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Chapter 4- Part 1: FORECASTING 
 
1. Introduction 

“Twenty thousand tires? We’ll never sell that many tires in June. The marketing 
people are crazy!” carol exclaimed. Obviously, she did not agree with 
marketing’s prediction of tire sales in June. How could you determine a better 
estimate? 
There are several ways you could get an answer to this question. One is to 
simply guess. You could ask Pete, the modeling room foreman. He has been 
here for 25 years, and his experience should give him a good feel for how many 
tires will be sold. Pete points out that automobile sale are expected to peak in 
august, so maybe the number is not so far off after all. Being a good problem 
solver, you might examine demand for previous months and try to estimate the 
demand for June. 
Of course none of these methods are guaranteed to give good results. Your guess 
may be far off, and even Pete’s experience may not be enough to get a good 
prediction. Car sales do not affect tire sales-every new car needs tires- but 
maybe not in a straightforward way. Even sophisticated models may not be 
always give accurate predictions, if you think otherwise, consider weather 
forecasting.       
Determining what will happen in the future in order to make good decisions is a 
problem that must be faced quite often. This fact is true not only in our personal 
lives, but also in the business world. We use the term forecast to mean some 
definite method – rather than just a guess – of predicting future events.  
In today’s market-driven production system, forecasts are more important than 
ever. The rewards of good forecasts as well as the penalties for bad forecasts can 
be quite high. With the proliferation of personal computer packages, forecasting 
is easier and cheaper than ever. However, managers must beware of using 
canned packages without understanding their underlying principle. After all, the 
program will give an answer, even it is bad. In this chapter we present a range of 
forecasting techniques, an idea of the situations in which to use them, and their 
underlying principles. This chapter also addresses how to monitor the forecasts 
and adjust both the forecasts and adjust both the forecast and forecasting 
techniques. 
We will discuss three classes of forecasting methods. The first class is composed 
of judgmental or qualitative methods. In their simplest form, they use “expert” 
opinion to get a forecast. Asking Pete is a simple example of this approach. The 
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second class, casual methods, tries to relate the variable being forecast to 
something else. Relating automobile production to tire sales is one example. 
Time series methods use the past to determine the future and are based on 
statistical principles. Studying past tire sales to get a forecast of future tire sales 
could be done using a time series approach. Finally, an overall view of 
forecasting systems, control, methods, and practice is presented. First, we view 
forecasting from a systems perspective.    

2. The Forecasting System 
As we noted in chapter 3, problem solving involves a series of steps, when 
“standard” problems occur, we can offer simplify the procedure. Forecasting has 
many standard models. We will discuss the stages of problem solving as they 
relate to forecasting in this section. The remainder of the chapter will elaborate 
on particular forecasting methodology.   

2.1. Identify the Problem 
Forecasts provide information to make better decisions. The first step is to 
identify the decision. If the decision will not be affected by the forecast, a 
forecast is unnecessary. The importance of the decision will dictate the effort 
that goes into producing a forecast. A one-time decision requires one forecast, 
whereas a recurring decision requires a forecast each time the decision is made. 
In either case, the decision will determine what to forecast, the level of detail 
needed, and how often the forecast will be made. Forecasts of sales, quality of 
raw materials, income, expenses, energy usage, or times customers arrive are 
commonly needed in business operations. 
Suppose the decision is how many televisions to produce next year. This 
decision is important because it directly affects employment and raw material 
levels, marketing (advertising), distribution, and warehousing. The demand for 
the product itself will be forecast; we may not care about the particular 
variations of the product. Because most plants operate on a monthly or four-
week plan, we should forecast monthly demand. If some planning is done on a 
quarterly basis, monthly forecasts can be combined. On the other hand, a 
shorter-range forecast may need individual variations of the product, for 
example 32”, 42”, and 50” televisions. 
The decision maker is the problem owner. The problem solver is the analyst or 
forecaster. Most forecasts are prepared by teams that include management, 
marketing, the forecaster, and possibly data processing. Problem identification 
determines the problem mission or purpose, which is shown as forecast need in 
figure 4-1 and begins the design of a forecasting system.  

