (formal term) .78

X18 [Thai] rainy season2 (informal term) .41

X19 [Thai] flood -.12

X20 [Thai] waterlogging -.04

X21 [Thai] rainfall amount -.14

Temperature & humidity terms

X22 temperature -.29

X23 hot -.18

X24 humid .21

X25 humidity -.06

X26 [Thai] temperature -.50

X27 [Thai] hot .03

X28 [Thai] humid .03

X29 [Thai] humidity .04

Concept terms

X30 [Concept] dengue .77

X31 [Concept] dengue symptoms .79

X32 [Concept] mosquito bites .18

X33 [Concept] rain .23

X34 [Concept] rainy season .74

X35 [Concept] flood -.10

X36 [Concept] temperature -.49

X37 [Concept] hot -.09

X38 [Concept] humidity .19

Table 4.1: Correlations between search terms and the official dengue cases
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fever.”

In addition, there are eight search terms which have medium correlation values with

the number of dengue cases, which indicates moderate relationships between the search

terms and the reported data. Furthermore, eight search terms have low absolute correlation

values with the reported cases, ranging from .20 to .39. These low correlations indicate weak

relationships between the search queries and the number of dengue cases.

Furthermore, sixteen terms have very low absolute correlation values, which range

from .01 to .19. These correlations indicate very weak relationships between the search

terms and the reported cases. However, the correlations that have very low values do not

mean that the search terms have no relationship with the reported cases. Only four search

terms have correlations with the reported data that are close to zero ( |r| < .05), which are

“[Thai] hot”, “[Thai] humid”, “[Thai] humidity”, and “[Thai] waterlogging”.

Therefore, almost all search terms have correlations with the number of dengue cases,

indicating that most search queries collected have relationships with the number of dengue

cases.

4.2. Multiple Linear Regression Analysis

For multiple linear regression analysis, the IBM SPSS Statistics tool, version 21.0.0.0,

was used to analyze the data and to predict the number of dengue cases. Independent

variables or predictors were defined for this analysis. Each variable represents a search term,

which is a frequency of that term used to search in the Google search engine. IBM SPSS

was run multiple times based on six segments of data (six data groups based on data for

six years, which follow the six-fold cross-validation) and four categories. The “backward”

method was chosen for the analysis. This method starts with using the full model (using

all the terms in the model), then removes the variable or term which is not good for the

prediction (the one with the highest p- value). The process repeats until there is no further

improvement results: no terms (variables) have a p-value exceeding .05. The p-value ≤ .05

indicates that the search term can be used for the prediction.
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4.2.1. Estimation of dengue cases for 2008

In this step, both Google Trends data and data on official dengue cases from 2009

through 2013 (until August 31) were used for training, and the data in 2008 were used for

testing.

(1) Dengue terms

Ten terms from Google Trends and the official dengue cases from 2009 through 2013

were analyzed to develop a model for estimating dengue cases for 2008.

Variables b SE t p-value

X6 ([Thai] dengue) 283.462 30.349 9.340 .000

X10 ([Thai] dengue prevention) 30.721 2.286 2.278 .026

constant = -1703.066; SEest = ±2602.575

r = .916; R2 = .839; F = 138.284; p-value = .000

Table 4.2: Regression analysis to estimate Thailand’s dengue cases for 2008 using Google

Trends data (dengue terms)

Table 4.2 summarizes the descriptive statistics and analysis results. Two variables,

X6 and X10, have very strong correlation with the number of dengue cases (r = .916). These

predictors were able to account for 83.9% of the prediction of dengue cases (R2 = .839). In

other words, about 83.9% of the variation in official dengue cases data was explained by the

two terms ([Thai] dengue and [Thai] dengue prevention) with .05 confidence level, and the

standard error of the estimate was ±2602.575 (cases).

In this table, b is the regression coefficient, SE is the standard error of the estimates,

and t is the test statistic value that is used to test whether each coefficient is significantly

useful to predict the number of dengue cases. The p-values on the right-hand column of the

table that are less than or equal to .05 indicate terms produced from the analysis that can

be used to predict the number of dengue cases.

The information on the bottom of the table indicates the goodness of the overall
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model. The constant value represents the coefficient β0. SEest is the standard error of the

estimates for the whole model. The term r represents the correlation coefficient value, which

indicates how strong the relationship between the predicted data and the reported data is.

R2 is the coefficient of determination, which represents the goodness of the fitted model that

contributed to the number of dengue cases. Both F and the p-value on the bottom of the

table are used to test whether the fitted model is good for dengue prediction: the smallest

value (.000) indicates that the fitted model can be used to predict (or estimate) the number

of dengue cases.

In this analysis, the data from 2008 through 2013 were analyzed for training. From

the results only two terms remained, due to the inconsistency of the training data: the

reported data are very high in 2010 and 2013, while most search terms have low frequency

in 2008 and 2009 and have high frequency in 2013. This indicates that the training data is

not representative, leading to the obtaining of only two terms for this model.

From Table 4.2, the multiple linear regression equation is

Ŷ = −1703.066 + 283.462(X6) + 70.240(X10)

where Ŷ represents the predicted value, X6 represents [Thai] dengue, and X10 represents

[Thai] dengue prevention. The number of dengue cases from observed data and estimated

data are shown in Figure 4.1 on page 43.

(2) Rainfall terms

Eleven terms from Google Trends data related to rainfall were used for analysis in

order to estimate the number of dengue cases (for 2008). The results are shown in Table

4.3 on page 41. This analysis produced five variables (X11, X13, X16, X17, and X20) which

were best for the fitted model. These variables have very strong correlation with the official

dengue cases (r = .860), and about 73.9% of the variation in the official dengue cases data

was explained by these five predictors (R2 = .739) at .000 confidence level. The multiple

linear regression equation is

Ŷ = −2137.700− 25.101(X11)− 58.948(X13) + 38.526(X16) + 64.035(X17)− 87.973(X20)
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Variables b SE t p-value

X11 (rain) -25.101 12.499 -2.088 .050

X13 (rainy season) -58.948 23.809 -2.476 .017

X16 ([Thai] raining) 38.526 8.602 4.479 .000

X17 ([Thai] rainy season1) 64.035 8.229 4.473 .000

X20 (waterlogging) -87.973 32.422 -2.713 .009

constant = -2137.700; SEest = ±3412.049

r = .860; R2 = .739; F = 28.349; p-value = .000

Table 4.3: Regression analysis to predict Thailand ’s dengue cases in 2008 using Google

Trends data (rainfall terms)

where X11 represents rain, X13 represents rainy season, X16 represents [Thai] raining, X17

represents [Thai] rainy season1 (formal term), and X20 represents waterlogging. Figure 4.1

(on page 43) shows the estimated values (the number of dengue cases) and the official number

of dengue cases.

(3) Temperature and humidity terms

Eight terms from Google Trends related to temperature and humidity were used for

analysis to estimate the number of dengue cases. Table 4.4 shows the descriptive statistics

and analysis results.

Variables b SE t p-value

X26 ([Thai] temperature) -82.173 19.874 -4.135 .000

constant = 18304.744; SEest = ±5603.417

r = .490; R2 = .240; F = 17.096; p-value = .000

Table 4.4: Regression analysis to estimate Thailand’s dengue cases for 2008 using Google

Trends data (temperature & humidity terms)

From Table 4.4, only one variable, X26 ([Thai] temperature) has medium correlation

with the number of dengue cases (r = .490). Only 24% (R2 = .240) of the variation in
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the official dengue cases data can be explained by X26 ([Thai] temperature). The multiple

linear regression equation is

Ŷ = 18304.744− 82.173(X26)

where where Ŷ is the predicted value and X26 is [Thai] temperature. The estimated dengue

cases and the official dengue cases are shown in Figure 4.1 on page 43.

(4) Concept terms

Eight concept terms were grouped terms that relate to each other or have close root

meanings, were used for the estimation of dengue cases. Table 4.5 shows the descriptive

statistics and analysis results.

Variables b SE t p-value

X30 (Concept - dengue) 22.009 7.018 3.136 .003

X31 (Concept - dengue symptoms) 26.939 7.728 3.486 .001

X34 (Concept - rainy season) 18.620 4.328 4.303 .000

X35 (Concept - flood) -10.769 4.908 -2.194 .033

constant = -3410.447; SEest = ±2897.128

r = .899; R2 = .793; F = 53.740; p-value = .000

Table 4.5: Regression analysis to estimate Thailand’s dengue cases for 2008 using Google

Trends data (concept terms)

From Table 4.5, four variables, which are X30 (Concept - dengue), X31(Concept -

dengue symptoms), X34 (Concept - rainy season), and X35 (Concept - flood) have very

strong correlation with the number of dengue cases (r = .899). About 79.3% (R2 = .793)

of the variation in the official dengue cases data can be explained by these four predictors.

The p-value (.000) at the bottom of the table indicates that this fitted model can be used

for dengue cases estimation. The model for this analysis is formed as

Ŷ = −3410.447 + 22.009(X30) + 26.939(X31) + 18.620(X34)− 10.769(X35)
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where X30 represents the Concept - dengue, X31 represents the Concept - dengue symptoms,

X34 represents the Concept - rainy season, and X35 represents the Concept - flood. The

estimated dengue cases and the official dengue cases are shown in Figure 4.1.

Background: yellow = winter, orange = summer, blue = rainy

Figure 4.1. Estimation of dengue cases for 2008 using the multiple linear

regression model

4.2.2. Estimation of dengue cases for 2009

For this analysis, Google Trends data and official dengue cases from 2008 through

2013 (until August 31), except for data in 2009, were used for training, and the data in 2009

were used for testing.

(1) Dengue terms

The dengue terms and the reported data were analyzed to build the model for the

estimation of the number of dengue incidences. Table 4.6 (on the next page) reveals the

descriptive statistics and the analysis results. Three variables, which are X1 (dengue), X6

([Thai] dengue), and X7 ([Thai] dengue fever) have very strong correlation with the number
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Variables b SE t p-value

X1 (dengue) 26.517 7.080 3.746 .000

X6 ([Thai] dengue) 374.194 46.114 8.115 .000

X7 ([Thai] dengue fever) -207.21 46.686 -4.438 .000

constant = -114.55; SEest = ±2854.19

r = .901; R2 = .811; F = 74.375; p-value = .000

Table 4.6: Regression analysis to estimate Thailand’s dengue cases for 2009 using Google

Trends data (dengue terms)

of dengue cases (r = .901). The value of R2 is .811, showing that about 81.1% of the variation

in the official dengue cases data can be explained by these three variables. In addition, the

p-value = .000 on the bottom of the table indicates that this model is significant for use in

the estimation of dengue cases. The equation for this model is

Ŷ = −114.552 + 26.517(X1) + 374.194(X6)− 207.207(X7)

where X1 denotes dengue, X6 represents [Thai] dengue, and X7 represents [Thai] dengue fever.

The estimated dengue cases and the official dengue cases are shown in Figure 4.2 on page 47.

(2) Rainfall terms

Variables b SE t p-value

X16 ([Thai] raining) 46.868 7.647 6.129 .000

X17 ([Thai] rainy season1) 46.868 7.647 6.129 .000

X18 ([Thai] rainy season2) 40.968 11.776 3.479 .001

X20 ([Thai]waterlogging) -29.667 12.166 -2.439 .018

constant = -2499.840; SEest = ±3854.771

r = .782; R2 = .612; F = 27.365; p-value = .000

Table 4.7: Regression analysis to estimate Thailand’s dengue cases for 2009 using Google

Trends data (rainfall terms)
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For this analysis, the rainfall terms and the reported dengue cases were analyzed

to build the model for the estimation of dengue cases. Table 4.7 on page 44 summarizes

the descriptive statistics and analysis results. Four variables, X16 ([Thai] raining), X17

([Thai] rainy season1), X18 ([Thai] rainy season2), and X20 ([Thai]waterlogging) are the

variables that can be used for dengue estimation. The correlation coefficient for this model

is .782, and the coefficient of determination (R2) is .612 (61.2%). The F value (27.365) and

the p-value (.000) indicate that this model can be used for the forecasting of dengue cases.

