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ABSTRACT

BUILDING COST INDEX FORECASTING
WITH TIME SERIESANALYSIS

Kibar, Mustafa Alptekin
M.Sc.,Department of Civil Engineering
Supervisor: Asst. Prof. Dr. Rifat Sonmez

August 2007, 98 pages

Building cost indices are widely used in construction industry to measure the rate
of change of building costs as a combination of labor and material costs. Cost
index forecast is crucial for the two main parties of construction industry,
contactor, and the client. Forecast information is used to increase the accuracy of
estimate for the project cost to evaluate the bid price.

The aim of this study is to develop time series models to forecast building cost
indices in Turkey and United States. The models developed are compared with
regression analysis and simple averaging models in terms of predictive accuracy.
As a result of this study, time series models are selected as the most accurate
models in predicting cost indices for both Turkey and United States. Future values
of building cost indices can be predicted in adequate precision using time series
models. This useful information can be used in tender process in estimation of
project costs, which is one of the critical factors affecting the overall success of a

construction project. Better cost estimates shall enable contractors to produce cash



flow forecasts more acurately. Furthermore accurate prediction of future pricesis
very useful for owners in budget allocations; moreover can help investors to
evaluate project alternatives adequately.

Keywords: Cost Index, Forecasting, Time Series, Regression Analysis
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Oz

ZAMAN SERILERi ANALiZi KULLANARAK BiNA MALIYET
ENDEK SLERININ TAHMIN EDiL MESi

Kibar, Mustafa Alptekin
Y Uksek Lisans.,insaat M tihendisligi
Tez Yoneticisi: Asst. Prof. Dr. Rifat Sonmez

Agustos 2007, 98 Sayfa

Bina maliyet endeksleri, bina maliyetlerinin zaman icindeki degisiminin malzeme
ve iscilik maliyetlerine bagl olarak 6lgmek icin kullamImaktadir. Bina maliyet
endeksinin tahmini insaat sektorinde isveren icin de, muteahhit icin de blyuk
Onem arz etmektedir. Bu endeksin dogru tahmin edilmesi ihale asamasinda

belirlenen proje maliyetinin gergege daha yakin olmasim saglar.

Bu caismanin amaci Turkiye'de ve A.B.D’de yaygin olarak kullanilan bina
maliyet endekderinin tahminlerini  yapmak i¢cin zaman seris modelleri
gelistirmektir. Gelistirilen bu modeller regresyon anaizi ve basit ortalama
modelleri ile tahmin yakinhigr agisindan karsilastirilmistir. Calismamin sonunda
zaman serisi modelleri; hem Turkiye hem de A.B.D. bina maliyet endekslerinin
tahmini icin en uygun yontem olarak secilmistir. bina maliyet endekslerinin
gelecek zaman degerleri zaman serileri modelleri yardimiyla yeterli hassaslikta
tahmin edilebilir. Bu tahmin ihale asamasinda proje maliyetinin belirlenmesi igin
kullanilabilir. Daha iyi tahminler nakit akislarimn daha kesin bir sekilde
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yapilmasina olanak saglar. Ayrica maliyet fiyatlarimin dogru tahmini bitge

planlanmasi ve alternatif projelerin degerlendirilmesi icin 6nem arz etmektedir.

Anahtar Sozcukler: Maliyet Endeksi, Tahmin, Zaman Serileri, Regresyon Analizi

viii



Tomy wife,

to my family



ACKNOWLEDGEMENTS

| would like to express my deepest gratitude to Asst. Prof. Dr. Rifat SOnmez
without whom | would not be able to complete my thesis, for his patience,
guidance, support and tolerance at every step of this study. It has aways been a
privilege to work with him. | would like to thank to the examining committee

members for their valuable comments.

For the provision of good times throughout my life, my father Mehmet Kibar, my
mother Ruhat Kibar, and my brothers Alperen and Aykut Kibar, who have never
left me alone, deserve special emphasis. | would like to express my appreciation
to my family members for their endless love and efforts that encouraged me to

realize my goals.

| wish to thank to my father in law Sirri Cakir, my mother in law Hava Cakir and
sister in law Bagdagul Cakir for their spiritual support.

| would like to express my special thanks to my friend Caner Anag, for his
unlimited physical and spiritual aids that made this study done. And to my friend
Beliz Ozorhon, for her remarkable support throughout my master life.

| should thank to al my friends, for their patience during this study and for their

sincere and continuous love.

| wish to thank to my bosses Faruk insel and Rauf Akbaba, for their patience,

guidance, support and tolerance on my academic careeer.

Finally, | would like to give my very special thanks to my wife, Sibel Kibar, as

being the One that makes me who | am.



TABLE OF CONTENTS

ABSTRACT ...ttt ettt ettt ettt esbe e sesaeste e nesteneens v

OZ ettt Vii

ACKNOWLEDGEMENTS......oo et X

LIST OF FIGURES. ........cc ettt et e e e s Xiv

LIST OF ABBREVIATION ..ottt s XV

CHAPTER 1

INTRODUGCTION ...tiieciie ettt e st e st e e snte e e ssae e ennaeessnaeesneeesnneeennnes 1

CHAPTER 2

BACKGROUND AND LITERATURE REVIEW ..., 4
2.1. BacKground..........c.oooe i 4
2.1.1. Construction Price INICES..........cocvviviririeeeese e, 4
2111 General Description of Cost INAICES..........cooerieieieeiereererieeees 5
2112 Building Cost Index of Turkey (BMI) ......cccoovrererieieeceie 6
21.1.3. Building Cost Index of USA, ENR'SBCI ......ccccccvecvvieviecieceee, 7
2.1.2. Forecasting Methods.............ccoveviiieiice e 8
21.2.1. Quantitative MethOds..........ccoiiereeieeeereee e 8
21211 Regression MOdElS........ccoooiiiriiiiieeeeee s 10
2.1.2.1.2. Neural NetWOrk MOGES........ccooeriiiienenineeeeee s 11
21213, TIMeSeeSMOES . ... s 11
2.1.2.1.3.1. Smple Average and Exponential Smoothing Models.................. 14
2.1.2.1.3.2. ARIMA MOEIS ......ooieeeceece et 17
2.1.2.2. Qualitative MEthOUS..........c.eecueeiiieeee et 19
2.1.3. MEBSUIES Of ACCUIACY .......eeueeereeierieesieete e steeeesree e eee e e s e 20
2.2. Previous Studies on Construction Cost index Forecast ................ 22

Xi



CHAPTER 3

METHODOLOGY AND DATA ANALYSIS.....c e 27
31 g 1ug0o (¥ Tox 1 o o H SRR 27
3.2 Study on Turkey, BMI ......oouiiececeseee e 27
321 REGreSSiON ANAIYSIS......ccveiecie et 28
322 TimMe SEriES ANAIYSIS ..o 36
323 SIMPIE AVEIAZING ....cveeiriiiieeeeee e 43
3.3 Study on United States, BCl .........cccoovevveieiecce e 45
331 REJreSSION ANAIYSIS......ccieiiiie ettt 46
332 Time SEriES ANAIYSIS ..o 50
333 SIMPIE AVEIrAZING ..o 57
34 Discussion ONRESUILS ......ccveeiiiieieeeceee e 60

CHAPTER 4

SUMMARY AND CONCLUSIONS........ccoiiiirieieieseese st 63

REFERENGCES ...... .ottt st e et e e e e nnne e e nnnee s 66

APPEN DX Lo 70

Xii



LIST OF TABLES

Table 3.1 Initial Regression Model Characteristicsfor BMI.........cccccevveveeieennen. 31
Table 3.2 Final Regression Model Characteristicsfor BMI ..........ccccoveivieiieennn, 31
Table 3.3 Regression Model Inputs and Test Period Predictions for BMI........... 33
Table 3.4 MAPE Values for Final Regression Model for BMI ..........cccocevveenee. 33
Table 3.5 MAPE values for Prediction Performance and Closeness of Fit for BMI

.......................................................................................................... 37
Table 3.6 ARIMA Model Resultsfor Predict Period for BMI ........cccoccvveeiennene 38
Table 3.7 Winters Multiplicative Model Results for Predict Period for BMI ...... 39
Table 3.8 Forecasts by Dave and Pave Modelsfor BMI..........cccccoveeeiieiiccecnnnn, 43
Table 3.9 MAPE Vaues for Dave and Pave Modelsfor BMI ..........cccccevevienee. 44
Table 3.10 Differentiated and Percent Change Values for Actual BMI in Forecast

([0 170 o S 45
Table 3.11 Initial Regression Model Characteristicsfor BCI ........cccceeevvevieenn, a7
Table 3.12 Final Regression Model Characteristicsfor BCl.........cccccveevevveviennenne a7
Table 3.13 Regression Model Inputs and Test Period Predictions for BCI.......... 48
Table 3.14 MAPE Vauesfor Final Regression Model for BCl..........cccceceeueneee. 48
Table 3.15 MAPE values for Prediction Performance and Closeness of Fit........ 51
Table 3.16 ARIMA Model for Predict Period for BCl.........ccccceveveieninencnenens 52
Table 3.17 Winters Additive Model for Predict Period for BCI ........ccccccveeennee. 53
Table 3.18 Dave and Pave Model FOreCasts...........couienininenineneeeeeseeseesenene 58
Table 3.19 MAPE Values for Simple Averaging Models..........cccccevvieiecciennenn, 58

Table 3.20 Comparison of Models According to Their MAPE Valuesfor BMI . 60
Table 3.21 Comparison of Models According to Their MAPE Valuesfor BCI .. 61

Xiii



LIST OF FIGURES

Figure 3.1 Regression Model for BMI.........ccooviiiiieiecieceeseee e 35
Figure 3.2 ARIMA (0,2,2)(0,1,1)s No Intercept Model for BMI ..........ccceeuennee. 40
Figure 3.3 Winters Multiplicative Model for BMI ..o 41
Figure 3.4 Comparison of Forecasts Between ARIMA and Winters Multiplicative
MOAEISTOr BMI ... 42
Figure 3.5 Regression Model fOr BCI ..o 49
Figure 3.6 ARIMA (2,1,0) (0,1,1)s No Intercept Model for BCI ..........cccccevueneee. 54
Figure 3.7 Winters Additive Exponential Smooting Model for BCl..................... 55
Figure 3.8 Comparison of Forecasts Between ARIMA and Winters Additive
MOAEISTOr BCl ...t 56
Figure 3.9 Simple Average ModelSfor BCl .........cooooeiiciice e 59

Xiv



ANN
AR
ARIMA

ARIMA(p,d,g) (p’,d,q)

BCI

BMI

CCl

ECU

EURO

ENR
EUROSTAT
EXR

LIST OF ABBREVIATION

Intercept in Regression Analysis
Level Smoothing Weight

Actual Value

Artificial Neural Network

Autoregressive

Autoregressive Integrated Moving Average

p describes the AR part, d describes the integrated
part and q describes the MA part, while p’, d',
describes AR, |, and MA parts in seasona terms

respectively.

Slope of Linein Regression Analysis

Building Cost Index Published by ENR for United
States

Building Cost Index for Turkey

Constant in ARIMA

Construction Cost Index Published by ENR for
United States

Construction Permitsin Turkey

Simple Average Model with Differentiation

Season Smoothing Weight

Percent of Change of Period

Random Forecast Error

European Currency Unit

Euro

Engineering News Record

Statistical Office of the European Community
Exchange Rate

XV



L(t)

MA
MAE
MAPE
ME
MR
MSE

OECD

~U

P-Vaue

Regression Model Result

Time Series Model Result

Constant in ARIMA

Damped Trend Smoothing Weight
Trend Smoothing Weight

Housing Startsin US

Index of Period |

Integration Coefficient for Regression and Time
Series Models

Level Parameter

Mean

Moving Average

Mean Absolute Error

Mean Absolute Percentage Error

Mean Error

Mortgage Ratesin US

Mean Square Error

Total number of observations

Organization for Economic Co-operation and

Devel opment

Predicted Value

Simple Average Model with Percent Change
Significance Factor

Coefficient of Determination

Root Mean Square Error

The Seasonal Length

Standard Deviation

Season Parameter
Software Developed by SAS Ingtitute

XVi



SPSS
t
T()

TCMB

TL
TURKSTAT
TUFE

YTL

Software Developed by SPSS Inc.
Time

Trend Parameter

Central Bank of the Republic of Turkey
Turkish Lira

Turkish Statistical Institute

Consumer Price Index for Turkey

Theil U Inequality Coefficient

United States

United States Dollar

Producer Price Index for Turkey
Independent Variable in Regression Analysis
European Currency Unit Symbol

Dependent Variable in Regression Analysis
Univariate Time Series Under Investigation

Model-Estimated k-step Ahead Forecast at Time t
for SeriesY
New Turkish Lira

XVii



CHAPTER 1

INTRODUCTION

Building cost indices are widely used in construction industry to measure the rate
of change of building costs as a combination of labor and material costs. The
indices are originated to a base year in which the predetermined quantities of

certain price elements add up to a constant value (generally to 100).

The indices are used for cost escalation procedure of certain purposes. Most of the
tenders in Turkey require a qualification stage. The contractors have to fulfill the
gualification criteria stated on tender documents. One of the most frequent
gualification criteria is the past performance. The bidder should have been
completed an equivalent or similar job with certain amount of the tendered
project. The cost indices are used to convert the past project values to the current
values for comparison of tender prices. Cost indices are also useful in reflecting
the trend of price variations in construction projects. They are being used for the
caculation of the price escalations in certain contract types in Turkish
Construction Industry. In these contract types an additional clause exists to
formulate the escalation on tender price. Escalation formula is dependent on
certain price indicators such as inflation rates, TUFE (Consumer Price Index for
Turkey), UFE (Producer Price Index for Turkey); or construction cost indices
such as BMI (Building Cost Index for Turkey). By this clause, impact of inflation
on the project cost is compensated by the owner to some extend. In some contracts
this escalation clause does not exist or exists without any escalation for the
project. In these kinds of contracts the impact of inflation is totally reflected to the
contractor. Foreign currencies like USD or EURO may be used in payments
instead of YTL which compensate contractor’s loss to a limited extend under the

assumption that economic conditions remain stable.



The forecasted values of cost indices are useful indicators of the actual project
costs. Therefore the cost index forecasts are useful tools for estimating the target
project cost at tender stage, which can improve the accuracy of contingency used
in the bid price. The forecast is aso necessary for the client to have an accurate
estimate fot the budget.

Forecasting can be done rather by quantitative or by qualitative methods.
Quantitative methods require quantitative data to produce the forecast. Statistical
methods are generally introduced depending on the quality of quantitative data. If
the data includes information on one or more of independent variables which are
causally related to the forecasted variable then the causal methods are employed.
Most common causal methods for predicting future indices are regression and
neural network models. These methods first find the relation between dependent
and independent data, then use this information to predict the future value of
dependent variable with the given future values of independent variables. This
procedure necessitates the prediction of future values of independent variables. If
the quantitative data includes only the past values of forecasted variable, then
statistical methods like time series and simple averaging tools are employed.
Qualitative methods, so caled judgmental methods are used when there is not
enough quantitative data. This intuitive and subjective tool is generally used in
conjunction with the quantitative methods for long term forecasts to catch the

trends in future data.

The aim of this study is to develop time series models to forecast building cost
indicesin Turkey and United States. The models developed will be compared with
regression analysis and simple averaging models in terms of predictive accuracy.
The selected cost indices for the study are BMI for Turkey (building cost index
published by TURKSTAT in quarterly basis), and BCI for USA (building cost
index published by Engineering News Record, ENR, in monthly bass).
Forecasting methods and the selected cost indices will be explained in the next

sections in detail.



The general outline of the thesisislisted below.

Chapter 2: General definitions of cost indices, chosen indices for the study will be
followed by the forecasting methods with the detailed explanations of regression,
neural network, time series and simple averaging methods. The measures of
accuracy descriptions will be followed by a literature survey which will

demonstrate the past performed studies on the subject matter.

Chapter 3: The conducted analysis on forecasting of BMI and BCI cost indices
will be explained in detail in this chapter. The chapter will contain 3 analyses for
each index. Regression analysis, time series analysis and simple averaging method
analysis will be done separately for BMI and BCI representing Turkish and

United States construction industries.

Chapter 4. Summary of the conducted study will be given in this chapter.
Moreover the discussions of the analyses and results will be done and final
models will be selected according to their ability to forecast BMI and BCI indices.

Conclusion will be done with the recommendations on future studies.



CHAPTER 2

BACKGROUND AND LITERATURE REVIEW

2.1. Background

In this chapter a background of cost indices, regression, neural network and time
serried models, and measures of accuracy will be given to emphasize the
importance of cost indices and for better understanding of forecasting tools.
Previous cost index studies related to construction industry will also be reviewed
in this chapter.