2.2. Understand the Problem 
The key to understanding forecasting problems is to understand the underlying 
process – for example, the process that creates demand for an item. We can 
never fully understand the process, so we can only hope to gain insight and 
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make necessary assumptions to create forecasts. To do so, we examine 
characteristics of the problem and analyze data, if they exist. We also state a 
forecast goal. 
 

 
Figure 4.1. Designing a forecasting system 
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2.2.1. Problem Characteristics  
The main characteristics of a forecasting problem are time frame, level of detail, 
accuracy needed, and number of items to forecast. We give examples of these by 
time frame. 
In production systems, we are most often interested in forecasting demand for 
our product or services in order to decide how much to produce. Long-term 
decisions, such as opening new plants or adding capacity to existing plants, 
often depend on a forecast of demand. Here, we are not so much interested in 
individual products, but in overall volume. Therefore, we might use dollars as an 
aggregate measure of sales. A typical time frame for these types of these types 
of decisions would be three to five years. Long-term decisions do not require 
exact forecasts; the decision to build a new plant will be based on the trend of 
forecasts for several successive years rather than a single demand estimate. Thus 
very forecasts are unnecessary- a number in the ballpark will do. Typically, 
long-term forecasts are made for only one item. Causal and qualitative methods 
are often used for these forecasts. 
A mid-range decision might be to allocate plant capacity to groups of products. 
Again, we might not need to know the demand for each individual item, but 
rather for groups of items that share certain production facilities. An example 
would be a monthly forecast of tires made in a plant; individual sizes are not 
important for determining gross capacity. Typical measures might be units, 
production hours, gallons, or pounds of an aggregate product. The time frame 
for these decisions is from three months to one or two years, and greater 
accuracy is required. Mid-range decisions typically require forecasts for only a 
few items. Quantitative methods, including causal and time series, are frequently 
used for mid-range forecasts. 
The most common Short-term decision could be how much we should produce. 
In this case, the actual number of units of the product is needed. This decision 
could be weekly, monthly, or possibly quarterly. Because short-term decisions 
are based on these forecasts, they need to be reasonably accurate. Time series 
methods are most often used for short-term forecasting, but in some situations, 
causal and qualitative methods are also useful. Short-term decisions may require 
forecasts of hundreds or thousands of items. 