The multiple linear regression equation for this model is

Ŷ = −3068.130 + 14.807(X16) + 63.199(X17) + 20.355(X18)− 78.657(X20)

where X16 is [Thai] raining, X17 is [Thai] rainy season1 (formal term), X18 is [Thai] rainy

season2 (informal term), and X20 is [Thai]waterlogging. The estimated number of dengue

cases and the official number of dengue cases are plotted in the graph shown in Figure 4.2

on page 47.

(3) Temperature and humidity terms

Eight terms from Google Trends that are related to temperature and humidity were

used for the analysis to estimate the number of dengue cases. Table 4.8 shows the descrip-

tive statistics and analysis results. The analytical results point to only one predictor, X26

([Thai] temperature), that can be used in the model. The goodness of this fitted model

shows medium correlation between the estimated values and the reported data. R2 = .269,

indicating that 26.9% of the variation on the number of dengue cases can be explained by

Variables b SE t p-value

X26 ([Thai] temperature) -96.821 21.725 -4.457 .000

constant = 20459.000; SEest = ±5508.54

r = .519; R2 = .269; F = 19.862; p-value = .000

Table 4.8: Regression analysis to estimate Thailand’s dengue cases for 2009 using Google

Trends data (temperature & humidity terms)
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the term “[Thai] temperature”. The equation of this model is in the form

Ŷ = 20459.045− 96.821(X26)

where X26 is [Thai] temperature. The estimated number of dengue cases and the official

dengue cases are shown in Figure 4.2 on page 47.

(4) Concept terms

Eight concept terms for the reported data were analyzed to build a model for the

estimation of dengue cases. The results are shown in Table 4.9.

Variables b SE t p-value

X30 (Concept - dengue) 19.386 5.363 3.615 .001

X31 (Concept - dengue symptoms) 7.057 7.728 2.808 .007

X34 (Concept - rainy season) 25.958 5.238 4.956 .000

X35 (Concept - flood) -13.639 4.640 -2.939 .005

constant = -3951.700; SEest = ±2640.99

r = .917; R2 = .841; F = 67.584; p-value = .000

Table 4.9: Regression analysis to estimate Thailand’s dengue cases for 2009 using Google

Trends data (concept terms)

From Table 4.9, four variables, X30 (Concept - dengue), X31(Concept - dengue symp-

toms), X34 (Concept - rainy season), and X35 (Concept - flood), are the significant variables

that can be used to build a model for the estimation of dengue cases. The very high corre-

lation value (r = .917 ) and the high value of the coefficient of determination (R2 = .841)

indicate a good fitted model for the estimation of dengue cases. The analytical results from

Table 4.9 can be used to form the model as

Ŷ = −3951.698 + 19.386(X30) + 19.812(X31) + 25.958(X34)− 13.639(X35)

where X30 is Concept - dengue, X31 is Concept - dengue symptoms, X34 is Concept -

rainy season, and X35 is Concept - flood. The estimated number of dengue cases and the

official dengue cases are shown in Figure 4.2 on page 47.
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.2. Estimation of dengue cases for 2009 using multiple linear regres-

sion model

4.2.3. Estimation of dengue cases for 2010

The frequency of search terms and the reported dengue cases from 2008 to 2009 and

from 2011 to 2013 were analyzed to train the model for the estimation of dengue cases for

2010 based on different categories as follows.

(1) Dengue terms

In order to build a model for dengue estimation based on dengue terms, the dengue

terms and the reported data were analyzed. Table 4.10 summarizes the descriptive statis-

tics and analysis results. Five independent variables, X1 (dengue), X3 (denguesymptoms),

X6 ([Thai] dengue), X7 ([Thai] dengue fever), and X10 ([Thai] dengue prevention), are the

variables produced from the analysis that can be used for the estimation of dengue cases.

The information at the bottom of the table indicates the quality of the model (for

training). The correlation r = .937, indicating a very strong relationship between the esti-

mated values and the reported data. The coefficient of determination R2 = .878, indicating
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Variables b SE t p-value

X1 (dengue) 11.579 5.565 2.081 .043

X3 (denguesymptoms) 41.503 17.436 2.380 .021

X6 ([Thai] dengue) 300.628 43.383 6.930 .000

X7 ([Thai] dengue fever) -181.002 43.429 -4.168 .000

X10 ([Thai] dengue prevention) 84.326 25.083 3.362 .001

constant = -415.293; SEest = ±2094.48

r = .937; R2 = .878; F = 72.162; p-value = .000

Table 4.10: Regression analysis to estimate Thailand’s dengue cases for 2010 using Google

Trends data (dengue terms)

that about 87.8% of the variation in the official dengue cases data can be explained by these

five variables (in the table). F = 72.162 and p-value = .000 (at the bottom of the table),

indicating that this model can be used for the estimation of dengue cases. The value of each

parameter can be used to form the regression equation as

Ŷ = −415.293 + 11.579(X1) + 41.503(X3) + 300.628(X6)− 181.002(X7) + 84.326(X10)

where X1 is dengue, X3 is denguesymptoms, X6 is [Thai] dengue, X7 is [Thai] dengue fever,

and X10 is [Thai] dengue prevention. The estimated number of dengue cases and the official

number of dengue cases are plotted in the graph shown in Figure 4.3 on page 51.

(2) Rainfall terms

For this process, the collected data related to rainfall and the reported data were

used to train the model. The analytical results are summarized in Table 4.11 (on page 49)

, which shows five independent variables that can be used for the estimation of dengue

cases, including X13 (rainy season), X16 ([Thai] raining), X17 ([Thai] rainy season1), X18

([Thai] rainy season2), and X19 ([Thai] flood). The results from this analysis can be used

to build the equation as

Ŷ = −4184.447− 54.804(X13) + 17.930(X16) + 58.406(X17) + 22.189(X18)− 25.573(X19)
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where X13 is rainy season, X16 is [Thai] raining, X17 is [Thai] rainy season1, X18 is

[Thai] rainy season2, and X19 is [Thai] flood. The estimated number of dengue cases and

the official number of dengue cases are shown in Figure 4.3 on page 51.

Variables b SE t p-value

X13 (rainyseason) -54.804 20.210 -2.712 .009

X16 ([Thai] raining) 17.930 4.815 3.724 .000

X17 ([Thai] rainy season1) 58.406 6.133 9.523 .000

X18 ([Thai] rainy season2) 22.189 9.008 2.463 .017

X19 ([Thai] flood) -25.573 9.696 -2.638 .011

constant = -4184.447; SEest = ±2868.55

r = .878; R2 = .772; F = 33.802; p-value = .000

Table 4.11: Regression analysis to estimate Thailand’s dengue cases for 2010 using Google

Trends data (rainfall terms)

(3) Temperature and humidity terms

Eight terms related to temperature and humidity were analyzed along with the re-

ported cases in order to build a model for the estimation of dengue cases. Table 4.12 shows

the analytical results. Only one independent variable, X26 ([Thai] temperature), can be

used for the fitted model. The medium correlation value (r = .521) between the estimated

values and the reported data (for training) and the low value of R2 (.271) indicate low accu-

racy of the estimation. In addition, the standard error of the estimates (about ±4931 cases)

Variables b SE t p-value

X26 ([Thai] temperature) -85.029 18.960 -4.485 .000

constant = 17684.5; SEest = ±4931.17

r = .521; R2 = .271; F = 20.112; p-value = .000

Table 4.12: Regression analysis to estimate Thailand’s dengue cases for 2010 using Google

Trends data (temperature & humidity terms)
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shows the error of the estimation between the estimated values and the reported values.

The parameter values in Table 4.12 can be used to form the regression equation as

Ŷ = 17684.479− 85.029(X26)

where Ŷ is the predicted value and X26 is [Thai] temperature. The estimated number of

dengue cases and the official number of dengue cases are shown in Figure 4.3 on page 51.

(4) Concept terms

For this analysis, the search terms in the category of concept terms and the reported

data were analyzed through the training process in order to obtain the variables that can be

used to estimate the number of dengue cases.

Variables b SE t p-value

X30 (Concept - dengue) 14.143 4.538 3.117 .003

X31 (Concept - dengue symptoms) 36.144 5.427 6.660 .000

X34 (Concept - rainy season) 11.523 3.723 3.095 .003

X35 (Concept - flood) -10.593 3.806 -2.783 .008

X36 (Concept - temperature) -18.667 7.706 -2.422 .019

constant = 2534.49; SEest = ±2160.47

r = .933; R2 = .870; F = 67.219; p-value = .000

Table 4.13: Regression analysis to estimate Thailand’s dengue cases for 2010 using Google

Trends data (concept terms)

Table 4.13 summarizes the analytical results, which include the following independent

variables: X30 (Concept - dengue), X31(Concept - dengue symptoms), X34 (Concept -

rainy season), X35 (Concept - flood), and X36 (Concept - temperature). These variables

can be used for the estimation of dengue cases. The very high correlation value (r = .933)

between the estimated values and the reported data, as well as the high value of the coefficient

of determination (R2 = .870), indicate the good performance of the fitted model. The

parameter values in this table can be used to form the linear regression equation as
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Ŷ = 2534.485 + 14.143(X30) + 36.144(X31) + 11.523(X34)− 10.593(X35)− 18.667(X36)

where X30 is Concept - dengue, X31 is Concept - dengue symptoms, X34 is Concept -

rainy season, X35 is Concept - Concept−flood, and X36 is Concept - temperature. Figure

4.3 shows the results of this analysis.

Background: yellow = winter, orange = summer, blue = rainy

Figure 4.3. Estimation of dengue cases for 2010 using the multiple linear

regression model

4.2.4. Estimation of dengue cases for 2011

The search terms and the reported data from 2008 to 2010 and from 2012 to 2013

were analyzed to build a model for the estimation dengue cases. The data for 2011 were

used for testing. The analysis was based on four categories.

(1) Dengue terms

The dengue search terms and the reported data were analyzed to build an estimated

model. Table 4.14 summarizes the results of this analysis. Four independent variables, X1
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Variables b SE t p-value

X1 (dengue) 16.776 6.708 2.501 .016

X6 ([Thai] dengue) 354.336 47.728 7.424 .000

X7 ([Thai] dengue fever) -223.07 46.339 -4.814 .000

X10 ([Thai] dengue prevention) 67.181 31.584 2.127 .038

constant = 439.378; SEest = ±2921.60

r = .896; R2 = .803; F = 52.011; p-value = .000

Table 4.14: Regression analysis to estimate Thailand’s dengue cases for 2011 using Google

Trends data (dengue terms)

(dengue), X6 ([Thai] dengue), X7 ([Thai] dengue fever), and X10 ([Thai] dengue prevention)

are the terms that can be used to form the regression equation as

Ŷ = 439.378 + 16.776(X1) + 354.336(X6)− 223.068(X7) + 67.181(X10)

where X1 is dengue, X6 is [Thai] dengue, X7 is [Thai] dengue fever, and X10 is [Thai] dengue

prevention. This equation was fitted into the data (search terms) to estimate the number

of dengue cases; then graph was plotted as shown in Figure 4.4 on page 55.

(2) Rainfall terms

Rainfall terms and reported data from 2008 to 2011 and from 2012 to 2013 were

analyzed to train the model. Table 4.15 (on page 53) shows the descriptive statistics and

the analysis results.