2.1.1. Construction Price Indices

Construction price indices are used in measuring the rate of change of
construction costs. As declared by Williams (1994), in construction, the ability to
predict trends in prices, both short- and long term, can result in more accurate
bids. Models of this type can potentially allow contractors to incorporate expected
price fluctuations into their bidding strategy. The ability to predict variations in
prices can result in reduced construction costs by alowing material purchases to
be better timed, to take advantage of short-term fluctuations in material prices.
Owner organizations may also benefit the prediction of changes in construction
cost indexes. Improved budgeting decisions could be made if the trend in
construction prices could be forecast accurately. This could allow improved
analysis of the effects of delaying or accelerating large construction expenditures.
(Williams, 1994)



2111  General Description of Cost Indices

The first cost indices were developed by Carli in 1750 to determine the effects of
the discovery of America on the purchasing power of money in Europe (Ostwald,
1992). It was an inflation index which is a common type of cost index widely used
in whole world. Construction cost indices are other types of cost indices, which
are valid for construction industry. According to Grogan (1994), Engineering
News Record (ENR)’s CCI (Construction Cost Index) is the oldest inflation index
currently used by engineers. The publish date of CCI was 1921 athough it started
in 1909. This index was designed as a general purpose tool to chart basic cost
trends (Grogan, 1994).

A study conducted by the Statistics Directorate of the OECD (1994 (a) , 1996,
1994 (b)) and EUROSTAT (1995, 1996) states that the demand for adequate
construction price indices arises from the need to assess real changes in the output
from these activities which cannot be derived solely through reference to regular
building and construction statistics. Construction price indices are used in
guaranteed value clauses in rental, leasing, and other contracts, adjustment of
sales contracts for buildings under construction; and as a basis for indexation for
insurance purposes. They are also used to deflate national accounts estimates of
output of construction activities, and gross fixed capital formation in residential
construction. Construction price indices are caculated by the statistical
directorates of countries (The Statistics Directorate of the OECD, 1994 (&), 1996,
1994 (b) & EUROSTAT, 1995, 1996).

Williams (1994) states that cost indices permit an estimator to forecast
construction costs from the present to future periods without going through
detailed costing. Because construction costs vary with time due to changes in
demand, economic conditions, and prices, indexes convert costs applicable at a

past date to equivalent costs now or in the future.



2.1.1.2. Building Cost Index of Turkey (BMI)

BMI is the building cost index for Turkey, published by Turkish Statistical
Ingtitute (TURKSTAT) on quarterly basis. The index covers all type of building
structures namely, houses, apartments, shops, commercial buildings, medical
buildings, schools, cultural buildings and administrative buildings. It covers more
than 90 percent of construction activity of Turkish construction industry.

As noted in The Statistics Directorate of the OECD (1994 (&), 1996, 1994 (b)) and
EUROSTAT (1995, 1996), the selection of items for inclusion in the index was
made after extensive consultation with interested bodies, including the Finance
and Industry Statistics Divisions within the TURKSTAT, the Chamber of Civil
Engineers and of Architects, trade unions and a number of other institutions and
associations. With the help of the Turkish Scientific and Technical Resource
Institution and their publication Construction Unit Price Analysis, the items were
selected and weights determined through detailed examination of bills of
guantities for a sample of current projects representative in terms of regional
distribution and project type of construction activity within the scope of the index.
The index is calculated quarterly according to the Laspeyres formula and has base
period 1991=100 (The Statistics Directorate of the OECD, 1994 (&), 1996, 1994
(b) & EUROSTAT, 1995, 1996).

Included in the index are costs of materials, labor and machinery. No taxes are
included in the prices used in the calculation of the index, but the prices are net of
discounts. Most of the cost data used is obtained through surveys of construction
and other enterprises as well as from price lists. The data are collected from 24
provinces which have been chosen to represent all the regions of Turkey. In total,
295 items are priced from around 1.300 suppliers to construction firms
(TURKSTAT, 2002).



2.1.1.3. Building Cost Index of USA, ENR’s BCI

Among the wide variety of indices used in America ENR’s CCI and BCI are the
most common indices. Grogan (1994) stated that the engineering news record
(ENR) index that started in 1909, is the oldest inflation index currently used by
engineers. The publish date of Construction Cost Index CCl was 1921 athough it
started in 1909. The index was designed as a general purpose tool to chart basic
cost trends. It remains today as a weighted aggregate index of the prices of
constant quantities of structural steel, portland cement, lumber and common labor.
This package of construction goods was valued at $100 using 1913 prices
(Grogan, 2007).

The origina use of common labor as a component of the CCl was intended to
reflect wage rate activity for al construction workers. In the 1930s, however,
wage and fringe benefit rates climbed much faster in percentage terms for
common laborers than for skilled tradesmen. In response to this trend, ENR
introduced its Building Cost Index, BCI in 1938 to weigh the impact of skilled
labor trades on construction costs. (Grogan, 2007)

The drawbacks in using the BCI index is that it is not affected by crew
productivity and does not explicitly consider the cost of equipment or
management. Furthermore, if the project cost cannot be reasonably represented
with the cost of cement, steel, and lumber, then the BClI may not be the best
indicator of price variations. Despite these shortcomings, this index remains one
of the best known and the most used indices in the industry today (Touran and
Lopez, 2006).

According to Capano and Karshenas (2003) the BCI is more suitable to model
cost of structures while CCI can be used to model projects where the labor cost is

a high proportion of the total cost of the project.



The BCI is computed by combining 66.38 hour of skilled labor of bricklayers,
carpenters, and structural ironworkers rates, 2500 pounds of standard structural
steel shapes at the mill price prior to 1996 and the fabricated since 1996, 1.128 t
of portland cement, and 1,088 board-ft of 2 x 4 lumber. The price of this
combination was $100 in 1913.

21.2. Forecasting Methods

According to Touran and Lopez (2006) forecasting methods are used to produce
numerical estimates of escalation, escalation factor, or cost escalation range from
the relatively ssmple to complex and sophisticated techniques. Touran and Lopez
(2006) also note that forecasting techniques are used to forecast one of three
periods: (1) short term (next 3 months); (2) medium term (4 months-2 years); and
(3) long term (more than 2 years). Estimating the increase in price over the long
term is almost impossible because of the many uncertainties beyond the control of
al parties (Westney, 1997). Touran and Lopez claims that the same is true of
long-term construction projects with multiyear schedules and start dates in the
future. Despite this difficulty, the owners of large long-term projects need to come
up with the estimated cost of these projects. The more prudent way to approach
these problems is to calculate a range of possible costs rather than a single figure
(Touran and Lopez, 2006). Forecasting methods for escalation factors can be
grouped into two major categories: (1) quantitative methods and (2) qualitative
methods (Makridakis et a., 1998).

2.1.21. Quantitative Methods

Quantitative methods are used when sufficient quantitative information is
available. Most of the forecasting techniques for escalation, escal ation factor, and
cost escalation are quantitative methods (Touran and Lopez, 1996). Taylor and

Bowen (1987) suggests two quantitative forecasting categories, (1) the causal
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method and (2) the time-series method (statistical method). The causal method
assumes that the predicted variable is controlled by one or more independent
variables and the causal relationship is applied to predict the dependent variable
(Wang and Mei, 1998). If sufficient accurate information is available on the future
of the other variables (i.e. the independent variables), it can be used to predict the
future value of the variable to be forecast (i.e. the dependent variable) (Kress,
1985). Runeson (1988) used an ordinary |east-squares multiple regression method
to establish a model for predicting building price. Koehn and Navvabi (1989)
derived a multivariate linear cost formula for the construction cost function based
on the interaction between economic and construction industry variables.
Akintoye and Skitmore (1993) constructed a reduced-form simultaneous equation
to predict construction tender price indices. Williams (1994) and Hanna and Chao
(1994) employed neural network models which is also a causa method for

predicting future cost indices.

Statistical methods utilize time-series analysis and curve fitting methods to
forecast the variable in the future (Hanna and Blair, 1993). The time-series
method was developed by Yule (1927) with his autoregression technique and
Slutsky (1937) with his moving average technique. Brown (1970) improved the
moving average technique and he further developed the exponentia smoothing
technique and various exponential smoothing models. Durbin (1970) improved
the autoregression technique and derived the partial autocorrelation function from
the estimation of the autocovariance and autocorrel ation functions. Moreover, Box
and Jenkins (1976) integrated the autoregression and moving average techniques
and then developed a mixed model. Snyder (1982) and Kress (1985) regarded this
mixed model as the best quantitative method for short term predictions.



2.1.2.1.1. Regression Models

Regression analysis is a forecasting tool in which the dependent variable is
expressed in terms of the independent variables. The regression method's
accuracy depends upon a consistent relationship with the independent variables
(Touran and Lopez, 2006). Moreover according to Ng et al. (2000), regression
models provide accurate predictions when price levels are steady, such that
moving downward or upward. Linear regression models are the most common
regression models which attempt to model the relationship between two variables
by fitting a linear equation to observed data. A linear regression line has an
equation of the form Y=a + fX, where X is the explanatory variable (independent
variable) and Y is the dependent variable. The slope of the line is g, and « is the
intercept (the value of y when x = 0). Statistically speaking a can be divided into a
constant and an error term in which the equation is expressed as follows:
Y=at+bX+e

The error term e is assumed to be normally distributed with an expected value of
0. The two important indicators of regression models are the R2 and the P-Value.
The R? is the coefficient of determination which is the ratio of the regression sum
of squares to the total sum of squares. It is an indicator of the fit of the
explanatory variables to the dependent variable. The value of R2 close to 1
indicates a good model with R2 ranging from O to 1. Significance level, P-value is
atest statistic designating the significance of the independent variables. Usually a
P-value less than 0.1 designate a significant independent variable. Although the
regression analysis are called in casual methods, it is also an statistical method,

which contains statistical agents such as P-value and R2.
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2.1.2.1.2. Neural Network Models

Neural networks are part of the causal or explanatory methods (Touran and Lopez,
2006). Neura networks are fundamentally based on simple mathematical models
of the way the human brain is believed to work (Makridakis et al., 1998).

An Artificial Neural Network (ANN) is an information processing paradigm that
is inspired by the way biological nervous systems, such as the brain, process
information. The key element of this paradigm is the novel structure of the
information processing system. It is composed of a large number of highly
interconnected processing elements (neurones) working in unison to solve specific
problems. ANNS, like people, learn by example. An ANN is configured for a
specific application, such as pattern recognition or data classification, through a
learning process. Learning in biological systems involves adjustments to the
synaptic connections that exist between the neurones. This is true of ANNs as
well. Neural networks, with their remarkable ability to derive meaning from
complicated or imprecise data, can be used to extract patterns and detect trends
that are too complex to be noticed by either humans or other computer techniques.
A trained neura network can be thought of as an "expert" in the category of
information it has been given to analyse. This expert can then be used to provide
projections given new situations of interest and answer "what if" questions
(Stergiou and Siganos, 2007).

2.1.2.1.3. TimeSeriesModeds

Statistics Glossary (Statistics Glossary, 2007) defines the time series as a
sequence of observations which are ordered in time. Time series analysis accounts
for the fact that data points taken over time may have an internal structure (such as
autocorrelation, trend or seasonal variation) that should be accounted for.
(NIST/SEMATECH e-Handbook of Statistical Methods, 2007). According to
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Touran and Lopez (2006) time series system uses the pattern in the historical data
to extrapolate that pattern into the future, but it makes no attempt to discover the
factors affecting the behavior. Makridakis et al. (1998) suggest that there are two
main reasons to utilize a system as a black box. First, the system may not be
understood, and even if it were understood it might be extremely complex to
assess the relationships that govern its behavior. Second, the main objective of the
system is not to know how it occurs but to forecast what will occur. Wang and
Mei (1998) states that, since construction costs are tightly related to the labor and
material costs, it is very difficult to cover the independent variables fully. From a
practical viewpoint, the time-series method is easier to apply when appraising

variations in future construction costs.

Statistics Glossary (Statistics Glossary, 2007) sets out the main features of time

series as follows.

Trend Component

Trend is along term movement in atime series. It is the underlying direction (an
upward or downward tendency) and rate of change in a time series, when
allowance has been made for the other components. A ssimple way of detecting
trend in seasonal data is to take averages over a certain period. If these averages
change with time we can say that there is evidence of atrend in the series. There

are also more formal tests to enable detection of trend in time series.

Seasonal Component
The seasonal component, often referred to as seasonality, is the component of
variation in a time series which is dependent on the time of year. It describes any

regular fluctuations with a period of |ess than one year.

Cyclical Component

It isanon-seasonal component which variesin arecognizable cycle.
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Irregular Component
The irregular component is that left over when the other components of the series
(trend, seasonal and cyclical) have been accounted for.

Smoothing

Smoothing techniques are used to reduce irregularities (random fluctuations) in
time series data. They provide a clearer view of the true underlying behaviour of
the series.

In some time series, seasonal variation is so strong it obscures any trends or cycles
which are very important for the understanding of the process being observed.
Smoothing can remove seasonality and makes long term fluctuations in the series
stand out more clearly. The most common type of smoothing technique is moving
average smoothing although others do exist. Since the type of seasonality will

vary from seriesto series, so must the type of smoothing.

Exponential Smoothing

Exponential smoothing is a smoothing technique used to reduce irregularities
(random fluctuations) in time series data, thus providing a clearer view of the true
underlying behavior of the series. It also provides an effective means of predicting
future values of the time series (forecasting). Exponential Smoothing assigns

exponentially decreasing weights as the observation get older.

Moving Average Smoothing

A moving average is a form of average which has been adjusted to allow for
seasonal or cyclical components of a time series. Moving average smoothing is a
smoothing technique used to make the long term trends of a time series clearer.
When a variable, like the number of unemployed, or the cost of strawberries, is
graphed against time, there are likely to be considerable seasonal or cyclica
components in the variation. These may make it difficult to see the underlying

trend. These components can be eliminated by taking a suitable moving average.
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By reducing random fluctuations, moving average smoothing makes long term

trends clearer.

Differencing
Differencing is a popular and effective method of removing trend from a time

series. This provides a clearer view of the true underlying behavior of the series.

Autocorrelation

Autocorrelation is the correlation (relationship) between members of atime series
of observations, such as weekly share prices or interest rates, and the same values
at a fixed time interval later. More technically, autocorrelation occurs when
residual error terms from observations of the same variable at different times are
correlated (related). (Statistics Glossary, 2007)

21.21.3.1. Simple Average and Exponential Smoothing M odels

Simple average method as the name implies is basically taking the average of
data. The simple average is suitable for data that fluctuate around a constant or
have a slowly changing level and do not have a trend or seasonal effects (Touran
and Lopez, 2006). The fundamental principle of the exponential smoothing is that
the values of the variable in the latest periods have more impact on the forecast
and therefore should be given more weight (Kress, 1985). This method implies
that as historical data get older, their weight will decrease exponentially (Touran
and Lopez, 2006).

Formulations on some exponential smoothing models are given below as taken

from the SPSS program help file.
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Notation for Time Series models:

Y, (t=1, 2, .., n) Univariate time series under investigation.

n Total number of observations.
Y' (k) M odel -estimated k-step ahead forecast at timet for series Y.
S The seasonal length.

Notation Specific to Exponential Smoothing Models
a Level smoothing weight
Y Trend smoothing weight
(0] Damped trend smoothing weight

o Season smoothing weight

Smple Exponential Smoothing

Simple exponential smoothing has a single level parameter and can be described
by the following equations:

L(t)=aY(t)+(1-a)L(t- 1)

Y (k) = L(t)

It isfunctionally equivalent to an ARIMA(0,1,1) process.

Brown’ s Exponential Smoothing

Brown’'s exponential smoothing has level and trend parameters and can be
described by the following equations:

L(t)=aY(t)+(1-a)L(t-1)

T@)=a(L{t)- L(t-D))+@-a)T(t-D

Y (K)=L{t)+((k- D+a )T(t)

It is functionally equivalent to an ARIMA(0,2,2) with restriction among MA

parameters.
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Holt’s Exponential Smoothing

Holt’s exponential smoothing has level and trend parameters and can be described
by the following equations:

Lt)=aY({t)+(@-a)L({t-D+T(t-1D)

T(t)=g(L(t)- L(t- 1) +(@A- 9)T(t- 1)

Y' (k) = L(t) +KT(t)

It is functionally equivalent to an ARIMA(0,2,2).

Damped-Trend Exponential Smoothing
Damped-Trend exponential smoothing has level and damped trend parameters and
can be described by the following equations:
L(t)=aY(t)+@-a)(L(t-D+] T(t- 1)
T =g(L{t)- L(t-D)+@-9) T(t-1)
k .
Y.k =Lt)+aij T
i=1

It isfunctionally equivalent to an ARIMA(1,1,2).

