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TREND, SEASONAL, AND CYCLICAL DATA PATTERNS

‘The data that historically have been used most often in forecasting are time series. For example, you might have sales data by month from January 2010 through December 2017, or you
‘might have the mumber of visitors to a national park every year for a 30-year period. or you might have stock prices on a daily basis for several years. These would all be examples of time-
Series data.

‘Such time series can display & wide variety of patterns when plotted over time. Displaying data in a time-series plot is an importan first step in identifying various component parts of the
time series. A time series is likely to contain some, or all of the following components:

Trend
Seasonal
Cyelical
Trregular (often called random)

‘We will first define and discuss each of these in general terms, and then we will look at several specific data series to see which components we can visualize through graphic analyses.

The trend in a time series is the long-term change in the level of the data. If, over an extended period of time, the series
moves upward, we say that the data show & poitive trend. If the level of the data diminishes over time, there i & Data are considered stationary when there is
negative trend. Data are considered stationary when there s neither a positive nor a negative trend (L., the series is neither & positive nor & negative trend.
essentially flatin the long term).

A seasonal pattern occurs in a time series when there is a regular variation in the level of the data that repeats itself at
the same time each year. For example, ski lodges in Killington, Vermont, have very regular high occupancy rates during
December, Janusry, and February (as well as regular low occupancy rates in the spring of the year). Housing starts are
aloways stronger in the spring and summer than during the fall and winter. Retail sales for many products tend to peak in
Novermber and December because of holiday sales. Most university enrollments are higher in the fallthan in the winter GGy
or spring and are typically the lowest in the summer. All of these patterns recur with reasonsble regularity year after

year. No doubt you can think of many other examples of time-series data for which you would expect similar seasonal

patterns.

A seasonal patiem occurs in s time series
when there is a regular varistion in the level
of the data that repeats itself at the same.

A cyclical pattern is represented by wavelike upward and downsvard movements of the data around the long-term trend. Cyclical fluctuations are of longer duration and are less regular
than are seasonal fluctuations. The causes of cyclical fluctuations are less readily apparent as well. They are usually atibuted to the ups and downs in the general level of business activity
that are frequently referred to as business cycles.

The irregular component of a time series contains the fluctuations that are not part of the other three componznts. These are often called random fluctuations. As such, they are the most
difficult o capture in & forecasting modsl. There is always some noise in the data that would be a part of this irregular component.

To illustrate these components, let us analyze three specific sets of data. One of these is a quarterly series for the population in the United States (POP), which is an important driver for
‘many types of business activities. POP tends to increase at a faily constant linear rate. The second series is monthly data for total new houses sold (TNHS), which i also important for

‘many businesses to forecast since it drives so many other types of sales (such as drapes, furniture, applisnces, etc.). TNHS has a lot of seasonality, some upward trend since 2010, and 2
eyclical component. The third series is disposable personal income (DPL, in billions of dollars), which also has a positive trend. The trend i slightly nonlinear with DI increasing at an
increasing rate. DPLis also sometimes referred to s & prime mover because income is the revenue source for personal consumption.
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‘The top panel of Figure 2.1(@) shows a times-series plot of population on a quarterly basis starting with the first quarter of 2000 and ending with the last quarter of 2016. From a visusl
inspection of this graph, itis faily easy to see that there has been a postive trend to POP over the period shown. The long-term linear trend is shown by the dotted red line i the lower
‘panel of Figure 2.1(% . (In later chapters, you will learn hor to determine an equation forthis long-term trend line.) You see that population is nonstationary. Because POP is
‘nonstationary, some models would not be appropriate in forecasting POP (see Table 2.1 ()
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‘Total new houses sold (TNHS) is plotted in Figure 2.2 (@) for the period from January 1978 through July 2007. Probably the most striking feature of this visualization of the TNHS data is

the reguler and sharp upward and downward movements that repeat year after year. This indicates a seasonal pattern, with housing sales reaching a peak in the spring of each year. Overall,
there also appears to be some upward trend to the data and some cyclical movement as well.
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The strsight solid lne in Figure 2.2 (3 showws the long-term eend in the TNEES seriss. The dotced line, which moves above and below the long-tecm trend but is smoother thanthe plot of
TNHS, is what the TNHS series looks like aftr the seasonality has been removec. Such a series i sid o be “desessonalized” or “seasonally adjused” (SA). By comparing the

Now let us tur to a visual analysis of disposable personal income per capita (DPIPC). Figure 2.3

shows DPIPC from the first quarter of 1959 through the last quarter of 2016. Clearly,
there is an upward trend in the data, and it is a trend that appears to be sccelerating slightly (L., becoming increasingly steep). You will learn to forecast such nonlinear trends later n this
text. There does not appear to be & cyelical component to the series, and there is no seasonality.

You can see in the top graph of Figure 2.3 (Z) that the linear trend would over-forecast DPIPC from the first quarter o 1970 through the second quarter of 2003. After that the linear trend.
‘under-forecasts DPIPC. However, the quadratic (nonlinear) trend in the lower graph provides a better basis for forecasting.




image8.png
DRIPC

ss0.00
si000
3000
s000
stoom
s0
zeggece F525 73
£2z22222 3222 H
DPIPC and Linea Trend
ss0.00
— brirc Linar rend
si00m
530000
000
$10.000
L o Sy s e s s
aeeEoeEsgEs s
52 2:823:853:858:8¢8
fFziizzziiziezziil
DPIPC and Quadratic Trend
5000
— brirc Quadratic rend ,
1000
3000
s2000
$10000
s0
2¢83RCEzLE 3 525 =
FYEILELIIT33%3%%3
tFijetiizeszieazie
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DATA PATTERNS AND MODEL SELECTION
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The pattern that exists in the data is an
important consideration in determining which

For POP, which has a trend but 50 cycle and no seasonaliy, the following might be most appropriate:

Holt's exponential smoothing
Linear regression trend

Total new houses sold (TNHS) has a trend, seasonality, and a cycle. Therefore, some likely candidate models fo forecasting TNHS would include:

‘Winters' exponential smoothing
Linear regression trend with seasonal adjustment

Causal regression
Time-series decomposition

‘The existence of & cycle component would suggest that the latter two may be the best candidates.
For disposable personal income per capita (DPIPC), there is a nonlinear trend, with 1o seasonality and no cycle. Thus, the models most likely to be successful are:

Nonlinear regression trend
Causal regression
Holt's exponential smoothing

In subsequent chapters of the text, we will refurn to these series from time to time as examples. By the time you finish with the text, you will be able to develop good forecasts for series
that exkibit a wide variety of data patterns. After a review of some statistical concepts, we will return to an evaluation of data patterns that goes beyond the simple, yet powerful,
visualization of data and that will be of additional help in selecting appropriate forecasting techniques.
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A STATISTICAL REVIEW2

The approach that we willtake in this discussion is more incuitive than theoretical. Our intent is to help you recall a small part of what is normally covered in an introductory statistics
course. We begin by discussing descriptive statistics, with an emphasis on measures of central tendency and measures of dispersion. Next we review two important statistical disributions
‘These topics lead to statistical inference, which involves making statements about a population based on sample statistics. We then present an overvier of hypothesis testing and finish with
2 discussion of correlation.

Descriptive Statistics

We often want to use numbers to deseribe one phenomenon or another. For example, we might want to communicate information concerning the sales of fast-food restaurants in a
community. Or we might want to describe the typical consumption of soft drinks in U.S. households. Or we might want to convey to someone the rate at which sales have been increasing
over time. All of these call for the use of descriptive statistics

‘When we want to describe the general magnitude of some varisble, we can use one or more of several measures of central tendency. The three most common measures of central tendency
are the mean, median, and mode. To grasp each of these measures, let us consider the data in Table 2.2 (7). These data represent 25 consecutive months of computer sales for a small
office-products retailer. The mode is the response that occurs most frequently. If you count the number of times each valus for sales is found in Table 222, you obtain the following
results:
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TABLE22 Twenty-Five Consecutive Months of Total Sales (<22 @)

Month Sales
1 3
2 4
3 5
4 1
5 5
s 3
7 s
B 2
s 7
10 5
1 1
2 13
1 4
14 4
15 7
16 3
7 4
15 2
19 5

2 7
2 4
2 5
g 2
P2 s

2 4
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Since the largest number of occurrences i 6 (for sales of four computers), the mode is 4.