The analytical results show that five independent variables are good use in the es-

timation of dengue cases. The strong correlation (r = .883) of the estimated values and

the reported cases (for training) and the R2 = .779 indicate that this model can be used

to forecast the number of dengue cases. The parameter values in this table can be used to

build the regression equation as

Ŷ = −4227.859− 41.368(X11)− 60.858(X13) + 37.901(X16) + 46.015(X17) + 39.196(X18)

where X11 is rain, X13 is rainy season, X16 is [Thai] raining, X17 is [Thai] rainy season1,
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Variables b SE t p-value

X11 (rain) -41.368 14.545 -2.844 .006

X13 (rainy season) -60.858 20.062 -3.034 .004

X16 ([Thai] raining) 37.901 8.018 4.727 .000

X17 ([Thai] rainy season1) 46.015 7.475 6.156 .000

X18 ([Thai] rainy season2) 39.196 11.151 3.515 .001

constant = -4227.859; SEest = ±3127.49

r = .883; R2 = .779; F = 35.212; p-value = .000

Table 4.15: Regression analysis to estimate Thailand’s dengue cases for 2011 using Google

Trends data (rainfall terms)

Variables b SE t p-value

X26 ([Thai] temperature) -110.28 22.407 -4.922 .000

X29 ([Thai]humidity) 121.964 56.495 2.159 .035

constant = 11680.659; SEest = ±5331.16

r = .565; R2 = .319; F = 12.399; p-value = .000

Table 4.16: Regression analysis to estimate Thailand’s dengue cases for 2011 using Google

Trends data (temperature & humidity terms)

and X18 is [Thai] rainy season2. This equation was used to fit the data (search terms) to

estimate the number of dengue cases. Figure 4.4 on page 55 shows the graph of the estimated

data against the reported data.

(3) Temperature and humidity terms

The temperature and humidity terms and the official number of dengue cases from

2008 to 2010 and from 2012 to 2013 were analyzed for training in order to build the model

for the estimation of dengue cases. The rest of the data (2011) were used for testing.

The results from this analysis are in Table 4.16. Only two independent variables, X26

([Thai] temperature) and X29 ([Thai]humidity) can be used to form the predictive model.
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This model can estimate the number of dengue cases with low accuracy, having a medium

correlation (r = .565), and with a low value of the coefficient of determination (R2 = .310).

The parameters’ values can be used to form the equation as

Ŷ = 11680.659− 110.281(X26) + 121.964(X29)

where X11 is rain, X26 is [Thai] temperature, and X29 is [Thai]humidity.

This equation was fitted to the data to estimate the number of dengue cases, then

plotted in the graph as shown in Figure 4.4 on page 55.

(4) Concept terms

The concept terms and the official number of dengue cases from 2008 through 2013,

except for the concept terms in 2011, were used for regression analysis in order to build a

model to estimate the number of dengue cases. The data in 2011 were used for testing.

Variables b SE t p-value

X30 (Concept - dengue) 16.850 5.056 3.333 .002

X31 (Concept - dengue symptoms) 31.520 6.333 4.977 .000

X34 (Concept - rainy season) 18.878 4.364 4.326 .000

constant = -3089.472; SEest = ±2760.06

r = .906; R2 = .821; F = 79.418; p-value = .000

Table 4.17: Regression analysis to estimate Thailand’s dengue cases for 2011 using Google

Trends data (concept terms)

Table 4.17 shows the analytical results. Three independent variables, X30 (Concept -

dengue), X31 (Concept - dengue symptoms), and X34 (Concept - rainy season) can be used

to build a predictive model. The values of correlation (r = .906), coefficient of determination

(R2 = .821), F = 79.418, and p-value = .000 (at the bottom of the table) indicate that this

model is good for the estimation of dengue cases. The standard error of the estimates is

about ±2,760 cases. The parameter values in the table can be used to form the regression

equation as
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Ŷ = −3089.472 + 16.850(X30) + 31.520(X31) + 18.878(X34)

where X30 is Concept - dengue, X31 is Concept - dengue symptoms, and X34 is Concept -

rainy season. This equation was fitted to the data and plotted the graph of the estimated

values against the reported data as shown in Figure 4.4.

Background: yellow = winter, orange = summer, blue = rainy

Figure 4.4. Estimation of dengue cases for 2011 using the multiple linear

regression model

4.2.5. Estimation of dengue cases for 2012

Data collected from 2008 through 2013, excepting the data in 2012, were used for

training the model based on different categories. The data from 2012 were used for testing.

The analysis was based on different categories: dengue terms, rainfall terms, temperature

and humidity terms, and concept terms.

(1) Dengue terms

The dengue terms and the reported data for training were analyzed to build a predic-

tive model. The analytical results are shown in Table 4.18, which summarizes the variables
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that can be used to estimate the number of dengue cases.

Variables b SE t p-value

X1 (dengue) 16.417 6.559 2.481 .016

X6 ([Thai] dengue) 359.226 45.943 7.819 .000

X7 ([Thai] dengue fever) -225.29 46.132 -4.884 .000

X10 ([Thai] dengue prevention) 69.024 29.739 2.321 .024

constant = 267.417; SEest = ±2844.79

r = .904; R2 = .818; F = 57.135; p-value = .000

Table 4.18: Regression analysis to estimate Thailand’s dengue cases for 2012 using Google

Trends data (dengue terms)

This analysis produced four independent variables, X1 (dengue), X6 ([Thai] dengue),

X7 ([Thai] dengue fever), and X10 ([Thai] dengue prevention), that can be used for dengue

estimation. The very high correlation (r = .904) between the estimated values and the

reported cases and the high value of the coefficient of determination (R2 = .818) indicate

that this model is good for the prediction. The information in this table can be used to form

the regression equation as

Ŷ = 267.417 + 16.270(X1) + 359.226(X6)− 225.287(X7) + 69.024(X10)

where X1 is dengue, X6 is [Thai] dengue, X7 is [Thai] dengue fever, and X10 is [Thai] dengue

prevention. The estimated number of dengue cases and the official number of dengue cases

are plotted in the graph as shown in Figure 4.5 on page 59.

(2) Rainfall terms

Eleven terms from the Google Trends data that are related to rainfall and official

dengue cases from 2008 through 2013, except for data from 2012, were analyzed to build a

model for the estimation of dengue cases.

Table 4.19 summarizes the analytical results. Five independent variables have high

correlation with the number of dengue cases (r = .782). The value of R2 is .612, indicating
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Variables b SE t p-value

X13 (rainy season) -67.532 22.486 -3.003 .004

X16 ([Thai] raining) 34.877 8.727 3.996 .000

X17 ([Thai] rainy season1) 65.058 7.149 9.101 .000

X20 ([Thai]waterlogging) -91.697 33.595 -2.729 .009

constant = -2861.839; SEest = ±3476.03

r = .853; R2 = .728; F = 34.058; p-value = .000

Table 4.19: Regression analysis to estimate Thailand’s dengue cases for 2012 using Google

Trends data (rainfall terms)

that about 61.2% of the variation in official dengue cases data can be explained by these

variables. The parameter values can be used to build the model as

Ŷ = −2861.839− 67.532(X13) + 34.877(X16) + 65.058(X17)− 91.697(X20)

where X13 is rainy season, X16 is [Thai] raining, X17 is [Thai] rainy season1, and X20

is [Thai]waterlogging. The estimated number of dengue cases and the official number of

dengue cases are shown in Figure 4.5 on page 59.

(3) Temperature and humidity terms

The reported data and the search terms in the category of temperature and humidity

were used in regression analysis. This analysis used the data from 2008 through 2013,

excepting the data from 2012, for training a model. The results are shown in Table 4.20 on

page 58.

Only two independent variables, X26 ([Thai] temperature) and X29 ([Thai]humidity),

can be used in the model. This model has low accuracy with correlation r = .564, R2 =

.319, and the standard error of the estimates about ±5393 cases. The parameter values in

this table can be used to create the regression equation, which is in the form

Ŷ = 12109.257− 105.364(X26) + 110.369(X29)

where X26 is [Thai] temperature, and X29 is [Thai]humidity. This equation was fitted
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Variables b SE t p-value

X26 ([Thai] temperature) -105.36 21.179 -4.975 .000

X29 ([Thai]humidity) 110.369 55.040 2.005 .050

constant = 12109.257; SEest = ±5393.02

r = .564; R2 = .319; F = 12.391; p-value = .000

Table 4.20: Regression analysis to estimate Thailand’s dengue cases for 2012 using Google

Trends data (temperature & humidity terms)

to the data and estimated the number of dengue cases. The estimated dengue cases were

plotted in the graph against the reported cases as shown in Figure 4.5 on page 59.

(4) Concept terms

For this analysis, the concept terms and the reported cases were analyzed to build a

predictive model. Table 4.21 on page 58 shows the descriptive statistics and analysis results.

Four independent variables, X30 (Concept - dengue), X31 (Concept - dengue symptoms),

X34 (Concept - rainy season), and X35 (Concept - flood) can be used to estimate the

number of dengue cases.

Variables b SE t p-value

X30 (Concept - dengue) 17.180 5.188 3.312 .002

X31 (Concept - dengue symptoms) 31.406 6.597 4.761 .000

X34 (Concept - rainy season) 19.647 4.310 4.559 .000

X35 (Concept - flood) -11.151 4.749 -2.348 .023

constant = -3084.492; SEest = ±2808.19

r = .907; R2 = .822; F = 58.968; p-value = .000

Table 4.21: Regression analysis to estimate Thailand’s dengue cases for 2012 using Google

Trends data (concept terms)

The quality of this model is good for the estimation of dengue cases. The very high

correlation value (r = .907) between the estimated data and the reported data and the
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.5. Estimation of dengue cases for 2012 using the multiple linear

regression model

coefficient of determination R2 = .822 indicate that this model can estimate the number of

dengue cases with high accuracy. The standard error of the estimates is about ±2808 cases.

The information in this table can be used to construct the predictive equation as

Ŷ = −3084.492 + 17.180(X30) + 31.406(X31) + 19.647(X34)− 11.151(X35)

where X30 is Concept - dengue, X31 is Concept - dengue symptoms, X34 is Concept -

rainy season, and X35 is Concept - flood. The estimated number of dengue cases and the

number of official dengue cases are plotted against each other as shown in Figure 4.5.

4.2.6. Prediction of dengue cases for 2013

This analysis of the search queries and the number of dengue cases from 2008 through

2012, to build a model for dengue prediction, is based on different categories as follows.

(1) Dengue terms

The dengue terms and the reported data were analyzed to build a predictive model.
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Table 4.22 summarizes the analytical results, including four variables that can be used for

the prediction of dengue cases. These variables are X1 (dengue), X6 ([Thai] dengue), X7

([Thai] dengue fever), and X10 ([Thai] dengue prevention).

Variables b SE t p-value

X1 (dengue) 15.018 6.235 2.409 .019

X6 ([Thai] dengue) 535.008 98.734 5.419 .000

X7 ([Thai] dengue fever) -357.431 85.565 -4.177 .000

X10 ([Thai] dengue prevention) 62.823 27.900 2.252 .028

constant = -57.836; SEest = ±2674.666

r = .831; R2 = .690; F = 30.668; p-value = .000

Table 4.22: Regression analysis to estimate Thailand’s dengue cases for 2013 using Google

Trends data (dengue terms)

The correlation, r = .831, and the coefficient of determination, R2 = .690, indicate

that this model can be used to predict the number of dengue cases. The standard error of

the estimates is about ±2675 cases.The equation of this model is

Ŷ = −57.836 + 15.018(X1) + 535.008(X6)− 357.431(X7) + 62.823(X10)

where X1 is dengue, X6 is [Thai] dengue, X7 is [Thai] dengue fever, and X10 is [Thai] dengue

prevention. The predicted number of dengue cases and the official number of dengue cases

are plotted in the graph as shown in Figure 4.6 on page 63.