2.2.2. Data 
Examining data, when they exist, can provide more insight. Data may come 
from company records or commercial or government sources. Company records 
includes sales and purchase information. Commercial services have access to 
such things as database and surveys and can provide raw data or reports on 
specific topics; one example is A Graphic Guide to Consumer Markets, 
published yearly by the National Industrial Conference Board. The government 
also provides many types of data, such as population and demographic 
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information, and the Department of Commerce Publishes Survey of Business 
monthly. 
Make sure, however, that the data reflects the true situation; for example, a 
record of actual sales may not be include customers who wanted to buy the item 
but were unable because it was not available.  
If no data exist, we must collect them or use a forecasting approach that does not 
use data. If data are unavailable or too costly to collect, we choose a qualitative 
approach. Qualitative methods, the left branch of Figure 4.1, are discussed in 
section 3. 
Data are affected by factors that are either external or internal. External factors 
are beyond our control, but we can influence internal factors. 
A good example of an external factor is the economy. If the economy 
experiences a downturn, demand for goods and services usually declines too. A 
variety of economic indicators have been defined that may help us understand 
demand behavior. Other external factors include competitors’ actions, 
complementary products, and customer choices. 
Internal factors include the product quality and price, delivery time, advertising, 
and rebates. If more advertising is done, demand will likely increase. Rebates 
are also used to increase demand. Poor quality, long waits for the item, or a high 
price will usually reduce demand. 
Data should be analyzed to see if causal factors exist. A causal factor is 
something that influences the data in a known way and can be helpful in 
forecasting. Demand data for tires provide an example of a casual factor. If most 
tires are sold to an automobile manufacturer, knowing the number of cars to be 
produced will indicate the demand for tires; that is, the production of cars causes 
a demand for tires. Plotting tires sold versus cars produced will give an 
indication of the validity of this assumption. Of course tires are also sold to 
consumers as replacements on older cars. Casual is shown in the middle path in 
Figure 4-1; detailed discussion is given in section 4. Selecting a model for a 
casual approach is similar to selecting a model for the time series approach, so 
we will combine the discussion. Time series approaches are discussed in section 
5. 
If data are available, we plot them to see if there is a pattern. Figure 4.2. shows 
weekly demand for a toothpaste for the last two years. We use this data to 
explain time series data analysis. Causal data analysis is similar, but rather than 
a plot, say, demand versus time, we would plot demand versus causal variable. 
When the plot is examined, it appears to be roughly level with some variations, 
which is typical type of a constant process. Because the population is relatively 
stable, at least in the short run, it seems reasonable that toothpaste sales would 
also be approximately constant. The weekly variation is caused by a random or 
noise component that we cannot control. For a constant underlying process, the 
noise component should have a mean of zero; if not, it is not noise, but part of 
underlying process. Similarly, the likelihood of observing a value above the 
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constant component should be the same as a value below it. If the variance 
changes over time, then our assumption of a constant process is not valid, so we 
will assume that the variance of the noise is constant. Thus it is reasonable to 
assume that the noise follows a symmetric probability distribution with mean 
zero and variance 2

εσ . For now we assume the noise component is normally 
distributed; we see in section 7.2 that this assumption is robust. Similar 
arguments can be made regarding the distribution of noise for underlying 
processes that are not constant. 
We should have some reason to assume a process is constant. Demand for many 
items would seem to follow a constant process; toothpaste, milk, bread, and 
socks are mature items and are used regularly. Constant processes may be useful 
even for products that are not always used regularly. Over a short horizon, many 
things are approximately constant. In the mature stage of a product life cycle 
many products exhibit stable sales. Also, models for constant processes are good 
introductions to more complicated models. 
Some things are, by nature, not constant. During a product life cycle there is a 
growth stage in which sales increase. Similarly, there is a decline or phase-out 
stage when sales are decreasing. Assuming a constant process in either case can 
be disastrous. These processes are examples of a trend process. The rapid 
growth of personal computers and related equipment is a good example. The 
upper line of figure 4-3 is an example of increasing trend process.  
The line connecting points have no meaning, but we added to emphasize the 
pattern in the data. This growth appears to be linear. As in the constant process, 
the line is not smooth but has many little jumps in it, which are caused by the 
random component. Again, just because the line appears to go up is not reason 
enough to assume a trend process; there should be some way to explain it. 
Trends could also be nonlinear, but for simplicity, we will restrict our discussion 
to linear trends. 
Also plotted in figure 4.3 is a seasonal process. Every four months, the pattern 
seems to repeat, but random fluctuations are still present. An example of this 
type of process would be passenger miles for an airline. The term seasonal is 
used because the weather is often an underlying cause; ice cream and soft drinks 
are more popular in summer than in winter. 
Sometimes cyclical processes are defined, a typical one being the number of 
telephone calls during a day; they peak at mid-morning and mid-afternoon. 
However, we will make no distinction between seasonal and cyclical. Again, 
there should be an underlying justification for assuming a seasonal process. 
When data are plotted, the choice of scale is very important. If the wrong scale is 
chosen, data from a constant process may look seasonal due to the random 
fluctuations. When trend and seasonality are present, the data must be 
decomposed to see the effects of each. Also, outliers should be removed before 
analyzing the data. An example would be sales that were extremely high or low 
due to an unusual occurrence such as a strike or earthquake. Retailers often 
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remove special seasons, e.g., Christmas, from the time series data and handle 
them as exceptions. 
The result of data analysis is to understand the process that causes demand. 
There will always be some part that is unexplainable – the random component. 
However, the model we sue will be direct result of the process we assume. 