‘The median is the value that splits the responses into two equal parts when they are arrayed from smallest to largest.In this set of data, the median s 4. This is shown in the following.
disgram:

Responses Arrayed from Low to High
112223334444 @ 4555566777813
| R —

12 Values T 12 Values

l
Median
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There are 12 numbers to the left of the circled 4, and 12 numbers to the right. When there are an even number of observations, the median is the midpoint of the two center values. For
example, in the series 1, 4, 6, 10, the median is 5. Not that the median may be @ mumber that is not actually in the data array.

‘The mean is the arithmetic average of allthe numbers in the data set. To find the mean, add up all the values and divide by the number of observations. If the set of numbers is &
‘population, rather than a sample, the mean is designated by the Greek mu (4). It s caloulated as:

N
=S

where the subscript i is used to identify each X value and

‘means the sum of allthe values of X;,in which { ranges from 1 t0 N. X is simply a shorthand way of representing a variable. For the data in Table 2.2
the total mumber of elements, or observations, in the population. In this case N = 25. Adding up all 25 values, ve get

Sx-us

Note that we have dropped the subseript here. This will often be done to simplify the notation. The population mean is then:

5and Xis = 7.V represents

W= Y XIN = 115125 =46

I the datarepresent a sample (.. & porion ofthe entive populaton),the mean s designated X and the musber of elernents i th sarnple s designated . Thus,  sample mean i

Ifthe data in Table 22 @ represented a sample of monts, the mean would be calculated a5
X =Y Xin= 11525 =46

Allthree of these measures of central tendency provide some feel for what we might think of a5 a “typical case.” For example, knowing that the median and mode for sales are both 4 and.
the mean is 4.6 gives you an idea about what is a typical month's sales.
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These sales data are plotted over time in Figure 2.4

along with the trend line. You see in this plot that sales fluctuate around a nearly flat rend. Thus, this sales series is stationary.
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FIGURE 2.8 Sales and sales rend (c204(2) ). Forthis sals srie, the e is slmost prfeoty Lt 5 that the dataax staionary: Note tha the levelof the twead lie s ey cloe o the semple mean of 4.6

Ve e seen thatfo che it in Table 2.2 €, e mesn s 4., ot the mode sad the smedisn sce 0. Note tha the meas s sbove bt ofth othe messures o ezl endene, This
can result whea thereis one rlaivel large value (inthis example,the 13). ThatLarge value puls up the mean but ha e or 20 effec on the median or mode. Without that observation.
the median and mode for thi example would sl be 4, bu the mean would be 425 (4.25 = 102724)

Let us now consider dispersion in data. A measure of dispersion tells us something about how spread out (or dispersed) the data are. Such information helps us to gain a clearer picture of
the phenomenon being investigated than we get by looking just at a messure of central tendency. Look, for example, at the following two data sets marked A and B:

T both cases, the mean and median are 20. (Since o value occurs more frequently than the others, there is no mode.) However, the tvio data sets are really very different. Measures of
dispersion can be helpful in conveying such a difference.

The simplest measure of dispersion is the range, which is the difference between the smallest value and the greatest value. In Table 22 3, the smallest value s 1 (observations 4 and 11);
the greatest i 13 (observation 12). Thus,

Range = Greatest value — Smallest value
1B-1
12

For the two data sets A and B just given, the range for 4 is 4 and the range for B is 40.

Think for 2 moment about the different perception you get from the following two statements:

“The data set A has a mean of 20 and a renge of values equal to 4, from 18 to 22.
“The data set B has a mean of 20 and a range of values equal to 40, from 0 to 40.

You can see how much your perception is affected by knowing this measure of dispersion in addition to the mean.

Tovo other measures of dispersion, the variance and the standard deviation, are probably the ones that are most used. The standard deviation is @ measure of the “average” spread of the data
around the mean. Thus, it is based on the mean and tells us how spread out the data are from the mean. The variance i the square of the standard deviation.
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‘The calculation of sample and population standard deviations and variances can be shown in the shorthand of mathematical expressions as follows (let X; represent the ith observation):

For a Sample For a Population
X T
Standard deviation X=X > -y
N
X - X0 - P
Vi Z X=X PEDXCET
=1 =N

For the computer sales data in Table 2.2, the calculations of the standard deviation and variance are ilustrated in Table 2.3 . Note that the sum of the unsquared differences between
each observation and the mean is equal to zero. This s always true. Squaring the differences gets around the problem of offsetting postive and negative differences. The standard deviation
forthe sales data i (assuming the data tepresent a semple) 2,562 units around a mean of 4.6, That i, the “average” spread around the meanis 2.552. The corresponding variance is 6.667
“units squared.” You can see that the interpretation of the variance s a bit awkward. What i a “squared computer”? Because of this squaring of the units of measurement, the varisnce &
fess useful in communicating dispersion than is the standard deviation. In statistical analysis, however,the variance is requently far more important and useful than the standard deviation
Thus, both are important to know and understand.
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TABLE23 Calculation of the Standard Deviation and Variance for the Computer Sales Data (Assuming a Sample) (c213,

Observation Computer Sales )
Number @) (6-%) (x-%)*
1 3 16 256
b 4 05 036
3 5 04 016
4 1 36 1296
5 5 04 016
3 3 16 256
7 3 14 196
s b 26 676
° 7 24 576
10 s 34 1156
o 1 36 1296
2 13 54 7056
13 4 05 036
14 4 05 036
15 7 24 576
16 3 16 256
7 4 05 036
1 b 26 676
19 5 04 016
2 7 24 576
21 4 05 036
2 5 04 016
3 b 26 676
% 3 14 196
25 4 =06 036

Total 15 00 160.00





image17.png
[

Sandard dvision =

Look back at the two small data sets A and B referred to earlier. For both sets, the mean was 20. Assuming that these are both semples, the standard devistions are:

Fora: 5=158
ForB: 5=158

You see that knowing both the mean and the standard deviation gives you a much better understanding of the data than you would have if you knew only the mean.

The Normal Distribution

Many statistical distributions are important for various applications. Twwo of them—the normal distribution and Student’ r-distribution—are particularly useful for the spplications in
forecasting to be discussed in this text. In this section, we will describe the normal distribution. We will consider the t-distribution in a later section.

The normal distibution for a continuous random variableis fully defined by just to characterisics: the mean and the variance (or standard deviation) of the varisble. A graph of the
normal distribution has a bel shape such as th three disributions showa in Figure 2.5 @ Al such normal distibutions are symmetrical around the mean. Thus, 50 percent of the
disribution is above the mean and 50 percent s below the mean. It follows that the median must equal the mean when the distribution is normal.

[
w-o " nto

b

n-o » uto
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FIGURE 2.5 Three normal disributions. The top sad middle dismibuions hve the e mess bt diffeent tsadard devissions. The top 2ad Eotom distibuions have the samse stsadard devistion but &fferent mesas.

In Figure 2.5 @, the top graph represents the normal curve for a variable with a population mean of 4 and a standard deviation of 2. The middle graph is for a variable with the same mean
but a standard deviation of 3. The lower graph is for a normal distribution with @ mean of 6 and a standard deviation of 2. While each is unique, the three graphs have similar shapes, and
they have an important common feature: for each of these graphs the shaded area represents roughly 68 percent of the area under the curve.

This brings us to an important property of all normal curves. The area betwveen one standard deviation above the mean and one standard deviation below the mean includes spprovimately
68 percent of the area under the curve. Thus, i we were to draw an element at random from a population with a normal distribution, there is a 68 percent chance that it would be in the
interval 4 = 16. This 68 percent is represented by the shaded areas of the graphs in Figure 2.5,

1f you remember that the normal distribution is symmetrical, you wil realize that 34 percent must be inthe shaded area o the left of the mean and 34 percentin the shaded area to the right
of the mean. Since the tota area to the right (or ef) of the mean is 50 percent,the area in either tail of the distribution must be the remaining 16 percent (these are the unshaded regions in
the graphs in Figure 2.5 @)

1f you extend the range to plus or minus two standard deviations from the mean, roughly 95 percent of the area would be in that interval. And if you go out three standard deviations in both
directions from the mean, over 99.7 percent of the area would be included. These concepts can be summarized s follows:

= 1o includes about 68 percent of the area
4 20 includes about 95 percent of the area
= 30 includes over 99 percent of the area

These three rules of thumb are helpful to remember.
In Figure 2.5 @, you saw three similar yet different normal distributions. How many such distributions are there? There may be billions of them. Every varisble or measurement you

‘might consider could have a different normal distribution. And yet any statistics text you look in will have just one normal distribution. The reason for this is that every other normal
distribution can be transformed easily into a standard normal distribution called the Z-distribution. The transformation is simple:

Inthis way, any observed value (¥) can be standardized to & corresponding Z-value. The Z-value measures the number of standard deviations by which X iffers from the mean. If the.
calculated Z-value is positive, then X lies to the right of the mean (¥ i larger than ). If the calculated Z-value is negative, then X lies to the left of the meen (X is smaller than ).