(2) Rainfall terms

For this analysis, the rainfall terms and the reported data were analyzed to create a

predictive model. Table 4.23 summarizes the descriptive statistics and analysis results and

shows the variables or search terms that can be used for dengue prediction.

The parameter values in the table above can be used in the regression equation as

Ŷ = −4680.700− 72.609(X13) + 26.198(X16) + 60.930(X17) + 22.378(X18)− 93.657(X20)
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Variables b SE t p-value

X13 (rainy season) -72.609 19.432 -3.737 .000

X16 ([Thai] raining) 26.198 7.048 3.717 .000

X17 ([Thai] rainy season1) 60.930 9.306 6.547 .000

X18 ([Thai] rainy season2) 22.378 8.215 2.724 .009

X20 ([Thai]waterlogging) -93.657 28.787 -3.253 .002

constant = -4680.700; SEest = ±2987.783

r = .788; R2 = .621; F = 17.677; p-value = .000

Table 4.23: Regression analysis to predict Thailand’s dengue cases for 2013 using Google

Trends data (rainfall terms)

where X13 is rainy season, X16 is [Thai] raining, X17 is [Thai] rainy season1, X18 is

[Thai] rainy season2, and X20 is [Thai]waterlogging. The predicted number of dengue

cases and the official number of dengue cases are shown in Figure 4.6 on page 63.

(3) Temperature and humidity terms

The search terms in the category of temperature and humidity, and the reported data,

were analyzed to build a predictive model. Table 4.24 summarizes the results. Only two

independent variables, X26 ([Thai] temperature) and X29 ([Thai]humidity) are the final

results of this analysis.

Variables b SE t p-value

X26 ([Thai] temperature) -74.196 14.886 -4.984 .000

X29 ([Thai]humidity) 104.327 39.921 2.613 .011

constant = 7080.992; SEest = ±3919.805

r = .558; R2 = .311; F = 12.862; p-value = .000

Table 4.24: Regression analysis to predict Thailand’s dengue cases for 2013 using Google

Trends data (temperature & humidity terms)

The variables and their coefficient values can be used to create a predictive model,
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which is formed as

Ŷ = 7080.992− 74.196(X26) + 104.327(X29)

where X26 is [Thai] temperature, and X29 is [Thai]humidity. The predicted number of

dengue cases and the official number of dengue cases are plotted in the graph as shown in

Figure 4.6 on page 63.

(4) Concept terms

The concept terms and the official dengue cases from 2008 through 2012 were used

for regression analysis in order to build a predictive model. The results are shown in Table

4.25.

Variables b SE t p-value

X30 (Concept - dengue) 16.875 4.927 3.425 .001

X31 (Concept - dengue symptoms) 32.989 8.660 3.809 .000

X34 (Concept - rainy season) 21.750 4.420 4.921 .000

X35 (Concept - flood) -11.430 4.504 -2.538 .014

constant = -3810.734; SEest = ±2614.795

r = .839; R2 = .704; F = 32.725; p-value = .000

Table 4.25: Regression analysis to predict Thailand’s dengue cases for 2013 using Google

Trends data (concept terms)

Four independent variables, X30 (Concept - dengue), X31 (Concept - dengue symptoms),

X34 (Concept - rainy season), and X35 (Concept - flood), can be used to form a predictive

model. This model has high correlation between the predicted values and the reported data

(r = .839). The value of R2 is .704, showing that about 70.4% of the variation in the official

dengue cases data can be explained by these variables. The coefficient values in this table

can be used to form a regression equation as

Ŷ = −3810.734 + 16.875(X30) + 32.989(X31) + 21.750(X34)− 11.430(X35)
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.6. Prediction of dengue cases for 2013 using the multiple linear

regression model

where X30 is Concept - dengue, X31 is Concept - dengue symptoms, X34 is Concept -

rainy season, and X35 is Concept - flood. The predicted number of dengue cases and the

official number of dengue cases are plotted in the graph as shown in Figure 4.6.

Table 4.26 on page 64 shows all variables or search terms used in the fitted models

from 2008 through 2013. As can be seen, nineteen terms (out of 38 terms) were chosen for

predictive models. These terms were used for the next stage in the study, the artificial neural

network model.

The correlations shown in Table 4.26 determine the relationship between the predicted

data and the reported cases. The higher the correlation value, the stronger the relationship

that implies the goodness of the predictive model.

As can be seen from this table, predicted data from dengue terms, rainfall terms, and

concept terms have very high correlations with reported cases, especially those correlations

that are used for training. Correlations for testing are mostly lower than those for training,

maybe because of the low frequency of some search terms during 2008 through 2012. The

concept terms, on the other hand, can be used to forecast the number of dengue cases
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Year

Category Variable Search term 2008 2009 2010 2011 2012 2013

Dengue terms

X1 dengue
√ √ √ √ √

X3 dengue symptoms
√

X6 [Thai] dengue
√ √ √ √ √ √

X7 [Thai] dengue fever
√ √ √ √ √

X10 [Thai] dengue prevention
√ √ √ √ √

r − training .92 .90 .79 .90 .90 .83

r − testing .85 .34 .94 .88 .74 .96

NRMSE − testing .608 .459** .257 .195 *** .290 .239

Rainfall terms

X11 rain
√ √

X13 rainy season
√ √ √ √ √

X16 [Thai] raining
√ √ √ √ √ √

X17 [Thai] rainy season1
√ √ √ √ √ √

X18 [Thai] rainy season2
√ √ √ √

X19 [Thai] flood
√

X20 [Thai] waterlogging
√ √ √ √

r − training .86 .87 .88 .88 .85 .79

r − testing .83 .80 .85 .64 .68 .93

NRMSE − testing .237 .768 .239 .747 .374 .225*

Temperature & humidity terms

X26 [Thai] temperature
√ √ √ √ √ √

X29 [Thai] humidity
√ √ √

r − training .49 .52 .52 .56 .56 .56

r − testing .64 .55 .93 .70 .75 .87

NRMSE − testing .293* .650 .341 .454 .505 .462

Concept terms

X30 [Concept] dengue
√ √ √ √ √ √

X31 [Concept] dengue symptoms
√ √ √ √ √ √

X34 [Concept] rainy season
√ √ √ √ √ √

X35 [Concept] flood
√ √ √ √ √

X36 [Concept] temperature
√

r − training .90 .92 .93 .91 .91 .84

r − testing .94 .82 .89 .56 .79 .95

NRMSE − testing .155** .555 .221** .305 .261** .141***

* represents the best prediction of the model based on categories

** represents the best prediction of the model based on yesrs

*** represents the best prediction of the model based on categories and years

Table 4.26: Variables, or search terms, produced from multiple linear regression analysis,

the correlations (r) between the predicted values and the reported dengue cases, and the

normalized root mean squared error (NRMSE)

64



more accurately than the terms in other categories because these search terms have high

frequency. In addition, the high frequency of search terms in 2013 leads to high correlation

values, especially those correlations for testing.

Among the dengue search terms, in 2008, only two terms ([Thai] dengue and [Thai] dengue

prevention) were used in the fitted model, meaning that the number of people who used

dengue related search terms in 2008 was not high. In 2010 and 2012, the correlations for

testing were lower than those for training. This may be due to the fact that there was a very

widespread dengue outbreak in 2010, and there was a long dengue outbreak in 2012.

In the category of rainfall terms, there are seven search terms (out of eleven terms)

that were used in the fitted models: two English terms and five Thai terms. The correlations

between rainfall terms and the reported data are around .80, indicating that the predicted

values and the official dengue cases have a very strong relationship. This implies that the

rainfall terms can be used to predict the number of dengue cases. However, the moderate

correlations in 2011 and 2012 (r = .64 and .68, respectively) are lower than the correlations

for training. This might be due to the fact that there was too much rain in 2011, and that

caused a large flood until the beginning of 2012. This led to overestimation in the predictions

in those two years.

Among the eight terms of temperature and humidity, there are only 2 terms ([Thai] tem-

perature and [Thai]humidity) used in the fitted models. In fact, there is only one term

([Thai] temperature) used in the predictive models for 2008 - 2010. In addition, the corre-

lations from .49 to .56 for the training data sets indicate a moderate relationship between

the reported cases and these search terms.

The normalized root mean squared error (NRMSE) evaluates the performance of

the models. The quality of each predictive model was measured to find the best prediction

of the model based on categories and years. For example, the best prediction of the model

for dengue terms is the model for 2011, and the best model in 2013 is the model for concept

terms. As can be seen from Table 4.26, the four concept term models are the best prediction

of the model in 2008, 2010, 2012, and 2013: this indicates that the use of concept terms
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improves the predictions.

4.3. Artificial Neural Network Analysis

For artificial neural network (ANN) analysis, the IBM SPSS Statistics tool version

21.0.0.0 was used to analyze data or to predict dengue cases. This tool provides options

for data analysis, such as a number of hidden layers, types of activation functions, value of

learning rate, etc. This study chose a back-propagation method for the learning process and

standardized the data before analyzing them.

For the ANN analysis, all variables used in the fitted models from multiple linear

regression analysis were used. The variables in Table 4.26 (on page 64) for each category

and for each year were used to build predictive models.

First, the collected data were standardized for the preprocessing process. Second, the

variables selected from each category and each year were chosen for the input layer. The next

step was related to the hidden layer; this research chose one hidden layer for all predictive

models because there were only a limited number of nodes for each input layer. For example,

only one variable (X26) in 2008 was used as an input node for building an ANN model. In

fact, one hidden layer with a small number of input nodes could avoid overfitting, which

results in poor model-performance for testing.

The activation function used for the hidden layer was the hyperbolic tan (or tanh).

This function produces more numbers between -1 and 1 than the values produced by the

sigmoid function. In addition, the activation function in the output layer was identity or

continuous because the expected values were the numbers of dengue cases (continuous: not

discrete).

The weights in the neural networks were first randomly generated, and then they

were adjusted using a back-propagation method.

4.3.1. Estimation of dengue cases for 2008

This process used the same variables from the multiple linear regression analysis for

2008. The variables from the four categories were used for analysis in order to build well
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fitted models for dengue prediction. The SPSS program generated the ANN structure and

computed predicted values. The experiments were executed four times, based on the four

categories of search queries.

Figure 4.7 shows the graph of the results from this analysis. The estimated data are

plotted against the observed data. The data in the white backgrounds are used for testing.

As can be seen, the estimated and fitted data for concept terms are very close to the reported

data. However, the estimated data for dengue terms and temperature and humidity terms

are less accurate than the predicted data from the remaining two categories.

4.3.2. Estimation of dengue cases for 2009

This analysis also used the same variables (or search terms) as the multiple linear

regression method for 2009: three dengue terms, four rainfall terms, one temperature and

humidity term, and four concept terms.

Background: yellow = winter, orange = summer, blue = rainy

Figure 4.7. Prediction of dengue cases in 2008 using the artificial neural

network model
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.8. Prediction of dengue cases in 2009 using the artificial neural

network model

The estimated data produced from this analysis are plotted in Figure 4.8. As can be

seen, the estimated values for dengue terms, rainfall terms, and temperature and humidity

terms are not good enough. Perhaps the data for testing were not sufficiently representative,

and the dengue outbreak in that year was lower than in any other year. Hence, the estimated

values for these categories are overestimations. The estimation on the basis of concept terms,

which are the combination of search terms that have similar meanings, is better than the

other estimations. This indicates that the higher the frequency of the search terms, the

better the estimated values.