    
Figure 4.2. A constant process 
 

 
 
Figure 4.3. Typical demand patterns 

2.2.3. FORECAST GOAL 
The goal of any forecasting system is to provide forecasts of the appropriate 
accuracy in a timely manner and at a reasonable cost. A timely forecast is 
determined by its use. The basic trade off in forecasting is between response to a 
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change and stability; that is, if we experience a demand that is abnormally high 
this week, we have to decide if we need to make more products next week. If the 
high demand reflected a change in the demand pattern, we should increase 
production, but if it was just a random fluctuation, we should not. A good 
forecasting system will react to actual changes but ignore chance variations. 

2.3. Develop a Model 
Once processes are identified, they determine the form of the model. Qualitative 
forecasting does not use easily stated models. Causal models depend on the 
particular situation but generally have the form; 

𝑑𝑡 = 𝑓(𝑥𝑡−𝑘) + 𝜀𝑡 
Where 𝑑𝑡 represents the dependent variable, e.g., demand, 𝑥𝑡 the independent 
variable (or causal factor), and 𝜀𝑡 the noise component at time 𝑡. The 
independent variable at time 𝑡 is ideally a function of independent variable at 
time 𝑡 − 𝑘, 𝑘 ≥ 1. The 𝑘-period time lag allows us to know the value of the 
independent variable before we need to forecast the dependent variable; if there 
is no time lag, we must forecast the independent variable to get a forecast of the 
dependent variable. The functional relationship between 𝑑 and 𝑥 is represented 
by 𝑓 and could be linear, quadratic, or some other mathematical relationship. 
There could be more than one casual factor.  
For time series approaches, the common models discussed are constant, linear 
trend, and seasonal, or combinations of these. 
  𝑑𝑡 = 𝑎 + 𝜀𝑡           (Constant) 
  

 𝑑𝑡 = 𝑎 + 𝑏𝑡 + 𝜀𝑡      (Linear trend) 
 

 𝑑𝑡 = 𝑎𝑐𝑡 + 𝜀𝑡           (Seasonal) 
Where 𝑎 represents the constant portion, 𝑏 the trend, 𝑐𝑡 the seasonal factor for 
period t, and 𝜀𝑡 the random or noise component. 
Models should be as simple as possible. In forecasting, try to use as few 
components in model as possible. These are the most common models, but 
others are used. 
Recall from chapter 3 that models should be as simple as possible. In 
forecasting, try to use as few components in a model as possible. A complicated 
function may “fit” the data but also tends to obscure important relationships. If 
there are many components, the effect of each becomes small and may be 
indistinguishable from the noise. As an example, consider demand for CD 
players. Sales most of the year is relatively constant, but gifts during December 
cause sales to peak. Rather than using a complicated model to capture the 
December sales peak, use one simple model for all of the year except December 
and another model for December.  
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2.4. Solve the Model 
The first step in solving the model is to choose a method. If we have a causal 
model, the method will be regression. For time series models, there may be 
several methods available, even for the same process. For example there are 
many methods to forecast a constant time series.  
Given the model, if we know the coefficients, we could simply plug the right 
numbers to get a forecast. Because we do not know the actual parameters of the 
model equation, we must estimate them. The method used determines how they 
are estimated; usually they are estimated to minimize the difference between the 
forecast and the actual value over some set of historical data. Once parameters 
are estimated, applying the model to the appropriate numbers provides a 
forecast. 