Smple Seasonal Exponential Smoothing

Simple seasonal exponential smoothing has level and season parameters and can
be described by the following equations:

L(t)=a(Y()- S(t- s))+@-a)L(t-1)

S(t) =d(Y(t)- L(t))+ (- d)S(t- s)

Y' (k) =L({t)+S(t+k- s)

It is functionally equivalent to an ARIMA(0,1,(1,s,5t1))(0,1,0) with restrictions

among MA parameters.

Winters' Additive Exponential Smoothing
Winters additive exponential smoothing has level, trend and season parameters
and can be described by the following equations:
L{t) =a(Y(t)- S(t- s))+ - a)(L({t- D+T(t- 1)
T =g(L®)- L{E-D)+1- g)T(t-1)
16



S(t) =d(Y(t)- L(t))+(@- d)S(t- s)

Y' (k) =L({t)+KT(t)+S(t+k- )

It is functionally equivalent to an ARIMA(0,1,s+1)(0,1,0) with restrictions among
MA parameters.

Winters' Multiplicative Exponential Smoothing

Winters multiplicative exponential smoothing has level, trend and season
parameters and can be described by the following equations:

L)=a(Y(t)/S(t- ) +(@-a)Lt-D+T(t-12)

T(t)=g(L(t)- L(t- 1) +(@A- 9)T(t- 1)

S(t) =d(Y()/L(t))+(@- d)S(t- s)

Y' (K) = (L(t) +KT(t))S(t +k - s)

Thereisno equivalent ARIMA model.

2121.3.2. ARIMA Models

ARIMA processes are mathematical models used for forecasting. ARIMA is an
acronym for Auto Regressive, Integrated, Moving Average. Each of these phrases

describes a different part of the mathematical model.

ARIMA processes have been studied extensively and are a major part of time
series analysis. They were popularized by George Box and Gwilym Jenkins in the
early 1970s; as a result, ARIMA processes are sometimes known as Box-Jenkins
models. Box and Jenkins (1970) effectively put together in a comprehensive
manner the relevant information required to understand and use ARIMA

[processes.
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The ARIMA approach to forecasting is based on the following ideas:

1) The forecasts are based on linear functions of the sample observations,
2) The am is to find the smplest models that provide an adequate description of

the observed data. This is sometimes known as the principle of parsimony.

Each ARIMA process has three parts. the autoregressive (or AR) part; the
integrated (or 1) part; and the moving average (or MA) part. The models are often
written in shorthand as ARIMA(p,d,q) where p describes the AR part, d describes
the integrated part and q describes the MA part.

AR: This part of the model describes how each observation is a function of the
previous p observations. For example, if p = 1, then each observation is a function
of only one previous observation. That is,

Yo=c+iY  +g

where Ytrepresents the observed value at time t, Y.; represents the previous
observed value at time t — 1, e represents some random error and ¢ and f are both
constants. Other observed values of the series can be included in the right-hand
side of the equation if p > 1:

Yo =c+f Y+ Y+ +f Y +e

I: This part of the model determines whether the observed values are modeled
directly, or whether the differences between consecutive observations are modeled
instead. If d = O, the observations are modeled directly. If d = 1, the differences
between consecutive observations are modeled. If d = 2, the differences of the

differences are modeled. In practice, d israrely more than 2.

MA: This part of the model describes how each observation is a function of the
previous q errors. For example, if g = 1, then each observation is a function of

only one previous error. That is,
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Y =c+f,g,+q

Here & represents the random error at time t and e.; represents the previous
random error at timet — 1. Other errors can be included in the right-hand side of

the equation if > 1.
Combining these three parts gives the diverse range of ARIMA models.

There are also ARIMA processes designed to handle seasonal time series, and
vector ARIMA processes designed to model multivariate time series. Other

variations allow the inclusion of explanatory variables.

ARIMA processes have been a popular method of forecasting because they have a
well-developed mathematical structure from which it is possible to calculate
various model features such as prediction intervals. These are a very important
feature of forecasting as they enable forecast uncertainty to be quantified. (Box
and Jenkins (1970), Makridakis et a. (1998), Pankratz (1983), cited Hyndman
(2001)

21.22. Qualitative Methods

Qualitative forecasting methods, in contrast with quantitative methods, do not
require data in the same way (Touran and Lopez, 2006). The inputs required
depend on the specific method and are in essence the product of judgment and
accumulated knowledge (Blair et a., 1993; Hanna and Blair, 1993; and
Makridakis et al., 1998). They can be used separately but are more often used in
conjunction with quantitative methods. Qualitative methods are also called
subjective methods (Blair et al., 1993) and judgmental methods (Kress, 1985).
Blair et al. (1993) recommend the use of qualitative methods in long term forecast
(forecast of duration over 2 years) because statistical methods, in general, are not
suitable for it; statistical methods cannot predict a shift in the trend. Although

forecaster’s intuition may frequently prove to be more reliable than any
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mathematical method (Chatfield, 1975), it would be difficult to calculate a
confidence level for the forecast. Subjective and intuitive estimates are widely
used in construction estimating, especially when there is insufficient historical
data. (Touran and Lopez, 2006)

2.1.3. M easur es of Accuracy

Fitzgerald and Akintoye (1995) suggest that the quality of the forecasts produced
by organizations can be assessed with the use of quantitative methods which
measure statistical error; in essence, determine the magnitude of the forecast error
&. The measures of forecast accuracy compare the predicted values with those that
were observed as shown below:

§=R-A

where g is the forecast error, A is the actual value and P is the predicted value.
(Fitzgerald and Akintoye, 1995)

Makridakis and Hibon (1984) have identified the most common measures of
accuracy as the mean square error (MSE), Thell's U-coefficient and the mean
absol ute percentage error (MAPE). Other measures of accuracy include root mean
sguare error (RMSE), mean error (ME), mean absolute error (MAE) and graphical
presentation (Holden and Peel, 1988; Treham, 1989). All of these except graphical
presentation are regarded as non-parametric measures of forecast accuracy
(Fitzgerald and Akintoye, 1995).
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Fitzgerald and Akintoye (1995) define the error types as follows:

Mean Error (ME)

This measures the presence of bias in forecasts rather than the precision of esti-
mates. It is an arithmetic mean of forecast errors which permits negative and
positive error to offset one another. Thisis represented as follows:

ME=§ (&)/n

t=1

Mean Absolute Error (MAE)
This is a better measure of forecast precision; it ignores the signs of the forecast

error and considers only the absolute magnitude. Thisis presented as follows:
J

MAE =g |e|/n
t=1

Mean Square Error (MSE)

The most frequently employed measures of forecast accuracy are based on the
mean squared error of forecast. Like MAE, the mean squared error measures the
magnitude of forecast errors. It can be used in two different ways: to aid in the
process of selecting a forecasting model and to monitor a forecasting system in
order to detect when something has gone wrong with the system. However, MSE
penalizes a forecasting technique much more for large errors than for small errors.

MSE=§ €/n

t=1

Root Mean Square Error (RMSE)

This is calculated by taking the sgquare root of MSE. This is, by mathematical
necessity, aways greater than the MAE when the forecast errors are not all of the
same size. This can be expressed as a percentage of the mean of the actual values

of the variable and interpreted as percentage error (RM SE%).
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Theil U Inequality Coefficient
Thisis

WA @)

t=1

Wna ()

U attains its smallest value when forecasts are perfect and is in most cases
confined to the closed interval between zero and unity (Theil, 1978). The
advantage of U over RMSE and MSE is that its denominator acts as a scaling
factor to take account of the size of the variables to be predicted. This method,
which weighs error relative to the actual movements of the predicted variable,
produces the most appropriate way to standardize for differences between either
time intervals or variables with different base years (McNees and Ries, 1983).
This advantage makes U more useful for comparing forecast accuracy across
different forecast spans or horizons.

Mean Absol ute Percentage Error (MAPE)
Thisis calculated as follows:
MAPE = % 4 la|/ A00)

t=1

Fitzgerald and Akintoye (1995)

2.2. Previous Studies on Construction Cost index For ecast

Forecast of cost indices have been done ever since the cost indices introduced.
Many studies have been conducted for this purpose using different kinds of
forecasting tools such as regression analysis, neural networks, simulation and time
series analysis. The purpose of this chapter is to present information about

previous studies regarding the forecasting tools.
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Touran and Lopez (2006) studied on cost escalation modeling in large
infrastructure projects. According to Touran and Lopez (2006) budgeting for cost
escalation is amajor issue in the planning phase of large infrastructure projects. A
system was introduced by the authors for modeling the escalation uncertainty in
large multiyear construction projects. The system uses a Monte Carlo simulation
approach and considers variability of project component durations and the
uncertainty of escalation factor during the project lifetime and calculates the
distribution for the cost. It was claimed that the system could be used by planners
and cost estimators for the budgeting effect of cost escalation in large projects

with multiyear schedules.

Touran and Lopez (2006) introduced an escalation factor as the rate of change of
the BCI from year to year using the equation below.

D, =[(1,/1,.)- 1" 100%

Where D = percent of change of period i, I; = index of period I, and I;.; = index of
the previous period (i-1). A positive value of D is an indication of increase in
cost. In contrast, if the value of D is negative, that is because period i has
experienced a deflation (Touran and Lopez, 2006). Therefore D, was defined as
the escalation factor that was tried to model. In the paper an analysis on the
historical trend in BCI values was given, designating rate of change of index low
and high inflation periods in United States. Touran and Lopez (2006) proposed to
use a normal distribution representing the escalation factor in order to model the
uncertainty in the value of index. Within this uncertainty it was argued that there
should be a somewhat relation between that years escalation factor with the
preceding years. To examine the hypothesis the correlation coefficient between

successive indices was found as 0.9828.

In the light of these findings Touran and Lopez (2006) constructed their model as
follows. First the mean (m) and the standard deviation (s) of the normal
distribution was defined for the escalation rate. For every iteration of the
simulation, a random value for inflation was generated for the first period. In the

subsequent periods, the generated values for the previous period was to serve as
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the mean of the normal distribution used to model the inflation rate assuming the
same standard deviation. As is claimed this was done to give a higher weight to
the value of escalation in the period immediately before the period of interest.
Touran and Lopez (2006) have also argued that the proposed approach was more
or less similar to the method of simple average but incorporating the random
variability of the escalation factor. It was also stated that the Estimation of (n) and
(s) for the normal distribution can be related to the project duration. Such that a
long horizon of time series should be chosen if the project duration is long, and
vice versaistrue. In the conclusion part it was concluded that the proposed model
for cost escalation can provide a powerful tool to assess the impact of the
escalation factor.

Williams (1994) investigated the usage of back-propagation neural-networks in
cost index prediction. Williams (1994) has constructed two neural-network
models one for predicting one-month change other for predicting six-month
change for ENR construction index. Selected input variables for the study were as

follows:

Percentage change in the construction cost index for one month
The six-month percentage change in the construction cost index
The prime lending rate
The six-month percentage change in the prime lending rate
The six-month change in the prime rate
Number of housing starts for the month
Percentage change in housing starts for one month
Percentage change in housing starts for the preceding six-month period

The month of the year

The reasoning for the selected variables was aso made by Williams (1994),
including the prime lending rate and housing starts. Williams (1994) points out
the complexity of the relationship between construction prices and the prime

lending rate. It was stated that an increase in interest rates raises the cost of capital
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projects whereas it reduces the same for industrial and commercia building. To
reflect the level of activity in the construction industry housing starts were
included in the model. It is suggested by Williams (1994) that in periods of high
housing starts, with high demand for construction materials, it would be expected
that increases in the cost index would be higher. In development of neural-
network model, Williams (1994) have made necessary data transformations
dictated by the neural network program such as changing the cost index data into
a percentage change form. Williams (1994) have also suggested normalizing the
input data namely the percentage change in the index, percentage change in
housing starts and housing starts, to obtain better results. The neural-network
model was constructed using the Neuroshell program (from Ward Systems Group,
Inc., Frederick, Md.) which implements a three-layer back-propagation model. As
a result of the constructed model Williams (1994) have stated that the neural
networks are being produced poor predictions of the changes in the construction
cost index. In the one-month model, the difference between the actual percentage
change and the predicted percentage change was less than or equal to 0.25 in only
20 of 63 cases. For the six-month model, the difference between the actual
percentage change and the predicted change was less than or equal to 0.5 for 20 of
66 cases (Williams, 1994). The author has aso constructed an exponential
smoothing and a linear regresson model for comparison. According to the
modeling studies the sum of the squares of errors (SSE) was found for exponential
smoothing, linear regression and neural-network as 2.45, 2.65 and 5.31
respectively. Williams (1994) claims the overal accuracy of exponential
smoothing and regression techniques of being higher than the neural-network
model although they are unable to react to large variations in the index.

Ng et a. (2004) produced a study for integrating regression analysis and time
series. in the study TPI (Tender Price index for Honk Kong) was chosen as the
basis of interest. The independent variables of regression analysis were chosen
from a previous study of Ng et a. (2000) and correlation analysis was conducted
before starting the regression analysis. In regression analysis part an automated

stepwise procedure has been followed with multivariate regression. Time series
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model has been decided to be an ARIMA model considering the simple
exponential smoothing as an inadequate model for TPI prediction, and MA(2)
model has been found to be the most suitable for the data. The regression and time
series models has then been integrated by linear combinations by considering the
forecast made by RA and TS asf; and f, respectively. From this, a new forecast of
these quantities has been produced by:

fy =1 xf, +(1-1)xf,

Where | isthe wel ghting which was restricted to the range (0 — 1). Goodness-of -
fit statistics has been used as assistance in assessing the fit of a model (Ng et al.
2004). Ng et al. (2004) have followed an iterative procedure to find | . They have
performed Back-cast testing to examine the forecast accuracy. According to Ng et
al. (2004) the results of back-cast testing was confirmed that the integrated RA-TS
model outperforms both the individual RA or TS forecasts, therefore the
integrated model should have a high potential of improving the forecasting

accuracy of TPl movement even under arapidly changing environment.
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CHAPTER 3

METHODOLOGY AND DATA ANALYSIS

31 I ntroduction

The aim of this study is to use time series analysis to improve the accuracy of
construction cost index predictions. Time series models will be developed for cost
indices in Turkey and United States. The selected cost indices for Turkey and
United States are BMI (building cost index, published by TURKSTAT in
guarterly basis), and BCI (building cost index, published by Engineering News
Record, ENR, in monthly basis) respectively. A literature survey was conducted
to investigate the forecasting methods and comparison techniques for these
methods. As aresult of this survey three main methods are determined. One is the
regression analysis which is a causal method that uses independent variables for
prediction of the dependent variable. The others are time series analysis and
simple averaging methods which are both statistical methods that are using the
historical data to achieve the future estimates. The results of time series models
developed will be compared with the results of regression and simple averaging
methods.

3.2  Study on Turkey, BMI

Kahraman (2005) conducted a study to compare the accuracy of construction cost
indices used in Turkey. The aim of the study was to compare the cost indices
(existing cost indices as well as alternative cost indices introduced by Kahraman)
in terms of their adequacy for the representation of variations in the building costs
in Turkey. The adequacy of the indices in representing the building costs were

examined using regression analysis in which the subject price indices were used
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as independent variables and unit cost of the projects as dependent variables.
Separate single variable regression models were formed for each index for
comparison. The prediction performances of the constructed regression analyses
were compared and two indices were selected as the most influential. One was the
PBPI4, a new index produced by Kahraman (2005), and the other was BMI, the
building price index published by TURKSTAT; with the MAPE values 34.333
and 35.637 respectively.

As a conclusion to Kahraman's study, BMI can be used adequately for
representing building cost variations in Turkey. Therefore in this study BMI is
used for representing Turkish construction cost indices.

The BMI data was obtained from TURKSTAT covers an interval from the first
guarter of 1991 to the fourth quarter of 2005. More current data was not be able
to obtained from the institute. 60 sequentia records are divided into two groups.
First group, which consists of 52 records, represents the analysis data that have
been used to form the prediction model. The second group of 8 records is used to

test the prediction accuracy of the constructed model.

In the following subsections, the analysis results of three selected methods are

given.

3.21 Regression Analysis

Parsimonious models are considered to be used for regression analysis. These
models fit the data adequately without using any inconsistent variable that creates
noise. P-values as explained earlier are used to eliminate the unnecessary
variables, while the R? is used for the determination of best fit. Moreover the

variableswith illogical coefficients are also eliminated (i.e. minus signed ones).
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Two important factors are considered as independent variable in regression
analysis. First one is the number of construction permits (CP) given in that month
in whole Turkey. The monthly data obtained from TURKSTAT is converted to
the quarterly data by taking the average of three subsequent monthly data. Foreign
currency exchange rates is considered as the second important factor that has
influence on building costs in Turkey. US Dollar and Euro can be considered as
the most significant currencies among all. A basket of US Dollar and Euro (i.e.
EXR =1 USD + 1 Euro) is used for this purpose. US Dollar exchange rates with
Turkish Lira (TL) or New Turkish Lira (YTL) (after January 2005) are obtained
from the official web site of Central Bank of the Republic of Turkey,TCMB,
(TCMB, 2007) Also the exchange rates of Euro after January 1999 (Adaptation
date of Euro) are obtained from this web site. The values from 1991 to 1999 are
calculated from the cross rates between USD and ECU (European Currency Unit)

and obtained from answers.com web site (Answers.com, 2007).