In addition, the prediction for rainfall terms in 2011 was longer than the real dengue

outbreak because of a large and long-lasting flood in Thailand that year, leading to a high

frequency of rainfall terms, especially during the rainy season through the winter season.
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.9. Prediction of dengue cases in 2010 using the artificial neural

network model

4.3.3. Estimation of dengue cases for 2010

For the estimation of the 2010 dengue cases, there are sixteen terms from the multiple

linear regression analysis: five dengue terms, five rainfall terms, one temperature and humid-

ity term, and five concept terms, that are used to build predictive models. This implies that

the number of Thai Internet users and the frequency of search terms increased. These terms

have been analyzed using the artificial neural network method based on four categories.

As can be seen in Figure 4.9, all predictive models work well, except for the model

for temperature and humidity terms. The estimated values for dengue terms, rainfall terms,

and concept terms are close to the reported data.

4.3.4. Estimation of dengue cases for 2011

For this analysis, four dengue terms, five rainfall terms, two temperature and humidity

terms, and three concept terms were use to build predictive models. The estimated values
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for all models, excepting the temperature and humidity model, are close to the observed

data. During that year there was a flood in Thailand, which resulted in a high frequency of

climate terms, including rainfall terms and temperature and humidity terms. This led to a

low accuracy of estimated values for testing.

As can be seen in Figure 4.10, the estimated values for dengue terms are close to

the number of reported cases. The estimated values for testing for the other models, the

model for rainfall terms, the model for temperature and humidity terms, and the model for

concept terms, are of more cases and over a longer time period than the observed data: these

results were the effect of the serious flood in Thailand in 2011, which led to the obtaining of

high frequency of climate terms in a longer time period. In addition, the temperature and

humidity terms are not good enough to be used for dengue forecasting when compared to

the other kinds of search terms. However, these search terms have a moderate relationship

(r = .58) with dengue cases for the training data and have a high correlation (r = .76) with

Background: yellow = winter, orange = summer, blue = rainy

Figure 4.10. Prediction of dengue cases in 2011 using the artificial neural

network model
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dengue cases for testing data. These results imply that these search terms can be used to

estimate the number of dengue cases, but the estimates will estimate low accuracy values.

4.3.5. Estimation of dengue cases for 2012

For this analysis, four rainfall terms, two temperature and humidity terms, and four

concept terms were used to build predictive models using the artificial neural network tech-

nique. These search terms were produced from multiple linear regression analysis. Using the

IBM SPSS program to analyze these data, the estimated values were computed and plotted

in different graphs.

As shown in Figure 4.11 (on page 72), all models, excepting the model for temperature

and humidity terms, predicted well, but the prediction was not highly accurate. The real

dengue outbreak in this year was longer than in any other year, starting from the beginning

of the year, peaking in July through November, and dropping in December. These events

affected the accuracy of the prediction, as can be seen in the graph of dengue terms (top-left).

The predictive model for the temperature and humidity terms was of only a medium

accuracy of estimation because of the low frequency of search terms. These search terms

had a moderate relationship with the reported data for training (r = .58 ), and had a strong

relationship with the number of dengue cases for testing (r = .78). Consequently, this means

that this data can be used to predict the number of dengue cases, but the predictive model

will produce only medium accuracy forecasted values.

4.3.6. Prediction of dengue cases for 2013

Prediction analysis for this year used the search terms from the results of multiple lin-

ear regression analysis: four dengue terms, five rainfall terms, two temperature and humidity

terms, and four concept terms. These search terms were analyzed using the artificial neural

network technique based on different categories, dengue terms, rainfall terms, temperature

and humidity terms, and concept terms.

As can be seen in Figure 4.12 (on page 73), the predicted values are very close to the

observed values. The model for temperature and humidity terms can predict the number
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.11. Prediction of dengue cases in 2012 using the artificial neural

network model

of dengue cases close to the reported cases, except the predicted values for 2010 and 2013,

which are the high season outbreaks in Thailand.

In 2013, a dengue outbreak began in early January, dropped in February, and then

continued to increase and peak in July, causing the highest number of dengue cases (around

30,000 cases). The news about this outbreak appeared on TV, in newspapers, and in other

media, frequently. This caused a high frequency of search terms, which led to highly accurate

predicted values.

Table 4.27 (on page 74) shows a summary of the artificial neural network analysis,

including the number of neurons used in each model (both in the input layer and in the

hidden layer), the sum of squares errors, the correlations between the reported number of

dengue cases and the predicted data, and the Normalized Root Mean Squared Error (for

testing). Most of the correlations are higher than the correlations from multiple linear

regression. For example, the correlations for training for all years and all categories, except
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Background: yellow = winter, orange = summer, blue = rainy

Figure 4.12. Prediction of dengue cases in 2013 using the artificial neural

network model

fro the temperature and humidity terms, range between .69 to .95, while the correlations for

testing range from .48 to .97. Moreover, the correlations for the temperature and humidity

terms range from .53 to .94. These results indicate that the predicted values produced from

the ANN analysis have a stronger relationship with the number of dengue cases than the

predicted data produced from the multiple linear regression.

The normalized root mean squared error (NRMSE) evaluates the performance of

each model to find the best model or best kind of model. Each ANN model was measured

for its quality of prediction. As can be seen in Table 4.27, the best prediction of the models

for dengue terms and for rainfall terms are the models for 2008 and 2013. The best prediction

of the models for temperature and humidity terms and for concept terms are the models for

2008. These best models are based on categories. In addition, this table provides information

to find the best prediction of the model based on the years. For instance, the best models for

2008, 2009, and 2012 are the models for concept terms. This implies that the use of concept
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Input Layer: Hidden Layer: Correlations (r)

Year Category # of Neurons # of Neurons Training Testing NRMSE

2008

Dengue Terms 2 1 .89 .82 .290

Rainfall Terms 5 3 .87 .84 .247

Temperature & Humidity Terms 1 1 .53 .66 .268*

Concept Terms 4 3 .92 .97 .135***

2009

Dengue Terms 3 2 .93 .48 .409

Rainfall Terms 4 3 .69 .85 .456

Temperature & Humidity Terms 1 1 .53 .59 .483

Concept Terms 4 3 .90 .84 .274**

2010

Dengue Terms 5 3 .95 .90 .168**

Rainfall Terms 5 3 .93 .89 .195

Temperature & Humidity Terms 1 1 .56 .91 .326

Concept Terms 5 3 .95 .96 .170

2011

Dengue Terms 4 3 .93 .89 .163**

Rainfall Terms 5 3 .87 .85 .300

Temperature & Humidity Terms 2 2 .58 .76 .383

Concept Terms 3 2 .93 .55 .294

2012

Dengue Terms 4 3 .94 .71 .296

Rainfall Terms 4 3 .89 .61 .329

Temperature & Humidity Terms 2 2 .58 .78 .374

Concept Terms 4 3 .92 .78 .259**

2013

Dengue Terms 4 3 .90 .96 .106***

Rainfall Terms 5 3 .84 .97 .138

Temperature & Humidity Terms 2 2 .63 .94 .424

Concept Terms 4 3 .81 .94 .159

* represents the best prediction of the model based on categories

** represents the best prediction of the model based on years

*** represents the best prediction of the model based on categories and years

Table 4.27: The summarize of the artificial neural network analysis

terms improves the prediction.
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4.4. Autoregressive Integrated Moving Average Analysis

For autoregressive integrated moving average (ARIMA) analysis, only the official

dengue cases were used to predict the number of dengue cases in 2013. These data were

set into a time series, which is called time series data. The modeling procedure follows the

three stages described in Chapter 3. The R programming language (RKWard for Ubuntu),

an open source statistical application, was used to predict the number of dengue cases for

the ARIMA models.

Figure 4.13. Number of dengue cases in the time series from 2008 to 2012

4.4.1. Prediction of dengue cases for 2013

First of all, the official data were applied as time series data. As shown in Figure

4.13, the regular pattern of the data is inconsistent based on seasonality of the data, and

the graph peaks in July for each year. In addition, the variances of the data are not stable.

Therefore, it is neccessary to take a natural logarithm to stabilize the variances of the data,

then take the difference of the transformed data.

Figure 4.14 on page 76 shows the graph of the difference of the transformed data,

along with the ACF and PACF. The significant spikes at lag 1, 12, and 24 in the ACF and

the same behavior in the PACF indicate strong seasonality of 12 months a year (S = 12).
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Figure 4.14. Difference of transformed time series data

Therefore, it is necessary to take the seasonal difference of these transformed data, and then

to take the dierence of the transformed data.

Figure 4.15 shows the seasonal difference of the transformed data, including its graph,

ACF, and PACF. The graph of the seasonal difference of the transformed data shows that

the variances for all seasonal are more stable than the original data. The significant spike at

lag 1 in the ACF (positive value) indicates a non-seasonal MA(1) (moving average part with

q = 1), and the significant spikes at lag 12 and lag 13 (negative values) indicate a seasonal

MA(2) (moving average part with Q = 2). In addition, the significant spike at lag 1 in the

PACF (positive value) suggests a non-seasonal AR(1) (autoregressive part with p = 1), and

the significant spikes at lag 1 and lag 12 indicate a seasonal AR(2) (autoregressive part with

Q = 2). Hence, a possible model was seasonal ARIMA(1, 1, 1)(2, 1, 2)12. This model was

applied to the data, and then the residuals for the model were checked as shown in Figure
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Figure 4.15. First seasonal difference of the difference of transformed data

4.16, which indicates that this model is not good because the significant spikes at lag 3 and

13 exceed the standard errors (dash lines).

Figure 4.16. ACF of standardized residuals

In Figure 4.16, the two significant spikes at lag 3 and 13 show that the chosen model

is not good, especially the seasonal MA(2). In order to find the best fitted model, it is
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Figure 4.17. Second order of the seasonal difference of the data

necessary to take the 2nd order of the seasonal difference. The results are shown in Figure

4.17, which reveals the graph, AIC, and PACK of the second order of the seasonal difference

of the data.

In Figure 4.17, the significant spike at lag 1 in the ACF suggests non-seasonal MA(1),

and the significant spike at lag 12 indicates seasonal MA(1). The significant spike at lag

1 in the PACF indicates non-seasonal AR(1), and the significant spikes at lag 2 and lag

12 suggest seasonal AR(2). Consequently, this analysis suggests that a possible model is a

seasonal ARIMA(1,1,1)(2,2,1)12.

The next step is fitting the model based on the parameters from the previous analysis,

along with some variations on it. Their AICc are also computed in order to find the best

model (with the smallest AICc).
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Seasonal ARIMA model AICc Seasonal ARIMA model AICc

ARIMA(1,1,1)(2,2,0)12 16.282 ARIMA(2,2,1)(2,2,0)12 16.544

ARIMA(1,1,2)(2,2,0)12 16.298 ARIMA(2,2,2)(2,2,0)12 16.603

ARIMA(1,1,3)(2,2,0)12 16.453 ARIMA(2,2,3)(2,2,0)12 16.652

ARIMA(1,1,1)(2,2,1)12 16.264 ARIMA(1,2,1)(2,2,1)12 17.034

ARIMA(1,1,2)(2,2,1)12 16.863 ARIMA(1,2,2)(2,2,1)12 16.403

ARIMA(1,1,3)(2,2,1)12 16.183 ARIMA(1,2,3)(2,2,1)12 16.774

ARIMA(1,2,1)(2,2,0)12 17.220 ARIMA(2,2,1)(2,2,2)12 16.607

ARIMA(1,2,2)(2,2,0)12 16.860 ARIMA(2,2,2)(2,2,2)12 16.672

ARIMA(1,2,3)(2,2,0)12 16.741 ARIMA(2,2,3)(2,2,2)12 16.735

Table 4.28: AIC values in different models

Figure 4.18. Standardized residuals, ACF of residuals, and Q-Q plot of stan-

dardized residuals

Of the models shown in Table 4.28, the best model is the seasonal ARIMA(1,1,3)(2,2,1)12,

with the smallest AICc value (16.183). This model was fitted using the original data (the

number of dengue cases); then the ACF of residuals was checked to find if this model is good

for forecasting the number of dengue cases (no lag exceeds the standard errors: indicated by
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the dash lines).

