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I. INTRODUCTION 

Objective 

In this thesis several forecasting methods ·are used for forecasting 

housing construction. An objective of this thesis was to apply some of 

the forecasting techniques available in the literature to forecasting 

housing starts. Another objective was to develop new forecasting 

models from the forecasting models available in the literature. This 

was done in an effort to obtain an "efficient" forecasting technique 

for forecasting housing starts; efficient in the sense that it would be 

simple to apply and be "accurate." The accuracy of the forecasting 

method is judged on the basis of two criteria: 

1. The error variance of the forecasts. 

2. The number of times the forecast falls within the 

limits of "± 200"* housing starts.** 

Graphs consisting of the housing start data and the forecasts 

using the different models are plotted. This was done with an objective 

of checking that the models chosen are suitable in that they effective-

ly smooth out random fluctuations in the data. Simplicity is a sub-

jective criteria, mainly concerned with ease of application and 

comprehension. 

* "± 200" represents± 200,000. 

** The reason for choosing these limits is explained in Chapter III. 
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Forecasts were made with the different models for a period into 

the future. The intent of this was to see if the models were simple 

to apply in forecasting. 

Purpose 

An efficient forecasting technique for forecasting housing 

starts is very necessary. Housing starts are one of the best indica-

tors of the national economy and thus many industries utilize this 

indicator in investment decision making. Housing st.art forecasts are 

also used as indicators for future electric power consumption and are 

thus needed for the design of electrical utilities. Manufacturers of 

carpets, furniture and other home furnishings use housing start fore-

casts as indicators for the demand of their products. The construction 

industry needs forecasts of the number of houses that will be con-

structed so that they may plan for an adequate amount of men, material 

and equipment. 

The annual rate of housing starts is now around two million units. 

A five percent error in forecasting would produce a difference of about 

one hundred thousand housing starts. The very magnitude of the pro-

blem reinforces the need for an efficient forecasting technique, 

owing to the impact it has on the many different areas cited above. 

History of Problem 

The need for an "accurate" forecast of housing starts is discussed 

above. It is surprising to learn that, prior to 1965, no forecasting 
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procedure was used to forecast housing starts. After 1965, the Bureau 

of the Census, probably realizing the acute need for forecasts on 

housing starts, started making forecasts based on a three month moving 

average. This method of forecasting is what is presently used. The 

moving average method of foreca~ting, though simple to understand, has 

many disadvantages. Some of these disadvantages are stated below. 

1. The response of a moving average forecasting system is 

fixed by the number of observations averaged. The response 

of the forecasting system is defined as the reaction of the 

model to a change in the process generating the actual data. 

It is advantageous to be able to easily change this 

response. If the process generating the actual data is 

continuously changing, it is desirable to have a system 

that will respond rapidly. If, however, the process is 

constant, a forecasting system with a slow response is 

required. In the moving average method of forecasting 

it is difficult to change this response (7). 

2. The calculation of a moving average requires the storage 

of more data as compared to other forecasting procedures 

such as exponential smoothing. 

3. A moving average weights N of the most recent observations 

by the factor l/N and all the other observations are given a 

weight of zero. Thus, in the calculation of moving averages, 

some of the data available are not considered. It should 

also be reasonable to expect the more recent data to be 
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weighted more heavily. This is not done in the moving 

average calculation. 

The shortcomings of the moving average method of forecasting 

used by the Bureau of the Census makes it necessary to study other 

available forecasting techniques. This will lead to more "accurate" 

forecasts that are also simple to compute. 

Survey of Literature 

There are many different methods of forecasting found in the 

literature. The most commonly used methods are those of Moving 

averages, exponential smoothing and regression analysis. Bro~-n (1) 

gives a good explanation of these methods. He also analyzes tne 

stability and response characteristics of the different models. 

Brown (1) suggests the use of the tracking signal to check if the 

difference between the forecast and the actual observation is caused 

by random noise or by an actual change in the process generating 

the data. If there is a change in the process, a large value 

of the smoothing constant must be used so that the forecasts will 

quickly adapt to the change. If, however, the changes are just random 

noise a small value of the smoothing constant would provide more 

stable forecasts. This problem leads to the subject of adaptive 

smoothing. Trigg and Leach (16) use the tracking signal to detect 

a change in the series, and then use the signal to determine the proper 

value of the smoothing constant. Rao and Shapiro (10) use the 

principles of evolutionary spectra for adaptive smoothing. They have 
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found these to be more effective than the Trigg and Leach method. 

Dudman (13) suggests the use of the smoothed auto-covariance function 

of the error series for adaptive smoothing. 

Plan of Thesis 

In Chapter II an explanation of the forecasting models ~sed in 

this thesis will be presented. The explanation will consist 0f (i) a 

brief discussion of model characteristics, (ii) reasons for t:1e nodel's 

use and (iii) the form in which the model is used in this thesis. Tte 

development of models for use in the thesis is also covered ir. Chapter 

II. In Chapter III, a brief description of the housing start data "i:l 

be given. This chapter will mainly consist of a comparison bet"een 

the forecasting techniques used in this thesis for forecasting housing 

starts. The basis of comparison and the results of comparison .dll 

also be presented. Finally, conclusions of the research will be giver. 

in Chapter IV and also some recommendations for further research. 

Summary of Results 

Among the forecasting models compared, the moving quadratic nodel 

was chosen as the "best" on the basis of minimum error variance and the 

number of times the forecasts fell within the "+ 200" limits. Since 

single exponential smoothing with the adaptive procedure developed is 

simple to apply and since it is comparatively "accurate," it is 

recommended as an efficient procedure. 



II. FORECASTING TECHNIQUES USED 

Introduction 

In this chapter a description of the various models used in this 

thesis will be presented. The symbols used with each model will be 

defined and there will also be a brief discussion of its character-

istics. Finally, the reasons for using the model and the for~ in 

which it is used in this thesis will be presented. Some of the ::-.odels 

have been developed from the existing models in the literature; for 

these models their development will also be discussed. The n:odels 

used in this thesis can be grouped under four classes. These classes 

of models are (i) Constant, (ii) Linear, (iii) Quadratic, and (iv) 

Cyclic. 

The Constant Model 

The constant model is the model, xt = a+ Et' where 

xt an observation of the process 

a = mean of the underlying process generating the time 

series 

E: = random noise •. 
t 

Single exponential smoothing is used to estimate the coeff~cient, 

a, of the constant model. 

where = estimate of a for period t 
' 

6 
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st(x) = single exponential smoothing statistic for period t. 

The single exponential smoothing statistic (st(x)) is given by 

Brown (1) as 

where a = smoothing constant 

(l] 

st_1 (x) E single exponential smoothing statistic for period t-1. 

It has been shown previously by Brown (1) that st(x) is an unbiased 

estimator of the process mean (a). The constant model is the simplest 

of the exponential smoothing models. If the process generating the 

data is constant over segments of the time series, this model is 

satisfactory. If, however, the process is changing, say linearly, 

with time then the constant model will lag behind the process generating 

the time series (1). 

In this thesis the single exponential smoothing model is used with 

an adaptive smoothing procedure. Adaptive smoothing is an automatic 

adjustment of the smoothing constant depending on a change in the 

process generating the time series. The adaptive smoothing procedure 

adopted is as follows: 

If the deviation of the forecast from the data is large, we need 

a large value of the smoothing constant for quick response and if the 

deviation is small we need a small value of the smoothing constant. 