As defined in Sauder School of Business web site (Sauder School of Business,
2007) the European currency unit, ECU (XEU as the symbol), was an artificial
"basket" currency that was used by the member states of the European Union as
their internal accounting unit. The ECU was conceived on 13th March 1979 by
the European Economic Community, the predecessor of the European Union, as a
unit of account for the currency area called the European Monetary System. The
ECU was also the precursor of the new single European currency, the Euro, which
was introduced in 1999. Euro was replaced with ECU at par (that is, at a 1:1 ratio)
on January 1, 1999 (Sauder School of Business, 2007).

The exchange rates obtained are the selling rates taken at the mid (i.e. 15" day) of
each month. After obtaining all the monthly data for Euro (ECU equivalent or
actual) and USD values are added up to obtain the basket of exchange rates
(EXR). As in the case of monthly construction permits data, the monthly
exchange rate basket val ues are converted into quarterly format using averaging of

three subsequent months.
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Table A1 in Appendix shows the quarterly data for BMI, CP, and EXR from
1991-1% to 2005-4™ quarters.

The time dependencies of the data are considered to add to regression models like
time series models. This is achieved by using the previous time series of
independent variables CP and EXR. This dependency is limited to four quarters
representing the effects of the selected variables to BMI in one year period.
Inclusion of time dependencies converts the regression model into a somewhat
multivariate time series model, because the independency between the variablesis
one of the main assumptions of regular regression models. A stepwise procedure
is followed for determining the parsimonious regression model. First model is
constructed including four time series data of both variables namely, CPy.q), CP-
2, CPu3), CPt4), EXR(t1), EXR¢2, EXRt.3 and EXR¢.4. The insignificant and
irrational variables are then eliminated examining P-values and regression
coefficients. The variable with P-value greater than 0.15 and regression
coefficient with negative value is eliminated. A new regression model is
constructed using the remaining variables of the previous elimination. The
procedure is repeated until a model having all significant variables with positive

coefficients is obtained.

As aresult of the stepwise iteration the remaining variables of adequate regression
model are found as EXRy.1y and EXR.4. Construction permits turn out to be
insignificant in BMI forecasting. Table 3.1 and Table 3.2 represent the
characteristics of the initial and the final regression models respectively.
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Table 3.1 Initial Regression Model Characteristics for BMI

D\/egr einattj):a:t Irg;eﬁ?b?;nt Coefficients R2 P-Vaue
EXR1 7,095.3 2.871E-16
EXR2) -312.6 0.8932
EXR3 1,565.6 0.5031

BM| EXRt.4) 24129 | 0.9672 0.1270
CP.1 -0.0061 0.9236
CP-2) -0,0211 0.7438
CP-3) 0.0701 0.2786
CPt.4) 0.0129 0.8432

Table 3.2 Fina Regression Model Characteristics for BMI

Dependent | Independent - Lower | Upper ) .
Vaiable | Vaiables | COUMCONS | “omer | ame, | R el
EXR1) 7,571.6 | 6,315.7 | 8,827.4 6.109E-16
BMI 0.9920
EXR(t-4) 3,355.2 | 1,841.5 | 4,868.9 5.216E-05

Prediction using regression models necessitates the forecast of the independent
variables. Therefore the regression process becomes a two phase prediction. At
the first phase, independent variables are predicted. In the second phase,
dependent variable is predicted with the aid of prior defined independent

variables.

For the constructed parsimonious regression model, the forecast of BMI is
dependent on only one variable EXR. Considering the time dependency of EXR
data the prediction of EXR values is decided to be performed using time series
analysis. The quarterly EXR records are given as an input to time series modeling
software SAS. The best fit result is taken from ARIMA (0,1,1)(1,0,0) model. The
closeness of fit and prediction performances for the model is measured by MAPE
as 9.98% and 4.98% respectively.
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The second phase of regression analysis is performed with the predicted EXR
values obtained from phase one. The regression model given in Table 3.2 is
constructed as follows to forecast the future values of BMI.

BMI, =7571.6" EXR_, +3355.2" EXR_,

The predicted BMI values are calculated from the above formula for both fit
period and test period. For the test period two predictions are made, one is the
predictions made using the actual EXR values in forecast horizon; other is the
predictions made using the predicted EXR values from ARIMA model.
Regression model inputs and predictions for fit period are given in Table A2 in
Appendix. Regression model inputs and predictions for test period are given in
Table 3.3. Closeness of fit and prediction performance mean square error (MAPE)

termsare given in Table 3.4.
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Table 3.3 Regression Model Inputs and Test Period Predictions for BMI

PREDICTION WITH ACTUAL EXR VALUES

Quarter | Actual BMI | EXRyy | EXRey | Predict | ober | Lower

2004-1 | 36,7754 | 31697 | 34285 | 35502.8 | 446733 | 26,3324
2004-2 | 38279.0 | 30071 | 32429 | 33649.0 | 42,3343 | 24,9636
2004-3 | 39,6952 | 32090 | 29.670 | 34,2520 | 42,7732 | 25730.7
2004-4 | 404399 | 32873 | 31.697 | 355249 | 444513 | 26,5985
2005-1 | 41,4821 | 33225 | 30071 | 352459 | 439704 | 26,5214
2005-2 | 421628 | 30733 | 32.090 | 34,0365 | 42,7536 | 253193
2005-3 | 4373323 | 30.878 | 32.873 | 34,4090 | 432628 | 25555.1
2005-4 | 43,7703 | 29792 | 33.225 | 337048 | 424756 | 249340

PREDICTION WITH PREDICTED EXR VALUES

Quarter | Actua BMI | EXRyy | EXReq | Predict %%E,’/fr "5’%"’0/?

2004-1 | 36,7754 | 31697 | 3.4285 | 35502.8 | 44,6733 | 26,3324
2004-2 | 38279.0 | 32528 | 32429 | 35509.3 | 445032 | 26,515.4
2004-3 | 396952 | 32859 | 29670 | 34,8342 | 434521 | 26,2164
2004-4 | 40,4399 | 33350 | 3.1697 | 35886.1 | 44,8724 | 26,899.8
2005-1 | 41,4821 | 32989 | 32528 | 35891.6 | 44,9583 | 26,8248
2005-2 | 42162.8 | 32841 | 32859 | 35890.6 | 44,9889 | 26,7923
2005-3 | 43,3323 | 32782 | 33350 | 36,010.6 | 451758 | 26,8454
2005-4 | 43,7703 | 3.2695 | 32989 | 358236 | 449233 | 26,724.0

Table 3.4 MAPE Valuesfor Final Regression Model for BMI

Prediction Prediction
Closeness of Fit Performance Performance
Using Actua Using Predicted
EXR Records EXR Values
14.4% 14.9% 12.2%
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The predictions of the regression model is started at 4 periods beyond 1992 1%
period, therefore the closeness of fit value is calculated for 48 periods. For the 48
fit periods the actual BMI values falls beyond the 95% confidence limits for 13
periods. In other words, the level of accuracy of the fit model is only 73%.
Prediction performance with actual EXR data also show a depleted accuracy of
value 80% (6 of 8 within limits), while the prediction performance with predicted
EXR data shows 100% accuracy within the 95% confidence limits.

Examining Table 3.4 it is seen that the prediction performance of the model used
predicted EXR values is better than that of used actual values. The error on
prediction of EXR values had appositive effect on regression model accuracy.
This should not be considered as a success of two phase prediction model. The
error of the first phase prediction does not always deduct the error of the second

phase.

Figure 3.1 represents the regression model predictions. This figure includes actual
BMI (Actual), predicted BMI (Predicted), upper and lower confidence limits
(Upper 95% and Lower 95%). It also includes predicted BMI using predicted
EXR (Pred-Predict), upper and lower confidence limits using predicted EXR
(Pred-Upper, Pred-Lower). Moreover EXR.1) and EXR(t.4) are also included in to
figure for sake of visual comparison. EXR1* and EXR4* data as seen in Figure
3.1 is obtained by multiplication of actual EXR(1) and EXR¢.4 values with
coefficients of lower 95% (6315 and 1841 respectively). This adjustment is
performed only for visualization of the effects of EXR values on predicted data.
Examining the figure it is seen that the predicted data does not provide a good fit
on the actual data, especialy in late periods. With the start of low inflation periods
in Turkey, the exchange rates fluctuate on a stationary mean. But the building
prices did not followed this trend; they continue their linear trend also on low
inflation periods. Therefore the adequacy of predicting BMI vaues with
regression analysis on exchange rates drop considerably with the loss of

correlation between the two variables.
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3.22 TimeSeriesAnalysis

Time series analysis is performed using the SAS software, developed by SAS
Ingtitute Inc. SAS is a useful tool for time series analysis and other statistical
analyses. The main advantage of the software is that it applies an automatic fit
procedure in which it finds the best fit model among the selected given models
according to the given error criterion. Moreover the program uses powerful
optimization tools for finding model parameters. By default the program performs
42 analyses for 42 time series models and lists the models in sorted order
according to their closeness of fit error values (Default model list can be found in
Table A3 in Appendix). The software also gives lower and upper limit forecasts
for an adjustable confidence limit.

Entering the quarterly BMI records from 1991 1% to 2003 4™ as input variable
while setting MAPE as the error criterion and 95% as the confidence limit, SAS
performed the time series analysis using the default models and finds the
according MAPE values. As aresult of processing; 6 models could not be fitted to
the data. Closeness of fit MAPE values for remaining 36 models was found with
the given distribution below:

20 models ranging from 2.9 to 4.6 percent

8 models ranging from 10 to 50 percent

4 models ranging from 100 to 900 percent

4 models ranging from 1500 to 3500 percent

Prediction performances are calculated manually for the first 20 models which
have relatively low error values. Prediction performance MAPE values for these
models are distributed as follows:

6 Models ranging from 1.2 to 1.7 percent

6 Modelsranging from 3.3 to 5.2 percent

4 Models ranging from 6.7 to 15 percent

4 Models ranging from 22 to 52 percent
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Table 3.5 shows the 6 time series models having the prediction performance
MAPE values between 1.2 to 1.7 while having the closeness of fit MAPE values
between 3.1 to 4.0.

Table 3.5 MAPE vaues for Prediction Performance and Closeness of Fit for BM|I

No Time Series Model Pgr?g:r%t;r(le e gﬁ:r;?ss
1 | ARIMA (0,2,2) (0,1,1)s No Intercept 1.20% 3.06%
2 | Winters Multiplicative Exponential Smoothing 1.24% 3.51%
3 | ARIMA (2,1,2) (0,1,1)s No Intercept 1.36% 3.29%
4 | ARIMA (2,0,1) (0,1,1)s No Intercept 1.37% 3.35%
5 Log ARIMA (0,1,1) (0,1,2)s No Intercept 1.56% 4.04%
6 | AirlineModel 1.67% 4.03%

One exponential smoothing and one ARIMA model are selected for further
investigation. ARIMA (0,2,2) (0,1,1)s No Intercept model is a Box Jenkins
autoregressive integrated moving average model with zero auto regressive and
two moving average terms after doubly differentiating, plus one seasona moving
average term after seasonally differentiating, with no constant term. The model
parameters as optimized by SAS are as follows:

Moving Average, Lag 1 = 0.24607

Moving Average, Lag 2 = 0.28895

Seasonal Moving Average, Lag 4 = 0.73579

The predictions of the ARIMA model is started 6 periods beyond at 1992 3
period, therefore the closeness of fit value is calculated for 46 periods. For the 46
periods of fit period the actual BMI values falls beyond the 95% confidence limits
for 2 periods (one below the lower limit, one above the upper limit). For test data,

8 of 8 actual values lay between the 95% confidence limits.
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The actual BMI data together with predicted data and the upper/lower confidence
intervals for ARIMA Model for fit period is presented in Table A4 in Appendix,
for predict period is presented in Table 3.6

Table3.6 ARIMA Model Results for Predict Period for BMI

Forecast Period

2004-1 36,7754 | 36,557.8 [ 37,409.3 | 35,706.3
2004-2 38,279.0 | 37,7339 [ 39,453.1 | 36,014.8
2004-3 39,695.2 | 38,889.3 [ 41,443.7 | 36,334.8
2004-4 40,4399 [ 39,8151 [ 43,242.6 | 36,387.5
2005-1 41,482.1 | 41,366.7 | 45,860.6 | 36,872.9
2005-2 42,162.8 | 42,542.8 | 48,2215 | 36,864.1
2005-3 43,332.3 | 43,698.0 [ 50,628.1 | 36,767.8
2005-4 43,770.3 | 44,623.7 | 52,871.9 | 36,375.4

Figure 3.2 illustrates the ARIMA (0,2,2) (0,1,1)s No Intercept Model forecasts.

Winters Multiplicative Exponential Smoothing is the other time series method
chosen for investigation. This method has level, trend and season parameters. The
optimized values for level, trend and season parameters are as follows:

Level Smoothing Weight = 0.78725

Trend Smoothing Weight = 0.48565

Seasonal Smoothing Weight = 0.99900

Examining the Winters Multiplicative model predictions, out of 52 fit periods, 4
periods has actual BMI value outside the 95% confidence interval. For test data, 8
of 8 actual values lay between the 95% confidence limits.

The actual BMI data together with predicted data and the upper/lower confidence

intervals for Winters Multiplicative Model for fit period is presented in Table A5
in Appendix, for predict period is presented in Table 3.7
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Asgiven in Table 3.5 the MAPE values in prediction performance are 1.20% and
1.24% and in closeness of fit are 3.06% and 3.51% for ARIMA and Winters
Multiplicative Models respectively. As examining the comparison graph drawn
with the actual data, and the forecasted data of two models for forecast horizon,
the situation seems to differ on behalf of the Winters Multiplicative Method
(Figure 3.3). By visua inspection Winters Multiplicative Model forecasts seem to
have a better fit to the actual data. It follows a similar curvature with the actual
data; both actual and Winters Multiplicative data show a increase at the end of
forecast horizon while ARIMA data keepsiits linearly increasing trend.

The Winters Multiplicative Exponential Smoothing Model forecasts are illustrated
in Figure 3.3.

Table 3.7 Winters Multiplicative Model Results for Predict Period for BMI

Forecast Period
2004-1 36,775.4 36,566.8 37,611.9 35,521.8
2004-2 38,279.0 38,005.2 39,618.5 36,391.9
2004-3 39,695.2 39,504.0 41,806.5 37,201.5
2004-4 40,439.9 39,919.6 42,936.8 36,902.4
2005-1 41,482.1 41,478.4 45,503.7 37,453.0
2005-2 42,162.8 42,944.1 47,880.4 38,007.8
2005-3 43,332.3 44,476.1 50,411.7 38,540.5
2005-4 43,770.3 44,790.8 51,624.2 37,957.3
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3.2.3 Simple Averaging

Two simple averaging models are constructed for the prediction of BMI values.
Differentiated average and percent average models are named as Dave and Pave.
Dave is the average of difference of the successive values, while Pave is the
average of percent change of the successive values. The formulations for the
models are given as:

Dave:ié(BMlm- BMI, )
n-1i
p 0
Pave= 1 éaEBMI'+1-1+’ 100

n-1SEBMIL T,
After finding Dave and Pave values with according formulas the forecast of the
future BMI values are done by the below formulas:
BMI,,, = BMI, + Dave

BMI,, = BMI,” ?%‘éeﬂg
Differentiated and percent change BM1 values as well as predictions by the Dave
and Pave models for fit period are given in Table A6 in Appendix. Predictionsin
forecast horizon are tabulated in Table 3.8. Closeness of fit and prediction

performance MAPE valuesislisted in Table 3.9.