Figure 4.19. Prediction of dengue cases prediction for 2013 using seasonal

ARIMA(1,1,3)(2,2,1)12

Figure 4.18 on page 79 shows the standardized residuals, the ACF, and the quantile-

quantile plot of standardized residuals between the fitted and the observed data. The ACF

of standardized residuals shows that this model is acceptable (no lag exceeds the standard

errors: indicated by the dash lines).

The next step is forecasting; the selected model was fitedt with the original data in

order to predict the number of dengue cases for 2013, as shown in Figure 4.19.

4.4.2. Estimation of dengue cases in other years

The seasonal ARIMA model was also used to analyze official data for forecasting the

number of dengue cases in other years. The processes were the same as the steps taken for

the 2013 prediction. All analytical results are shown in Table 4.29.

As can be seen in Table 4.29, the correlations between the estimated values and the

observed values are very high. In fact, the correlations of the fitted data for all years are in
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Year Best model
Correlation

r-fitted r-predicted

2008 ARIMA(2,0,1)(1,1,0)12 .94 .93

2009 ARIMA(1,1,2)(1,1,0)12 .95 .95

2010 ARIMA(1,0,0)(,1,1,0)12 .95 .88

2011 ARIMA(0,1,1)(1,1,1)12 .94 .90

2012 ARIMA(1,1,2)(1,2,0)12 .97 .72

2013 ARIMA(1,1,3)(2,2,1)12 .96 .88

Table 4.29: Correlations of seasonal ARIMA models in different years

the range from .94 to .97, and the correlations of predicted data are in the range from .72 to

.95. These facts indicate strong and very strong relationships between the estimated data

and the reported data, implying that these models work well.

Figure 4.20 on page 82 shows the graphs of the analytical results for every year. As

can be seen in the graphs, the fitted values are very close to the observed data because the

analysis process uses the same data to build the predictive model. Most of the predicted

values are very close to the observed data, except for the estimated data for 2010 and 2012.

For 2010 dengue estimation, the estimated values appear in a regular seasonal pattern, while

the dengue outbreak in that year was very high. This is because the estimated data are

based on the historical data, which is in a regular pattern (the peaks of data for the rest

four years (the fitted model) are consistent).

For the estimation of dengue in 2012, the overestimation of dengue cases may be

explained by the model ARIMA(1,1,2)(1,2,0)12, which generates the 2nd order of the seasonal

differences. This means that the predicted values in the current time come from the values

in the last 2 years (2010), which were high in dengue incidences.
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Figure 4.20. Prediction of dengue cases in different years using the seasonal

ARIMA model
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4.5. Comparison of Predictive Models

In order to compare the performance of the models created by the multiple linear

regression method and the artificial neural network method, all models were computed for

their overall correlations and overall NRMSE. The highest correlation value represents the

strongest relation between the predicted data and the observed data, and the lowest value

of NRMSE indicates the performance of the best predictive model.

As can be seen in Table 4.30 on page 84, the best model for multiple linear regression

is the model for the concept terms in 2012 with the highest r = .90 and the lowest total

NRMSE = .0932. The best artificial neural network model is the model in 2013 for dengue

terms with a maximum r = .94 and the minimum total NRMSE = .0743. The worst

multiple linear regression model is the model of temperature and humidity terms in 2010

(lowest r = .50 and highest total NRMSE = .1889). In addition, the worst artificial neural

network is the model of temperature and humidity terms in 2009 (lowest r = .50 and highest

total NRMSE = .1877).

Overall, the correlations from the artificial neural network (ANN) are higher than

those from the multiple linear regression (MLR) model, and the total NRMSE from the

artificial neural network (2.8703) is lower than the total NRMSE from multiple linear

regression. These results indicate that the ANN models outperform the multiple linear

regression models.

In order to compare the performance between the multiple linear regression model,

the artificial neural network model, and the seasonal ARIMA models, the best model for

each year (with the lowest NRMSE value and highest correlation value) from Table 4.30 (on

page 84) was selected to be compared with the values produced from the seasonal ARIMA

models.

Table 4.31 (on page 85) shows the correlations and the NRMSE of models created

from the analysis of three kinds of models, the multiple linear regression model (MLR),

the artificial neural network model (ANN), and the seasonal ARIMA models. All models

have very high correlations, in the range between .88 and .95, indicating that the models
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Year Category MLR ANN

r NRMSE r NRMSE

2008

Dengue terms .83 .1327 .77 .1555

Rainfall terms .85 .1128 .86 .1110

Temperature & humidity terms .50 .1867 .54 .1813

Concept terms .90 .0942 .92 .0854

2009

Dengue terms .88 .1006 .92 .0861

Rainfall terms .82 .1281 .68 .1582

Temperature & humidity terms .50 .1880 .50 .1877

Concept terms .89 .0989 .89 .1062

2010

Dengue terms .89 .1011 .94 .0768

Rainfall terms .85 .1144 .91 .0914

Temperature & humidity terms .50 .1889 .53 .1833

Concept terms .90 .0944 .93 .0795

2011

Dengue terms .90 .0957 .93 .0814

Rainfall terms .77 .1476 .84 .1224

Temperature & humidity terms .54 .1826 .56 .1800

Concept terms .89 .0982 .91 .0887

2012

Dengue terms .90 .0956 .92 .0839

Rainfall terms .84 .1177 .87 .1047

Temperature & humidity terms .54 .1823 .56 .1786

Concept terms .90 .0932 .92 .0852

2013

Dengue terms .89 .1111 .94 .0743

Rainfall terms .85 .1161 .90 .0939

Temperature & humidity terms .54 .1865 .62 .1732

Concept terms .90 .0940 .88 .1016

Total NRMSE 3.0614 2.8703

Table 4.30: The Comparison of the multiple linear regression models and the artificial neural

network models

produced from these three methods are good for the prediction of dengue cases because the

predicted and observed values have a very strong relationship to each other. Moreover, the

minimum value of NRMSE indicates the best model. The total NRMSE determines the

best kind of model overall. As can be seen from this table, the artificial neural network

84



Year MLR ANN ARIMA

r NRMSE r NRMSE r NRMSE

2008 .90 .0942 .92 .0854 .91 .0921

2009 .89 .0989 .92 .0861 .95 .0696

2010 .90 .0944 .94 .0768 .85 .1204

2011 .90 .0957 .93 .0814 .94 .0783

2012 .90 .0932 .92 .0839 .88 .1307

2013 .90 .0940 .94 .0743 .91 .0921

Total NRMSE .5794 .4879 .5832

Table 4.31: Comparison of predictive models

outperforms the others with the lowest total NRMSE = .4879. This finding also indicates

that the performance of the multiple linear regression model is better than that of the

seasonal ARIMA model.

Background: yellow = winter, orange = summer, blue = rainy

Figure 4.21. Prediction of dengue cases in 2013 four months ahead of re-

ported cases
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4.6. Extending the Length of the Prediction Period

This section demonstrates the efforts made toward dengue prediction. The study

tried to forecast the number of dengue cases further in advance than the reported cases

by applying the seasonal ARIMA model. All search terms used in the fitted models from

multiple linear regression and artificial linear regression analysis were analyzed to forecast

the frequency of these search terms four months ahead of officially reported dengue cases

(until December). Table 4.32 summarizes the seasonal ARIMA modes for these search terms.

Category Variable Search term ARIMA model

Dengue terms

X1 dengue ARIMA(0,0,1)(1,1,0)12

X3 dengue symptoms ARIMA(1,0,0)(1,1,0)12

X6 [Thai] dengue ARIMA(1,0,1)(1,2,1)12

X7 [Thai] dengue fever ARIMA(1,0,0)(1,1,0)12

X10 [Thai] dengue prevention ARIMA(2,0,0)(0,1,0)12

Rainfall terms

X11 rain ARIMA(0,2,3)(0,1,1)12

X13 rainy season ARIMA(1,2,1)(0,1,1)12

X16 [Thai] raining ARIMA(1,2,1)(0,1,1)12

X17 [Thai] rainy season1 ARIMA(0,0,2)(0,2,1)12

X18 [Thai] rainy season2 ARIMA(0,1,1)(0,1,1)12

X19 [Thai] flood ARIMA(1,0,0)(0,1,0)12

X20 [Thai] waterlogging ARIMA(0,1,2)(1,1,0)12

Temperature & humidity terms
X26 [Thai] temperature ARIMA(0,1,1)(0,1,1)12

X29 [Thai] humidity ARIMA(1,1,1)(1,2,1)12

Concept terms

X30 [Concept] dengue ARIMA(0,2,3)(0,1,1)12

X31 [Concept] dengue symptoms ARIMA(1,0,0)(0,1,0)12

X34 [Concept] rainy season ARIMA(1,0,0)(1,1,0)12

X35 [Concept] flood ARIMA(1,0,0)(0,1,0)12

X36 [Concept] temperature ARIMA(0,1,1)(0,1,1)12

Table 4.32: Variables, search terms, and seasonal ARIMA models for 2013 dengue prediction

The seasonal ARIMA models shown in Table 4.32 were applied to the search query
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data to forecast the frequency of those search terms four months ahead of the current time

from September to December.

Figure 4.21 shows a graph of the results of the prediction values against the reported

cases. The predicted values are extended from the current time (August) to the end of year.

All of the predicted data from the four categories follow the trends of the search queries.

These experimental results suggest a means to overcome the limitation of dengue

prediction which existed in the previous studies by predicting the number of dengue cases

ahead of the reported cases in the current time. Additionally, this technique can be applied

for forecasting the number of dengue cases for 2014.

4.7. Answering Research Questions

This section answers the research questions for this study, which are three questions

as follows.

The first research question was “Do dengue related search terms and climatic search

terms correlate with dengue epidemics?”. The experimental results indicate that almost all

search terms have correlations with the number of dengue cases. In fact, seven search terms

have high correlation values (.70 ≤ |r| ≤ .89 ) with the reported cases, eight search terms

have medium correlation values (.40 ≤ |r| ≤ .69) with the reported cases, seven search terms

have low correlation values (.20 ≤ |r| ≤ .39) with the reported cases, and sixteen terms have

very low correlation values (.01 ≤ |r| ≤ .19 ) with the reported cases. Only four search terms

have the correlations lower than .05, which are very close to zero.

The second research question was “Can dengue related search terms and climatic

search terms from the Google Trends website be used to predict dengue cases?”. The exper-

iments and the findings indicate that the search terms from the Google Trends website can

be used to predict dengue cases, especially, dengue terms, rainfall terms, and concept terms.

The last research question was “Which machine learning technique leads to the most

effective model to predict dengue cases: multiple linear regression (MLR), autoregressive

integrated moving average (ARIMA), or artificial neural network (ANN)?”. From this study,
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the best type of model for dengue prediction is artificial neural network (ANN). The lowest

total NRMSE of ANN (.4879) indicates that ANN outperforms the other techniques.