2.5. Interpret and Implement the Solution  
Interpreting the solution is the major task of operating the forecasting system. 
Figure 4-4 shows the steps involved. As new data become available, we update 
the forecast. Also, we can compare the previous forecast to what actually 
happened to get feedback on the quality of the forecasting procedure. If the 
quality is acceptable, we say that the procedure is in control. If the procedure is 
out of control, we need to return to the design phase; either we need to re-
estimate the parameters of the current model or change the model itself. If the 
forecasting system is in control, we forecast for a future period. This forecast is 
examined by a manager (owner) and judgment is used to accept, modify, or 
reject the forecast. 
It is important to incorporate judgment into the system, especially when 
statistical methods are used. These methods have the underlying assumption that 
we are dealing in a stable environment, which is not always the case. For 
example, if a labor strike is forthcoming, the forecast should be modified to 
reflect this fact. It is important that any modification be done by the person 
making the decision and that is done within the system. If no provision is made 
for modifications, either the forecast will not be used or at some point it will 
mislead the decision maker.  
If a demand forecast is low, more units than expected are demanded and 
shortages, called stock outs, occur. On the other hand, a forecast higher than 
actual demand, which results in too many units, creates inventory that is marked 
down or scrapped. Fisher et al, (1994) point out that stock out plus markdown 
costs incurred for a particular product often exceed the manufacturing cost of the 
product. If the cost of an excess unit (inventory) is not equal to the cost of a unit 
short, then the decision maker will likely adjust the forecast accordingly-making 
the forecast larger if the shortage cost is higher or decreasing it if the inventory 
cost is higher. 
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Figure 4.4. Operating a forecasting system 

2.6. Caveats  
There are two very important facts to remember; forecasts almost never give the 
exact answer, and the farther into the future we look, the less accurate forecast 
will be. It would be highly unlikely that the weekly sales forecast of doughnuts 
would be equal to the actual sales. Fortunately, exact forecasts are usually not 
required; we just need to be in the ballpark. 
 A more reasonable approach might be to forecast a range of values or the 
probability of a group of values. We might forecast selling 250 dozen doughnuts 
next week but really mean sales should be between 230 and 270 dozen. The 
weather service does not say it will rain today, but that there is a 60 percent 
chance of rain. That the accuracy of a forecast depends on how far into the 
future we look can easily be seen from weather forecasts; the forecast for 
tomorrow is usually more accurate than the forecast for a week from today.  
 



                                                                                          
 

 10 

3 QUALITATIVE FORECASTING 

3.1. Market Survey 
A market survey consists of several steps. First, a questionnaire must be 
developed that should contain questions whose answers provide the information 
needed to determine forecast. This information about the customer might be 
things such as age and income as well as an indication of whether or not the 
customer will purchase the product. If the customer is a retail outlet, the 
information might include size of the store and the projected number of items 
that will be purchased. A survey to analyze demand for autofocus 350mm 
cameras is given in Table 4-1. Along with survey design, a method to analyze 
the results must be determined. 
TABLE 4-1 
A sample market survey form 
Please check the appropriate boxes 
      I do not own a 35 mm camera 
      I own an SLR 35 mm camera 
      A own an autofocus 35 mm camera 
      I plan to purchase a new SLR 35 mm camera in the next two years 
      I plan to produce a new autofocus 35 mm camera in the next two years 
      I do not plan to produce a new 35 mm camera in the next two years   
 