The stendard normal distribution is shown in Table 2.4 (). Note that it is centered on zero. For every value of X, there i a corresponding value for Z, which can be found by using the
transformation shown in the preceding equation. For example, let us calculate the Z-values that correspond to X = 40 and to X = 65 assuming a standard deviation of 10:

Forx =40,

_40-50
T

ForX =65,

65-50
10
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TABLE 2.4 The Standard Normal Distribution*
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‘Through this process every normal variable can be transformed to the standard normal varizble Z.

‘The normal distribution provides a background for many types of data analysis. However, it is not typically appropriste for work with sample data, and in business we almost always have
sample data. When working with sample data, we use the r-distribution.
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The Student's t-Dist

ution

‘When the population standard deviation is not known, or when the sample size is small,the Stadent’ rdistribution should be used rather than the normal distribution. The Student’s ¢
distribution resembles the normal distrbution but is somevvhat more spread out for small sample sizes. As the sample size becomes very large, the tio distributions become the same. Like
the normal distribution, the -disribution i centered at zer0 (i, has 2 mean of zero) and is symmetrical

Since the -distribution depends on the number of degrees of freedom (df), there are many t-distributions. The number of degrees of freedom appropriate for a given application depends on
the specific characteristics of the analysis. Throughout this text, we will specify the value for df in each application. Table 2.5 @) has & r-distribution for 29 ifferent degrees of freedom
‘plus infinity. The body of this table contains ¢-values such that the shaded area in the graph is equal to the subscript on ¢ at the top of each column for the number of degrees of freedom (df)
Hsted along the left.

TABLE25 Student’s t-Distribution®

a 2 toso tars o0 Loos
1 3078 6314 12.706 31821 63.657
2 1886 2920 4303 6965 9925
3 1638 2353 3182 4541 5841
4 1533 2132 2776 3747 4604
s 1476 2015 2571 3365 4032
6 1.440 1943 2447 3143 3707
7 1415 1895 2365 2998 3499
B 1397 1860 2306 289 3355
9 1383 1833 2262 2821 3250
10 1372 1812 2228 2764 3.169
1 1363 17% 2201 2718 3.106
12 1356 1782 2179 2681 3055
13 1350 L711 2160 265 3012
14 1345 1761 2145 2624 29077
15 1341 1753 2131 2602 2947
16 1337 1746 2120 2583 2021
17 1333 1740 2110 2.567 2898
18 1330 1734 2101 2552 2878
19 1328 1729 2003 2539 2361
2 1325 1725 2086 2528 2845
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To learn how 1o read the r-table, let us consider three examples. First, what value of f would correspond to 5 percent of the area in the shaded region if there are 15 degrees of freedom? To
answer this, 20 to the row for 15 degrees of freedom, then to the column that has .050 for the subseript on r. The f-value at the intersection of that row and column s 1.753. Second, if there
are 26 degrees of freedom and the t-value is 2.479, how much area would be in the shaded region? Looking across the row for 26 degrees of freedom, we see that 2.479 is in the columa for
which ¢is subscripted with .010. Thus, 1 percent of the area would be in that tail.

For our third example, consider the following question: If there are 85 degrees of freedom, what value of £ would be associated with finding 97.5 percent of the area in the unshaded.
‘portion of the curve? For any mumber of degrees of freedom greater than 20, we would use the infinity (Inf.) row of the table. If we want 7.5 percent in the clear area, then 2.5 percent

‘must be in the shaded region. Thus, we need the columa for which £ is subscripted with .025. The ¢-value at the intersection of this row and column is found to be 1.960. (Note that this is
the same as the Z-value for which 2.5 percent would be in the tail, or 0.4750 is in the shaded section of the normal distribution shown in Table 2

‘While t-tables are usually limited to four o five areas in the tail of the istribution and perhaps 30 levels for degrees of freedom, most statisical software incorporates the equation for the
t-distribution and will give exact ares, given any -value and the appropriate number of degrees of freedom. We will rely on the t-distribution extensisely in Chapters 4
part of the evaluation of statistical significance in regression models.
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From Sample to Population: Statistical Inference

‘We are usually much less interested in a sample than in the population from which the sample is drawn. The reason for looking at a sample is almost always to provide a basis for making.
some inference about the whole population. For example, suppose we are interested in marketing a new service in Oregon and want to know something about the income per person in the
state. Over 3.5 million people live in Oregon. Clearl, trying to contact all of them to determine the mean income per person would be impractical and very costly. Instead we might select
2 sample and make an inference sbout the population based on the responses of the people in that sample of Oregon residents.

A sample statistic is our best point estimate of the corvesponding population parameter. While it is best it is also likely to be wrong. Thus, in making an inference about a population. itis
‘usually desirable to make an interval estimate.

For example, an interval estimate of the population mean is one that s centered on the sample mean and extends above and below that value by an amount that s determined by how
confident we want o be, by how large a sample we have, and by the variability in the data. These elements are captured in the following equation for a confidence interval:

=X £ tslfm)

The ratio s/// i called the standard error of the sample mean and measures dispersion for sample means. The t-value is determined from Table 2.5 @) after choosing the number of
degrees of freedom (n ~ 1 in this case) and the level of confidence we desire as reflected by the area in the shaded tail o the distribution.

1f we want a 95 percent confidence interval that is symmetrical around the mean, we would want & total of 5 percent in the two extreme tais of the distribution. Thus, 2.5 percent would be.
in each tail. The following diagram will help you see this:

The tvalus that would correspond to 2.5 pescent in each ail con be determined from Table 2.3 (2, iven the appropriste number o degres of fresdom. Several examples ollow

Number of #Value for
Degrees of Freedom 95% Confidence Interval
s 2571
10 2228
2 2086
50 1960
100 1960

‘Suppose that a sample of 100 responses gives a mean of $25.000 and a standard deviation of §5,000. Ou best point estimate for the population mean would be $25,000, and a 95 percent
confidence interval would be:

= 25,000  1.96(5,000//100)
=25,0004:980

that is,
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See if you can correctly find the endpoints for a 90 percent confidence interval given this same set of sample results 4
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Hypothesis Testing

Frequently we have a theory or hypothesis that we would like to evaluate statistically. For example, we might

Bypothesize that the mean expenditure on entertainment in some city is equal to the national average for all age groups. The process begins by setting up two

Or we may theorize tht consumption o soft drnks b retived people is les than the national level. Or we may watto hypotheses, the null hypothesis (designated

evaluate the assumption that women professionals vwork more than the stendard 40-hour work week: Al of these can be (Flp)amiline d EaniE raeess

evaluated by using an appropriate hypothesis testing procedure. (designated Hr). These two hypotheses.
Should be structured 5o that they sre

The process begins by sting up o hypotheses, the mul ypothess (designated #:) and the slernative ypothesi mutuly exclusive and exhaustive

(designated Hy:). These two hypotheses should be structured so that they are mutually exclusive and exhaustive. For
example, if we hypothesize that the mean expendiure on entertainment by people in some city is different from the
‘national average, the null and alternative hypotheses would be (let 4o = the national average and 4 = this city's population mear)

Hyt p=ho

Hy: The city mean equals the national mean

D utn

The city mean is not equal o the national mean,

Casel

1f we theorize that the consumption of soft drinks by retired people is less than the nationl average, the null and alternative hypotheses swould be (let 4o = the national average and 4 = the
‘mean for retired people):

Hyo w2

‘The mean for retired people is greater than or
equal to the national average.

i p<po

‘The mean for retired people is less than the
national average.