The deviation is related to the smoothing constant, a, by a function 

which has this property. This function is shown below: 

a t+l = 1 - e 
-ldkt [2] 



Where 

As d ---+- 00 a ---+- 1 
t ' 

dt ~ O, a ---+- 0 

8 

at+l = smoothing constant for the (t+l) time period. 

dt = deviation of forecast from the data for time period(t~ 

k = constant whose calculation is shown in the Appendix B. 

The smoothing constant, a, is calculated for each time period from 

Equation [2]. The coefficient of the constant model, at' is then 

estimated using Equation [l] for every time period. 

The Linear Model 

The linear model is given by, (xt = a + bt + £t) 

where an observation of the process at time period t 

a,b = coefficients of the linear model 

£t = random noise 

Double exponential smoothing is used to estimate the coefficients a and 

b. The estimates of a and b are obtained from the equations given 

below: 

where 

at= 2 st(x) - st[ 2l*(x) 

St= a/S [st(x) - st[ 2l(x)] 

st(x) =a xt + Sst_1 (x) 

s [2](x) =as (x) + Ss [2](x) t t t-1 

a = estimate of the coefficient a of the linear nodel 
t 

for time period t. 

* The notation [2] denotes Double Smoothing. 

**Equations [3] to [6] have been taken from Brown (1). 

[3] 

[4] 

[5] 

[6]** 
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st = estimate of the coefficient b of the linear model 

for time period t. 

st(x) = single smoothing statistic for time period t. 

st[Z](x) =double smoothing statistic for time period t. 

s 1 (x) = single smoothing statistic for time period t-1. 
t-

s t-1 [ Z] (x) =double smoothing statistic for time period t-1. 

a = a smoothing constant 

S = (1-a) 

The use of the linear model is advantageous when the process 

generating the time series has a linear trend. The use of the linear 

model would eliminate the lag in the forecasts which would occur if a 

constant model were used. 

The linear model is used in the thesis with and without adaptive 

smoothing. For the case without adaptive smoothing, forecasts are 

made using the linear model for a values of .OS, .10, .15, .20, .25, 

and .30. With adaptive smoothing, the adaptive procedure adopted is 

the same as that described previously for use with the constant model. 

In this case, the value of the smoothing constant, a, is automatically 

adjusted depending on the deviation of the forecast from the actual 

observation. Using these values of a, the coefficients of the linear 

model are calculated from Equations [3] and [4]. For the use of this 

model, an initial estimate of the coefficients a and b is required. 
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This is obtained through linear regression. The calculation of these 

initial estimates are shown in the Appendix A. 

The Quadratic Models 

(a) The Triple Exponential Smoothing Model. In this model triple 

exponential smoothing is used to estimate the coefficients a, b, and c 
2 of the quadratic which is given by xt =a+ bt +ct / 2 +Et 

where xt = an observation of the process generating the time 

series for period t. 

a, b, c = coefficients of the quadratic model 

E = random noise. 
t 

The coefficients a, b, and c are estimated, using triple exponential 

smoothing, from the following equations given by Brown (1): 

where 

3 s (x) - s [Z](x) + s [J](x) 
t t t 

2 a/2S [(6-Sa) st(x) 

+ (4-3a) s (J](x)] 
t 

- 2 (5-4a) s [2](x) 
t 

a2Js2 [st(x) - 2 st[Z](x) + st[J](x)] 

s [ 2 ] (x) 
t 

as (x) + S s 1 [Z](x) 
t t-

s [J](x) 
t = a s [ 2] (x) + S 

t 
s [J] (x) 
t-1 

A estimate of a during time period t. at 

st estimate of b during time period t. 

" estimate of c during time period t. ct = 

[7] 

[8] 

(9] 

[10] 

[11] 

[12] 
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st(x) = single smoothing statistic for period t. 

s [Z](x) =double smoothing statistic for period t. t 

st[J](x) =triple smoothing statistic for period t. 

st_1 (x) =single smoothing statistic for period t-1. 

s [Z](x) =double smoothing statistic for period t-1. t-1 

s [J](x) =triple smoothing statistic for period t-1. t-1 

a = smoothing constant 

S = (1-a) 

The quadratic model should be used if the process generating the 

time series is a quadratic function of time. 

In this thesis, forecasts are made using the quadratic model for 

values of the smoothing constant, a, equal to .05, .10, .15, .20, .25, 

and .30. Adaptive smoothing is not used in this case since if there 

was sudden change in the process generating the time series, like a 

step change, a large value of a would be assigned. This would cause 

the estimate using the quadratic model to overshoot the change by a 

large margin. This is a characteristic of the higher order exponential 

smoothing models (1). Therefore, it is preferred that the use of 

adaptive smoothing be avoided for these models. Equations [7], [8], 

and [9] are used to obtain an estimate of the coefficients of the 

quadratic model. To begin the calculation of the forecasts using the 

quadratic model, initial estimates of a, b, and c are required. 

These estimates are found using orthogonal polynomials. The 

calculation of these estimates are shown in the Appendix A. 
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(b) The Moving Quadratic Model. The moving quadratic model is given 

by 

where 

2 a + bt + ct 

yt = estimate of the process generating the time series 

for a time period t months in the future. 

a, b, c = coefficients of the quadratic model 

The moving quadratic model is used in this thesis as follows. 

Quadratic functions are fit to the housing start data in moving 

intervals of seven periods. The functions are fit such that the 

sum of the squares of the deviations of the data from the fitted 

curves are minimized. In this way the coefficients for the quadratic 

model are calculated in moving intervals of seven periods. The 

coefficients a, b, and c are then smoothed using linear exponential 

smoothing. The final smoothed estimates of a, b, and c are used for 

forecasting into the future. The method for calculating the 

coefficients of tte quadratic model is shown below. 

Let s be the sum of the squares of the deviations of the housing 

start data from the fitted curve for an interval of seven periods. 

r.~e cce:ficients a, b, and c must be such that s is a minimuQ. 

s = 
6 
\ 
l 

i=O 

2 2 
[y. - (a+ b. + c. )] 

1 l i 

whe~e y1 = number of housing starts for period i and i represents 

the period. 

Differentiating s with respect to b and c and equating the result to 

zero yields: 
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* 2 L [y. - (a+ b. + c. )] i = 0 
1 1 1 

Re-writing in matrix form, 

Then, let 

[A] 

Thus, 

b 

3y definition, 

and Adj [A] 

6 
* All l are L 

i=O 

= 

\.3 -ll 

: l = 



and A-1 = AfifA] = 

Where sl = fu 
b 

c 

and finally 

b = 

= 

s2 

-s 2 

CLiY. -
1 

Li4/IAI 

-Ii3/IAI 

\' . 3 
= fu 

a Ii) 

-s 2 

x s 1 

14 

c = - (LiYi - aii) x s 2 

-Ii3/IAI s1 -s 2 

Li2/IAI -s 2 S' 
3 

s3 = lli then, 

CL)2y i - al:i2) x s2 

+ <Ii 2 Yo al:i2) x s3 

In this way, the coefficients of the quadratic model are cal-

culated in moving intervals of seven periods. 

The Cyclic Mode.!_ 

The cyclic model is given by y t = a0 +A Sinwt + B Cos wt + Et 

where, 
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y = an observation of the process generating the time 
t 

series. 

A =.coefficient of the Sine term in the cyclic model. 

B = coefficient of the Cosine term in the cyclic model. 

w = cyclic frequency 

£t = random noise 

If definite cycles do occur in the process generating the time series, 

a cyclic model should be used for forecasting. When applying a cyclic 

model the past data should be studied to check for existing cycles 

(12)(5)(6). If cycles are discovered, then a cyclic model may be 

developed for forecasting. Before describing the development of the 

cyclic model for use in this thesis, terms are explained below. 

