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ABSTRACT

Dynamic nature of influencing parameters on market variations prevents
decision makers to have a broad vision about possible future changes as an important
factor in an organization survival. A precise forecast of both price and demand is a
vital issue to illustrate market changes, and prosperity of plans and investments. The
main purpose of this study is to develop a quantitative method, which encompasses
human user cognition in order to modify timeseries, before being used as an input for
forecast models. Some studies conclude ARIMA-ANN hybrid model as the best
forecasting model in comparison with its individual models. However, this claim is
rejected in some cases. It is areason to check the performance of individual models
in addition to hybrid model in new cases. Historical data are collected from two case
studies in manufacturing and service industries. These data are modified by the
developed method. Both original and modified data are implemented as inputs for
ARIMA, artificial neural network (ANN), and ARIMA-ANN forecast models. The
developed method’s performance is checked by comparing forecasted results’ mean
square errors (MSE) and mean absolute percentage error (MAPE). In both case
studies, data modification method improves all forecast models’ performance. In
addition, there are significant changes among different models’ performance. The
study also finds that the hybrid model’s forecasts are not as accurate as ANN’s

predictions.
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ABSTRAK

Faktor-faktor pasaran yang dinamik mampu menghalang organasi daripada
merama masa hadapan dengan tepat agar ia mampu kekal di dalam pasaran.
Ramalan yang tepat untuk harga dan permintaan adalah penting untuk melakar
perubahan pasaran dan untuk menghasilkan pelan dan peaburan organisasi yang
berjaya. Tujuan utama kagjian ini adalah untuk menghasilkan satu kaedah kuantitatif
yang turut mengambil kira kemampuan pemikiran manusaia untuk mengubah suai
data masa-bersiri sebelum digunakan sebagai input untuk model ramalan. Sesetengah
kajian merumuskan bahawa model gabungan ARIMA dan rangkain neural (ARIMA-
ANN) merupakan model yang lebih tepat berbanding model ARIMA dan model
rangkaian neural (ANN). Kenyataan ini tidak dipersetujui oleh sesetengah kajian dan
ini merupakan salah satu sebab untuk menganalisa kebolehan model gabungan dan
model individu dalam situasi baru. Data diambil dari dua situasi iaitu industri
pembuatan dan industri perkhidmatan dan data ini diubahsuai menggunakan kaedah
yang dikgji. Data asal dan data yang diubahsuai digunakan sebagai input untuk
ketiga-tiga model ramalan di atas. ARIMA-ANN, ANN dan ARIMA. Prestas
kaedah yang dikgji ditentukan dengan membandingkan purata ralat persegi (MSE)
dan purata ralat peratusan mutlak (MAPE). Berdasarkan kepada kedua-dua ukuran
prestasi ini, kajian menunjukkan bahawa data yang telah diubahsuai mampu
meningkatkan prestasi ketiga-tiga model ramalan. Di samping itu, terdapat
perubahan yay ketara didaam prestas model-model ini. Kgjian ini juga
menunjukkan bahawa ramalan yang dihasilkan oleh model ARIMA-ANN tidak
setepat model ANN.



CHAPTER

TABLE OF CONTENTS

TITLE
DECLARATION
DEDICATION
ACKNOWLEDGEMENTS
ABSTRACT
ABSTRAK
TABLE OF CONTENTS

LIST OF TABLES

LIST OF FIGURE

LIST OF ABBREVIATIONS
LIST OF APPENDICES

INTROUDUCTION

1.1 Introduction

1.2 Background of the Study
1.3 Problem Statement

1.4 Objective of the Study
15 Scope of the Study

1.6 Summary of Literature
1.7 Expected Outcomes

1.8 Conceptua Framework
19 Significance of the Study
1.10 Organization of the Study

1.11 Conclusion

PAGE

Vi
vii
Xi
xii
XV

XVi

o o o o o A~ b WO W PFE P PP

Vii



LITERATURE REVIEW
2.1 Introduction
2.2 TimeSeries

2.2.1 Decomposition Model with Seasonal
Adjustment
2.3 ARIMA

2.3.1 Checking Stationary
2.3.2 Unit Root Test of Stationary

2.3.3 Parameter Estimation and Model
|dentification

2.3.4 Diagnostic Checking

2.3.5 Capture Seasonal Factor by ARIMA
Model

2.4 Artificia Neural Network
2.4.1 Neurons’ Computation
2.4.2 The Perceptron
2.4.3 Multilayer Neural Network
2.4.4 The Importance of Learning Rate