., Hy
Casell

ie,Hy

1f we want to evaluate the assumption that women professionals swork more than the standard 40-hour work week, the null and alternative hypotheses would be (let 4o = the standard work
weeks and = the mean for professionl women):

Ho: w<po

The mean for professional women is less than
or equal to the standard.

Hi:op>py

The mean for professional women is greater
than the standard.

ie.Ho
CaselI

ie,Hy

In each of these cases, the null and alternative hypotheses are murually exclusive and exhaustive.

In satistical hypothesis testng, the approach is o see sehether you find sufficient evidence to teject the null Eypothesis, If so, the alternative is found to have support. For questions of the
type we are considering, thia is done by using  r-test. To perform a t-tes, e mustfrst determine how confident e want o be in our decision regarding whether o not to reject the mull
ypothesis. In most business applications, a 95 percent confidence levelis used. A measure that i closely related to the confidence level is the sigaificance level forthe test. The
significance level, often denoted a (alpha),is equsl o 1 minus th confidence level Thus, a 95 percent confidence level s the same as & 5 percent significance level. The significance level
i the probability of ejecting the nul hypothesis when in fact it is true
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In testing byporheses, here are our possible outcomes, i o which ace zood and two of which are bad. These ae summarized in Table 2.6 @) I we reject gt when n fact it s tre, we
have whatis tevmed a e 1 r707. The other possible ectorsesuls when we £l to rejec a nll bypothesis that i in fact incorrect. This is & ype 27 ervor. These two ectorsaxe relted i that
by seducing the chance of a type T ertor we incresse the chance of a type Il ector and vice versa. Most o the tsne, greate atention is given to type I exrors. The probabilcy of making &
type Terror s determined by the significance level (o) we select fo the hypothesis test. I the cost of s type T eror is large, we would wse & lowe . peshaps | peroeas or e
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TABLE2.6 Type I and Type Il Errors

The Truth
Statistical Decision Ho: Is True Ho: Ts Not True
Reject Ho: Type Terror Noerror
Fail to Reject Ho: Noerror Type I error

Hypothesis tests may be one- or two-tailed tests. When the sign in the alternative hypothesis i an unequal sign (<), the testis a two-tailed test. Otherwise, a one-tailed test is appropriate.
For a two-tailed test, the significance level () i split equally into the two tils of the distribution. For a ons-tailed test, the entire significance level () goes in the one tail of the
distribution that is indicated by the direction of the inequaliy sign in the alternative hypothesis. Consider the three situations described a few paragraphs back. These are summarized in the
Sollowing diagrams, which show where the significance level would be (a 5 percent significance level is used in all three cases).

Case 11 A one-tiled test lower i)

n2po Hiw<ng

Case 111 A one-tailed test (upper tail)
How<p Hin>p

The 7 values are determined from a r-distribution, such as that in Table 2.5 (2, at the appropriate number of degrees of freedom (n — 1, in the examples used here) and for the tail areas
indicated in these diagrams (2 for two-tailed tests and o for one-tailed tests).

For each hypothesis test. a t-value s caloulated (ryqc) and compared with the critical value from the r-distribution (7). If the caleulated value is further into the tail of the distribution than
the table value, we have an observation that is extreme, given the assumption inherent in H, and so Ho is rejected. That is, we have sufficient evidence to reject the null hypothesis (Hg)

when the absolute value Of fey is greater than f7. Otherwise we failto reject the premise in Ho.

The calculated f-staistic is found as follows:
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where

X

is our sample mean and our best point estimate of 4. The value we are testing against is up. The semple standard deviation is s and the sample size is .

Let us now apply these concepts to our three situations. Starting with case I, lot us assume that a sample of 49 people resulted in a mean of $200 per month with a standard deviation of
'$84. The national average is $220 per month. The hypotheses are:

Hyip=220
Hyip#220

The calculated value is:

wem

840 12

1f we want a 95 percent confidence level (a = 0.05), the critical or table valus of ¢ s + 1.96. Notice that the £oos column of Table 2.5 @ was used. This is because we have a two-tailed

test, and the e of 0.0 i split equally between the two tails. Since our calculated f-value (feac) has an absolute value that is less than the critical value from the f-table (17), we fail o reject
the null hypothesis. Thus, we conclude that the evidence from this sample is not sufficient to say that entertainment expenditures by people in this ity are any different from the national
average

fee =

‘This result is summarized in the following disgram:

s200

EREC =19

foe =167

Fail to Reject H

‘We see here that the observed mean of $200 or its corresponding t-value (~167) is not extreme. That s, it does not fall into sither of the shaded areas. These shaded areas taken together
are often called the rejection region, because fea values in the shaded areas would call for rejection of Ho.

Letus now look at case II. Assume that for a sample of 25 retired people the mean was 1.2 six-packs per week with 2 standard devistion of 0.6. The national average (4o) s 1.5. The
bypotheses are:

Ho:p215
Hip<1s
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‘The t7 values are determined from a r-distribution, such as that in Table 2.5 @), at the appropriate number of degrees of freedom (2 — 1, in the examples used here) and for the tail areas.
indicated in these diagrams (2 for two-tailed tests and o for one-tailed tests).

For each hypothesistes,a t-value i calculated (1) and compared with the critical value from the distibution (¢7).Ifthe calculated value is further ino the ail of the distribution than
the table value, we have an observation thatis xtreme, given the assumption inherent in H, and so Ho s rejected. That s, we have sufficient evidence to rejec the null hypothesis (2g)
when the absolute value Of oy is preater than f7. Otherswise we fal o rejectthe premise in Ho.

The calculated t-statisti is found as follows:

where

X
is our sample mean and our best point estimate of 4. The value we are testing against is up. The semple standard deviation is s and the sample size is .

Let us now apply these concepts to our three situations. Starting with case I, lot us assume that a sample of 49 people resulted in a mean of $200 per month with a standard deviation of
'$84. The national average is $220 per month. The hypotheses are:

Hyip=220
Hyip#220

The calculated value is:

200-220 20
840 12

1f we want a 95 percent confidence level (a = 0.05), the critical or table valus of ¢ s + 1.96. Notice that the £oos column of Table 2.5 @ was used. This is because we have a two-tailed

test, and the e of 0.0 i split equally between the two tails. Since our calculated f-value (feac) has an absolute value that is less than the critical value from the f-table (17), we fail o reject
the null hypothesis. Thus, we conclude that the evidence from this sample is not sufficient to say that entertainment expenditures by people in this ity are any different from the national
average

L67

fee =

‘This result is summarized in the following disgram:

s200

s | s =19

foe =167

Fail to Reject H
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‘We see here that the observed mean of $200 or its corresponding t-value (~167) is not extreme. That s, it does not fall into sither of the shaded areas. These shaded areas taken together
are often called the rejection region, because fea values in the shaded areas would call for rejection of Ho.

Letus now look at case II. Assume that for a sample of 25 retired people the mean was 1.2 six-packs per week with 2 standard devistion of 0.6. The national average (4o) s 1.5. The
bypotheses are:

Ho:p215
Hip<1s

The calculated t-value is:

_12-15 _-03

= 12-13 2.50
ooy 012

fee

The critical value from the t-distribution in Table 2.5 (©), assuming a 95 percent confidence level (& = 0.05), is tr = —1.711. Note that there are 24 degrees of freedom. Since the sbsolute
value of fege is greater than the table value of £, we reject Ho. Thus, we conclude that there s sufficient evidence to support the notion that retired people consume fewwer soft drinks than
the national average.

‘This result is shown in graphic form as follows:

1.2 six packs

5%

1p=-1m

Reject Hy

Here we see that the sample mean of 1.2 i extreme, given & = 0.05 and df = 24, and so we reject 2. The calculated value of £ falls in the rejection region.

Finally, lot us consider case IIL. We will assume that we have & sample of 144 professional women and that the mean number of hours per week worked for that sample is 45 with a sample
standard deviation of 29. The nationl norm is the 40-hour work week. The hypotheses are:

Hy i <40
Hy i 40

Our caleulated r-value is:

45-40

29//144

The relevant table value is 1.645 (= 0.05 and df = 143). Since foqs > fr, we reject the null bypothesis and conclude that the mean for professional women is greater than 40 hours per
week.

s
[ 3 =207




image31.png
‘This result is shown graphically as follows:

45 hours per week

W "
=i

‘The calculated t-value lies in the shaded (or rejection) region, and so Hp s rejected.