The Centered Moving Average 

The centered moving average is explained as follows. If the 

averaging period were equal to 5, then an average is (x1 + x2 

+ x3 + x4 + x5)/5. If this average is used as an estimate of x3 it 

is called the centered moving average. 

Fourier and Spectral Analysis 

Spectral and Fourier analysis are used to detect cycles and 

trends in the data. Fourier analysis is a method of finding a series 

of sine and cosine functions which approximate a discrete or continuous 

function. Sine and cosine functions are described by period and 

amplitude. Frequency, the reciprocal of period, can also be used with 

amplitude to describe sine and cosine functions. Spectral analysis 
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determines how much each frequency contributes to the variance of the 

data. 2 The variance of each frequency is proportional to a. , where 
l. 

ai is the amplitude of the ith frequency. In applying spectral 

analysis it is desirable to work with a stationary time series (12) 

A time series is stationary if the statistical properties of the 

series do not change with time. Thus it is assumed when applying 

spectral analysis that the mean and variance are constant over tiwe. 

If the time series is not stationary, it can be transformed so that it 

becomes approximately stationary. The author, before applying spectral 

analysis, subtracts the centered moving average from the data to 

achieve this property. 

Development of a Cyclic Model for Use in the Thesis 

In order to develop a cyclic model, the past data must first be 

analyzed for existing cycles. Two procedures were adopted to analyze 

the past data. One procedure was to conduct a moving spectral 

analysis and the other was to apply spectral analysis to all the 

data. These procedures are as follows: 

Moving Spectral Analysis. A moving spectral analysis is done 

by computing successive spectra of overlapping portions of the time 

series. This can be likened to viewing the series through a moving 

time window of fixed length. The length of the window must be long 

enough so that fairly stable estimates are obtainable for a 

reasonable number of spectral components, but not too long so that 

the occurrence of a fundamental change will be lost in all the 
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averaging. A centered moving average with N = 25 was calculated 

(N represents the averaging interval). A 24 period moving spectral 

analysis was conducted on the deviations from the data of CMA(25)* 

to check for any dominant cyclic components. The first spectral 

component was found to be more or less dominant. Hence, this com-

ponent was subtracted from the deviations and a moving spectral 

analysis was conducted on the difference. This, however, did not 

yield results that could be explained and therefore further investiga-

tions using moving spectral analysis were not done. 

Spectral Analysis. A centered moving average with N = 25 filters 

all components having periods 25 or less. A centered moving average 

with N = 13 filters out all components of periods 13 or less. There-

fore [CMA(25) - CMA(l3)] filters out all harmonics with periods less 

than 13 and over 25. This provides a method for checking for the 

existence of cycles of periods between 13 and 25. In order to do this, 

centered moving averages with N = 25 and N = 13 were taken. A 

spectral and Fourier analysis were conducted on the difference between 

CMA(25) and CMA(l3) over a 150 month period. The spectral components 

were analyzed. The 4th and 9th harmonics were found to be dominant, 

indicating cycles of periods of 37 and 17 months. A Spectral 

and Fourier series analysis 'lierethen carried out on the difference 

between CMA.(37) and CMA(l7) to check if there were any identifiable 

*Centered moving average (N = 25). 
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cycles with periods between 37 and 17. None were found. Thus, the past 

data are found to have cycles with periods of 37 and 17 months. With 

this in mind, the cyclic model is stipulated as yt = (CMA(37) + A Sin 

wl7t + B Cos W17t + e:t. For forecasting, the values of A and B are 

required. A and B are found from the equation given below: 

y -t CMA(37) =A Sin w17 t + B Cos w17 t + e: t. 

The coefficients A and B found are such that the sine and cosine 

function given above is the best least square fit to yt - CMA(37). 

For the last eighteen data points CMA(37) is not known. For these 

points CMA(37) is calculated from the equation CMA(37) = yt - (A 

Sin w17 t + B Cos w17 t). These values of CMA(37) are smoothed using 

double exponential smoothing. The final smoothed value of CMA(37) is 

used for forecasting into the future. Thus the cyclic model developed 

and used in this thesis has the form: 

Computer Programs: Computer programs were developed to do the 

calculations for the different models used in this thesis. A listing 

of the computer programs used is provided in the Appendix E. 

The models presented in this chapter are the models used in this 

thesis for forecasting housing starts. In the following chapter a 

comparison of these models are described. The chapter includes a 

description of the data on housing starts. The basis of comparison 

and the results of the comparisons of the different forecasting models, 

used in this thesis, are also presented. The author has also attempted 

to analyze the results obtained. 



III. A COMPARISON OF FORECASTING TECHNIQUES 

This chapter presents a comparison of the various forecasting 

models used in this thesis to forecast housing construction. The main 

intent of this thesis was to obtain an "efficient" forecasting pro-

cedure for forecasting housing starts. Comparisons are therefore made 

which relate to the "accuracy" of the forecasts obtained thr:-:Jgr. ~i:-.;; 

the different models. The simplicity for the application of t~e 

forecasting technique is also considered. The basis of co~parisons is 

described in this chapter. The results of comparison and an analysis 

of results is also given. A brief description of the past data on 

housing starts is also presented. 

The Housing Start Data 

The housing start data are available in three publications. They 

are the Federal Reserve Bulletins, Constructions Reports (a United 

States Department of Commerce publication), and a publication titled, 

Housing and Urban Development Trends, published by the United States 

Department of Housing and Urban Development. The housing start data 

in these three publications are compiled by the Bureau of the Census. 

This data is given on a monthly basis and pertains to a seasonally 

adjusted annual rate. The past data on housing starts used in this 

thesis is given in the Appendix C. 

19 
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The data relate to the start of new housing units. A housing 

unit "Consists of a room or group of rooms intended for occupancy as 

separate living quarters by a family, by a group of unrelated persons 

living together, or by a person living alone. In accordance with this 

definition, each apartment unit in an apartment building is counted as 

one housing unit The data relate to new buildings intended for 

occupancy on a housekeeping basis. They do not include hotels, r-.otels 

and other structures for transient accommodations or group residential 

buildings such as nurses homes or college dormitories. They also 

exclude conversions of and additions and alterations to existing 

buildings which may add to the housing inventory. 11* With this data, 

forecasts are made using the different models and these models are then 

compared. 

Basis of Comparison 

The different forecasting methods were compared on the basis of 

error variance. A small error variance increases the confidence in 

the forecast. Hence, the forecasting technique which had the 

smallest error variance was chosen as the "best." The minimum error 

variance that was obtained was 6669. The 11 20 11 limits calculated 

using this variance is approximately + 200. The limits 11+ 200" is 

* Obtained from a sample issue of Construction Reports. 
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used in another method of comparison among forecasting techniques. 

That is, the forecasting technique whose forecasts fell most often 

within the "+ 200" limits is chosen as the best. The ranking of 

the forecasting models using the two criteria is shown under the 

heading, Results. Forecasts are also made using the different models 

for periods into the future. The reason for this was to see if the 

models were simple to apply. The forecasts made using the models are 

shown in Tables I to IV. 

The Tracking Signal 

The tracking signal is a measure of whether the sum of the fore-

cast errors is reasonably close to zero (1). Theoretically, the average 

of the errors should be zero. If the future observations did come 

from the same process as the model used to describe the past data, 

then the sum of the forecast errors will be zero. However, there are 

many reasons why the model fitted to the past data will not be a true 

representation of the future. There might be some unforeseen change 

which would change the pattern of data. The change may result from a 

shift in the economy of the country that effects the consumers willing-

ness to spend money, etc. The author uses the tracking signal to 

check if the exponential smoothing models chosen are truly representative 

of the process. By knowing the variance of the forecast errors, the 

95% confidence limits can be established for these errors. The 

tracking signal indicates the number of times the forecast error falls 

outside these confidence limits. An explanation of this procedure is 

given by Brown (1). The tracking signal is used for comparing the 
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TABLE I 

Forecasting Using the Linear Time Series Model 

The coefficients are estimated by double exponential 
smoothing with Alpha = 0. 3. 