Table 3.8 Forecasts by Dave and Pave Models for BMI

Quarter Actua BMI Dave Forecast | Pave Forecast

2004-1 36,775.4 35,734.2 39,524.3
2004-2 38,279.0 36,419.8 44,571.6
2004-3 39,695.2 37,1054 50,263.4
2004-4 40,439.9 37,791.0 56,682.0
2005-1 41,482.1 38,476.6 63,920.3
2005-2 42,162.8 39,162.2 72,082.9
2005-3 43,332.3 39,847.8 81,287.9
2005-4 43,770.3 40,533.4 91,668.4
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Table 3.9 MAPE Vauesfor Dave and Pave Models for BMI

Closeness Prediction
of fit Perfromance
Dave 103.50% 6,32%
Pave 3,92% 51.60%

BMI values change approximately from 82 to 35,000 in the test period (from 1991
to 2003), which causes high variations in Dave values (i.e. from 10 to 2,800),
whereas Pave values range between 2 to 32 numerically. Therefore the high
variations in Dave model was expected to bring huge errors in forecast. This
expectation is also verified by the closeness of fit errors. But interestingly it was
observed that Dave model gave better forecasts than Pave model with the
prediction performance error values of 6.32% and 51.60%. Structure of data is
investigated to comment on this unexpected result. Examining Table A6 in
Appendix, it is observed that on low inflationary periods after 2001, the BMI
values tend to increase more slowly therefore the percent change values tend to
sow down. Therefore taking an average of the all test data including the high
inflation periods bring huge error terms. On the other hand, inclusion of past
periods with smaller differentiation values (because of the relative differences in
size) lower the average difference which results in a good fit to slowly increasing
future data. Table 3.10 shows differentiated and percent change values for actual

BM!I records in forecast horizon.



Table 3.10 Differentiated and Percent Change Vaues for Actual BMI in Forecast

Horizon

Quarter Actual BMI lefeé?/lﬂ'ilated Percegt N(Illhange
2004-1 36,775.4 1,726.8 4.93%
2004-2 38,279.0 1,503.6 4.09%
2004-3 39,695.2 1,416.2 3.70%
2004-4 40,439.9 744.7 1.88%
2005-1 41,482.1 1,042.2 2.58%
2005-2 42,162.8 680.7 1.64%
2005-3 43,332.3 1,169.5 2.77%
2005-4 43,770.3 438.0 1.01%
40.742.1 1,090.2 2.82%

Average BMI Dave Pave

3.3  Study on United States, BCI

BCI is the building cost index used in United States published by Engineering
News Record, ENR, in monthly basis. According to Touran and Lopez (2006),
BCI is one of the most important, oldest, and commonly used cost index in
construction industry in USA. BCI will be used in this study to represent the
building cost forecasts in American construction industry.

The BCI data was obtained from ENR journals and the ENR home page (ENR,
2007) from January 1978 to June 2007. The monthly data is converted in a
quarterly format to be consistent with the BMI study, moreover to bring out the
seasonal characteristics of the data. Three subsequent monthly data was averaged
to obtain the quarterly data. 106 of the 118 data (from 1978 1% quarter to 2004 2™
quarter) is used for the model constructions while the remaining 12 data (2004 3°
quarter to 2007 2" quarter) is chosen as test data for prediction accuracy.
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3.3.1 Regression Analysis

Two factors are determined to be used as independent variables in BCI regression
models. First one, housing starts data (HS) is published by US Census Bureau on
monthly basis. The data is obtained from the Census Bureau web page (Census,
2007). Second one mortgage rates (MR) is published by Federal Reserve on
monthly basis and obtained from its web page (Federal Reserve, 2007). Both
monthly data are converted to quarterly data by averaging the three subsequent
monthly data.

Table A7 in Appendix shows the quarterly data for BCI, HS, and MR from 1978-
1% to 2007-2™ quarters.

The final regresson model is found from the first constructed model by the
stepwise procedure as explained in part 4.2.1. The first model including 8
variables such that four time series of two variables (HSt.1), HS¢-2), HSt-3), HSt-4),
MR(1), MR¢-2), MR(-3), MR(t.4) is reduced to 5 variables in the final model with
the elimination criteria according to P-values and negative coefficients. The
initial and final regression model characteristics are represented in Tables 3.11

and 3.12 respectively.
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Table3.11 Initial Regression Model Characteristics for BCI

D\/egr einattj):a:t I rlsl;eﬁznb?;nt Coefficients R2 P-Vaue
HS1 6.0404 0.00389
HS2 3.9860 0.08468
HS3 0.4000 0.85787

aC] HS-4) 3.4567 | 0.9806 0.07322
MR 118.8544 2.49E-07
MR 10.4902 0.71410
MR 20.7883 0.46707
MR 47.8599 0.02984

Table 3.12 Final Regression Model Characteristics for BCI

D\?gr ?na(glegt I r{?:ﬁ:‘b?;m Coefficients R2 P-Vaue
HS¢.1) 6.1965 0.00145
HS.2) 4.0822 0.01562

BCI HS.q) 3.6807 | 0.9803 0.00976
MR1) 131.8116 7.50E-15
MR .4 64.4618 4.29E-05

MAPE for closeness to fit is obtained as 12.14% while MAPE for prediction
performance is obtained as 19.35% using the actual values of independent
variables (Table 3.14). Since the MAPE values are very high the regression model
is not considered as adequate. Therefore further analysis on the prediction of

independent variablesis not performed.

Regression model inputs and predictions for fit period are given in Table A8 in
Appendix. Regression model inputs and predictions for test period are given in
Table 3.13. Closeness of fit and prediction performance MAPE vaues are given in
Table 3.14.
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Table 3.13 Regression Model Inputs and Test Period Predictions for BCI

Quarter BCI BCI Predict | Upper BCl | Lower BCI
2004-3 4047 3514 5481 1548
2004-4 4127 3569 5606 1532
2005-1 4118 3311 5192 1430
2005-2 4184 3367 5277 1457
2005-3 4216 3585 5626 1543
2005-4 4302 3648 5748 1547
2006-1 4334 3499 5481 1516
2006-2 4335 3505 5488 1521
2006-3 4364 3645 5689 1600
2006-4 4445 3505 5462 1548
2007-1 4424 3158 4901 1415
2007-2 4438 3036 4686 1386

Table 3.14 MAPE Valuesfor Fina Regression Model for BCI

Prediction Performance
Using Actua EXR Records

12.14% 19.35%

Closeness of Fit

Below Figure 3.5 shows actual BCI and predicted BCI for both fit period and test

period.

Asin BMI regression figure the independent variables are shown on the graph by
multiplication of the actual values with coefficients of lower 95% for better
visualization. Therefore HS1* and MR1* are the values obtained by
multiplication of HS;.1) and MR.1) values with 2.44 and 103.34 respectively. As
it is seen from figure the predicted data does not show an adequate fit on the
actual data.
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3.3.2 TimeSeriesAnalysis

Time series analysis for BCI data is performed by the SAS software. Using the
quarterly BCI data from 1978 1% quarter to 2004 2" quarter as input data, time
series analysis is conducted by SAS software to find the best fit models. As a
result of processing; 2 models could not be fitted to the data. Closeness of fit
MAPE values for remaining 40 models was found with the given distribution
below:

23 models ranging from 0.6 to 0.8 percent

7 models ranging from 0.80 to 1.0 percent

6 models ranging from 2.0 to 3.5 percent

4 models ranging from 19.0 to 19.6 percent

Prediction performances are calculated manually for the first 30 models which
have relatively low error values. Prediction performance MAPE values for these
models are distributed as follows:

2 Modelsranging from 0.9 to 1.0 percent

11 Models ranging from 1.1 to 2.0 percent

10 Models ranging from 2.0 to 4.0 percent

7 Models ranging from 4.0 to 7.5 percent

Table 3.15 shows the 6 time series models having the prediction performance

MAPE values between 0.9 to 1.5 while having the closeness of fit MAPE values
between 0.6 to 0.8.
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Table 3.15 MAPE vaues for Prediction Performance and Closeness of Fit

No Time Series Model Pgr?g:r%t;r(le e gﬁ:r;?ss
1 | Winters Additive Exponential Smoothing 0.95% 0.67%
2 Log ARIMA (2,1,0)(0,1,1) No Intercept 0.97% 0.73%
3 Log Linear Holt Exponential Smoothing 1.11% 0.77%
4 | Log ARIMA (2,1,2)(0,1,1) No Intercept 1.12% 0.71%
5 Log Linear Trend with Autoregressive Errors 1.24% 0.77%
6 | ARIMA (0,2,2)(0,1,1) No Intercept 1.30% 0.68%

One exponential smoothing and one ARIMA model are selected for further
investigation. ARIMA (2,1,0) (0,1,1)s No Intercept model is a Box Jenkins
autoregressive integrated moving average model with two auto regressive and
zero moving average terms after single differentiating plus one seasonal moving
average term after seasonally differentiating with no constant term. The model
parameters as optimized by SAS are asfollows:

Autoregressive, Lag 1 = 0.23895

Autoregressive, Lag 2 = 0.05697

Seasonal Moving Average, Lag 4 = 0.73823

The predictions of the ARIMA model is started 5 periods beyond at 1979 2™
period, therefore the closeness of fit value is calculated for 101 periods. For 101
fit periods the actual BCI values falls beyond the 95% confidence limits for 4
periods (one below the lower limit, three above the upper limit). For test data, 12
of 12 actual valueslay between the 95% confidence limits.

The actual BCI data together with predicted data and the upper/lower confidence

intervals for ARIMA Model are presented for fit period in Table A9 in Appendix,
for predict period in Table 3.16.
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Table3.16 ARIMA Model for Predict Period for BCI

Quarter BCI BCI Predict | Upper BClI | Lower BCI
2004-3 4,047 4027 4106 3948
2004-4 4,127 4061 4189 3935
2005-1 4,118 4085 4256 3920
2005-2 4,184 4144 4353 3943
2005-3 4,216 4197 4451 3953
2005-4 4,302 4221 4517 3939
2006-1 4,334 4243 4578 3926
2006-2 4,335 4303 4677 3950
2006-3 4,364 4357 4779 3963
2006-4 4,445 4382 4848 3950
2007-1 4,424 4405 4913 3937
2007-2 4,438 4467 5021 3960

Figure 3.6 illustrates the ARIMA (2,1,0) (0,1,1)s No Intercept Model forecasts.

Winters Additive Exponential Smoothing is the other time series method chosen
for investigation. This method has level, trend and season parameters. The
optimized values for level, trend and season parameters are as follows:

Level Smoothing Weight = 0.99900

Trend Smoothing Weight = 0.16574

Seasonal Smoothing Weight = 0.99900

Examining Winters Multiplicative model predictions, out of 106 fit periods, 5
periods has actual BCI value outside the 95% confidence interval. For test data, 12
of 12 actual valueslay between the 95% confidence limits.

The actual BCI data together with predicted data and the upper/lower confidence

intervals for Winter Additive Model are presented for fit period in Table A10 in
Appendix, for predict period in Table 3.17.
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Table 3.17 Winters Additive Model for Predict Period for BCI

Quarter BCI BCI Predict | Upper BCI | Lower BCI
2004-3 4,047 4010 4064 3956
2004-4 4,127 4053 4135 3971
2005-1 4,118 4085 4194 3976
2005-2 4,184 4141 4276 4006
2005-3 4,216 4198 4360 4036
2005-4 4,302 4241 4430 4052
2006-1 4,334 4273 4491 4056
2006-2 4,335 4330 4576 4083
2006-3 4,364 4387 4662 4111
2006-4 4,445 4429 4736 4123
2007-1 4,424 4462 4799 4124
2007-2 4,438 4518 4888 4148

Figure 3.7 illustrates the Winters Additive Exponential Smoothing Model

forecasts.

Asgiven in Table 3.15 the MAPE valuesin prediction performance are 0.95% and
0.97% and in closeness of fit are 0.67% and 0.73% for Winters Additive Model
and ARIMA Mode respectively. Examining the comparison figure (Figure 3.8)
both models seem to have a good fit on data and can be used adequately for BCI
prediction.
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3.3.3 Simple Averaging

Differentiated average; Dave and percent average; Pave models are constructed

for BCIl data. Formulations of the models are as follows:

n
o

1
Dave=—— BCl ., - BCI.
ave n- 1Ia:.1( i+1 |)

n ) 0
Pave = 1 a EEBCI'*l -1+ 100
n-1%&BC, T,

After finding Dave and Pave values with according formulas the forecast of the
future BCI values are done by the below formulas:

BCl,,, = BCI, + Dave

BCl,,, =BCI,’ g’%‘(’fﬂ?

(]

Differentiated and percent change BM1 values as well as predictions by the Dave
and Pave models for fit period are given in Table A11 in Appendix. Predictionsin
forecast horizon are tabulated in Table 3.18. Closeness of fit and prediction
performance MAPE valuesislisted in Table 3.19.
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Table 3.18 Dave and Pave Model Forecasts

Quarter Actual BMI | Dave Forecast | Pave Forecast
2004-3 4,047 3,975 3987
2004-4 4,127 3,998 4021
2005-1 4,118 4,020 4056
2005-2 4,184 4,042 4091
2005-3 4,216 4,064 4126
2005-4 4,302 4,087 4162
2006-1 4,334 4,109 4198
2006-2 4,335 4,131 4234
2006-3 4,364 4,153 4270
2006-4 4,445 4,176 4307
2007-1 4,424 4,198 4344
2007-2 4,438 4,220 4382

Table 3.19 MAPE Vauesfor Simple Averaging Models

Simple Prediction Closeness
Averaging Model | Performance of Fit
Dave 4.17% 0.75%
Pave 2.24% 0.80%

Pave model has a better prediction performance than Dave model athough Dave
has a better performance on fitting the data. 0.05% of error on data fit can be
neglected on 1.93% of error on prediction therefore Pave model can be said a

better model among Dave model on prediction of BCI future values.

Figure 3.9 shows Dave and Pave model fitsin single graph.
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34 Discussion on Results

In BMI analysis 8 of the 60 data was selected for test data which counts to 13.3%
of the total data whereas in BCI analysis this ratio drops to 10.2% with 12 periods
of test data over a 118 total data. The both ratios are acceptable in statistical point

of view.
Table 3.20 and 3.21 are prepared for the comparison of regression, time series and

simple averaging models according to their accuracies to fit and predict the actual
BMI and BCI data.

Table 3.20 Comparison of Models According to Their MAPE Vauesfor BMI

aromesal Pt
Regression Model * 14.40% 14.90%
ARIMA (0,2,2) (0,1,1)s No Intercept 3.06% 1.20%
Winters Multiplicative Exponential Smoothing 3.51% 1.24%
ARIMA (2,1,2) (0,1,1)s No Intercept 3.29% 1.36%
ARIMA (2,0,1) (0,1,1)s No Intercept 3.35% 1.37%
Log ARIMA (0,1,1) (0,1,1)s No Intercent 4.04% 1.56%
Dave Model 103.50% 6.32%
Pave Model 3.92% 51.60%

* Prediction performance is calculated using the actual values of independent variables
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Table 3.21 Comparison of Models According to Their MAPE Vaues for BCI

Closmesdf| Pretcton
Regression Model * 12.14% 19.35%
Winters Additive Exponential Smoothing 0.67% 0.95%
Log ARIMA (2,1,0)(0,1,1)s No Intercept 0.73% 0.97%
Log Linear (Holt) Exponential Smoothing 0.77% 1.11%
Log ARIMA (2,1,2)(0,1,1)s No Intercept 0.71% 1.12%
Log Linear Trend with Autoregressive Errors 0.77% 1.24%
Dave Model 0.75% 4.17%
Pave Model 0.80% 2.24%

* Prediction performance is calculated using the actual values of independent variables

As given in the Tables regression models did not perform well in both of the
index predictions. Moreover the two phase prediction theme would bring a second
error term to be added. As a result of these findings regression models are not
selected as adequate models.

Examining Table 3.20, the fit and predict error values in BMI forecast showed a
cross match between Dave and Pave models. Dave model has a MAPE value of
103.50% for closeness of fit where as 6.32% for prediction performance, while the
Pave model has 3.92% for closeness of fit where as 51.60% for prediction
performance. This improper nature as discussed in part 3.2.3, is related to the
change of inflation trends in Turkey in recent periods. As a result, the smple
averaging models did not perform well for prediction of BMI cost index. Dave
and Pave models give better results in BCI forecasting. The accuracy depends on
the regular characteristics of the BCI data, as the data show aregular trend in time
the averaging procedures gives better results than in BMI. Being simple and
straight forward, and having MAPE value for prediction performance as 2.24%,
Pave model can be used in rough estimates of BCI forecast.

61



In both BMI and BCI forecasts time series models performed better than
regression and simple average models with relatively high percentages. Success of
time series model among others is the ability to fit the seasonal and trend
characteristics of BMI and BCI data. Moreover the exponential smoothing models
gave very good results depending on their ability to fit the recent data
Exponential  smoothing assigns exponentially decreasing weights as the
observation get older; therefore recent trend changes in BMI and BCI were catch
by exponential smoothing models. Seasonality is also an important pattern catch
by the time series models. Examining the comparison tables (Tables 3.20, 3.21) it
is seen that al of the top 5 time series models for BMI and BCI show seasonal
characteristics. It is aso noted that time series models for BCI give better results
using Log transformation whereas the models for BMI give better results in

regular form.
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CHAPTER 4

SUMMARY AND CONCLUSIONS

Cost index forecast is crucia for the two main parties of construction industry,
contactor, and the client. Forecast information is used to increase the accuracy of
estimate for the project cost to evaluate the bid price. This research covered the
studies performed on predicting the cost indices for Turkey and United States
using three different models including regression, time series and simple

averaging models.