The t.tess liustrsted i this section involved making judgments about  population mean baced on information from & sample. Tn esch <est,the calculated value of £ was determined by
ividing some difference (X — o) by & standaxd eror (/). Al -statistics are caleulaed in thi generel vy

the difference being evaluated
the corresponding standard error

‘We will use this general form later in this chapter as well asin subsequent chapters of the text when f-tests are appropriate.

There are other statistical tests and other distributions that are applicable to forecasting. These include F-tests, Durbin-Watson tests, and chi-square tests, which will be discussed later in
the text as they are applied. If you have a basic understanding of the use of -tests, these other statistical tests will not be difficult o use.

Correlation

Itis often useful to have a measure of the degree of association betwween two variables. For example, if you believe that sales may be affectad by expenditures on advertising, you might
want to measure the degree of association between sales and advertising. One messure of association that s often used is the Pearson product-moment correlation coefficient, which is
designated p (1ho) for a population and r for & sample. There are other measures of correlation, but Pearson’s is the most common and the most useful for the type of data encountered in
Sorecasting situations. Thus, when we refer to correlation or a correlation coefficient, we mean the Pearson product-moment correlation.

There are several alternative ways to write the algebraic expression for the correlation coefficient, For our purposes, the following is the most instructive:

where X and ¥ represent the o variables of interest (e.g., advertising and sales). This is the sample correlation coefficient. The calculation of the population correlation coefficient (0) is
strictly analogous except that the population means for X and ¥ would be used rather than the sample means. It is important to note that the correlation coefficient defined here measures
the degree of linear association between ¥ and ¥.

‘The correlation coefficient can have any value in the range from —1 to +1. A perfect positive correlation would be 7 = +1, while a perfect negative correlation would be 7 = —1. These
ases are shown in seatterplots 4 and 5 of Figure 2.6 G). You can see that when there is a perfect correlation (positive or negative) all o the data points fall along a straight line.




image32.png
%0 y 90 o
50 . 0] e
0 k) .
& . o
50 . 50 .
a0 a0
30 . 20
.
0 . 0 .
0 Corrlation A s: r=+1.0 0 Correlation D s r =~ 0.59
0 o
0 10 20 30 40 50 6 0 10 W 0 4 0 e
50 5 15 E
0 . W . .
w . 3s
“ . 30 .
254
0 .
0 . .
304
0 . s
20 10
10 Corrcation B s: 54 Corrlation E s:
0 o
0 10 0 0 40 50 6@ 0 10 M 0 4 0 6
50 3 09 F
0 . & . .
o0 . “
50
“0
a0 .
304 . .
0
o . 20 .
.
10 Correlation C is: r =079 v Correlation F is: = 0.00
0 o
0 10 20 0 40 50 6 0 10 W 0 4 S0 6

FIGURE 2.6 Representative scatterplots with the correcponding correlation costfiients. These ssatrplots show corelaion scefficiens hat range fom & pesfet postive correlation (4) aad & pefect negatie
conetztion (5) to ero conelatons (£ aad ).

In scatterplot C, it appears that in general when X increases, ¥ increases s well. That s, there appears to be a positive (or direct) association betwveen X and ¥c. However, all five points
o not fall long a single straight line, and o there is not a perfect linear association. In this case, the correlation coefficient is +0.79. Scatterplot D shows a negative (or inverse)
050,

‘association between X and ¥, but one that is not perfectly linear. For scatterplot D,

The remaining two scatterplots in Figure 2.6
note that in panel F there is a clear nonlinear association between X and ¥r.
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We could perform a hypothesis test o determine whether the value of a sample correlation coefficient (7) gives us reason to believe that the true population correlation coefficient (o) is
significantly different from zero. If it is not, then there would be 1o linear association betwveen the two measures. The hypothesis test would be:

Hy:p=0
Hiip#0

and ¢ would be calculated as:

where 1 /(1= 72)/(n — 2) s the standard arror of 7.

Let us apply this o the data in scatterplots C and D of Figure 2.6 3. In both of these cases, for a tio-tailed test, with &
3 degrees of freedom forthis test). For pasel C the calculated value of is:

e

Jimeml2a

-22318

Vo

Since fuge i i the nterval between 17 (i, £3.182), we would fil t reject the mull bypothesis on the basis of asample o five observations at 95 percent confidence level (x = 0.05).
Thus, we conclude that there s not enough evidence t say that o i different from Zero. While the 7 = 0.79 s a fairy strong correlation, e are not able 10 say it i significantly different
from zeroin this case, lagely because we have such sl sample. £ 1 = 50 and 7 = 0.79, the calculated value for £ would be 26,06, and the table value would be 1.96, 50 that the mull

Bypothesis would be rejected.

For the data in panel D, the calculated value of £is:

Since this feaeis notin the interval between 17, we would reject Ho and would conclude that we do have enough evidence to suggest that p is different from zero (at a 95 percent
confidence level, or &= 0.05, and on the basis of a sample of five observations).
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CORRELOGRAMS: ANOTHER METHOD OF DATA EXPLORATION

In evaluating a time series of data, it is useful to look atthe correlation between successive observations over time. This

‘measure of correlation i called an autocorrelation and may be calculated as follows: (nGET ey R ENE G, B Esll

tolook at the correlation between successive.
observations over time. This measure of
correlation is called an autocorrelation.

where:

rie= Autocorrelation for a #-period lag
¥ = Value of the time series at period ¢
Feei = Value of time series & periods before period ¢

¥ = Mean of the time series

If the time series i stationary, the value of r should diminish rapidly toward zero as & increases. If, on the other hand, there is a trend, 7z will decline toward zero slowdy. If a seasonal
‘pattern exists, the value of 7z may be significantly different from zero at k = & for quarterly data, or & = 12 for monthly data. (For quarterly data, rgfor = 8, k = 12, k= 16,...may also be
large. For monthly data, a large 7i may also be found for & = 24, & = 36, ete)

A z-period plot of autocorrelations is called an autocorrelation function (ACF), or a correlogram. We will look at a number of such graphics as we further analyze disposable personal
income, total houses sold, and The Gap data.

To determine whether the autocorrelation at lag & is significantly different from zero, the following hypothesis test and rule of thumb may be used:

Hoipr=0
Hiipp#0

For any &, seject Ho f rt> 2/, where 1 i the number of observations. This rule of thumb is for 2 95 percent confidence level §
The use of autocorrelations and correlograms can be illustrated by looking at some of the data used earler in this chapter. Let us begin with the disposable personal income (DPIPC) data

‘eraphed in Figure 2.7 (). From that plot it i clear that DPIPC has a positive trend, 3o that we might expect high autocorrelation coefficients. The quarter-to-quarter change in DPIPC
(ADPIPC) is shown along with DPIPC in Figure 2.7 @) While there i a preat deal of fluctation in ADPIPC, the series is much more flat than are the data for DPIEC.
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‘The sutocorrelation structures of DPIPC and ADPIPC are shown in Figure 2.8

For DPIPC, 69 observations were used. Thus, 2//7 = 2//89 = 0.241. Since all of the autocorrelation
cosfficients in Figure 2.8 (7 are greater than 0241, we can conclude that they are all significantly different from zero. Therefore, we have additional evidence of a wrend in the DPIPC
data § The actual 95 percent confidence interval is shown by the two horizontal lines labeled “Upper limit” and “Lower limit”
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ACF Values for ADPIPC
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FIGURE 2.8 The ACF graphs for DPIPC and ADPIPC. From the upper geéph, e see videase that DPIEC does have  positive wead. The Lower 3rsph sug3ests et quarteto-guares ADPIPC is st (265 @)

Ifwe want to ry a forecasting method for DPIPC that requires stationary data, we must first transform the DPIPC data to a stationary series. Often this can be done by using first
differences. For DPIPC, the first differences can be calculated as:

ADPIPC, = DPIPC, — DPIPC,

where ADPIPC,is the first difference (or change) in DPIPC. We can check: for stationarity in ADPIPC by examining the autocorrelation structure for ADPIPC as shown in Figure 2.8 @
For ADPIPC, the autocorrelations are all within the upper and lower bounds, 5o this series is stationary.
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TOTAL NEW HOUSES SOLD: EXPLORATORY DATA ANALYSIS AND MODEL
SELECTION