Year 

1971 

Date 

Month 

July 
August 
September 
October 
November 
December 

Forecast 

2028 
2069 
2109 
2149 
2190 
2230 

(New housing units 
i:: th,n:3ands) 
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TABLE II 

Forecasting Using the Quadratic Time Series Model 

The coefficients of the model are estimated by triple 

exponential smoothing with Alpha = 0.3 

Date 

Year 

1971 

Month 

July 
August 
September 
October 
November 
December 

Forecast (New housing u~it~ 
in thousands) 

1990 
1996 
2001 
2005 
2009 
2011 
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TABLE III 

Forecasting Using the Cyclic Model 

Yt = C.M.A.(37) +A Sin w17t + B Cos w17t, 

Where A= 20.544, B = -42.351, and the 

smoothed value of C.M.A.(37) = 2089.74 

Year Date Forecast (New housing units 
in thousands) 

1971 July 2047 
August 2057 
September 2072 
October 2089 
November 2106 
December 2121 
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TABLE IV 

Forecasting Using the Moving Quadratic Model 

Forecasting Using the Model Yt =A+ Bt + Ct 2,where the 

smoothed values of A, B, and C are A= 1508.5570, 

Year 

1971 

B = 30.5373, and C 

Date 

July 
August 
September 
October 
November 
December 

1..0572 

Forecast (New housing ~~its 
in thousands) 

1729 
1774 
1820 
1869 
1919 
1972 



26 

exponential smoothing models. The exponential smoothing model whose 

forecast errors fell most often within the 95% confidence limits of 

the errors was chosen as the best. 

Results 

Forecasts were made with the linear and quadratic exponential 

smoothing models with the smoothing constant taking on values cf 0.05, 

0.10, 0.15, 0.20, 0.25, and 0.30. The tracking signal was used to 

indicate the number of times the forecast errors, using these models, 

fell within the 95% confidence limits of the errors. The linear 

exponential smoothing model with a smoothing constant of 0.3 was 

chosen as the "best" since the forecast errors fell most often within 

the 95% confidence limits. This is indicated from the results on 

Tables V and VI. 

The number of times the forecast falls within the "+ 200" 

limits is obtained for each of the forecasting procedures used. This 

is shown in Tables VII toIX. On the basis of this criterion the 

models could be ranked as follows: 

1. 

2. 

3. 

4. 

5. 

6. 

The moving quadratic model 

Triple exponential smoothing model (a = 0.3) 

Double exponential smoothing model (a 0.3) 

Single exponential smoothing model with adaptive smoothing. 

Double exponential smoothing model with adaptive smoothing. 

Cyclic model yt = CMA(37) +A sin w17t + B Cos w17t + Et 
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TABLE V 

Exponential Smoothing 

Linear Model - Coefficients Estimated by Double Smoothing 

Alpha The Number of Times the Forecast 
Smoothing Constant Falls Within the 95% Confidence Limits 

.05 45 out of 162 forecasts 

.10 75 out of 162 forecasts 

.15 96 out of 162 forecasts 

.20 111 out of 162 forecasts 

.25 130 out of 162 forecasts 

.30 139 out of 162 forecasts 
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TABLE VI 

Exponential Smoothing 

Quadratic Model - Coefficients Estimated by Triple Smoothing 

Alpha The Number of Times the Forecast 
Smoothing Constant Falls Within the 95% Confidence Limits 

.05 6 out of 162 forecasts 

.10 14 out of 162 forecasts 

.15 48 out of 162 forecasts 

.20 112 out of 162 forecasts 

.25 137 out of 162 forecasts 

.30 146 out of 162 forecasts 
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TABLE VII 

Linear Model 

Double Exponential Smoothing 

Alpha The Number of Times the Forecast 
Smoothing Constant Falls Within the ± 200 Limits 

.OS 122 out of 162 forecasts 

.10 133 out of 162 forecasts 

.15 140 out of 162 forecasts 

.20 142 out of 162 forecasts 

.25 144 out of 162 forecasts 

.30 143 out of 162 forecasts 
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TABLE VIII 

Quadratic Models 

a) Triple Exponential Smoothing 

Alpha The Number of Times the Forecast 
Smoothing Constant Falls Within the ± 200 Limits 

.OS 64 out of 162 forecasts 

.10 129 out of 162 forecasts 

.15 133 out of 162 forecasts 

.20 139 out of 162 forecasts 

.25 138 out of 162 forecasts 

.30 139 out of 162 forecasts 

b) Moving Quadratic Model 

The Number of Times the Forecast 
N Falls Within the ± 200 Limits 

7 164 out of 168 forecasts 
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TABLE IX 

Models Using Adaptive Smoothing 

Model 

Constant 
(Coefficients estimated by 
single smoothing) 

Linear 
(Coefficients estimated by 
double smoothing) 

The Number of Times the 
Forecast Falls Within ± 200 Limits 

143 out of 162 forecasts 

142 out of 162 forecasts 
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7. Double exponential smoothing model (a= 0.05) 

8. Triple exponential smoothing model (a = 0.05) 

The error variance obtained using the different forecasting models 

is shown in Table IX. On the basis of minimum error variance the 

models could be ranked as follows: 

1. The moving quadratic model 

2. Double exponential smoothing model (a = 0.03) 

3. Single exponential smoothing model with adaptive smoothing. 

4. Double exponential smoothing model with adaptive smoothing. 

5. Triple exponential smoothing model (a = 0.03) 

6. Cyclic model, yt = CMA(37) + A Sin w17 t + B Cos Wl7t + Et 

7. Double exponential smoothing model (a = o. 05) 

8. Triple exponential smoothing model (a = 0.05) 

On the basis of the two criteria used for comparing the fore-

casing models, the moving quadratic model is chosen as the best fore-

casting procedure for forecasting housing starts. 

Analyses of Results 

On the basis of the two criteria the forecasting models have been 

ranked above. Figures 19 to 23* illustrate the tracking of the process 

using the moving quadratic model. The double and triple exponential 

smoothing models with the smoothing constant of a = 0.3 were ranked 

second and fifth, respectively, using the minimum variance criteria 

and they were ranked third and second using the other criteria for 

comparison. The same models with a = 0.05 were ranked seventh and 

* The figures are shown in Appendix D. 
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TABLE X 

Erro~ Variance of Forecasts Made With the Different Models 

I. Linear Model - Coefficients Estimated by Double Smoothing 

Alpha 

.05 

.30 

Error Variance 

32,760.35 
16,006.64 

II. Quadratic Model - Coefficients Estimated by Triple Sncoti:i:-.E 

Alpha 

.05 

.30 

III. Centered Moving Average 

N 

25 
7 

IV. After Removal of Cyclic 
Component From the Deviation 

Error Variance 

65,744.75 
19,056.39 

Error Variance 

16,185.33 
7,873.10 

of C.M.A. (25) From Actual Data Error Variance = 13,468.69 

V. Variance of et (Yt - C.M.A. (37)) - A Sin w17 t - B Cos w17 t 
= 20.051.24 

VI. Moving Quadratic Model Error Variance 

N = 7 

VII. Models Using Adaptive Smoothing 

Constant Model 
L:i.ne<~r Model 

6,669.32 

Error Variance 
Error Variance 

17,965 
18,840 
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eighth on the basis of the two criteria. These results indicate the 

effect of a, the smoothing constant, on exponential smoothing models. 