4.8. Summary

This study analyzed the frequency of search queries or search terms from online

Google Trends data to build models to predict the number of dengue cases. All of the

experiments were conducted using three machine learning methods. The search query data

used in this study can be categorized into different groups, which are dengue terms, rainfall

terms, temperature and humidity terms, and concept terms. The experiments were executed

multiple times, based on the 6-fold cross-validation method and based on four categories of

search terms. The results show that search query data can be used to forecast the number of

dengue cases, and all machine learning techniques work well, especially the artificial neural

network models.
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CHAPTER 5

CONCLUSION

5.1. Conclusion

The search queries from Google Trends website that related to dengue and climate

have been used to predict dengue incidence in Thailand. Three machine learning techniques

were applied as the analytical tools to build predictive models, which work well for dengue

predictions. The overall correlations of the predicted data and the observed data have mostly

higher than .80, indicating that these data are very strong relationships to each other. It

implies that the search terms from Google Trends can be used to predict the number of

dengue cases, and all tree kinds of models, multiple linear regression, ANN, and seasonal

ARIMA, are good for prediction of dengue cases.

The low frequency of search terms affected the performance of the models, as can be

seen, the correlations for testing are generally lower than those for training. The concept

terms, which is the combination of search terms that have the same concept of meaning,

improved the predictions. For example, the model of the concept terms that predict dengue

cases for 2013 can estimate the number of dengue cases, which are very strong relationship

with the reported cases (r-training > .80 and r-testing > .93 ). This implies that the

fitted models work very well with the concept terms. In fact, the high occurrence of dengue

happens when the frequency of search terms increase. This might be due to the fact that

the Thai public health authorities informed frequently on news, TV, and news papers when

a dengue outbreak occurs, that leads to the high frequency of the search terms in 2013.

The high correlations of rainfall terms (over .80) indicate the strong relationship of

the predicted values and the observed values. This suggests that the terms related to climate

can be used to predict the number of dengue cases.

The correlations of the temperature and humidity terms for all models in every year

range between .50 to .62, indicating that the predicted data and the observed data have

moderate relationships to each other. These data can be used to predict the number of
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dengue cases, but the models would result in low accuracy of the predicted values.

All experiments were done based on four categories of search queries, which are dengue

terms, rainfall terms, temperature and humidity terms, and concept terms. Three machine

learning methods were applied to analyze the data, which resulted in different predictive

models. The data were analyzed multiple times to predict the number of dengue cases based

on a cross validation method.

In conclusion, the results from this study show that the online data from the Google

Trends website can be used for the prediction of dengue cases: not only dengue search

terms, but also climatic search terms. Moreover, the model evaluations indicate that the

artificial neural network (ANN) models outperform the other models. These results achieve

the research objectives.

5.2. Contribution

Demonstrating the applicability of search query data in monitoring dengue outbreaks

is a part of the contribution of this dissertation. This includes the research methodology,

which is in the area of computer science, for forecasting the number of dengue cases. In

addition, the new technique in this study, which is the application of machine learning

methods, can help to extend the prediction period well beyond the time of the official reported

cases.

An additional contribution is that the models used in this study can help in effectively

predicting the occurrences of dengue epidemics. The high correlations between the predicted

data and the official number of dengue cases demonstrate the good performance of the

predictive models.

This study illustrates the effectiveness of applying machine learning techniques to

the field of public heath. The three kinds of models, multiple linear regression, artificial

neural network, and seasonal autoregressive integrated moving average model, can predict

the number of dengue cases effectively.
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5.3. Limitations

There are several limitations that have to be addressed. The first limitation is the low

frequencies of the search queries collected, which affect the accuracy of the prediction. For

instance, the frequency of the term “dengue is zero in 2008, which resulted in low accuracy

in the prediction of data for that year. This may have been due to the fact that the number

of Thai Internet users at that time was low, and there was no news about dengue outbreaks

appearing frequently in the media, which resulted in the low frequency of the search term.

To deal with this challenge, the concept terms, which combine the frequencies of terms

that have close meanings, were created. The high correlation values and the low values of

normalized root mean squared error of the concept terms’ model indicate that the concept

terms improve the predictions.

The frequency of the search queries is sensitive to the news that appears in the media.

If many media were to provide information about dengue outbreaks more frequently, the fre-

quencies of dengue search terms would rapidly increase, which would lead to over-estimation,

as occurred with the prediction of dengue terms for 2013 (multiple linear regression analy-

sis). In contrast, if there were no alerts about dengue outbreaks in any media, the frequency

of dengue search terms would be very low or would drop to zero. This might result in low

accuracy of prediction. Therefore, the results are sensitive to the media.

5.4. Future Work

In future work, the errors in the prediction in this research can be reduced through the

application of statistical methods like the Exponential-Smoothing technique, which removes

small fluctuations from the predicted data. This method will improve in accuracy of the

prediction.

In addition, this study can be applied for another disease, such as Influenza, which

widely occurs every year around the world just as dengue fever does. At least, the methodol-

ogy used in this research will help researchers to find ways to help public health authorities

prepare mitigation plans for outbreaks of other diseases.
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Furthermore, other machine learning techniques can be used in this study to achieve

the best predictive model, such as Support Vector Machine, Naive Bayes, etc.

Last but not least, other methods for times series can be applied for validation against

the seasonal ARIMA model, such as neural network for times series and support vector

machine for times series.
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APPENDIX A

EXAMPLE OF ANALYZING DATA TO PREDICT THE NUMBER OF DENGUE

CASES IN THAILAND
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Example of multiple linear regression analysis

Figure A.1. Correlation matrix of dengue search terms and official dengue cases
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Figure A.2. Correlation matrix of rainfall search terms and official dengue cases
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Figure A.3. Correlation matrix of dengue search terms
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Figure A.4. Correlation matrix of temperature & humidity terms and official

dengue cases
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Analyzing dengue search queries to forecast the number of dengue cases in 2013

Figure A.5. Model summary
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Figure A.6. ANOVA analysis
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Figure A.7. Coefficients
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APPENDIX B

EXAMPLE OF ARTIFICIAL NEURAL NETWORK ANALYSIS
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Analytical results of concept terms for dengue cases prediction in 2010

Figure B.1. Neural network information
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Figure B.2. Neural network structure of concept terms for dengue cases

prediction in 2010

Figure B.3. Parameter values for the fitted model
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Figure B.4. Scatter plot between the predicted data and the observed Data
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APPENDIX C

R PROGRAM FOR SEASONAL ARIMA ANALYSIS
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library(“astsa”)

library(“forecast”)

par(mfrow=c(4,3))

dengue <- scan(“/home/jedsada/Desktop/denguecase08-12.txt”) # read data from a file

# store data in a time series object and plot graphs

denguetimeseries <- ts(dengue, frequency = 12, start = c(2008,1), end = c(2012, 12))

plot.ts(denguetimeseries, ylab = ‘Dengue Cases’) #plot graph

acf(denguetimeseries, 24)

pacf(denguetimeseries, 24)

# Take the log to to stabilize the variance and plot graph

logdenguetimeseries <- log(denguetimeseries)

plot.ts(logdenguetimeseries, ylab = ‘log.dengue cases’)

acf(logdenguetimeseries, 24)

pacf(logdenguetimeseries,24)

log.dengue = log(dengue)

acf2(log.dengue, 24)

# Non-seasonal 1st difference for time series (to make stationary)

difflog dengue ts <- diff(logdenguetimeseries)

plot(diff log dengue ts, ylab = ‘Diff(log(Dengue Cases))’)

acf(diff log dengue ts, 24)

pacf(diff log dengue ts, 24)

diff.log.dengue <- diff(log.dengue)

plot(diff.log.dengue, ylab = ‘Diff(log(Dengue Cases))’)

lines(diff.log.dengue)

acf2(diff.log.dengue, 24)

106



# Seasonal 1st difference for time series

seasonal diff.diff.log.dengue ts <- diff(diff log dengue ts, 12)

plot(seasonal diff.diff.log.dengue ts, ylab = ‘Seasonal diff(diff(log(Dengue Cases)))’)

acf(seasonal diff.diff.log.dengue ts, 24)

pacf(seasonal diff.diff.log.dengue ts, 24)

# Seasonal 1st difference for dengue

seasonal diff.diff.log.dengue<- diff(diff.log.dengue, 12) plot(seasonal diff.diff.log.dengue, ylab

= ‘Seasonal diff(diff(log(Dengue Cases)))’)

lines(seasonal diff.diff.log.dengue)

acf2(seasonal diff.diff.log.dengue, 24)

# Seasonal 2nd difference for time series

S diff S diff.diff.log.dengue ts <- diff(seasonal diff.diff.log.dengue ts, 12)

plot(S diff S diff.diff.log.dengue ts, ylab = ‘Seasonal diff( seasonal diff(diff(log(Dengue Cases))))’)

acf(S diff S diff.diff.log.dengue ts, 24)

pacf(S diff S diff.diff.log.dengue ts, 24)

# Seasonal 2nd difference for dengue

S diff.S diff.diff.log.dengue <- diff(seasonal diff.diff.log.dengue, 12)

plot(S diff.S diff.diff.log.dengue, ylab = ‘Seasonal diff( seasonal diff(diff(log(Dengue Cases)))’)

lines(S diff.S diff.diff.log.dengue)

acf2(S diff.S diff.diff.log.dengue, 24)

# Fitting the model to original data and checking the residuals

fit <- arima(dengue, order = c(1,1,2), seasonal = list(order=c(2,2,1), period = 12),

method = “ML”)
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fit

residual <- (ts(residuals(fit)))

residual

plot(residual )

# Run simulation in different models

library(“astsa”)

library(“forecast”)

require(graphics)

auto.arima(denguetimeseries, d= 1, D=2, max.p=3, max.q=3, max.P=3, max.Q=3,

max.order=2, start.p=1, start.q=1, start.P=1, start.Q=1, stationary=FALSE, seasonal=

TRUE, ic=c(“aicc”, “aic”, “bic”), stepwise=TRUE, trace=TRUE)

#—————Dengue prediction for 2013: SARIMA(1,1,3)(2,2,1)12—————–

sarima.for(denguetimeseries, 12, 1, 1, 3, P=2, D=2, Q =1, S=12)

fit2013 <- arima(dengue, order = c(1,1,3), seasonal = list(order=c(2,2,1), period = 12),

method = “ML”)

fit 2013

# Plot Graph

Official All <- scan(“Desktop/dengue case All.txt”)

Official dengue cases 1 <- ts(Official All, frequency = 12, start = c(2008,1), end =

c(2013, 8))

Official2 <- scan(“DesktopOfficial 2013.txt”)

Official dengue cases 2 <- ts(Official2, frequency = 12, start = c(2013,1), end = c(2013, 12))

Predict <- scan(“Desktop/Arima predicted 2013.txt”)
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Predicted@ @data <- ts(Predict, frequency = 12, start = c(2013,1), end = c(2013, 12))

g range <- range(0, Official, Predict)

plot(Predicted data, col = “red”, ylim = g range)

lines(Official)

#——————————– Model Evaluation ——————————–

# 1. Root Mean Squared Error (RMSE) and NRMSE

library(hydroGOF)

options(decimal = 4)

actual <- scan(“Desktop/dengue case All.txt”)

predict <- scan(“Desktop/tmp predict.txt”)

rmse(predict , actual)

nrmse(predict , actual)

nrmse(predict , actual, norm= “maxmin”)

rmse1 <- rmse(predict , actual)

range <- max(actual) - min(actual)

nrmse2 <- rmse1/range

nrmse2

# 2. Pearson Correlation Coefficient

actual <- scan(“Desktop/dengue case All.txt”)

predict <- scan(“Desktop/tmp predict.txt”)

cor(actual, predict , method = c(“pearson”))

#———————————————— End————————————————
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[4] J. Beauté and S. Vong, Cost and disease burden of dengue in cambodia, BMC Public

Health, (2010), 1–6.

[5] K. R. Bisset, J. Chen, X. Feng, Y. Ma, and M. V. Marathe, Indemics: an interactive

data intensive framework for high performance epidemic simulation, ICS 2010 (2010),

no. 5.

[6] P. J. Brockwell and R. A. Davis, Times series: theory and methods, Springer, 1987.