2.4.5 ANN in Forecasting
2.5 Hybrid Models
2.6 Error and Performance

2.7 Conclusion

METHODOLOGY
3.1 Introduction

3.2 DataCollection
3.3 DaaAnaysis

34 ARIMA
3.4.1 Checking Stationary
3.4.2 Parameter Estimation and Model

14

16
16
19

21
21

22
24
25
26
30

31
35
37
39

41
41

41
42

43
43
43

viii



Identification
3.4.3 Diagnosis Checking
3.5 Artificial Neural Network Model Selection
3.6 Hybrid Model
3.7 Performance Improvement
3.8 Methods Comparison

3.9 Conclusion

DATA COLLECTION AND ANALYSIS
4.1 Introduction
4.2 Companies’ Background
4.3 Historical Data Collection
4.4 DataModification
4.4.1 BinaDemand Data
4.4.2 Amazon.com Stock Price Data
45 Paint Demand Forecasting
45.1 DataAndysis
45.2 ARIMA Modé for the Primary Demand
45.3 ARIMA Modd for the Modified Demand
45.4 Artificial Neural Network
4.6 Amazon.com Stock Price Forecasting
4.6.1 DataAndysis
4.6.1 ARIMA Modd for Primary Stock Price
4.6.2 ARIMA Mode for the Modified Stock
Price
4.6.3 Artificial Neural Network

4.7 Conclusion

RESULTS, DISCUSSION AND CONCLUSION
5.1 Introduction
5.2 BinaDemand Forecasting

52.1 ARIMA Forecasts

45
45
46
49
49

50

50
51

51
52
53
55
56
56
57

69
69
69
74

76
79

80
80
80
81



5.2.2 Artificial Neura Network Forecast
5.2.3 ARIMA-ANN Forecast

5.3 Amazon.com Stock Price Forecasting
5.3.1 ARIMA Forecast
5.3.2 Artificial Neural Network Forecasts
5.3.3 ARIMA-Neural Forecasts

5.4 Discussion and Conclusion

5.5 Recommendation for Future Studies

REFERENCES
Appendices A- D

82

86
86
87
89
91
94

95
99-112



TABLE NO.

41
4.2
43
44
45
4.6
51
5.2
5.3
54
5.5
56
5.7
58
5.9
5.10
511
512
5.13
514
515
5.16

LIST OF TABLES

TITLE

Historical Data for “Bina”

Historical datafor Amazon stock price

Averages values and modification constant
Averages vaues and modification constant

MSE and BIC for each AR Parameters

MSE and BIC for each AR Parameters

ARIMA Results and Performance (Primary Demand)
ARIMA Results and Performance (Modified Demand)
Neural Network Performance (Primary Demand)
Neural Network Performance (Modified Demand)
Neural Network Forecast Accuracy

Hybrid Forecast (Primary Demand)

Hybrid Forecast (Modified Demand)

ARIMA Results and Performance (Primary price)
ARIMA Results and Performance (Modified Price)
Neural Network Performance (Primary Price)
Neura Network Performance (Modified Price)
Neural Network Forecast Accuracy

Hybrid Model Forecast (Primary price)

Hybrid Model Forecast (Modified Price)

Models’ Performance (Demand Forecasting)

Models’ Performance (Stock Price Forecasting)

PAGE

Xi



FIGURE NO.