In the case of housing starts, the process generating the data is 

continuously changing. Hence, a large value of the smoothing constant 

is required for a rapid response of the forecasting system. Figures 1 

through 12 indicate the tracking of the process using the exponential 

smoothing models. From the figures it can be observed that a small 

value of the smoothing constant effectively smooths out fluctuations 

in the data. The single exponential smoothing model with adaptive 

smoothing ranks higher than the double exponential smoothing models 

with adaptive smoothing. The reason for this may be due to the 

tendency of higher order exponential smoothing models to overshoot 

inputs like a step. The Cyclic model, yt = CMA(37) +A Sin w17t 

+ B Cos w17 t + Et' ranks sixth. This low ranking could be explained 

by the fact that there were no definite cycles that could be observed 

in the housing data. 

In the following chapter the author will present the conclusions 

drawn from this research and some recommendations. 



IV. CONCLUSIONS AND RECOMMENDATIONS 

The last few chapters have dealt with a description of the fore-

casting models used in this thesis to forecast housing construction 

and a comparison of those models. This chapter will present some con-

clusions drawn from this research and some recommendations. 

Conclusions 

The forecasting model which had the least error variance was the 

moving quadratic model. The error variance obtained through using 

this model was 6669000. The 112011 11lllits using this va.riance is about 

±_ 162,000. This is quite a wide range for the errors even considering 

that the annual. rate of housing starts now is around 2 million. One 

may conclude from this that housing starts are very difficult to 

forecast using the standard time series forecasting models. 

The author has also observed through using spectral analysis, 

that there were no definite cycles in the housing start data. From 

the graphs of the exponential smoothing models it is immediately 

evident that small values of the smoothing constant effectively 

smooth out fluctuations in the housing start data. The main intent 

of this thesis was to obtain an "efficient" forecasting procedure 

for fo~ecasting housing starts. 

Comparing the models on the basis of error variance and the 

number of times the forecast falls within the "±_ 200" limits, the 

roving quadratic model is found to be the "best." The Single 

35 



36 

exponential smoothing model is the simplest of the exponential 

smoothing models. This model with the adaptive procedure described 

ranks third and fourth on the basis of the two criteria. This model 

is therefore recommended as an efficient procedure for forecasting 

housing starts. 

Recommendations 

The moving quadratic model ranks the best when compared on the 

basis of minimum error variance and the number of times the forecast 

falls within the "+ 200" limits. Simplicity also is a criterion in 

the search for an efficient procedure. Simplicity is a subjective 

criteria based mainly on ease of application and comprehension. On 

the basis of simplicity, the author ranks the single exponential 

smoothing model with adaptive smoothing as the best, while the moving 

quadratic model is ranked just above the cyclic model which is 

ranked last. On choosing an efficient forecasting procedure all the 

three criteria must be taken into account. The degree of importance 

attached to the different criteria depends on who is using the fore-

cast. The author recommends the single exponential smoothing model 

with the adaptive procedure described for forecasting housing starts. 

It is simple to apply and comparatively "accurate." The forecaster 

must hm1ever be wary of the drawbacks of exponential smoothing models. 

If there are very definite cycles and trends in the data, exponential 

smoothing models will prove to be very unsatisfactory owing to their 

lagging properties. In such instances cyclic models may be used. 
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The "accurate" forecasting of housing starts using the past data 

have been found to be quite difficult. The question therefore comes 

to mind that there could be a different approach to forecasting housing 

starts which would lead to "better" forecasts. The "cause-effect" 

approach to forecasting may be tried. For example, an assumption 

can be made that a growth in population causes increased housing 

construction. Therefore, forecasts of housing starts could be made 

by forecasting the population and multiplying it by a suitable 

factor. If this was actually true there would never be a drop in 

housing starts and the rate of housing starts would be larger in India 

and China than in the United States. This, however, is not true. 

This is because housing starts need money--mortgage money. The drop 

in housing starts in 1961 could be related to the recession. There-

fore, it is seen that housing starts have a relation to the economy 

of the country, but this does not help in forecasting housing starts 

since forecasting of the nations economy is very difficult. In fact, 

this is the reason why housing start forecasts are used as 

indicators of the economy and not vice versa. Hence, it is seen 

that the "cause-effect" approach to forecasting housing starts could 

create problems. 

Rao and Shapiro (10) are trying to develop a procedure, using 

spectral analysis, to deduce the mcdel from the data rather than 

inpose a model before hand. This procedure may lead to better 

housing start forecasts. 
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Calculation of Initial Values of Coefficients of the 

Linear and Quadratic Exponential Smoothing Models 

LINEAR MODEL Y = A + BX 

Initial coefficients estimated by linear regression -----·----·-
x y (X 1-X) (Y1-Y) (x1 -X) (Y 1-Y) 

Date Data 
·----------

1 962 -5.5 -25 137.50 
2 935 -4.5 -52 234.00 
3 933 -3.5 -54 189.0 
4 962 -2.5 -25 62.5 
5 994 -1.5 7 - 10.5 
6 995 -0.5 8 - 4.0 

7 1015 0.5 28 14.0 
8 1056 1.5 69 108.5 
9 1012 2.5 25 62.5 

10 1000 3.5 13 45.5 
11 1010 4.5 23 103.5 
12 970 5.5 -17 - 93.5 

I X = 78 

X = 6.5, Y = 987, E(X1-X)(Y1-Y) = 844, 

L(Xl-X) 2 
= 143, I(Yl-Y) 2 

= 14140 

(Y -Y) 2 
1 

625 
2704 
2916 

625 
49 
64 

784 
4761 

625 
169 
529 
289 

A= Y - BX= 987 - 5.9 x 6.5 = 987 - 38.35 = 948.65 

B 

s 

Z(X1-X)(Y1-Y) 
--------------143 

.:-:-1 

844 
143 

JS. 8; Me<m Absolute Deviation 

------

.8 x s = 28.64 ----

(Xl-X) 2 

30.25 
20.25 
12.25 

6.25 
2.25 

.25 

.25 
2.25 
6.25 

12.25 
20.25 
30.25 
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Initial value cf Coefficients estimated by the method of _ort_hogonal 
_polynomials. 

A 

Any polynomial Y = bo + b1x + .... k bkX may be ~ritten 
A 

as Y In which ~'.(i = 1,2, •... ,k) are 
1 

orthogonal polynomials and the A.(i = O, 1, .... , k) are constants 
1 

defined by: 

A z Y/n = y 
0 

I z y ~i 
A. l:(t:~)2 (i = 1, 2, ... , k) 

1 -1 



A = Y = 987 
0 
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A = E y~l 
1 - = 844 = 5.902 

E (~')2 
1 

143 

9256.6 
1670.6557 

Y = A +A ~' +A ~' 
0 1 1 2 2 

= 5.541 

= 987 + 5.902 (X - 6.5) + 5.541 [(X - 6.5) 2 - 11.9167)) 

987 + 5.902x - 38.363 + 5.541 [cx2 - 13X + 30.33)] 

Y = 1116.69 - 66.13X + 5.541X2 

Initial estimates of A, B, and C are: A
0 

= 1116.69, B0 = - 66.3, 

co = 5.541. 
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Calculation of the Constant k for Adaptive Smoothing 

The value of k must be such that if Id.I is equal to 200, the 
1 

smoothing constant, a, takes on a large value such as 0.3. 