General definitions of cost indices were given together with the history of the cost
indices. Selected cost indices for Turkey: BMI, and United States. BCI, were
further investigated for their origin, components and coverage. Forecasting
methods were investigated in two main headers as quantitative and qualitative
methods. The qualitative methods are used in the absence of quantitative data and
when intuitive decision is needed. On the other hand quantitative methods require
historical data to process and they are weak in catching the trends in future
forecast. Common quantitative methods in use of cost index forecast are
regression, neural network, and time series models. These models were explained
in detail with the assumptions and the governing formulations. Measures of
accuracies were also mentioned to set a basis for evaluation criteria for the
comparison of models. Past studies on cost index forecasting were examined. The
methodologies as well as the results of the past studies used as guidance for this

research.

In this thesis, the steps and detailed explanations of the studies performed to meet
the objective of this research are covered. The analysis performed for Turkey and
United States were described in two separate parts. Also the sources of the
obtained data, and necessary adjustments on the data were given in these parts.

The methodologies of model construction were given for the regression, time
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series and simple averaging models. The model results were found and referred to
the Appendix section. Mean absol ute percentage error was selected as the measure
of accuracy, and closeness of fit and prediction performance MAPE values were
found for each model. In discussion of the results part MAPE values for al
models were tabulated in a comparison table and necessary discussions were made

for the adequacy of the models.

The regression models necessitate the prediction of the independent variables to
perform the prediction for the cost index. This two phase forecast procedure
reduces the accuracy of the regression model. Moreover despite the closeness of
the R? values to 1.0 and P-values to O in regresson models for both indices,
closeness of fits and prediction performances were not good enough to select the
regression model as the adequate model.

Simple averaging models which were introduced as differentiated average, Dave
and percent average, Pave models did not perform well in prediction of BMI cost
index. The change of the inflation trends in recent periods reduced the accuracy of
simple averaging models in Turkish cost indices. Recommendation for future
studies can be made that, assuming the low inflationary period persists; simple
average models can be constructed including only the low inflationary periods
when adequate time periods for modeling is reached. The simple averaging
models have relatively good performance in prediction of BCI forecast. Especialy

Pave model is remarkable considering its ssmplicity and relatively good accuracy.

Time series models gave the best results in forecasting of both cost indices. The
MAPE values for prediction performance in BMI forecast was found within the
range of 1.2% to 1.5% for time series models while it was 14.90% for regression,
6.32% for Dave and 51.60% for Pave models. Similarly in BCI forecast prediction
performance MAPE value ranges between 0.95% and 1.12% for time series
models while it was 19.35% for regression, 4.17% for Dave and 2.24% for Pave
models. Success of time series model among others is the ability to fit the

seasonal and trend characteristics of the cost index data. Moreover exponential
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smoothing models assigns exponentially increasing weights to the recent data,

which result in better fit.

In the beginning of the study monthly BCI data was converted into quarterly
format as to comply with the quarterly BMI data. As a result, quarterly data fits
well on seasonal time series models, therefore quarterly modeling is
recommended for seasona characteristics of cost indices. Alternately a new study
can be constructed on the adequacy of monthly, quarterly and yearly data on

prediction of future cost indices.

This study aimed to find the most suitable forecast tool to estimate the future
construction cost indices in Turkey and United States. As a result of analysis
performed and the discussions made, time series models are selected as the most
reliable models in predicting cost indices for both Turkey and United States.
Future values of construction cost indices can be predicted in adequate precision
using time series models. This useful information can be used in tender processin
estimation of project costs, which is one of the critical factors affecting the overall
success of a construction project. Better cost estimates shall enable contractors to
produce cash flow forecasts more acurately. Furthermore prediction of future
construction prices is very useful for owners in budget allocations; moreover can
help investors to evaluate project alternatives.
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APPENDI X

REFERRED TABLES

Table Al: Quarterly Datafor BMI, CP and EXR

Quarter BMI CP EXR Quarter BMI CP EXR

1991-1 81.8 7,164 | 0.0076 | 1998-3 6,240.8 8,766 | 0.5802
1991-2 934 | 11,191| 0.0088 | 1998-4 6,817.0 5835 | 0.6445
1991-3 106.8 | 11,042 | 0.0099 | 1999-1 17,7344 6,310 | 0.7264
1991-4 1181 11,098 | 0.0112 | 1999-2 8,651.6 9,912 | 0.8166
1992-1 139.8 7939 | 0.0128 | 1999-3 9,748.5 8,766 | 0.9008
1992-2 1558 | 12,358 | 0.0152 | 19994 | 10,610.1 5835 | 1.0154
1992-3 1824 | 12539| 0.0170 | 2000-1 | 11,836.6 2961 | 1.1228
1992-4 2014 | 13,161 | 0.0183| 2000-2 | 12,693.5 6,763 | 1.1839
1993-1 230.9 7,200 | 0.0198 | 2000-3 | 13,647.3| 10,299 | 1.2355
1993-2 2724 11,906 | 0.0223 | 2000-4 | 14,327.8 6,357 | 1.2749
1993-3 306.8 | 13,018 | 0.0249| 2001-1 | 16,864.1 3,643 | 1.5283
1993-4 340.9 16,887 | 0.0286 | 2001-2 | 19,651.2 5342 | 2.2293
1994-1 450.9 11,271 | 0.0381 | 2001-3 | 22,1123 | 12,669 | 2.6503
1994-2 582.3| 10,514 | 0.0705| 2001-4 | 23,545.7 4,156 | 2.8989
1994-3 628.9 11,295 | 0.0721 | 2002-1 | 25,111.8 2,171 | 25578
1994-4 730.2 14,680 | 0.0812 | 2002-2 | 27,217.8 4,238 | 2.7154
1995-1 842.7 8255 | 0.0932 | 2002-3 | 28,896.9 3,775 | 3.2765
1995-2 955.6 | 10,862 | 0.0995| 2002-4 | 30,428.1 5563 | 3.2415
1995-3 1,057.9 11,742 | 0.1068 | 2003-1 | 32,811.0 2,490 | 3.4285
1995-4 1,173.0| 15109 | 0.1222 | 2003-2 | 33,362.3 4,346 | 3.2429
1996-1 1,414.5 7,469 | 0.1461 | 2003-3 | 34,1979 4,879 | 2.9670
1996-2 16273 | 11,069 | 0.1716 | 2003-4 | 35,048.6 6,233 | 3.1697
1996-3 1907.0| 10,308 | 0.1937 | 2004-1 | 36,775.4 4,990 | 3.0071
1996-4 21754 | 13,395 | 0.2244| 2004-2 | 38,279.0 5339 | 3.2090
1997-1 2,659.1 7,321 | 0.2587 | 2004-3 | 39,695.2 6,114 | 3.2873
1997-2 3,039.9 10,219 | 0.2946 | 2004-4 | 40,439.9 8,722 | 3.3225
1997-3 3,679.7 10,450 | 0.3414 | 2005-1 | 41,4821 6,220 | 3.0733
1997-4 4,160.6 | 14,328 | 0.4020 | 2005-2 | 42,162.8 9,548 | 3.0878
1998-1 4,906.3 6,310 | 0.4684 | 2005-3 | 43,332.3 9,618 | 2.9792
1998-2 5,589.5 9912 | 0.5330| 2005-4 | 43,7703 | 12,698 | 2.9717
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Table A2: Regression Model Inputs and Model Fit Period Predictions

Quarter | AN | ExRey | EXRey | Predict  [Upper 95%| ome'
19911 818

19912 934 | 0.0076

1991-3 1068 | 0.0088

19914 1181 | 0.0099

19921 1308 | 00112 | 00076 | 1103 1359 847
19922 1558 | 00128 | 00083 | 1264 1558 970
1992-3 1824 | 00152 | 00099 | 1483 1824 1142
1992-4 2014 | 00170 | 00112 | 1663 2046 1280
19931 2309 | 00183 | 00128 | 1815 2239 1391
19932 2724 | 00198 | 00152 | 2009 2488 1530
19933 3068 | 00223 | 00170 | 2259 o796 1721
19934 3409 | 00249 | 00183 | 2499 308d 1910
19941 4509 | 00286 | 00198 | 2830 ugd 2171
19942 5823 | 00381 | 00223 | 3633 aad 2817
1994-3 6289 | 00705 | 00249 | 6173 7436 4911
1994-4 7302 | 00721 | 00286 | 6419 7757 5080
19951 8427 | 00812 | 0038l | 7426 9023 5830
19952 9556 | 00932 | 00705 | 9422 | 11660 7184
19953 | 10579 | 00995 | 00721 | 9953 | 12204 7612
19954 | 11730 | 01068 | 00812 | 10811 | 13381 8240
19961 | 14145 | 01222 | 00932 | 12379 | 15325 9434
19962 | 16273 | 01461 | 00995 | 14400 | 17741 1,1060
19963 | 19070 | 01716 | 01068 | 16576 | 20348 12804
19964 | 21754 | 01937 | 01222 | 18766 | 2304d 14484
19971 | 26591 | 02244 | 01461 | 21893 | 26922 16863
19972 | 30899 | 02587 | 01716 | 25345 | 31199 10499
1997-3 | 3679.7 | 02946 | 01937 | 28305 | 35437 2217.3
19974 | 41606 | 03414 | 02244 | 33378 | 41063 25694
19981 | 49063 | 04020 | 02587 | 390118 | 48082 30153
19982 | 55895 | 04684 | 02946 | 45350 | 5569.] 35008
19983 | 62408 | 05330 | 03414 | 51811 | 6367.3 39949
19984 | 68170 | 05802 | 04020 | 57418 | 70790 44046
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Table A2: Continued

Quarter | AW | ExRyy | EXRey | Presicr | SRber | Lower
19991 | 77344 | 06445 | 04684 | 64514 | 70609 49330
19992 | 86516 | 07264 | 05330 | 7,2883 | 9007.4 55602
19993 | 97485 | 08166 | 05802 | 81296 | 100334 6,2258
19994 | 106101 | 09008 | 06445 | 89829 | 110898 68760
20001 | 11,8366 | 10154 | 07264 | 101254 | 125004 7,7506
20002 | 126935 | 11228 | 08166 | 11,2412 | 138874 85950
2000-3 | 136473 | 11839 | 09008 | 119863 | 148367 9,136.0
20004 | 143278 | 12355 | 10154 | 127615 | 158502 09,6729
20011 | 168641 | 12749 | 11228 | 134202 | 167209 101195
20012 | 196512 | 15283 | 11839 | 155438 | 19,2553 11,8324
20013 | 221123 | 22293 | 1235 | 21,0246 | 256045 163547
20014 | 235457 | 26503 | 12749 | 24,3445 | 29,6027 19,0862
20021 | 251118 | 28989 | 15283 | 27,0770 | 330310 21,1229
20022 | 272178 | 25518 | 22293 | 268463 | 334330 202505
2002-3 | 288969 | 27154 | 26503 | 204521 | 368740 22,030.1
20024 | 304281 | 32765 | 28989 | 345346 | 430375 2603L6
20031 | 328110 | 32415 | 25578 | 331251 | 41,067.8 251825
20032 | 333623 | 34285 | 27154 | 350698 | 434859 26,6537
20033 | 341979 | 32429 | 32765 | 35547.1 | 445794 265148
20034 | 350486 | 20670 | 32415 | 333407 | 419735 24,7078

72




Table A3: Default Time Series Models Used In SAS Software

No Time Series Model
1 Mean
2 | Linear Trend
3 Linear Trend with Autoregressive Errors
4 | Linear Trend with Seasonal Terms
5 Seasonal Dummy
6 Simple Exponential Smoothing
7 Double (Brown) Exponential Smoothing
8 Linear (Holt) Exponential Smoothing
9 Damped Trend Exponential Smoothing
10 | Seasonal Exponential Smoothing
11 | Winters Additive Exponential Smoothing
12 | Winters Multiplicative Exponential Smoothing
13 | Random Walk with Drift
14 | AirlineModel
15 | ARIMA (0,1,1)s No Intercept
16 | ARIMA (0,1,1) (1,0,0)s No Intercept
17 | ARIMA (2,0,0) (1,0,0)s
18 | ARIMA (0,1,2) (0,1,1)s No Intercept
19 | ARIMA (2,1,0) (0,1,1)s No Intercept
20 | ARIMA (0,2,2) (0,1,1)s No Intercept
21 | ARIMA (2,1,2) (0,1,1)s No Intercept
22 | Log Mean
23 | LogLinear Trend
24 | LogLinear Trend with Autoregressive Errors
25 | LogLinear Trend with Seasona Terms
26 | Log Seasona Dummy
27 | Log Simple Exponential Smoothing
28 | Log Double (Brown) Exponential Smoothing
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Table A3 Continued

No Time Series Model
29 | LogLinear (Holt) Exponential Smoothing

30 | Log Damped Trend Exponential Smoothing
31 | Log Seasonal Exponential Smoothing

32 | Log Winters Additive Exponential Smoothing
33 | Log Winters Multiplicative Exponential Smoothing
34 | Log Random Walk with Drift

35 | Log Airline Model

36 | Log ARIMA (0,1,1)s No Intercept

37 | Log ARIMA (0,1,1) (1,0,0)s No Intercept

38 | Log ARIMA (2,0,0) (1,0,0)s

39 | Log ARIMA (0,1,2) (0,1,2)s No Intercept

40 | Log ARIMA (2,1,0) (0,1,1)s No Intercept

41 | Log ARIMA (0,2,2) (0,1,1)s No Intercept

42 | Log ARIMA (2,1,2) (0,1,1)s No Intercept
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Table A4: ARIMA (0,2,2) (0,1,1)s No Intercept Model Results for Fit Period

Quarter | Actua Predict %%E/‘jr L;)g/vo/(e:r
1991-1 81.8

1991-2 93.4

1991-3 106.8

1991-4 118.1

1992-1 139.8

1992-2 155.8

1992-3 182.4 173.6 1,304.3 -957.1
1992-4 201.4 205.6 1,323.0 -911.9
1993-1 230.9 230.4 1,333.6 -872.8
1993-2 272.4 255.8 1,358.6 -847.0
1993-3 306.8 3175 1,268.9 -633.9
1993-4 340.9 335.1 1,281.6 -611.4
1994-1 450.9 387.1 1,330.6 -556.3
1994-2 582.3 549.1 1,492.4 -394.1
1994-3 628.9 691.7 1,588.1 -204.8
1994-4 730.2 678.3 1572.8 -216.1
1995-1 842.7 871.7 1,765.2 -21.8
1995-2 955.6 958.6 1,851.9 65.2
1995-3 1,057.9 1,050.6 19243 176.9
1995-4 1,173.0 1,174.8 2,047.5 302.0
1996-1 1,414.5 1,313.6 2,186.0 441.2
1996-2 1,627.3 1,640.0 2,512.3 767.7
1996-3 1,907.0 1,792.9 2,655.8 930.0
1996-4 2,175.4 2,177.3 3,039.8 1,314.8
1997-1 2,659.1 2,468.4 3,330.8 1,606.1
1997-2 3,039.9 3,094.5 3,956.8 2,232.3
1997-3 3,679.7 3,382.6 4,240.1 2,525.1
1997-4 4,160.6 4,269.9 5,127.2 3,412.6
1998-1 4,906.3 4,684.7 5,541.9 3,827.5
1998-2 5,589.5 5,599.1 6,456.3 4,741.9
1998-3 6,240.8 6,284.3 7,139.1 5,429.6
1998-4 6,817.0 6,867.6 7,722.2 6,013.0
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Table A4 Continued

Quarter Actual Predict %%B/? L;F\)/(\)//(e)zr

1999-1 71,7344 7,564.6 8,419.2 6,710.1
1999-2 8,651.6 8,585.7 9,440.3 7,731.2
1999-3 9,748.5 9,5485 | 10,401.7 8,695.3
1999-4 10,610.1 10,729.4 11,582.6 9,876.2
2000-1 11,836.6 11,642.2 12,495.4 10,789.1
2000-2 12,693.5 13,021.3 13,874.4 12,168.1
2000-3 13,647.3 | 13,6555 | 14,5079 | 12,803.1
2000-4 14,327.8 14,599.7 15,452.1 13,747.3
2001-1 16,864.1 15,320.7 16,173.1 14,468.4
2001-2 19,651.2 18,980.0 19,832.3 18,127.6
2001-3 22,112.3 21,9129 22,764.9 21,060.9
2001-4 23,545.7 24,186.1 25,038.1 23,334.1
2002-1 25,111.8 25,750.5 26,602.5 24,898.5
2002-2 27,2178 26,998.8 27,850.8 26,146.8
2002-3 28,896.9 | 29,4305 | 30,2823 | 28,578.7
2002-4 30,428.1 30,265.5 31,117.3 29,413.8
2003-1 32,811.0 | 32,6022 | 334539 | 31,7504
2003-2 33,3623 | 35223.0 | 36,0747 | 34,371.2
2003-3 34,1979 | 34,1804 | 350321 | 33,3288
2003-4 35,0486 | 352492 | 36,100.8 | 34,397.6
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Table A5: Winters Multiplicative Model Results for Fit Period