Let us apply exploratory data analysis techniques to the total new houses sold dta that were introduced in Chapter 1(@) and that often will be sed as an example in the text Figure 2.
9 (@) shows the raw data for total houses sold (TNHS) and a trend line. In this plot. we see several things of interest. First, there appear to be fairly regular, sharp up-and-down movements
that may be a reflection of seasonality in TNHS. Second, the long-term trend appears negative. The autocorrelation structure of TNHS is shown in Figure 210 @

TNHS (000)
190 4

—TNHS 000 |
120 Lincar (TNHS (000))

100

FIGURE 2.9 Total ners housessold. T geaph show toal aexe bowses s0d (in thousands) by month rom Jasuary 2002 through Deseamber 2016, sloag with the ong.<erm tread. (€209 @)

ACF for TNHS (000)
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‘We see that the autocorrelations for TNHS do not fall quickly to zero. The autocorrelation coefficients are all significantly different from zero, Thus, we have evidence of a significant
trend in TNHS. We also show the ACF for the quarter-to-quarter change of TNHS in Figure 2.10,

escent sonfidense band, indicaing the poskive tzead in TNESS. For th chsnge n TNES,
ithin the 55 peroent coafdence band, indicating 20 wend i the mosth-1o-month changes fa TNES. (2110

From this exploratory anlysis of the total new houses sold, we can conclude that there is trend and seasonality. From Table 2.1 (), we can, therefore, suggest the following as potential
Sorecasting methods for total houses sold:

‘Winters” exponential smoothing
Regression trend with seasonality
Causal regression

Time-series decomposition

A Process, Not an Applicat

Charles W. Chase, Jr.

Current litersture and experience dictate that the best forecasting system provides easy access, review, and modification of forecast results across all corporate
disciplines; provides altemative modeling capabilities (multidimensional); includes the ability to creste a knowledge base by which future forecasts can be refined;
and provides timely and accurste automated link/feed interfaces with other systems such s | RL. (Information Resources Inc /Nielsen syndicated datsbases and the
mainframe shipment datsbase. The present industry trend has been redirected sway from mainframe systems toward PC-based software applications due to the lack.
of flexibility ssociated with mainframe access and reporting. Mainframes are being utiized primarily as storage bins for PC-based systems to extract and store
information.
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INTEGRATIVE CASE: THE GAP

The Gap sales year starts in February and
‘ends the following January. This means the
first quarter includes February, March, and
April. The fourth quarter includes November,
December, and January.

Data Analysis of the Gap Sales Data

Gap Sales (SM)

6,000

5000

4,000

3,000

2000

1000

o O o O O O o O o O O o o

From this raph, it s clea that The Gap sales ax seasonl and esseataly staionary. There does 2ot 2ppear t'be 2 cyele. The Gap sales year starts in February 2nd eads the Bllowing Jsnuary: (C2 Gap Sales Data @)

Case Questions

1.1n 2016, The Gap sales by quarter were as given below

Quarter Gap Sales (SM)
2016Q1 3438
2016Q2 3851
2016Q3 3798
2016Q4 4429

Callulate the mean and standard deviation for this set of quarterly sales. See the following file: C2 Gap Sales Data %)
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2. The Gap sales on an annual basis are shown in the following table.

Year Annual Gap Sales (SM)
2006 15925
2007 15763
2008 14526
2000 14197
2010 1466
2011 14589
2012 15651
2013 16,148
2014 16435
2015 15797
2016 15516

Plot these data in a time-series plot. Based on this graph, what pattern do you see in The Gap's anmual sales? See the following file: C2 Gap Sales Data @)

3. Using data for 2006Q1 through 2016Q4, construct the correlogram (plot of the autocorrelations) for lags of 1 through 12. (The quarterly data are in the following file:
€2 Gap Sales Data @)

4. Based on the plot of The Gap quarterly sales and on what you learned from question 3, what forecasting methods might you suggest if you were to forecast The Gap's quarterly sales?
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Solutions to Case Questions

1. The sum of the four quarters is 15.516 which when divided by 4 gives a mean of 3,879. The standard deviation (assuming this is @ sample of data) is 410.01. See the following file:
€2 Gap Sales Data @

Annual Gap Sales (SM)
18.000 Gep o

Tl
1400

1200
10000
8000
600
4000
000

o+

3. As you see from the autocorrelations (ACF) and carrelogrem belor, the autocorrelations do not decline gradually. Thus, we have evidence that there is not 2 significant trend in The
Gap data during the period for which we have data. The higher bars outside the upper 95 percent confidence band suggest seasonalty in the fourth quarters The data are in the

following file: C2 Gap Sales Data (3.
ACE forGap Saes (s)

o '

4 Based on the plot of The Gap's quarterly sales, as well as the data analysis from question 3, the following forecasting methods might be suggested from the information in Table 2.1 (2)
Winters' exponential smoothing
Regression trend with seasonality
Causal regression
Time-series decomposition
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2.1 Comments from the Field

ANCHORAGE ECONOMIC DEVELOPMENT CENTER SECURES TIME-SAVING FORECASTING ACCURACY

Anchorage Economic Development Center (AEDC) s a private, nonprofit corporation that has been in operation since 1987 and is seeking to improve the economic,
conditions in Anchorsge by expanding value-added industries, increasing business services, and developing tourism. The AEDC needed o sccurately forecast the
economic outlook for such industries s mining, government, finance, insurance, real estate, manufacturing, construction, transportation, communications, utities,
trade, and services.

Using historical data from the Alaska Department of Labor, the AEDC had used ratio-to-moving averages classical decomposition formulas in Microsoft Excel to
forecast the economic outlook. But this long and fairly complicated process usually took sbout one month to complete. The results, though complete, were not as
sccurate s they should be.

The AEDC determined that John Galt Solutions could provide software (ForecastX™ Wizard) that would more accurstely—snd efficiently—define and forecast the
economic conditions in Anchorage. AEDC wanted a solution that would minimize its time formatting and forecasting data and allow more time for analyzing and
marketing the results of the forecasts

The AEDC found ForecastX™ to be an easy-to-integrate tool that required no data preparation. AEDC was also happy to continue using Microsoft Excel and stil have
the abilty to use the advanced forecasting methods. Flawlessly integrated, ForecastX™ Wizard provided the AEDC with Procast (expert selection); the abilty to
handle unlimited amounts of deta; and the abilfy to forecast data on @ monthiy, quarterly, or yearly basis.

With the advanced features and functionality of ForecastX™ and its ease of use, AEDC was able to cut its forecasting prep time down to one week. More time,
therefore, could be spent focusing on evaluating the results of forecasts and bringing more businesses to Anchorage. ForecastX™ Wizard provided AEDC with the
tool it needed to more efficiently and accurstely complete its forecasts.
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USING FORECASTX™ TO FIND AUTOCORRELATION FUNCTIONS

‘The most difficult calculations in this chapter were the autocorrelation coefficients. These can be calculated easily in the ForecastX™ software that accompanies your text. What follows is
a brief discussion of how to use ForecastX™ for this purpose. This also serves as a good introduction to the ease of use of ForecastX™.

First, put your data into an Excel spreadshet in column format such s the sample of The Gap data shown in C2 Gap Sales Data @ . Once you have your data n this format, while in
Escel highlight the data you want to use and then start ForecastX ™. The following dialog bos appears:

e | |

Check the Periodicity box to be sure that it matches the periodicity of your data (Quarterly for this example), then click the Forecast Method tab at the top and the following screen
appears:
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You may get a different forecast method than shown here (Holt Winters) but for now this does not matter. Now click the Analyze button in the right side panel and the following sereen
appears. Click Export, and the results will be saved to a new Excel book.