di - 0.3 lail 200 1 - e k = when = 

200 
- N 

e 0.7 

200 TkT = 0.3575 

I I 200 
k = .3575 = 560 = 500 (approx.) 
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HOUSING DATA 

New housing units New housing units New housing units 
Year Mth. (in thousands) Year Mth. (in thousands) Year Mth. (in thousands) 

1 962 1 1030 1 1364 

2 935 2 890 2 1403 

3 933 3 880 3 1403 

4 962 4 950 4 1434 

5 994 5 1010 5 1370 

6 995 6 1057 6 1368 .i::-
-..J 

1957 1958 1959 
7 1015 7 1174 7 1375 

8 1056 8 1228 8 1340 

9 1012 9 1255 9 1323 

10 1000 10 1303 10 ll80 

11 1010 11 1427 11 1210 

12 970 12 1432 12 1330 



HOUSING DATA - continued 

New housing units New housing units New housing units 
Year ~1th. (in thous ands) Year Mth. (in thousands) Year Mth. (in thousands) 

1 1366 1 1127 1 1273 

2 1367 2 1169 2 1152 

3 1112 3 1296 3 1431 

4 1327 4 1166 4 1542 

5 1333 s 1291 5 1579 
-'-' 

6 1302 6 1381 6 1425 co 

1960 1961 1962 
7 1182 7 1343 7 1466 

8 1292 8 1326 8 1529 

9 1062 9 1383 9 1289 

10 1256 10 1432 10 1550 

11 1212 11 1350 11 1591 

12 990 12 1306 12 1499 



HOUSING DATA - continued 

New housing units New housing units New housing units 
Year Mth. (in thousands) Year Mth. (in thousands) Year Mth. (in thousands 

1 1344 1 1718 1 1442 

2 1380 2 1657 2 1482 

3 1575 3 1663 3 1489 

4 1618 4 1531 4 1552 

5 1618 5 1529 5 1516 

6 1571 6 1611 6 1566 .i:--

L963 1964 1965 ~ 

7 1588 7 1505 7 1473 

8 1455 8 1430 8 1422 

9 1732 9 1457 9 1453 

10 1819 10 1591 10 1409 

11 1528 11 1455 11 1534 

12 1597 12 1646 12 1769 



HOUSING DATA - continued 

New housing units New housing units New housing units 
Year Mth. (in thousands) Year Mth. (in thousands) Year Mth. (in thousands) 

1 1611 1 1111 1 1456 

2 1374 2 1149 2 1537 

3 1569 3 1094 3 1511 

4 1502 4 1116 4 1591 

5 1318 5 1274 5 1364 

6 1285 6 1233 6 1365 V1 

1966 0 
1967 1968 

7 1088 7 1369 7 1531 

8 1107 8 1407 8 1518 

9 1075 9 1445 9 1592 

10 848 10 1496 10 1572 

11 1012 11 1587 11 1733 

12 1085 12 1256 12 1509 



HOUSING DATA - continued 

New housing units New housing units New housing units 
Year Mth. (in thousands) Year Mth. (in thousands) Year Mth. (in thousands) 

1 1842 1 1059 1 1725 

2 1700 2 1306 2 1754 

3 1650 3 1384 
1971 3 1959 

4 1505 4 1181 4 1899 

5 1533 5 1242 5 1931 

6 1507 6 1393 6 1982 \Jl 
t-' 

1969 1970 
7 1429 7 1603 

8 1376 8 1425 

9 1481 9 1509 

10 1396 10 1583 

11 1280 11 1693 

12 1402 12 2054 
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CONSTANT MODEL WITH ADAPTIVE SMOOTHING 

1 DIMENSION TOT(174),F(174) 
2 READ(5,10){TOT(J), J=l,174) 
3 10 FORMAT(l2F6.0) 
4 AL=. 05 
5 SE=O.O 
6 SS=987 
7 M=174 
8 XSQ=O.O 
9 AN=162.0 

10 D046J=13,M 
11 SS=AL*TOT(J-1) + (1.0-AL)*SS 
12 F(J)=SS 
13 S = TOT(J) -F(J) 
14 SE=SE+S 
15 XSQ=XSQ+S**2 
16 E = ABS(S) 
17 AL=l.O - EXP(-E/500.0) 
18 46 CONTINUE 
19 XBAR=(SE**2)/AN 
20 VAR=(XSQ-XBAR)/(AN-1.0) 
21 WRITE(6,43)VAR 
22 43 FORMAT(lHl,' VARIANCE= ',Fl2.4) 
23 STOP 
24 END 
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LINEAR MODEL 

C-FORECASTING USING THE LINEAR TIME SERIES MODEL 
1 DIMENSION TOT(l74),F(l74) 
2 READ(5,10)(TOT(J), J=l,174) 
3 10 FORMAT(l2F6.0) 
4 A=948.65 
5 B=S.90 
6 DAM=28.64 
7 D025K=5,30,5 
8 N=O 
9 SE=O.O 

10 AL= K 
11 AL=AL/100.0 
12 WRITE(6,24)AL 
13 LINES=O 

C CALCULATE THE INITIAL VALUES FOR SINGLE AND DOUBLE SMOOTHING 
14 P= B*(l. -AL)/AL 
15 SS = A-P 
16 SD = A-2.*P 
17 M=174 
18 D046J=13,M 
19 SS=AL * TOT(J-1) + (1.0-AL)*SS 
20 SD = AL*SS + (1. -AL)*SD 
21 F(J)=(AL/(1.0-AL))*(SS-SD) + 2.0*SS - SD 
22 S = TOT(J) -F(J) 
23 SE=SE+S 
24 E = ABS(S) 
25 DAM = AL*E + (1. -AL)* DAM 
26 SIGN = SE/DAM 
27 WRITE (6,23) J,TOT(J),F(J),S,DAM,SE,SIGN 
28 LINES=LINES + 1 
29 IF(LINES.EQ.25)WRITE(6,24) AL 
30 IF(LINES.EQ.25)LINES=O 
31 SIGN=ABS(SIGN) 
32 IF(SIGN.LT.4.0)GO TO 46 
33 N=N+l 
34 WRITE (6,26) N 
35 26 FORMAT(17X'OUT OF CONTROL',13) 
36 46 CONTINUE 
37 24 FORMAT(lHl I ALPHA= I ,FS.2// 34X 'MEAN',/34X 'ABSOLUTE',4X 

6' SUM OF', 3X'TRACKING',/ 
1' DATE',3X 'DATA',3X 'FORECAST',3X 'ERROR',3X 'DEVIATION', 
2 3X'ERRORS', 3X 'SIGNAL') 

38 23 FORMAT(l4,F 8.0,Fl2.4,F8.2,Fl2.6,2F9.3) 
39 25 CONTINUE 
40 STOP 
41 END 
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LINEAR MODEL WITii ADAPTIVE SMOOTiiING 

C-FORECASTING USING THE LINEAR TIME SERIES MODEL 
1 DIMENSION TOT(l74),F(174) 
2 READ(5,10)(TOT(J), J=l,174) 
3 10 FORMAT(l2F6.0) 
4 A=948.65 
5 B=5.90 
6 LINES=O 
7 AL=.05 
8 WRITE(6,24) 