Quarter Actua Predict Upper 95% | Lower 95%
1991-1 81.8 81.8 1,126.8 -963.2
1991-2 934 95.4 1,140.4 -949.6
1991-3 106.8 106.2 1,151.2 -938.9
1991-4 118.1 117.3 1,162.4 -927.7
1992-1 139.8 138.5 1,183.5 -906.6
1992-2 155.8 152.1 1,197.1 -893.0
1992-3 182.4 169.9 1,215.0 -875.1
1992-4 201.4 1954 1,240.4 -849.7
1993-1 230.9 234.3 1,279.4 -810.7
1993-2 272.4 250.9 1,295.9 -794.1
1993-3 306.8 298.9 1,343.9 -746.1
1993-4 340.9 327.1 1,372.2 -717.9
1994-1 450.9 391.5 1,436.5 -653.6
1994-2 582.3 503.9 1,549.0 -541.1
1994-3 628.9 652.0 1,697.1 -393.0
1994-4 730.2 694.4 1,739.4 -350.6
1995-1 842.7 868.0 1,913.0 -177.1
1995-2 955.6 945.8 1,990.8 -99.2
1995-3 1,057.9 1,001.1 2,046.1 -44.0
1995-4 1,173.0 1,142.8 2,187.9 97.8
1996-1 1,4145 1,347.3 2,392.3 302.2
1996-2 1,627.3 1,579.7 2,624.7 534.6
1996-3 1,907.0 1,727.0 2,772.0 682.0
1996-4 2,175.4 2,065.7 3,110.7 1,020.7
1997-1 2,659.1 2,548.4 3,593.4 1,503.4
1997-2 3,039.9 3,003.9 4,049.0 1,958.9
1997-3 3,679.7 3,305.2 4,350.2 2,260.2
1997-4 4,160.6 3,968.8 5,013.9 2,923.8
1998-1 4,906.3 4,888.7 5,933.8 3,843.7
1998-2 5,589.5 5,514.1 6,559.1 4,469.0
1998-3 6,240.8 6,162.7 7,207.7 5,117.6
1998-4 6,817.0 6,588.3 7,633.3 5,543.3
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Table A5 Continued

Quarter Actual Predict Upper 95% | Lower 95%

1999-1 71,7344 1,757.7 8,802.7 6,712.6
1999-2 8,651.6 8,528.8 9,573.8 7,483.7
1999-3 9,748.5 9,363.9 10,408.9 8,318.9
1999-4 10,610.1 10,206.5 11,251.6 9,161.5
2000-1 11,836.6 11,917.1 12,962.2 10,872.1
2000-2 12,693.5 13,049.2 14,094.2 12,004.2
2000-3 13,647.3 13,711.0 14,756.0 12,666.0
2000-4 14,327.8 14,032.9 15,078.0 12,987.9
2001-1 16,864.1 15,558.0 16,603.0 14,512.9
2001-2 19,651.2 18,217.9 19,262.9 17,172.9
2001-3 22,112.3 21,547.4 22,592.4 20,502.4
2001-4 23,545.7 23,533.5 24,578.5 22,488.4
2002-1 25,111.8 26,624.8 27,669.8 25,579.7
2002-2 27,2178 27,329.1 28,374.2 26,284.1
2002-3 28,896.9 28,830.2 29,875.3 27,785.2
2002-4 30,428.1 29,493.6 30,538.6 28,448.6
2003-1 32,811.0 32,884.6 33,929.7 31,839.6
2003-2 33,362.3 35,490.0 36,535.1 34,445.0
2003-3 34,197.9 34,984.8 36,029.8 33,939.7
2003-4 35,048.6 34,245.0 35,290.0 33,199.9
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Table A6: Simple Average Models Dave and Pave

Quarter BMI Differenciated  Percent Prediction Prediction
BMI Change BMI | by Dave by Pave

1991-1 81,8

1991-2 93,4 11,6 14,18% 767 92
1991-3 106,8 134 14,35% 779 105
1991-4 118,1 11,3 10,58% 792 120
1992-1 139,8 21,7 18,37% 804 133
1992-2 155,8 16,0 11,44% 825 158
1992-3 1824 26,6 17,07% 841 176
1992-4 2014 19,0 10,42% 868 206
1993-1 230,9 29,5 14,65% 887 227
1993-2 272,4 415 17,97% 917 260
1993-3 306,8 344 12,63% 958 307
1993-4 340,9 34,1 11,11% 992 346
1994-1 450,9 110,0 32,27% 1027 384
1994-2 582,3 1314 29,14% 1137 508
1994-3 628,9 46,6 8,00% 1268 657
1994-4 730,2 101,3 16,11% 1315 709
1995-1 842,7 1125 15,41% 1416 823
1995-2 955,6 112,9 13,40% 1528 950
1995-3 1.057,9 102,3 10,71% 1641 1078
1995-4 1.173,0 1151 10,88% 1744 1193
1996-1 14145 2415 20,59% 1859 1323
1996-2 1.627,3 2128 15,04% 2100 1595
1996-3 1.907,0 279,7 17,19% 2313 1835
1996-4 2.175,4 268,4 14,07% 2593 2151
1997-1 2.659,1 483,7 22,23% 2861 2453
1997-2 3.039,9 380,8 14,32% 3345 2999
1997-3 3.679,7 639,8 21,05% 3726 3428
1997-4 4.160,6 480,9 13,07% 4365 4150
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Table A6: Continued

Quarter BMI Differenciated  Percent Prediction Prediction
BMI Change BMI | by Dave by Pave
1998-1 4.906,3 745,7 17,92% 4846 4692
1998-2 5.589,5 683,2 13,92% 5592 5533
1998-3 6.240,8 651,3 11,65% 6275 6303
1998-4 6.817,0 576,2 9,23% 6926 7038
1999-1 7.734.4 917.4 13,46% 7503 7688
1999-2 8.651,6 917,2 11,86% 8420 8722
1999-3 9.748,5 1.096,9 12,68% 9337 9757
1999-4 10.610,1 861,6 8,84% 10434 10994
2000-1 11.836,6 1.226,5 11,56% 11296 11965
2000-2 12.693,5 856,9 7,24% 12522 13348
2000-3 13.647,3 953,8 7,51% 13379 14315
2000-4 14.327,8 680,5 4,99% 14333 15390
2001-1 16.864,1 2.536,3 17,70% 15013 16158
2001-2 19.651,2 2.787,1 16,53% 17550 19018
2001-3 22.112,3 24611 12,52% 20337 22161
2001-4 23.545,7 14334 6,48% 22798 24936
2002-1 25.111,8 1.566,1 6,65% 24231 26553
2002-2 27.217,8 2.106,0 8,39% 25797 28319
2002-3 28.896,9 1.679,1 6,17% 27903 30694
2002-4 30.428,1 1.531,2 5,30% 29583 32587
2003-1 32.811,0 2.382,9 7,83% 31114 34314
2003-2 33.362,3 551,3 1,68% 33497 37001
2003-3 34.197,9 835,6 2,50% 34048 37623
2003-4 35.048,6 850,7 2,49% 34884 38566
Average 685,6 12,77%
Dave Pave
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Table A7 Quarterly Data for BCI, HSand MR

Quarter BCI HS MR Quarter BCI HS MR

Jan-78 1,615 120.7 9.13 | Jan-86 2,444 124.6 0.56
Apr-78 1,645 208.2 9.55 | Apr-86 2,477 186.1 3.59
Jul-78 1,707 187.9 9.76 | Jul-86 2,500 163.3 0.24
Oct-78 1,729 156.7 3.44 | Oct-86 2,511 127.8 9.66
Jan-79 1,743 108.5 041 | Jan-87 2,514 116.4 9.11
Apr-79 1,770 180.6 0.74 | Apr-87 2,524 160.1 3.66
Jul-79 1,859 166.1 116 | Jul-87 2,553 149.3 0.5
Oct-79 1,903 126.4 246 | Oct-87 2,574 114.4 0.85
Jan-80 1,901 79.4 3.73 | Jan-88 2,579 9.1 6.75
Apr-80 1,901 101.4 443 | Apr-88 2,593 147.9 0.37
Jul-80 1,966 129.4 2.65 | Jul-88 2,607 135 0.5
Oct-80 1,998 120.5 4.26 | Oct-88 2,615 114.1 0.39
Jan-81 2,015 88.1 514 | Jan-89 2,612 101.2 0.8
Apr-81 2,073 112.9 6.23 | Apr-89 2,618 134.8 0.67
Jul-81 2,130 90.1 7.43 | Jul-89 2,641 1221 6.67
Oct-81 2,170 70.3 7.73 | Oct-89 2,665 100.6 9.82
Jan-82 2,191 58.9 7.39 | Jan-90 2,668 98.2 3.46
Apr-82 2,207 91.3 6.76 | Apr-90 2,694 119.3 0.34
Jul-82 2,260 103.1 6.17 | Jul-90 2,721 102.4 0.11
Oct-82 2,276 100.8 4.02 | Oct-90 2,726 71.7 3.29
Jan-83 2,337 107.4 3.03 | Jan-91 2,717 61.8 9.5
Apr-83 2,362 161.3 276 | Apr-91 2,722 100.3 9.53
Jul-83 2,424 164.4 3.65 | Jul-91 2,778 94.9 9.27
Oct-83 2,414 134.5 3.47 | Oct-91 2,787 81 8.69
Jan-84 2,407 1255 3.33 | Jan-92 2,786 87.3 8.71
Apr-84 2,419 179.1 4 | Apr-92 2,825 1135 8.68
Jul-84 2,425 152.7 45 | Jul-92 2,852 107.4 8.01
Oct-84 2,418 125.8 3.65 | Oct-92 2,872 91.6 8.21
Jan-85 2,410 115.3 3.06 | Jan-93 2,896 80.2 7.73
Apr-85 2,415 169.7 2.78 | Apr-93 3,038 122.4 7.45
Jul-85 2,444 156.4 214 | Jul-93 3,020 1185 7.08
Oct-85 2,442 139.2 1.73 | Oct-93 3,030 108.1 7.05
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Table A7 Continued

Quarter BCI HS MR Quarter BCI HS MR

Jan-94 3,098 98 7.3 | Oct-00 3,545 119.2 7.64

Apr-94 3,122 140.9 8.44 | Jan-01 3,541 1159 7.01

Jul-94 3,111 132.6 8.59 | Apr-01 3,553 153.5 7.13

Oct-94 3,112 114.2 9.1 | Jul-01 3,609 143.1 6.97
Jan-95 3,109 90 8.81 | Oct-01 3,592 121.8 6.78
Apr-95 3,097 123.6 7.95 | Jan-02 3,586 123 6.97
Jul-95 3,115 120.1 7.7 | Apr-02 3,606 158.2 6.82

Oct-95 3,125 108.7 7.35 | Jul-02 3,652 152.8 6.29

Jan-96 3,131 100.9 7.24 | Oct-02 3,648 134.3 6.08

Apr-96 3,162 142.8 8.11 | Jan-03 3,651 124.9 5.84

Jul-96 3,220 136.8 8.16 | Apr-03 3,663 163.6 5.51

Oct-96 3,300 111.8 771 | Jul-03 3,704 170.3 6.01

Jan-97 3,329 99.1 7.79 | Oct-03 3,756 1571 5.92

Apr-97 3,379 139.7 7.92 | Jan-04 3,809 141.6 5.61

Jul-97 3,385 1334 747 | Apr-04 3,953 179.8 6.13

Oct-97 3,364 119.1 7.2 | Jul-04 4,047 177.3 5.89

Jan-98 3,368 108.3 7.05 | Oct-04 4,127 153.2 5.73

Apr-98 3,376 149.3 7.09 | Jan-05 4,118 149.4 5.76

Jul-98 3,396 148.3 6.86 | Apr-05 4,184 191.8 5.72

Oct-98 3,422 133.1 6.77 | Jul-05 4,216 189.2 5.76

Jan-99 3,418 121.4 6.88 | Oct-05 4,302 159 6.22
Apr-99 3,425 149.1 7.21 | Jan-06 4,334 154.7 6.24
Jul-99 3,479 148.6 7.8 | Apr-06 4,335 173.6 6.6
Oct-99 3,500 128 7.83 | Jul-06 4,364 152.6 6.56
Jan-00 3,521 119 8.26 | Oct-06 4,445 119.4 6.25

Apr-00 3,548 149.6 8.32 | Jan-07 4,424 107.2 6.22

Jul-00 3,543 1351 8.03 | Apr-07 4,438 139.3 6.22

82




Table A8 Regression Model Fit Period Predictions

Quarter BCI BCI Predict Upper BCI Lower BCI
1979-1 1743 3224 5136 1313
1979-2 1770 2748 4545 951
1979-3 1859 2980 4848 1113
1979-4 1903 2718 4505 930
1980-1 1901 2211 3615 807
1980-2 1901 2212 3555 869
1980-3 1966 2223 3485 960
1980-4 1998 2189 3507 871
1981-1 2015 2369 3700 1039
1981-2 2073 2374 3661 1087
1981-3 2130 2528 3856 1199
1981-4 2170 2717 4099 1334
1982-1 2191 2478 3656 1300
1982-2 2207 2443 3605 1282
1982-3 2260 2508 3708 1308
1982-4 2276 2582 3870 1293
1983-1 2337 2269 3484 1053
1983-2 2362 2248 3524 972
1983-3 2424 2579 4086 1072
1983-4 2414 2788 4439 1138
1984-1 2407 2553 4085 1020
1984-2 2419 2537 4075 1000
1984-3 2425 2990 4753 1226
1984-4 2418 2989 4756 1222
1985-1 2410 2561 4086 1035
1985-2 2415 2548 4098 999
1985-3 2444 2741 4393 1088
1985-4 2442 2642 4306 979
1986-1 2444 2351 3848 854
1986-2 2477 2218 3713 723
1986-3 2500 2849 4556 1141
1986-4 2511 2427 4097 758

83




Table A8 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI
1987-1 2514 3227 4880 1573
1987-2 2524 3360 5100 1621
1987-3 2553 2566 4114 1019
1987-4 2574 2738 4482 994
1988-1 2579 2446 3985 907
1988-2 2593 2796 4289 1303
1988-3 2607 1952 3272 631
1988-4 2615 1982 3332 632
1989-1 2612 2109 3469 750
1989-2 2618 1767 2965 568
1989-3 2641 1866 3113 619
1989-4 2665 2631 4051 1212
1990-1 2668 2840 4203 1477
1990-2 2694 2015 3206 823
1990-3 2721 2064 3382 746
1990-4 2726 2139 3491 787
1991-1 2717 1918 3015 820
1991-2 2722 2413 3512 1315
1991-3 2778 2514 3652 1376
1991-4 2787 2717 3981 1454
1992-1 2786 2875 4193 1556
1992-2 2825 3003 4408 1599
1992-3 2852 3151 4651 1651
1992-4 2872 3043 4531 1555
1993-1 2896 2971 4404 1538
1993-2 3038 2867 4263 1471
1993-3 3020 2979 4451 1508
1993-4 3030 3034 4581 1486
1994-1 3098 2876 4326 1427
1994-2 3122 2942 4434 1449




Table A8 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI
1994-3 3111 3278 4909 1647
1994-4 3112 3381 5097 1666
1995-1 3109 3280 4893 1666
1995-2 3097 3248 4855 1641
1995-3 3115 3223 4833 1613
1995-4 3125 3326 5025 1628
1996-1 3131 3069 4623 1514
1996-2 3162 2991 4513 1468
1996-3 3220 3337 5024 1651
1996-4 3300 3380 5116 1644
1997-1 3329 3106 4690 1521
1997-2 3379 3146 4745 1546
1997-3 3385 3344 5042 1645
1997-4 3364 3290 5003 1577
1998-1 3368 3099 4697 1501
1998-2 3376 3111 4734 1489
1998-3 3396 3274 4985 1563
1998-4 3422 3335 5123 1547
1999-1 3418 3176 4866 1485
1999-2 3425 3209 4924 1494
1999-3 3479 3358 5138 1578
1999-4 3500 3484 5325 1643
2000-1 3521 3322 5056 1588
2000-2 3548 3362 5093 1631
2000-3 3543 3559 5394 1725
2000-4 3545 3482 5298 1666
2001-1 3541 3268 4953 1582
2001-2 3553 3216 4905 1526
2001-3 3609 3379 5153 1605
2001-4 3592 3363 5162 1564
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Table A8 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI
2002-1 3586 3111 4762 1460
2002-2 3606 3203 4902 1504
2002-3 3652 3357 5154 1560
2002-4 3648 3307 5120 1494
2003-1 3651 3159 4888 1431
2003-2 3663 3114 4833 1395
2003-3 3704 3218 5011 1425
2003-4 3756 3402 5304 1499
2004-1 3809 3285 5124 1446
2004-2 3953 3216 5041 1390
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Table A9 ARIMA (2,1,0) (0,1,1)s No Intercept Model for Fit Period