ACF/PACF Manipulation x
Data Series o Analyze:
Gap Seles (M) -
Differencing
Non-Seasonal Seasonal @
2 O
Num of Bars Actions.
2 Bedraw  Export
Print Ok Cancel

You will have the results shown below (along with some other results) in a new Excel book

ACF for Gap Sales 480

Note: Throughout the text, sou may find some stustions in which the standard calculations that we show do not match exacty with the ForecastX™ recults, This i becauce they, at fimes, ivoke proprietars.
alterations from the standard calculations. The resuls are lvays very close but sometimes do not match perfectly with “hand” calculations.
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EXERCISES

1. The mean volume of sales for a sample of 100 sales representatives is $25,350 per month. The sample standard deviation is $7,490. The vice president for sales would like to know
‘whether this result s significantly different from 524,000 at a 95 percent confidence level. Set up the appropriate null and alternative hypotheses, and perform the appropriate statisical
test

2. Larry Bomser has been asked to evaluate sizes of tire inventories for retail outlets of a major tire manufacturer. From a sample of 120 stores, he has found @ mean of 310 tires. The
industry average is 325. If the standard deviation for the sample was 72, would you say that the inventory level maintained by this manufacturer is significantly different from the
industry norm? Explain why. (Use a 95 percent confidence level)

3. Twventy praduate students in business were asked how meny credit hours they were taking in the current quarter. Their responses are shown as follows (¢2p3 @)

Student Number Credit Hours
1 2
2 7
3 5
4 5
H s
6 1
7 6
5 5
B 2
10 u
1 s
2 s
I8 o
1 15
15 0
16 s
It o
15 s
1 o

2 10
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. Determine the mean, mdian, and mode for this sample of data. Write a sentence explaining what each means.

b. It has been suggested that gradute students in business take ferver credits per quarter than the typical graduate stadent at this university. The mean for all graduate students s 9.1
redit hours per quarter, and the data are normally distributed. Set up the appropriate null and alternative hypotheses, and determine whether the null hypothesis can be rejected ata
95 percent confidence level.
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4. Arbon Computer Corporation (ACC) produces a popular PC clone. The sales manager for ACC has recently read a report that indicated that sales per sales representative for other
‘producers are normally distributed with  mean of $255,000. She s interested in knowing whether her sales staff is comparable. She picked a random sample of 16 salespeople and
obtained the following results (e2p4

Person Sales
1 177,406
2 330753
3 310170
4 175520
H 29333
6 2175
7 144031
5 270670
B 110027
10 182577
u 177707
2 154096
1 236083
1 301051
15 158792
16 140891

Ata5 percent significance level, can you reject the mull bypothesis that ACC's mean sles per salesperson was §255,0007 Draw & disgram that illustrates your answer.
5. Assume that the weights of college football players are normally distributed with a mean of 205 pounds and a standard deviation of 30.

. What percentage of players would have weights greater than 205 pounds?

b. What percentage of players would weigh less than 250 pounds?

. Ninety percentage of players would weigh more than what number of pounds?

d. What percentage of players would weigh between 180 and 230 pounds?

6. Mutual Savings Bank of Appleton has done a market rescarch survey in which people were asked to rate their image of the bank on a scale of 1 to 10, with 10 being the most favorable.
‘The mean response for the sample of 400 people was 7.25, with a standard deviation of 2.51. On this same question, a state association of mutual savings banks has found a mean of
701

. Clara Weston, marketing director for the bank, would like to test to see whether the rating for her ban is significantly greater than the norm of 7.01. Perform the appropriate:
ypothesis test for a 95 percent confidence level.

b. Draw a diagram to illustrate your result

. How would your result be affected if the sample size had been 100 rather than 400, with everything clse being the same?
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7.In a sample of 25 classes, the following numbers of students were observed (<257 (Z);

Class Number of students
1 a0
2 50
s P
s 2
s 2
s )
7 o
s 1
5 2

0 i
1 51
I o
13 s
14 E
15 E
16 w
7 10
15 a0
10 36
2 2
2 2
) 2
b S
% 51
25 s

. Caleulate the mean, median, standard deviation, variance, and range for this sample.
& Whatis the standard error of the mean based on this information?

f What ould be the best point estimate for the population class size?

¢ What i the 95 percent confidence interval for class size? What is the 00 percent confidence interval? Does the difference between these o make sense?
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8. CoastCo Insurance, Inc., is interested in forecasting annual larceny thefts in the United States using the following data (¢2pS,

ear Larceny Thetts
1072 151
1973 1348
1972 5263
1975 5978
1976 61
1977 5906
1978 5983
1970 6578
1980 7157
1981 7104
1982 7143
1983 6713
198 6502
1985 6926
1986 7257
1987 7,500
1988 7,706
1989 7872
1990 7016
1091 8142
1092 7015
1093 781
1992 7876

. Prepare & time-series plot of these data. On the basis of this graph, do you think there i & trend in the data? Explain.
b. Look at the autocorrelation stracture of larceny thefts for lags of 1, 2, 3, 4, and 5. Do the autocorrelation coefficients fall quickly toward zero? Demonsirate that the critical value for
7yis 0.417. Explain what these results tell you sbout a trend in the data.

. On the basis of what is found in parts 4 and b, suggest a forecasting method from Table 2.1 @) that you think might be appropriate for this series.
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9. Use exploratory data analysis to determine whether there i a trend and/or seasonality in mobile home shipments (MHS). The data by quarter are shows in the following table
(c2p9 @)

Period Period Period Period
Mars1 549 Dec:ts 662 Sep-s8 502 92 528
st 701 Mars &3 Dec.t8 516 Sep92 57
Sep-a1 655 Tuass 703 Mar39 481 Dec.2 576
Dec:tt 02 Sep-8s 765 a0 551 Mar93 64
Mars2 533 Dects 655 Seps0 503 T3 643
g2 679 Mar6 se1 Dec.89 P Sep93 671
Sep-s2 61 a6 665 Ma30 43 Dec.93 664
Dec.i2 553 Sep-36 64 190 517 Maras 0.1
Mas 63 Dect6 s61 Sep90 s05 s %7
T3 515 Mars7 519 Dec.20 426 Sep9s %7
Sep-s3 17 a7 s Ma1 354 Dec.9s 75
Dec.t3 602 Seps7 647 91 a4 Mar5 702
Marss 75 Dec.s7 535 Sep91 472 95 65
s 827 Mars 4 Decot 109 Sep95 76
Sep-as 7 Juas8 605 Mar92 s Dec9s s64

On the basis of your analysis, do you think there s & significant trend in MHS? Is there seasonality? What forecasting methods might be appropriate for MHS according to the
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10. Home sales are often considered an important determinant of the future health of the economy. Thus, there is widespread interest in being able to forecast home sales (HS). Quarterly
ata for HS are shown in the following table in thousands of uits (c2p10

Home sales
Date (000) per Quarter
Mar89 161
Tun-89 R
Sep-89 m
Dec-9 138
Mer20 155
Tun90 152
Sep-20 130
Dec-90 100
Max91 121
Tun91 144
Sepa1 126
Dec-91 116
Max92 159
un92 158
Sep92 159
Dec-92 132
Max93 154
Tun93 183
Sep93 169
Dec-93 160
Mars 178
Tun94 185
Sep9s 165
Decs 102
Max95 154
Tun95 185
Sep95 181

Dec-95 145
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Mar-96
1896
Sep96
Dec96
Mar97
Tun97
Sep97
Dec.97
Mar98
195
Sep98
Dec.98
Mar99
Tun.99
Sep99
Dec.99
Mar.00
Tun.00
Sep00
Dec.00
Mar01
Tun1
Sep01
Dec.ot
Ma02
Tun02
Sep02
Dec.2
Mar03

Jun-03

192

204

201

161

a1

12

208

174

20

247

218

200

27

248

21

185

233

26

219

199

251

243

216

199

240

258

254

20

256

299
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Sep-03 204

Dec.03 20
Mar0s 31
Tun0s 320
Sep0s 2
Dec.0s 268
Mar.05 EY
Tun05 E
Sep0s 26
Dec.0s B0
Mar06 25
1us.06 300
Sep06 251
Dec06 216
Mar07 214
Tun07 20

. Prepare & time-series plot of THS. Describe what you see in this plot in terms of trend and seasonality.
b. Caleulate and plot the first 12 autocorrelation coefficients for HS. What does this autocorrelation structure suggest about the trend?
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Chapter Two

The Forecast Process, Data
Considerations, and Model Selection

OVLADCRIN sy Tmges

INTRODUCTION

In this chapter, we will outline & forecasting process that i  useful guide to the establishment of a successful forecasting system. It s important that forecasting be viewed a3 a process that
‘ontains certain key components. This process includes the selection of one or more forecasting techniques applicable to the data that need to be forecast. This selection, in turn, depends
on the type of data that are available. In selecting a forecasting model, one should first evaluate the data for trend, seasonal, and cyclical components

In evaluating a data series for its trend, seasonal, and cyelical components, it is useful o look at the data in graphic form. In this chapter, we evaluate data for the U.S. population, total new
houses sold, disposable personal income, and The Gap sales to see which time-series components existin each. This chapter also includes a review of statistics and an introduction to the
use of autocorrelation coefficients, which can provide useful information about the underlying components in a time series.