C CALCULATE TiiE INITIAL VALUES FOR SINGLE AND DOUBLE SMOOTiiING 
9 P=B*(l. -AL)/AL 

10 SS = A-P 
11 SD = A-2.*P 
12 M=l74 
13 D046J=l3,M 
14 SS=AL * TOT(J-1) + (1.0-AL)*SS 
15 SD = AL*SS + (1. -AL)*SD 
16 F(J)=(AL/(1.0-AL))*(SS-SD) + 2.0*SS - SD 
17 S = TOT(J) -F(J) 
18 E = ABS(S) 
19 WRITE (6,23) J,TOT(J),F(J),S,AL 
20 LINES=LINES + 1 
21 IF(LINES.EQ.50)WRITE(6,24) 
22 IF(LINES.EQ.50)LINES=O 
23 AL=l.O - EXP(-E/500.0) 
24 46 CONTINUE 
25 24 FORMAT(lHl ' DATE' ,3X "DATA' ,4X 'FORECAST' ,3X'ERROR', 

3X'ALPHA ') 
26 23 FORMAT(l4,F8.0,Fl2.4,F8.2,F7.2) 
27 STOP 
28 END 
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QUADRATIC MODEL 

Exponential Smoothing 

C-FORECASTING USING THE QUADRATIC TIME SERIES MODEL 
C-COEFFICIENTS ESTIMATED BY TRIPLE SMOOTHING 

1 DIMENSION TOT(174),F(174) 
2 READ(5,10)(TOT(J), J=l,174) 
3 10 FORMAT(12F6.0) 
4 A=1116.69 
5 B=-66.13 
6 C=5.541 
7 D025K=5,30,5 
8 N=O 
9 AL=K 

10 AL=AL/100.0 
11 WRITE(6,24)AL 
12 LINES=O 
13 BE=l.0-AL 

C-CALCULATE INITIAL VALUES OF SINGLE noUBLE AND TRIPLE SMOOTHED 
STATISTICS 

14 SS= A-B*BE/AL +c*BE*(2.0-AL)/(4.0*AL**2) 
15 SD= A-2.0*B*BE/AL + C*BE*(3.0-2.0*AL)/(2.0*AL**2) 
16 ST=A-3.0*B*BE/AL +c*3.0*BE*(4.0-3.0*AL)/(4.0*AL**2) 
17 M=174 
18 D046J=l3,M 
19 SS=AL*TOT(J-1) +BE*SS 
20 SD=AL*SS + BE*SD 
21 ST= AL*SD + BE*ST 
22 DEN= 2.0*BE**2 
23 F(J)=(3.0*DEN + (6.0-5.0*AL)*AL +AL +AL**@)*SS/DEN-

1(3.0*DEN + 2.0*(5.0 -4.0*AL)*AL + 2.0*AL**2)*SD/DEN + 
2 (DEN + (4.0-3.0*AL)*AL+ AL**2)ST/DEN 

24 S = TOT(J) -F(J) 
25 E = ABS(S) 
26 WRITE (6,23) J,TOT(J),F(J),S 
27 LINES=LINES + 1 
28 IF(LINES.EQ.25)WRITE(6,24) AL 
29 IF(LINES.EQ.25)LINES=O 
30 IF(E.LT.200.0)GO TO 46 
31 N=N+l 
32 WRITE (6,26) N 
33 26 FORMAT(l7X'OUT OF CONTROL',13) 
34 46 CONTINUE 
35 24 FORMAT(lHl 'ALPHA= ',F5.2//' DATE',3X 'DATA',3X 'FORECAST' 

13X'ERROR') 
36 23 FORMAT(l4,F 8.0,F12.4,F8.2) 
37 25 CONTINUE 
38 STOP 
39 ~D 
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QUADRATIC MODEL 

Moving Quadratic Model 

//WATFIV 20950 
1 DIMENSION TOT(174),Y(l74),A(174),B(l74),C(l74),SA(l74), 

SB(174), 1SC(174) 
2 READ(5,10)(TOT(J),J=l,174) 
3 10 FORMAT(12F6.0) 
4 A(l)=TOT(l) 
5 S=0.1814 
6 S2=0.0352 
7 S3=0.0073 
8 WRITE(6,15) 
9 SUMSQ=O.O 

10 LINES=O 
11 AL=.05 
12 AA=962.00 
13 AB=-13.7740 
14 AC=4.1294 
15 BA=O.O 
16 BB=O.O 
17 BC=O.O 
18 PA=BA*(l.0-AL)/AL 
19 PB=BB*(l.0-AL)/AL 
20 PC=BC*(l.0-AL)/AL 
21 SSA=AA-PA 
22 SSB=AB-PB 
23 SSC=AC-PC 
24 SDA=AA-2.0*PA 
25 SDB=AB-2.0*PB 
26 SDC=AC-2.0*PC 
27 D016J=l,168 
28 N=J+6 
29 T=O.O 
30 PSUM=O.O 
31 RSUM=O.O 
32 D033K=J,N 
33 PSUM=PSUM+T*TOT(K) 
34 RSUM=RSUM+(T**2)*TOT(K) 
35 T=T+l.O 
36 33 CONTINUE 
37 B(J)=(PSUM-A(J)*21.0)*S-(RSUM-A(J)*91.0)*S2 
38 C(J)=-(PSUM-A(J)*21.0)*S2+(RSUM-A(J)*91.0)*S3 
39 SSA=AL*A(J) + (1.0-AL)*SSA 
40 SSB=AL*B(J) + (1.0-AL)*SSB 
41 SSC=AL*C(J) + (1.0-AL)*SSC 
42 SDA=AL*SSA + (1.0-AL)*SDA 
43 SDB=AL*SSB + (1.0-AL)*SDB 
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QUADRATIC MODEL 
Moving Quadratic Model - Continued 

44 SDC=AL*SSC + (1.0-AL)*SDC 
45 SA(J+l)=(AL/(1.0-AL))*(SSA-SDA) + 2.0*SSA-SDA 
46 SB(J+l)=(AL/(1.0-AL))*(SSB-SDB) + 2.0*SSB-SDB 
47 SC(J+l)=(AL/(1.0-AL))*(SSC-SDC) + 2.0*SSC-SDC 
48 Y(J+l)=A(J)+B(J)+c(J) 
49 A(J+l)=Y(J+l) 
50 DEV=TOT(J+l)-Y(J+l) 
51 SUMSQ=SUMSQ+DEV**2 
52 WRITE(6,35)J,TOT(J),Y(J),A(J),B(J),C(J),SA(J+l),SB(J+l), 

SC(J+l) 
53 LINES=LINES+l 
54 IF(LINES.EQ.50)WRITE(6,15) 
55 IF(LINES.EQ.50)LINES=O 
56 16 CONTINUE 
57 WRITE(6,78)SUMSQ 
58 78 FORMAT( 'ERROR SUM OF SQUARES=',Fl2.4) 
59 15 FORMAT(lHl,' DATE',3X'DATA',3X'FORECAST',lOX'A',lOX'B', 

lOX'C', !!OX' SA', lOX'SB',lOX'SC') 
60 35 FORMAT(l5,F9.0,Fll.4,4X,6Fll.4) 
61 STOP 
62 END 
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CENTERED MOVING AVERAGE 

C-COMPUTING THE CENTERED MEAN AVERAGE (N=25) 
1 DIMENSION TOT(l74),F(l74) 
2 READ(5,10)(TOT(J), J=l,174) 
3 10 FORMAT(l2F6.0) 
4 M =13 
5 4 WRITE(6,12) 
6 LINES=O 
7 D030J=l,150 
8 SUM=O.O 
9 N=J+24 

10 D025I=J,N 
11 25 SUM = TOT(!) + SUM 
12 F(M) = SUM/25.0 
13 DEV = F(M) - TOT(M) 
14 WRITE(6,13)M,TOT(M),F(M),DEV 
15 LINES=LINES + 1 
16 IF(LINES.EQ.54)WRITE(6,12) 
17 IF(LINES.EQ.54)LINES=O 
18 M = M+l 
19 30 CONTINUE 
20 12 FORMAT(1Hl,26X'CENTERED',/27X'MEAN',/' PERIOD',SX'DATA', 