Quarter BCI BCI Predict Upper BCI Lower BCI

1979-2 1770 1776 1820 1731
1979-3 1859 1836 1881 1791
1979-4 1903 1888 1935 1843
1980-1 1901 1925 1972 1878
1980-2 1901 1931 1973 1890
1980-3 1966 1977 2019 1935
1980-4 1998 1997 2040 1954
1981-1 2015 2004 2047 1961
1981-2 2073 2038 2080 1996
1981-3 2130 2167 2212 2123
1981-4 2170 2164 2208 2120
1982-1 2191 2181 2226 2137
1982-2 2207 2229 2274 2185
1982-3 2260 2283 2329 2237
1982-4 2276 2293 2340 2248
1983-1 2337 2284 2331 2239
1983-2 2362 2379 2426 2332
1983-3 2424 2440 2489 2392
1983-4 2414 2456 2505 2408
1984-1 2407 2433 2482 2385
1984-2 2419 2427 2475 2379
1984-3 2425 2487 2537 2438
1984-4 2418 2431 2479 2383
1985-1 2410 2427 2476 2380
1985-2 2415 2428 2476 2380
1985-3 2444 2464 2513 2416
1985-4 2442 2452 2500 2404
1986-1 2444 2449 2498 2401
1986-2 2477 2461 2510 2413
1986-3 2500 2529 2580 2480
1986-4 2511 2505 2555 2456
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Table A9 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI

1987-1 2514 2520 2570 2471
1987-2 2524 2537 2587 2487
1987-3 2553 2564 2615 2514
1987-4 2574 2560 2611 2510
1988-1 2579 2584 2635 2534
1988-2 2593 2600 2652 2549
1988-3 2607 2632 2684 2581
1988-4 2615 2614 2666 2563
1989-1 2612 2620 2672 2569
1989-2 2618 2629 2681 2577
1989-3 2641 2648 2701 2597
1989-4 2665 2650 2703 2599
1990-1 2668 2672 2725 2620
1990-2 2694 2685 2738 2632
1990-3 2721 2728 2782 2675
1990-4 2726 2737 2791 2683
1991-1 2717 2728 2782 2675
1991-2 2722 2732 2787 2679
1991-3 2778 2749 2803 2695
1991-4 2787 2797 2852 2742
1992-1 2786 2789 2844 2734
1992-2 2825 2801 2857 2747
1992-3 2852 2870 2926 2814
1992-4 2872 2863 2920 2807
1993-1 2896 2874 2931 2818
1993-2 3038 2925 2983 2868
1993-3 3020 3108 3169 3047
1993-4 3030 3029 3089 2970
1994-1 3098 3033 3093 2973
1994-2 3122 3170 3233 3108

88




Table A9 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI

1994-3 3111 3142 3204 3081
1994-4 3112 3115 3177 3054
1995-1 3109 3130 3192 3069
1995-2 3097 3151 3213 3089
1995-3 3115 3096 3157 3036
1995-4 3125 3123 3185 3062
1996-1 3131 3142 3204 3080
1996-2 3162 3161 3224 3100
1996-3 3220 3177 3240 3115
1996-4 3300 3241 3305 3178
1997-1 3329 3334 3400 3269
1997-2 3379 3371 3438 3305
1997-3 3385 3413 3480 3346
1997-4 3364 3411 3479 3344
1998-1 3368 3369 3436 3304
1998-2 3376 3401 3468 3334
1998-3 3396 3391 3458 3325
1998-4 3422 3411 3478 3344
1999-1 3418 3439 3507 3372
1999-2 3425 3445 3514 3378
1999-3 3479 3441 3509 3374
1999-4 3500 3505 3575 3437
2000-1 3521 3513 3582 3444
2000-2 3548 3549 3620 3480
2000-3 3543 3581 3652 3511
2000-4 3545 3555 3625 3486
2001-1 3541 3552 3622 3483
2001-2 3553 3562 3633 3493
2001-3 3609 3571 3642 3501
2001-4 3592 3632 3704 3562
2002-1 3586 3595 3666 3525
2002-2 3606 3603 3675 3533
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Table A9 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI

2002-3 3652 3636 3708 3565
2002-4 3648 3663 3735 3591
2003-1 3651 3651 3724 3580
2003-2 3663 3672 3745 3601
2003-3 3704 3696 3770 3624
2003-4 3756 3709 3783 3637
2004-1 3809 3773 3847 3699
2004-2 3953 3844 3920 3769
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Table A10 Winters Additive Model for Fit Period

Quarter BCI BCI Predict Upper BCI Lower BCI

1978-1 1615 1615 1669 1561
1978-2 1645 1658 1711 1604
1978-3 1707 1686 1740 1633
1978-4 1729 1738 1791 1684
1979-1 1743 1747 1801 1694
1979-2 1770 1785 1839 1731
1979-3 1859 1810 1864 1756
1979-4 1903 1893 1947 1839
1980-1 1901 1928 1982 1874
1980-2 1901 1946 1999 1892
1980-3 1966 1939 1993 1885
1980-4 1998 1994 2048 1941
1981-1 2015 2016 2070 1963
1981-2 2073 2057 2111 2004
1981-3 2130 2119 2172 2065
1981-4 2170 2163 2217 2110
1982-1 2191 2194 2247 2140
1982-2 2207 2238 2292 2185
1982-3 2260 2250 2304 2196
1982-4 2276 2290 2344 2237
1983-1 2337 2293 2347 2240
1983-2 2362 2386 2439 2332
1983-3 2424 2408 2461 2354
1983-4 2414 2458 2512 2404
1984-1 2407 2430 2484 2377
1984-2 2419 2443 2497 2390
1984-3 2425 2452 2506 2399
1984-4 2418 2439 2493 2386
1985-1 2410 2418 2472 2365
1985-2 2415 2433 2487 2379
1985-3 2444 2436 2489 2382
1985-4 2442 2452 2505 2398
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Table A10 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI

1986-1 2444 2438 2491 2384
1986-2 2477 2465 2518 2411
1986-3 2500 2501 2554 2447
1986-4 2511 2509 2563 2456
1987-1 2514 2510 2564 2456
1987-2 2524 2538 2591 2484
1987-3 2553 2546 2600 2493
1987-4 2574 2562 2615 2508
1988-1 2579 2574 2628 2521
1988-2 2593 2604 2658 2551
1988-3 2607 2617 2671 2564
1988-4 2615 2615 2669 2562
1989-1 2612 2613 2666 2559
1989-2 2618 2634 2687 2580
1989-3 2641 2638 2692 2584
1989-4 2665 2647 2701 2593
1990-1 2668 2663 2717 2610
1990-2 2694 2691 2745 2638
1990-3 2721 2719 2772 2665
1990-4 2726 2732 2785 2678
1991-1 2717 2725 2779 2672
1991-2 2722 2739 2792 2685
1991-3 2778 2742 2796 2688
1991-4 2787 2789 2843 2736
1992-1 2786 2788 2841 2734
1992-2 2825 2810 2864 2757
1992-3 2852 2853 2906 2799
1992-4 2872 2865 2919 2811
1993-1 2896 2876 2929 2822
1993-2 3038 2927 2981 2874
1993-3 3020 3088 3142 3035
1993-4 3030 3045 3098 2991

92




Table A10 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI

1994-1 3098 3042 3095 2988
1994-2 3122 3143 3197 3090
1994-3 3111 3164 3218 3111
1994-4 3112 3130 3184 3077
1995-1 3109 3118 3171 3064
1995-2 3097 3137 3191 3084
1995-3 3115 3119 3173 3066
1995-4 3125 3122 3176 3069
1996-1 3131 3122 3176 3069
1996-2 3162 3154 3207 3100
1996-3 3220 3187 3240 3133
1996-4 3300 3236 3290 3183
1997-1 3329 3316 3370 3263
1997-2 3379 3371 3425 3318
1997-3 3385 3423 3477 3370
1997-4 3364 3409 3462 3355
1998-1 3368 3370 3423 3316
1998-2 3376 3397 3451 3344
1998-3 3396 3403 3456 3349
1998-4 3422 3407 3461 3354
1999-1 3418 3425 3479 3372
1999-2 3425 3444 3498 3390
1999-3 3479 3449 3502 3395
1999-4 3500 3493 3547 3440
2000-1 3521 3505 3559 3451
2000-2 3548 3553 3606 3499
2000-3 3543 3580 3633 3526
2000-4 3545 3554 3608 3501
2001-1 3541 3544 3598 3491
2001-2 3553 3564 3617 3510
2001-3 3609 3575 3628 3521
2001-4 3592 3622 3676 3569
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Table A10 Continued

Quarter BCI BCI Predict Upper BCI Lower BCI

2002-1 3586 3590 3643 3536
2002-2 3606 3607 3660 3553
2002-3 3652 3628 3681 3574
2002-4 3648 3663 3717 3610
2003-1 3651 3646 3700 3593
2003-2 3663 3674 3728 3620
2003-3 3704 3685 3739 3632
2003-4 3756 3715 3768 3661
2004-1 3809 3763 3817 3710
2004-2 3953 3848 3901 3794
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Table A 11 Simple Average Models Dave and Pave

Quarter BCI Differenciated] Percent |Prediction by|Prediction by
BCI Change BCI Dave Pave

1978-1 1.615

1978-2 1.645 30,0 1,86% 1.637 1.629
1978-3 1.707 62,0 3,77% 1.667 1.659
1978-4 1.729 22,0 1,29% 1.729 1.722
1979-1 1.743 14,0 0,81% 1.751 1.744
1979-2 1.770 27,0 1,55% 1.765 1.758
1979-3 1.859 89,0 5,03% 1.792 1.785
1979-4 1.903 44,0 2,37% 1.881 1.875
1980-1 1.901 -2,0 -0,11% 1.925 1.919
1980-2 1.901 0,0 0,00% 1.923 1.917
1980-3 1.966 65,0 3,42% 1.923 1.917
1980-4 1.998 32,0 1,63% 1.988 1.983
1981-1 2.015 17,0 0,85% 2.020 2.015
1981-2 2.073 58,0 2,88% 2.037 2.032
1981-3 2.130 57,0 2,75% 2.095 2.091
1981-4 2.170 40,0 1,88% 2.152 2.148
1982-1 2.191 21,0 0,97% 2.192 2.189
1982-2 2.207 16,0 0,73% 2.213 2.210
1982-3 2.260 53,0 2,40% 2.229 2.226
1982-4 2.276 16,0 0,71% 2.282 2.279
1983-1 2.337 61,0 2,68% 2.298 2.296
1983-2 2.362 25,0 1,07% 2.359 2.357
1983-3 2.424 62,0 2,62% 2.384 2.382
1983-4 2414 -10,0 -0,41% 2.446 2.445
1984-1 2.407 -7,0 -0,29% 2.436 2.435
1984-2 2.419 12,0 0,50% 2.429 2.428
1984-3 2.425 6,0 0,25% 2.441 2.440
1984-4 2.418 -7,0 -0,29% 2.447 2.446
1985-1 2.410 -8,0 -0,33% 2.440 2.439
1985-2 2.415 50 0,21% 2432 2431
1985-3 2.444 29,0 1,20% 2437 2.436
1985-4 2442 -2,0 -0,08% 2.466 2.465
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Table A11 Continued

Quarter BCI Differenciated] Percent |Prediction by|Prediction by
BCI Change BCI Dave Pave
1986-1 2.444 2,0 0,08% 2.464 2.463
1986-2 2477 33,0 1,35% 2.466 2.465
1986-3 2.500 23,0 0,93% 2.499 2.498
1986-4 2511 11,0 0,44% 2.522 2.522
1987-1 2.514 3,0 0,12% 2.533 2.533
1987-2 2.524 10,0 0,40% 2.536 2.536
1987-3 2.553 29,0 1,15% 2.546 2.546
1987-4 2.574 21,0 0,82% 2.575 2.575
1988-1 2.579 5,0 0,19% 2.596 2.596
1988-2 2.593 14,0 0,54% 2.601 2.601
1988-3 2.607 14,0 0,54% 2.615 2.615
1988-4 2.615 8,0 0,31% 2.629 2.629
1989-1 2.612 -3,0 -0,11% 2.637 2.638
1989-2 2.618 6,0 0,23% 2.634 2.635
1989-3 2.641 23,0 0,88% 2.640 2.641
1989-4 2.665 24,0 0,91% 2.663 2.664
1990-1 2.668 3,0 0,11% 2.687 2.688
1990-2 2.694 26,0 0,97% 2.690 2.691
1990-3 2721 27,0 1,00% 2.716 2.717
1990-4 2.726 50 0,18% 2.743 2.744
1991-1 2.717 -9,0 -0,33% 2.748 2.750
1991-2 2.722 50 0,18% 2.739 2.740
1991-3 2.778 56,0 2,06% 2.744 2.745
1991-4 2.787 9,0 0,32% 2.800 2.802
1992-1 2.786 -1,0 -0,04% 2.809 2.811
1992-2 2.825 39,0 1,40% 2.808 2.810
1992-3 2.852 27,0 0,96% 2.847 2.849
1992-4 2.872 20,0 0,70% 2.874 2.877
1993-1 2.896 24,0 0,84% 2.894 2.897
1993-2 3.038 142,0 4,90% 2.918 2.921

96




Table A11 Continued

Quarter BCI Differenciated] Percent |Prediction by|Prediction by
BCI Change BCI Dave Pave
1993-3 3.020 -18,0 -0,59% 3.060 3.064
1993-4 3.030 10,0 0,33% 3.042 3.046
1994-1 3.098 68,0 2,24% 3.052 3.056
1994-2 3.122 24,0 0,77% 3.120 3.125
1994-3 3.111 -11,0 -0,35% 3.144 3.149
1994-4 3.112 1,0 0,03% 3.133 3.138
1995-1 3.109 -3,0 -0,10% 3.134 3.139
1995-2 3.097 -12,0 -0,39% 3.131 3.136
1995-3 3.115 18,0 0,58% 3.119 3.124
1995-4 3.125 10,0 0,32% 3.137 3.142
1996-1 3.131 6,0 0,19% 3.147 3.152
1996-2 3.162 31,0 0,99% 3.153 3.158
1996-3 3.220 58,0 1,83% 3.184 3.189
1996-4 3.300 80,0 2,48% 3.242 3.248
1997-1 3.329 29,0 0,88% 3.322 3.328
1997-2 3.379 50,0 1,50% 3.351 3.358
1997-3 3.385 6,0 0,18% 3.401 3.408
1997-4 3.364 -21,0 -0,62% 3.407 3.414
1998-1 3.368 4,0 0,12% 3.386 3.393
1998-2 3.376 8,0 0,24% 3.390 3.397
1998-3 3.396 20,0 0,59% 3.398 3.405
1998-4 3.422 26,0 0,77% 3.418 3.425
1999-1 3.418 -4,0 -0,12% 3.444 3.452
1999-2 3.425 7,0 0,20% 3.440 3.447
1999-3 3.479 54,0 1,58% 3.447 3.455
1999-4 3.500 21,0 0,60% 3.501 3.509
2000-1 3.521 21,0 0,60% 3.522 3.530
2000-2 3.548 27,0 0,77% 3.543 3.551
2000-3 3.543 -5,0 -0,14% 3.570 3.579
2000-4 3.545 2,0 0,06% 3.565 3.574
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Table A11 Continued

Quarter BCI Differenciate Percent Prediction | Prediction
d BCI Change BCI by Dave by Pave
2001-1 3.541 -4,0 -0,11% 3.567 3.576
2001-2 3.553 12,0 0,34% 3.563 3572
2001-3 3.609 56,0 1,58% 3.575 3.584
2001-4 3.592 -17,0 -0,47% 3.631 3.640
2002-1 3.586 -6,0 -0,17% 3.614 3.623
2002-2 3.606 20,0 0,56% 3.608 3.617
2002-3 3.652 46,0 1,28% 3.628 3.637
2002-4 3.648 -4,0 -0,11% 3.674 3.683
2003-1 3.651 3,0 0,08% 3.670 3.679
2003-2 3.663 12,0 0,33% 3.673 3.682
2003-3 3.704 41,0 1,12% 3.685 3.695
2003-4 3.756 52,0 1,40% 3.726 3.736
2004-1 3.809 53,0 1,41% 3.778 3.788
2004-2 3.953 144,0 3,78% 3.831 3.842
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