11
21
22
2.3
24
25
31
41

4.2
4.3
44

45
4.6
4.7
4.8
4.9
4.10
411
412
4.13
414

LIST OF FIGURES

TITLE

Theoretical Framework

Biological Neural Network

Typical ANN Architecture

Single-layer two-input perceptron
Three-layer Back-propagation
Three-layer Feed forward Neural Network
Methodol ogy flow-chart

Upper and lower bounds for historical demand

Upper and lower bounds for modified historical
demand

Upper and lower bounds for historical demand

Upper and lower bounds for modified historical
demand

Run plot

Autocorrelation function (ACF)

Partial autocorrelation function (PACF)

Residual Plots

Ljung-Box result

ACF of Residuals

PACF of Residuals

Autocorrelation Function for Modified Demand

Partial Autocorrelation Function for Modified Demand
ACF of Modified Demand Residuals

Xii

PAGE

23
23
26
28

42

55
55
56

57
58

60
60
61
61
62
62
63



4.15
4.16
417
4.18
4.19
4.20
421
4.22
4.23
4.24
4.25
4.26
4.27
4.28
4.29
4.30
431
4.32
4.33
4.34

4.35
4.36
4.37
4.38
4.39
4.40
441
4.42
5.1
5.2
5.3
5.4

PACF of Modified Demand Residuals
Residual plots of modified demand residuals

Nonlinear autoregressive model
Open-loop Neural Network
Autocorrelation Plot for Primary Demand

Input-error Cross-correlation Diagram
Neural Network Performance Plot
Autocorrelation Plot for Modified Demand
Input-error Cross-correlation Diagram
Neural Network Performance Plot

Run plot

Autocorrelation Function (ACF)

Partial Autocorreation Function (PACF)
Residual plots

Ljung-Box Result

ACF of Residuals

PACF of Residuals

Autocorrelation Function for the modified price

Partial Autocorrelation Function for the modified price

ACF of modified price residuals

PACF of modified price residuals

Residual Plots of modified price Residuals
Nonlinear Autoregressive Model
Open-loop Neural Network
Autocorrelation Plot for the primary price
Neural Network Performance Plot
Autocorrelation Plot for the modified price
Neural Network Performance Plot

Real Demand and Forecasted Values
Neural Network Forecasts

Neural Network Structure for Forecasting Residuals

Comparing among real demand and forecasts

63

65
65
66

67
67
68
68
69
70
70
71
72
73
73
73
74

75
75
75
76
77
78
78
78
79
82

85
87

Xiii



55
56

Neura Network Forecasts

Neural Network Structure for Forecasting Residuals

88
89

Xiv



AR
MA
ARMA
ARIMA
ANN
MSE
RMSE
MAE
MAPE
AVR
SEP

PI

BIC
AIC
ACF
PACF
DF
ADF
OLS

XV

LIST OF ABBREVIATIONS

Autoregressive

Moving Average
Autoregressive Maoving Average
Autoregressive Integrated Moving Average
Artificial Neural Network

Mean Squared Error

Root Mean Squared

Mean Absolute Error

Mean Absolute Percentage Error
Average Related Variance
Standard Error of Prediction
Persistence Index

Bayesian Information Criterion
Akaike’s Information Criterion
Autocorrelation Function

Partial Autocorrelation Function
Dickey-Fuller test

Augmented Dickey-Fuller test
Ordinary Least Squared



APPENDI X

LIST OF APPENDICES

TITLE

Historical datafor Amazon.com stock price

ANN advance script for Bina demand
forecasting

ANN advance script for Amazon.com Stock
price forecasting

Work report evaluation form

XVi

PAGE

104
110

113

116



CHAPTER 1

INTRODUCTION

1.1 Introduction

Artificial Neural Network (ANN) and Autoregressive Integrated Moving
Average (ARIMA) forecasting models are in the spotlight in these days, because of
their accuracy and ease of use. In addition to the large number of studies, more
investigations are required in increasing models’ accuracy as well as prediction
performance. This chapter explains the objectives, scopes, methodology and

literature review of this project.

1.2 Background of the Study

In this business dynamic environment and complicated economic situation,
the role of an accurate planning to remain in the market and increase market shareis
critical. A specific planning for a certain period can reduce ambiguity and illustrates
the way organization ought to pass to achieve companies’ goals. In push processes,
managers need to plan for their production, transportation and other planned. In a
pull processes, the approximate level of available capacities and inventories are

planned by managers.
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Forecast utilization is a method to improve planning. A high performance,
high accuracy forecast method can leads to providing direction, uncertainty
reduction, waste and redundancies minimization, controlling standards, and goals
establishment. This kind of forecast will aert managers if there is a change in
business environment and there would be more time to evaluate and ameliorate
directions and plans.