18X'AVERAGE',8X'DEVIATION') 
21 13 FORMAT(l4,Fl5.0,Fl5.3,Fl7.4) 
22 STOP 
23 END 
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CYCLIC MODEL 

C-SPECTRAL ANALYSIS ON DIFFERENCES AFTER REMOVING CYCLIC COMPONENT 
1 DIMENSION P(l50),S(l50),C(l50),AMP(l50),AMP(l50),A(l50), 

DEV(150) 
2 READ(5,20)(P(K),K=l,150) 
3 READ(5,20)(A(K), K=l,126) 
4 20 FORMAT(l2F6.0) 
5 D018K=l,126 
6 18 DEV(K)=A(K)-P(K) 
7 B=-155.15 
8 PAR=O.O 
9 PIE=3.141592122 

10 D030J=l,24 
11 K=126+J 
12 PAR=PAR + 2.0*PIE/24.0 
13 A(K) = A(l26)*COS(PAR) + B*SIN(PAR) 
14 DEV(K) = A(K) - P(K) 
15 30 CONTINUE 
16 W=24.0 
17 SN=O 
18 AA=PIE*2.0/W 
19 KI=O 
20 37 SO=O.O 
21 N=W/2.0 
22 00411=1,N 
23 C(I)=O.O 
24 41 S(I)=O.O 
25 NT=W 
26 AM=-1.0 
27 D050J=l,NT 
28 K=J+KI 
29 SO=So+DEV(K) 
30 D0491=1,N 
31 AI=I 
32 AJ=J 
33 T=AI*AJ*AA 
34 TH=T/(2.0*PIE) 
35 KT=TH 
36 BT=KT 
37 T=T-(BT*PIE*2.0) 
38 S(I)=S(I)+DEV(K)*COS(T) 
39 49 C(I)=C(I)+DEV(K)*SIN(T) 
40 AM=AM*(-1.0) 
41 SN=SN+AM*DEV(K) 
42 50 CONTINUE 
43 SO=SO/W 
44 SN=SN/W 
45 D048J=l,N 
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CYCLIC MODEL - Continued 

46 S(J)=S(J)*2.0/W 
47 C(J)=C(J)*2.0/W 
48 48 AMP(J)=SQRT(S(J)*S(J)+c(J)*C(J)) 
49 WRITE(6,52)NT,SO,SN 
50 52 FORMAT(' PERIODS=', 13,3X'AO= ',F 8.3,3X'AN= ',F 8.3//) 
51 D056J=l,N 
52 56 WRITE(6,61)J,S(J),AMP(J) 
53 61 FORMAT((' P',5X,'A(P)',6X,'B(P)',7X,'AMP(P)')/(13,F8.3, 

2Fll.3)) 
54 KI=KI+l 
55 KD=KI+NI 
56 IF(KD.LT.150)GO TO 37 
57 STOP 
58 E~ 
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CYCLIC MODEL 

Fourier Analysis on Difference Between CMA(25) and CMA(l3) to Check for 
Any Dominant Harmonics 

1 DIMENSION TOT(l74),F(l74),A(l74)DEV(l74),S(l50),C(l50), 
AMP(l50) 

2 READ(5,10){TOT(J),J=l,174) 
3 10 FORMAT(12F6.0) 
4 M=13 
5 D030J=l,150 
6 SUM=O.O 
7 N=J+24 
8 D0251=J,N 
9 25 SUM = TOT(I) + SUM 

10 F(M) = SUM/25.0 
11 KEY=J+6 
12 SUMS=O.O 
13 L=KEY+l2 
14 D043K=KEY,L 
15 43 SUMS=TOT(K)+SUMS 
16 A(M)=SUMS/13.0 
17 DEV(M)=F(M)-A(M) 
18 M = M+l 
19 30 CONTINUE 
20 W-150.0 
21 SN=O 
22 PIE=3.141592122 
23 AA=PIE*2.0/W 
24 KI=12 
25 37 SO=O.O 
26 N=W/2.0 
27 D0411=1,N 
28 C(I)=O.O 
29 41 S(I)=O.O 
30 NT=W 
31 AM=-1.0 
32 DOSOJ=l,NT 
33 K=J+KI 
34 SO=So+DEV(K) 
35 D0491=1,N 
36 AI=I 
37 AJ=J 
38 T=AI*AJ*AA 
39 TH=T/(2.0*PIE) 
40 KT=TH 
41 BT=KT 
42 T=T-(BT*PIE*2.0) 
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CYCLIC MODEL 

Fourier Analysis on Difference Between CMA(25) and CMA(l3) 
to Check for Any Dominant Harmonics - Continued 

43 S(I)=S(I)+DEV(K)*COS(T) 
44 49 C(I)=C{I)+DEV(K)*SIN(T) 
45 AM=AM*(-1.0) 
46 SN=SN+AM*DEV(K) 
47 50 CONTINUE 
48 SO=SO/W 
49 SN=SN/W 
50 D048J=l,N 
51 S(J)=S(J)*2.0/W 
52 C{J)=C(J)*2.0/W 
53 48 AMP(J)=SQRT(S(J)*S(J)+c(J)*C(J)) 
54 WRITE(6,52)NT,SO,SN 
55 52 FORMAT(' PERIODS=',I3,3X'AO= ',F 8.3,3X'AN= 1 ,F 8.3//) 
56 D056J=l,N 
57 56 WRITE(6,6l)J,S(J),C(J),AMP(J) 
58 61 FORMAT((' P1 ,5X,'A(P)',6X, '8(P)',7X, 1AMP(P) 1 )/(13,F8.3, 

2Fll.3)) 
59 STOP 
60 END 
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CYCLIC MODEL 

C-COMPUTING THE VARIANCE OF ERROR AFTER REMOVAL OF CYCLIC COMPONENT 
1 DIMENSION P(150),A(150),DEV(150) 
2 READ(5,20)(P(K),K=l,150) 
3 READ(5,20)(A(K),K=l,126) 
4 20 FORMAT(l2F6.0) 
5 D018K=l,126 
6 18 DEV(K)=A(K)-P(K) 
7 B=-155.15 
8 PAR=O.O 
9 PIE=3.141592122 

10 D030J=l,24 
11 K=126+J 
12 PAR=PAR + 2.0*PIE/24.0 
13 A(K) = A(l26)*COS(PAR) + B*SIN(PAR) 
14 DEV(K) = A(K) - P(K) 
15 30 CONTINUE 
16 XSQ=O.O 
17 SE=O.O 
18 AN=150.0 
19 D063K=l,150 
20 XSQ=XSQ+DEV(K)**2 
21 SE=SE+DEV(K) 
22 63 CONTINUE 
23 XBAR=(SE**2)/AN 
24 VAR=(XSQ-XBAR)/(AN-1.0) 
25 WRITE(6,43)VAR 
26 43 FORMAT(lHl,' VARIANCE= ',F12.4) 
27 STOP 
28 END 
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EVALUATION OF TIME SERIES 

FORECASTING TECHNIQUES 

by 

Suraj Mammen Alexander 

(ABSTRACT) 

This thesis is a comparison of different forecasting procedures 

used in forecasting housing construction. The forecasting models de-

veloped are compared on the basis of error variance and the nur::ber of 

times the forecast falls outside "± K" limits. The author points out 

that what is needed is a simple forecasting technique which gives com-

paratively accurate forecasts. One such technique is obtained by using 

the simplest exponential smoothing model, that of single smoothing with 

a simple adaptive smoothing procedure, as described in this thesis. 
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