The next step is carrying out the survey, which may be done by mail, FAX, e-
mail, telephone, a tear-out postcard in a magazine, or in person. How the survey 
is carried out can affect the number as well as the quality of responses. The 
number, location and individual customers to be surveyed should be carefully 
planned in conjunction with the purpose of the study. 
After the survey is conducted, the results should be tabulated and analyzed. Care 
must be taken in interpreting these results. Response rates may be low, the 
questions answered incorrectly, or factors not considered in the questionnaire 
may affect the actual outcome of events. Statistical analysis can also be time 
consuming. Results of the camera survey might be that 75 percent of the 
respondents owned a 35 mm camera; 35 percent owned an SLR model and 50 
percent owned an autofocus model. The percentages do not add up to 100 
percent because some people own both. Of the 35 percent who own SLR 
cameras, 75 percentages indicate that they will buy an autofocus camera within 
the next two years. Extrapolating the intentions of SLR and autofocus owners 
surveyed to the general population can give a forecast of the number of 
autofocus cameras demanded for the next two years. Of course other factors, 
e.g., the economy, may play a large role in actual purchases.  
Mastio (1994) discusses a survey based on 24 important needs and criteria to 
determine the factors blow molders use to select a machine supplier. Results 
indicate that machine dependability and spare parts availability are the most 
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important needs to below molders. Good technical service and machinery that is 
easy to operate are other key criteria when selecting a machine. Although 
important, price is not the most criteria factor. About 65 percent of the blow 
molders said that they plan to purchase new equipment in the next year. A 
manufacturer of below molding machinery can make aggressive expansion plans 
by providing these customers what they seek. Other examples of market surveys 
for forecasting purposes include demand for computer networks in industry and 
demand for power transmission products. 
Recently, extensions and modifications of market survey techniques have been 
proposed. One is to use existing customer data base information to augment the 
survey modify the procedure to account for cross effects on demand for similar 
products when a new product is made available. Using market surveys to 
provide insight for management to modify quantitative forecasts has been 
proposed by Cook (1995). 

3.2. Expert Opinion and the Delphi Technique 
A different method would be to ask an expert for an opinion on projected sales. 
This opinion is based on experience and knowledge of the particular situation. 
Sales and marketing personnel are prime examples of “experts” for forecasting a 
new product. A variation might be to ask several experts and use a combination 
of the results, say the median or average, as the forecast. This method is easy to 
implement but may be inaccurate. 
A more formal variation of expert opinion is called the Delphi techniques, 
named after the Oracle at Delphi of Greek mythology who predicted the future 
events. A committee of “experts” corresponds to the Oracle in this technique, 
and a facilitator determines the participants, writes questionnaires, and analyzes 
the results. Committee members may be expert in quite different fields. For 
example, one may be sales oriented, but another may be economist. 
They give a variety of views and consider many different factors in the process. 
The person from sales has a good idea of the company’s history in selling other 
items, whereas the economist may have good information regardless the overall 
economic picture. Both of these factors affect the sale of a new product. 
Committee members are asked to submit an anonymous forecast of specific 
events, and more importantly, their reasons why they picked that forecast. A 
simple example of an initial questionnaire is given in Table 4-2. Statements 
should be unambiguous and simple. Rather than the questionnaire asking if sales 
will be large, it should ask if they will be above a given value. Questions should 
have a single answer; if multiple responses are needed to use a separate question 
for each. 
Responses are summarized, and the questionnaire is modified and returned to 
committee members, who are then asked to repeat the process. The 
questionnaire for each round should reflect the results of previous rounds; 
summary statistics, e.g., mean, median, and range, are included in the updated 
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questionnaire. Table 4-3 shows a questionnaire for intermediate rounds. The 
procedure continuous until reasonable agreement among committee members is 
reached –usually three or four rounds are enough to reach consensus- and results 
are summarized, reported to the participants, and used to make decisions. 
Delphi can be used to forecast demand for products. Vickers (1992) uses Delphi 
to examine the European automobile market, and Stocks (1990) forecasts CD-
ROM demand in Australian libraries. Demand for services can also be forecast 
using Delphi. The numbers of families needing financial aid and tourists who 
visit a region are examples. 
Delphi has several advantages, among which are that it includes involving a 
variety of people, even those in different locations, and it prohibits domination 
by strong personalities, giving everyone an equal chance to participate; 
anonymity allows freer expression of ideas. It also keeps attention focused on 
the task; written responses are often better thought out than verbal ones. 
Probably its greatest advantage, however, is in generating and evaluating a large 
number of ideas for the forecast, many of which might be overlooked in face-to-
face meetings. 
The biggest disadvantage is the time needed to carry out a Delphi study, often 
more than a month; electronic methods may speed the process, however. It is 
also time consuming for the participants, and it may be difficult to keep them 
totally involved. Written ideas may need clarification or risk being 
misunderstood; a typical Delphi study is a type of voting procedure, sometimes 
compromise agreements are not reached. 