[7] , Time series: theory and methods, Springer, 1991.

[8] J. W. Buehler, A. Sonricker, M. Paladini, P. Soper, and F. Mostashari, Syndromic

surveillance practice in the united states: findings from a survey of state, territorial,

and selected local health departments, Advances in Disease Surveillance, 6 (2008), no. 3,

1–20.

[9] M. Buntinas and G. M. Funk, Statistics for the sciences, Thomson, 2005.

[10] Thailand Vector-Borne Disease Bureau, Thailand dengue situation in 2013, [Online].

Available: http://www.thaivbd.org/dengue.php?id=234, 2013.

[11] R. Chakoumakos, Predicting outbreak severity through machine learning on disease out-

break reports, Stanford University.

[12] C. Chatfield, Time-series forecasting, CRC Press LLC, 2001.

[13] M. Z. Choudhury, S. Banu, and M. A. Islam, Forecasting dengue incidence in dhaka,

bangladesh: a time series analysis, Dengue Bulletin, 32 (2008), 29–37.

110



[14] H. Chu, D. Deng, and J. H. Park, Live data mining concerning social networking foren-

sics based on a facebook session through aggregation of social media, IEEE Journal on

Selected Areas in Communications, 29 (2011), no. 7, 1368–1376.

[15] C. D. Corley, Social network simulation and mining social media to advance epidemiol-

ogy, Ph.D. thesis, University of North Texas, 2010.

[16] C. D. Corley, A.R. Mikler, K. P. Signh, and D. J. Cook, Monitoring influenza trends

through mining social media, International Conference on Bioinformatics & Computa-

tional Biology, (2009).

[17] J. D. Cryer and K. Chan, Time series analysis with applications in r, Springer, 2008.

[18] I. P. Cyijiki and F. Michahelles, Intelligent heart disease prediction system using data

mining techniques, IEEE 9th International conference on Dependable, Autonomic and

Secure Computing, 2011.

[19] M. Derouich and A. Boutayeb, Dengue fever: mathematical modeling and computer

simulation, Applied Mathematics and Computation, 177, (2006), no. 2.

[20] C. Z. Dickerson, The effect of temperature and humidity on the eggs of aedes aegypti (l.)

and aedes albopictus (skuse) in texas, Ph.D. thesis, Texas A/M University, 2007.

[21] W. Fan and K. H. Yeung, Virus propagation modeling in facebook, IEEE International

conference on Advances in Social Networks Analysis and Mining, 2010.

[22] D. A. Focks, E. Daniels, D. G. Haile, and J. E. Keesling, A simulation model of the

epidemiology of urban dengue fever: literature analysis, model development, preliminary

validation, and samples of simulation results, American Society of Tropical Medicine and

Hygience, 53, (1995), no. 5, 489–506.

[23] R. D. Fricker, Syndromic surveillance, Encyclopedia for quantitative risk assessment

(2006).

[24] A. K. G, A. B.K, and T. A. F, Time series forecasting with neural network: a case study

of stock prices of intercontinental bank nigeria, IJRRAS (2011).

[25] E. Gabbert, Keywords vs. search sueries: shat’s the difference?, 2011.

111



[Online]. Available: http://www.wordstream.com/blog/ws/2011/05/25/

keywords-vs-search-queries.

[26] I. A. Gheyas and L. S. Smith, A neural network approach to time series forecasting,

Proceedings of the World Congress on Engineering (2009).

[27] J. Gomide, A. Veloso, W. Maria, et al. (eds.), Dengue surveillance based on a com-

putational model of spatio-temporal locality of twitter, In: Proceedings of the ACM

WebSci’11. Koblenz, Germany, ACM, June 14-17 2011.

[28] D. Guha-Sapir and B. Schimmer, Dengue fever: new paradigms for a changing epidemi-

ology, BioMed Central, 2 (2005), no. 1.

[29] P. Gunakasem, Jatanasen, C. Chantarasri, et al., Surveillance of dengue hemorrhagic

fever cases in thailand, 1975, (1975), 16–23.

[30] K. J. Henning, Overview of sysdromic surveillance what is syndromic surveillance?

[31] T. V. Johnson, The influence of social network graph structure on disease dynamics in

s simulated environment, Ph.D. thesis, University of North Texas, 2010.

[32] I. Kaastra and M. Boyd, Designing a neural network for forecasting financial and eco-

nomic time series, Neurocomputing (1996).

[33] M. J. Keeling and J. V. Ross, On methods for studying stochastic disease dynamics,

Journal of The Royal Society Interface 5 (2008), 171–181.

[34] M. Krieck, J. Dreesman, L. Otrusina, and K. Denecke (eds.), A new age of public

health: identifying disease outbreaks by analyzing tweets, Health WebScience Workshop,

In: Proceedings of the ACM WebSci’11. Koblenz, Germany, ACM, 2011.

[35] V. Lampos and N. Cristianini, Tracking the flu pandemic by monitoring the social web,

IEEE International Conference Workshop on Conitive Information Processing, (2010).

[36] L. C. Madoff, D. N. Fisman, and T. Kass-Hout, A new approach to monitoring dengue

activity, PLoS Neglected Tropical Diseases, 5, (2011), no. 5.

[37] Health Map, Dengue map, 2012. [Online]. Available: http://www.healthmap.org/

dengue/index.php.

[38] E. Z. Martinez and E. A. Soares da Silva, Predicting the number of cases of dengue

112



infection in ribeiro preto, s paulo state, brazil, using a sarima model, Cad Saude Publica

27 (2011), no. 9.

[39] LCdC. Medeiros, C. Castilho, C. Braga, et al., Modeling the dynamic transmission of

dengue fever: investigating disease persistence, PLoS Neglected Tropical Diseases, 5,

(2011), no. 1.

[40] W. Mendenball, J. Reinmuth, and R. Beaver, Statistics for management and economics,

Duxbury press, 1993.

[41] A. R. Mikler, A. Bravo-Salgado, and C. D. Corley, Global stochastic contact modeling of

infectious diseases, International Joint Conference on Bioinformatics, Systems Biology

and Intelligent Computing (2009), no. 5.

[42] K. O. Murray et al., Emerging disease syndromic surveillance for hurricane katrina

evacuees seeking shelter in houston’s astrodome and reliant park complex, Public Health

Reports, 124 (2009), 364–371.

[43] Ali Nazari and Azimzadegan Tohid, Prediction the effects of ZnO2 nanoparticles on

splitting tensile strength and water absorption of high strength concrete, Materials Re-

search 15 (2012), 440–454 (en).

[44] World Chaos News, Genetically engineered mosquitoes released in australian

towns, 2012. [Online]. Available: http://aworldchaos.wordpress.com/tag/

dengue-kills-more-people-than-influenza/.

[45] K. Nguyen and D. A. Tran, An analysis of activities in facebook, IEEE 8th Consumer

Communications and Networking Conference-Emerging and innovative Consumer Tech-

nologies, 2011.

[46] R. Nochai and T. Nochai, Arima model for forecasting oil palm price, Proceedings of

2nd IMT-GT Regional Conference on Mathematics, Statistics and applications (2006).

[47] Thailand Department of Disease Control, Dengue situation, 2012. [Online]. Available:

http://dhf.ddc.moph.go.th/status.htm.

[48] World Health Organization, Dengue and severe dengue, 2012. [Online]. Available: http:

//www.who.int/mediacentre/factsheets/fs117/en/.

113



[49] S. Palaniappan and R. Awang, Intelligent heart disease prediction system using data

mining techniques, Computer Systems and Applications, IEEE/ACS International Con-

ference, March 31- April 4 2008.

[50] A. Panchal, A. Ganatra, and Y. Y. Kosta, Searching most efficient neural network ar-

chitecture using akaike’s information criterion (aic), International Journal of Computer

Applications 1 (2010).

[51] J. A. Potts, R. V. Gibbons, A. L. Rothman, et al., Prediction of dengue disease severity

among pediatric thai patients using early clinical laboratory indicators, PLoS Neglected

Tropical Diseases, 4, (2010), no. 8.

[52] V. Racloz, R. Ramsey, S. Tong, and W. Hu, Surveillance of dengue fever virus: a review

of epidemiological models and early warning systems, PLoS Neglected Tropical Diseases

6 (2012), no. 5, 1–9.

[53] M. Rouse, Google trends, 2012. [Online]. Available: http://whatis.techtarget.com/

definition/Google-Trends.

[54] D. Rowntree, Statistics without tears: a primer for non-mathematicians, Scribner, 1981.

[55] F. N. Savas, Forecast comparison of models based on sarima and the kalman filter for

inflation, Ph.D. thesis, Uppsala University, 2013.

[56] A. Schmidt, Biological neural networks, 2000. [Online]. Available: www.teco.

uni-karlsruhe.de/~albrecht/neuro/html/node7.html.

[57] C. W. Schmidt, Trending now:using social media to predict and track disease outbreaks,

Environment Health Perspectives, 120 (2012), no. 1, a30–a33.

[58] R. H. Shumway and David S. Stoffer, Time series analysis and its applications, Springer,

2000.

[59] A. Signorini, A. M. Segre, and P. M. Polgreen, The use of twitter to track levels of

disease activity and public concern in the u.s. during the influenza A H1N1 pandemic,

PLoS One, 6, (2011), no. 5, 1–9.

[60] J. Soni, U. Ansari, and D. Sharma, Predictive data mining for medical diagnosis: an

114



overview of heart disease prediction, International Journal of Computer Applications,

17 (2011), no. 8, 43–48.

[61] K. Srinivas, B. K. Rani, and A. Govrdhan, Applications of data mining techniques in

healthcare and prediction of heart attacks, International Journal of Computer Science

and Engineering, 2 (2010), no. 2, 250–255.

[62] M. Sullivan, Statistics: informed decisions using data, Prentice Hall, 2010.

[63] P. Tan, M. Steinbach, and V. Kumar, Introduction to data mining, Addison-Wesley,

2005.

[64] World Helth Organization (WHO), Training for mid-level managers (mlm): making

disease surveillance work, WHO/IVB (2008).

[65] O. Wichmann, I k. Yoon, S. Vong, et al., Dengue in thailand and cambodia: an as-

sessment of the degree of underrecognized disease burden based on reported cases, PLoS

Neglected Tropical Diseases, 5, (2011), no. 3, 1–9.

[66] Wikipedia, Akaike information criterion, 2012. [Online]. Available: http://en.

wikipedia.org/wiki/Akaike_information_criterion.

[67] , Autocorrelarion, 2012. [Online]. Available: http://en.wikipedia.org/wiki/

Autocorrelation.

[68] , Autoregressive integrated moving average, 2012. [Online]. Available: http://

en.wikipedia.org/wiki/Autoregressive_integrated_moving_average.

[69] , Clinical surveillance.

[70] , Dengue fever, 2012. [Online]. Available: www.en.wikipedia.org/wiki/

Dengue_fever/.

[71] , Disease surveillance, 2013. [Online]. Available: http://en.wikipedia.org/

wiki/Diseasesurveillance.

[72] , Google trends, 2012. [Online]. Available: http://en.wikipedia.org/wiki/

Google_Trends.

[73] , Linear regression, 2012. [Online]. Available: http://en.wikipedia.org/

wiki/Linear_regression.

115



[74] , Web search query, 2012. [Online]. Available: http://en.wikipedia.org/

wiki/Web_search_query.

[75] P. Yan, H. Chen, and D. Zeng, Syndromic surveillance systems, Annual Review of

Information Science and Technology, 42 (2008), no. 1, 425–495.

[76] G. Zhang, B. E. Patuwo, and M. Y. Hu, Forecasting with artificial neural network: the

state of the art, International Journal of Forecasting (1998).

116