LEARNING OBJECTIVES
After stadying this chapter, you should be able to

1. Explain a process for developing forecasts
2. Distinguish between trend, seasonal, and cyclical data patterns.

3. dentify forecasting methods that would be good candidates for a given series to be forecast
4. Explain the differences betsveen the mean, median, and mode for a setof data.

5. Explain the most common measures of dispersion in data

6. Discuss the normal and Stadent’s ¢ distributions.

7. Describe taree common forms of satistcal hypotheses.

5. Explain what a statisical correlation measures.

9. Explain how an autocorrelation function (ACE) can be usefulin forecasting.
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Period EXR]
1 127.36
2 12774
3 13055
4 13204
H 137.86
6 14308
7 14042
H 14149
9 14507

10 14221
1 14353
12 143.69
3 14498
1 145.69
15 15351
16 158.46
17 15404
1 1527

1 140.04
20 147.46
2 13844
2 12059
23 12022
24 13289
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THE FORECAST PROCESS

The forecast process begins with recognizing the need to make decisions that depend on the furure—and unknown—value(s) of some varisble(s). It is important for managers who use
Sorecasts in making decisions to have some familiarity with the methods used in developing the forecast. Itis also important for the individuals involved in developing forecasts to have an
‘understanding of the needs of those who make decisions based on the forecasts. Thus, good communication among all nvolved with forecasting is parsmount.

There are & variety of ways in which we could outline the overall forecasting process. We have found the sequence shown below to be a useful paradigm.

Specify objectives.
Determine what o forecast.
Iéenify time dimensions.
Data considerations.
Mode! selection.

Model exaluation.

Forecast preparation.
Forecast presentation.
Tracking results

This flow of relationships in the forecasting process will be discussed in more detal in Chapter 12 (. after a base of understanding of quantitative forecasting methods has been
established.

It may seem obvious that the forecasting process should begin with a clear satement of objectives that inclades how the forecast vill be used in a decision context. Objectives and
applications of the forecast should be discussed betvieen the individual(s) involved in preparing the forecast and those who will tlize the resuls. Good communication at this phase will
help ensure thatthe effort that goes into developing the forecast results in improved decision outcomes.

The second step of the process involves specifying explicitly what to forecast. For a traditional sales forecast, you must decide whether to forecast unit sales or dollar sales. Should the
Sorecast be for total sales, or sales by product line, or sales by region? Should it include domestic sales, export sales, or both? A hospital may went to forecast patient load, shich could be
defined as admissions, discharges, patient-days, or acuity-days. In every forecasting situation, care must be taken to carefully determine exactly what variable(s) should be forecast.

Next, two different issues that relate to the time dimensions of the forecast need to be considered. One of these dimensions involves the length and periodicity of the forecast. s the forecast
needed on an snnual, quarterly, monthly, weekly, or daily basis? In some situations, an even horter time period may be necessary, such as in forecasting electricity demand for a generating
Sacility. The second time dimension to be considered is related to the urgency of the forecast.If there i litle time available before the forecast is needed, the choice of methods that can be
‘used will be limited. When forecasting involves bundreds, or thousends, or tens of thousands SKUs (stock keeping units), a forecaster will be limited to methods that can be automated and.
done in an efficient manner.

The fourth element of the forecasting process involves a consideration of the quantity and the type of data that are available. Some data may be available internally, while other data may
have to be obtained from external sources. Internal data are often the easiest to obtain, but not always. Sometimes data are not retained in a form useful for the development of a forecast. It
is surprising how frequently we find that data are kept only on an annual basis rather than for shorter periods, such a3 quarterly or monthly. Similarly, we often run into sitations where
only dollar values are available rather than units. External data are available from a wide variety of sources, some of which were discussed in Chapter 1 (2). Most external sources provide
data in an electronic form.

Mode selection, the fifth phase of our forecasting process, depends on a number of criteris, including:

1. The pattern exhibited by the data
2. The quantity of historic data available
3. The length of the forecast horizon
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Table 2.1 @ summarizes how these criteria relate to the quanitative forecasting methods that are included in this text. While all of these criteria are important, the firs is the most
important, We will discuss the evaluation of patterns in data and model selection in greater detail after completing a review of the forecasting process.

TABLE21 A Guide to Selecting a Traditional Forecasting Method ¥%

Forecasting Method Data Pattern Quantity of Historical Data (Number of Observations)  Forecast Horizon

Naive Stationary o2 Very short

Moving averages Stationary Nunber equal o the perods inthe moving average Very short

Exponential smoothing

Simple Stationary Sw10 Shore

Adsprive response Stationary 1015 Shore

Holts Linear trend 1015 Stortto medium

Winters Trend and sesconality Atlesst 4 o 5 per seson Stortto medium

Bass model Seure Small, 31010 Stortto Medium

Regression based

Trend Linear and nonlinesr tend with or without sessonality  Minimum of 10 with 4 or 5 per Stortto medium
season if seasonality is included.

Causal Can handle nearly all data pterns Recommend a minismun of 10 pe independent variable  Shore, medium,and long

Time-series decomposition  Can hancl trend, seasonal, and cyelical paterns Enough tosee two pesks and two toughs inthe cyele Shore, medium,and long

ARDIA Stationary or transformed to sationary Minimum of 50 Stort, medium, and long

T e prasenas n s el e the ok ol ety Trare s St Mt svslble mosk S e are s n o Forecs SO ettt sccomparies s e

Dt 4 e miing e rt v Sscuceed i Chapters 8D rsush 5 re s on Sferen e

The sixth phase of the forecasting process involves testing models on the specific series to be forecast. This i often
done by evaluating how each model works in & retrospective sense. That i, we see how well the results fit the historic [ S S v SRS S

ata that were used in developing the models. A measures such as the mean absolute percentage error (MAPE) is Py ———————
typically used for this evaluation. We often make & distinction between /it and accuracy in evaluating a forecast model.

Fit efers to how well the model works retrospectively. Accuracy relates to how well the model works in the forecast
horizon (i.c., outside the period used to develop the model). When we have sufficient data, we often use a “holdout”
‘period to evaluate forecast accuracy. For example, suppose that you have 10 years of historic quarterly sales data and.
want to make & two-year forecast. In developing and evaluting potential models, you might use just the frst eight years of data to forecast the last two years of the istorical series.
MAPE: could then be caleulated for the to holdout years to determine swhich model or models provide the most accurate forecasts. These models would then be respecified using all 10
‘years of historic data, and a forecast would be developed for the true forecast horizon. If the models selected in phase 6 did not yield an acceptable level of accuracy, you would refurn to
step 5 and select an alternative model.

the model works in the forecast horizon

Phase 7, orecast preparation, i the natural result of having found models that are believed o prodce acceptably accurate results, We recommend that more than ons techaique be used
whenaver possible. When to, or more, methods that have differentinformation bases are used, their combination will frequently provide better forecasts than would either method alone.
The process of combining forecasts s sufficiently important thatthe appendi (7 to Chapter 5 i devoted to ths topic.
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The sighth phase of the forecasting process involves the presentation of forecast rsults o those Ao rely on them to make decisions. Here, clear communication s critcal. Sometimes.
anslysts who develop forecasts becorme so enamored with the sophistication of this models tht they focus on technical issues rather than on the substance of the frecact.In both writen
and oral presentations, the wse of obective visual representations of the results i very important &

Finally, the forecasting process should include continuous tracking of how well forecasts compare with the actual values observed during the forecast horizon. Over time, even the best of
‘models are likely to deteriorate in terms of accuracy and need to be respecified, or replaced with an alternative method. Forecasters can learn from their mistakes. A careful review of
Sorecast errors may be helpful in leading to @ better understanding of what causes deviations betsveen the actual and forecast series.