 3.3. Comments on Qualitative Forecasting Methods 
Qualitative methods are often used in industry. Sometimes, expert opinion is 
used because it is “close enough”, fast, and easy to do, and it is particularly 
adept at quickly sensing trends in market. On the other hand, market surveys and 
the Delphi method are both time consuming and costly. However, for new 
product introduction and forecasting technological advances, they may be the 
only choice. If all steps of the method are followed, the results are usually fairly 
accurate. One major benefit of judgmental forecasting may be that it forces a 
commitments from the responsible parties; that is, if the head of sales quotes a 
figure, he or she may work extra hard to see that sales are not less than forecast. 
Market surveys give good results, but the time required to do them makes them 
less appropriate for short-term forecasting. With the growth of networks and 
customers with access to interactive computing, market surveys may become 
more timely and accurate. However, the cost must be weighed against the 
benefit the survey provides.     

4. Causal Forecasting with Regression 
Mary carter is manager of the plumbing department for the Columbia store of 
Home Sales, a leading retailer of building supplies. Each month, she must place 
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an order for bathroom plumbing fixtures. If she orders more than the number 
sold, the excess fixtures represent money the company cannot use elsewhere. If 
she orders too few, sales are lost to the store’s competitors. 
Mary has been thinking about how she might anticipate the demand for fixtures. 
She knows that most of the fixtures sold at her store are for new houses; 
replacement fixtures account for less than 6 percent of total sales. Plumbing 
fixtures are installed after the roof and walls of the house are on, typically about 
a month after the building permit is issued. Because each new house built 
requires a building permit, the number of building permits issued last month 
may help her determine the number of fixtures she should order this month. 
This scenario is typical of many forecasting problems. We wish to forecast a 
dependent variable –sales of plumbing fixtures in our example- and the value of 
the dependent variable is related to an observable value of one or more 
independent variables –housing starts in the example. We call this process 
causal forecasting, because the value of the dependent variable is often caused 
by, or at least highly correlated with, the value of the independent variable. 
The relationship between the dependent and independent variables, however, is 
not always clear-cut. For example, total sales for a company may vary in a 
pattern similar to that of some general economic indicators. In this case, 
aggregate sales could be the dependent variable and various economic 
indicators, such as the prime interest rate, would be the independent variables. 
To estimate the relationship, regression techniques are often useful. Let us 
examine Mary’s problem more closely to see how this process is done.  

4.1. Simple Linear Regression 
The first thing Mary should do is make a scatter plot of her data. Table 4-4 gives 
the number of housing permits issued in the Columbia area and the number of 
plumbing fixtures sold in her store for each month of last two years. Notice that 
the permits for a given month are aligned with the fixture sales for the following 
month because the is a one month lag between the permit and the sale; i.e., sales 
in February depend on permits from January. A scatter plot is given in figure 4-
5. This plot has housing permits, sorted in ascending order, as its x-axis and the 
corresponding fixture sales as its y-axis. The scatter plot seems to show a linear 
relationship between housing starts and fixture demand, so simple linear 
regression is appropriate. The underlying method is 