In today’s economic, the growth in number of competitors in global markets
forces organizations to improve continuously to fulfill their customers demand. A
high accuracy forecast makes the supply chain more efficient and more responsive in
serving customer needs. However, many factors such as political, economic and
environmental in addition to competitors’ plans and technology changes leads to
instability in market demand, so high level of flexibility are necessary for adapting
organi zations plans and strategies to new situations.

Unfortunately, significant parameters, which influence the demand, vary from
one circumstance to another, as aresult there is no high accurate general forecasting
method for al situations. Therefore, in spite of numerous research in this field, some
gaps are not covered.

In this situation, forecasting the demand as an industrial engineering tool can
play a criticad role in increasing organizations flexibility, productivity and
performance when, it provides managers with a high accurate future prediction and
illuminates the way for making decisions.

Financial time-series prediction is encountered by financia investors and has
gained researchers attractions as a major and significant task for financial decision-
making, where small error in predicting following market movement may result to
huge financial lost. Political and economic conditions, traders’ expectations Or even
some rumors in addition to significant number of technical and fundamental
parameters are able to influence stock market. Therefore, there is a need to a capable
forecasting model to handle nonlinearities, discontinuities and high frequency of
stock price timeseries (Hadavandi, 2010). Traditiona forecast models cannot handle
these levels of noise and complexity, so some new methods based on artificia
intelligence and autoregressive moving average can lead to better results (Hsu,
2009). Inthis study, a proposed method to improve forecasted results is devel oped.



1.3 Problem Statement

Because of high concentration given on improving integrated quantitative
forecasting methods, less attention is given to the role of visual and verba data
modification and forecasting methods in reducing forecast error. Most of the
guantitative methods are too complicated or are developed for special circumstances,
therefore, applying methods based on user knowledge and idea can results to easier
and more common methods (Hong, 2011; Andrawis, 2011). Different groups of
measurable, immeasurable, and unknown parameters influence historical data; so
visual and verba evaluation and modification of historical data before being used in

forecasting could have a positive effect on forecasting.

Although some unexpected measured data are known as noise and are
removed, there is no specific way to rectify the effects of temporary influencing
factors. As a result, improving a method to use human user knowledge and idea in
adjusting historical data before implementing in forecasting, could rise up forecasting
reliability and performance without increasing model complicacy.

ARIMA, ANN and ARIMA-ANN hybrid mode have been studied in
different cases, while there are mismatched results based on diversity of influencing
factors and studied circumstances. Consequently, the selection among these models
could not be completely through literatures and it is needed to test them again for

different cases.

1.4 Objectives of the Study

This study is based on the following objectives:

i. To deveop a method based on human cognition and quantitative
approaches in modifying historical data before being used as an input for

forecasting models.
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ii. Implement ARIMA, ANN, and the hybrid of ARIMA-ANN on
manufacturing and service industries’ historical data to check which

method will produce the best forecast.

iii.  To repeat the objective (ii) with the modified data as in objective (i) and
to check the effect of data modification method on forecast improvement.

1.5 Scope of the Study

Three scopes of this study are as follow:

i.  BINA Paint Integration and Amazon.com are selected as two case studies,

representing manufacturing and service industries.

ii. MINITAB software is implemented for ARIMA model selection and
forecasting.

iii.  MATLAB softwareis used for ANN model training and forecasting.

1.6 Summary of Literature

Some factors like missing values and unusua data, in addition to seasonality
and trend existence cause variation and instability in a time series. Data pre-
processing is necessary to reduce this variation and instability, before using it in
forecasting models, which leads to forecasts’ results improvement (Zhang and Qi,
2005;Wichard, 2011).

ARIMA approach developed by Box and Jenkins (1970) has attracted alot of
attentions as a linear forecasting moddl. It contains three main steps, named: (i)

checking stationary, (ii) parameter estimation and model identification, and (iii)
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diagnosis checking. Shi et a. (2012) suggests Akaike’s information criterion (AIC)
or Bayesian information criterion (BIC) methods instead of autocorrelation function

(ACF) and partia autocorrelation function (PACF) in identifying appropriate model.

Multilayer ANN is a nonlinear forecasting model. It contains one input layer,
one or more hidden layer, and one output layer. The learning ability is a significant
advantage of ANN; weights are changed to make input-output behaviour in line with
parameter real changes (Negnevitsky, 2005). ANN outperforms classical statistica
methods and box Jenkins approach (Werbos, 1988), even though it is time

consuming and it may not reach to global optimum answer (Hong et a., 2011).

Traditional models’ limitations encourage researchers and decision makers to
combine capable forecasting models (Andrawis et a., 2011). Zhang (2003)
introduced a combination of ARIMA and ANN models as a genera model for both
linear and nonlinear cases. Improving forecast accuracy by applying ARIMA-ANN
model is concluded by Gutierrez-Estrada et al. (2007). However, Shi (2012) and
Taskaya-temizel (2005) report hybrid model inability in improving the result.

1.7 Expected Outcomes

Based on literatures, it is expected that the hybrid model results to a higher
level of accuracy in comparison with individua models. Furthermore, adjusting data
before implementing in models will have a positive effect on models’ accuracy
(Andrawiset a., 2011).

1.8 Conceptual Framework

Figure 1.1 represents the conceptua framework of this study. The steps are
shown in input, process, and output levels. This study is based on two case studies

from which timeseries are collected. These data will be modified; and both primary
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and modified data are used as inputs for ARIMA, ANN and hybrid of ARIMA-ANN
model. Finally, models’ performances are compared through Mean Squared Error
(MSE) and Mean Absolute Percentage Error (MAPE) to find answers for the
objectives.

1.9 Significance of the Study

Having a broad view about the future changes makes planning much easier
and reliable. To reach this level of reliability, forecast method accuracy has an
important effect. Different statisticadl methods have been developed to overcome
variation and instability among timeseries which are important factors for prediction
exactness reduction. Though, more concentration is needed to test and improve these

methods in new circumstances.

The role of pre-processing in improving a model prediction, in addition to
models ability to recognize correct trend or seasonality among data have been
studied. Though, number of these studies is insufficient and there is a need to add
human cognition to quantitative methods. In this study a new method for pre-
processing data before being applied in forecast modelsis introduced. This method is
based on shifting out bounded data point into most possible trend intervals which are
selected by user.

ARIMA and ANN can be combined as ARIMA-ANN mode which is
suitable for linear and nonlinear data. The hybrid model fails to outperform
individual models in some cases, so its performance needs to be tested in more cases.

1.10 Organization of the Study

The rest of the project report is organized as follow. The literature review
about time series, forecast and seasonality, ARIMA, ANN, and ARIMA-ANN hybrid
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model is covered in Chapter 2; the methodology and necessary processes are
represented in Chapter 3. Chapter 4 are about data collection and anaysis, and the
last chapter (Chapter 5) is about a summary of other chapters, results, further
research works and conclusion of the study.

~ Input
N Y,
Manufacturing Service
l / V N
~ Process
Datamodification
Primary and modified Historical deta |
o Checking Stationary
o Model identification ARIMA
> ARIMA o Parameter estimation Forecast
¢ Diagnosis checking
o Selecting the number
> ANN of delay and hidden » ANN Forecast —
neurons
ARIMA Forecast residuals
ARIMAVForecast
ARIMA- Selecting the r_1umber Adding AN'N ARIMA-
of delay and hidden = —> |forecast of residuals| — —
ANN ANN forecast
neurons to ARIMA forecast
Y v

Comparing forecast results to
select a prediction method with
higher performance

' Output ‘,

Figure 1.1 Conceptua Frameworks



1.11 Conclusion

Decision makers sometimes do not have the required broad vision regarding
the way their market is going on; therefore, it is possible to loss their way to reach
customers demand or loss in their financia investigations. By increasing the number
of influencing factors, the traditional forecasting methods are not able to present
accurate forecasts. In addition, historical forecasting methods present low-
performance prediction for timeseries with fluctuated data and nonlinear trends. In
these situations organizations have to implement new forecasting methods, which are
important tools in manager’s hands, to pave their ways to achieve their gods.
Selecting the most appropriate model among ANN, ARIMA and ARIMA-ANN
hybrid model for manufacturing and financia case studies, is aim of this study.
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