𝑑𝑡 = 𝑎 + 𝑏ℎ𝑡 + 𝜀𝑡                 𝑡 = 1,2, … ,𝑛 
Where; 𝑑𝑡 = the value of dependent variable at time t 
 ℎ𝑡 = the value of independent variable at 𝑡 − 1 
 𝜀𝑡     = random error in the model 
 a = intercept of the straight line relating 𝑑𝑡  and ℎ𝑡  
          b = slope of the line 
 n = the total number of periods of the available data 
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TABLE 4-4 
Housing permits and plumbing fixture sales 
Data 
Point 

Month of 
Permit 

Number of 
Permits 

Month of 
Fixture Sale 

Number of 
Fixtures 

1 Jan-94 22 Feb-94 72 
2 Feb-94 16 Mar-94 44 
3 Mar-94 24 Apr-94 80 
4 Apr-94 95 May-94 191 
5 May-94 84 Jun-94 187 
6 Jun-94 13 Jul-94 57 
7 Jul-94 114 Aug-94 238 
8 Aug-94 147 Sep-94 283 
9 Sep-94 96 Oct-94 204 

10 Oct-94 59 Nov-94 144 
11 Nov-94 35 Dec-94 10 
12 Dec-94 41 Jan-95 109 
13 Jan-95 28 Feb-95 63 
14 Feb-95 21 Mar-95 50 
15 Mar-95 18 Apr-95 67 
16 Apr-95 46 May-95 109 
17 May-95 145 Jun-95 304 
18 Jun-95 122 Jul-95 239 
19 Jul-95 108 Aug-95 223 
20 Aug-95 85 Sep-95 173 
21 Sep-95 107 Oct-95 211 
22 Oct-95 53 Nov-95 104 
23 Nov-95 17 Dec-95 59 
24 Dec-95 12 Jan-96 24 

 
 

 
Figure 4.5. Scatter plot of permits and sales 
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We wish to choose estımate of a and b say 𝑎� and 𝑏�, so that a straight line fits the 
data as closely as possible. To do so, we minimize the sum of the squared 
differences between the actual sales and the sales indicated by the model. The 
difference is the “error” of the forecast. By squaring the difference we ensure 
that the value is nonnegative, penalizing both underestimates and overestimates. 
Squaring the difference also causes more weight to be placed on larger 
differences than on smaller differences. Thus we are minimizing the error in our 
prediction, with larger errors weighted more heavily. 
From any basic statistics text, we find  
 

 𝑏� = 𝑛∑ ℎ𝑡𝑑𝑡𝑛
𝑡=1 −∑ ℎ𝑡𝑛

𝑡=1 ∑ 𝑑𝑡𝑛
𝑡=1

𝑛∑ ℎ𝑡2−
𝑛
𝑡=1 (∑ ℎ𝑡𝑛

𝑡=1 )2
 (Slope) 

 

  𝑎� = ∑ 𝑑𝑡𝑛
𝑡=1
𝑛

− 𝑏� ∑ ℎ𝑛
𝑡=1
𝑛

 (Intercept) 
To calculate 𝑏� we need ∑ ℎ𝑡𝑑𝑡𝑛

𝑡=1 , ∑ ℎ𝑡𝑛
𝑡=1 . ∑ 𝑑𝑡𝑛

𝑡=1 , ∑ ℎ𝑡2𝑛
𝑡=1 . Using a 

spreadsheet, we calculated these values for Mary’s problem; they are given in 
table 4-5, from these we compute 

𝑏� =
(24 ∗ 294095) − (1508 ∗ 3337)

(24 ∗ 140928)− (1508)2 = 1.828252 

𝑎� =
3337

24 − 1.83 �
1508

24 � = 24.16647 
This results in the regression equation  
 

 �̂� ≅ 24.17 + 1.83ℎ 
Where �̂� is the estimate for the number of plumbing fixtures sold in a month 
given that there were h housing starts the previous month. If there are 23 
housing starts in January of 1995, we would expect to sell about 
24.17+1.83*23=66 fixtures in February.   
In general, 𝑏� can be positive or negative. A positive value implies that the 
dependent variable increase as the independent variable increases or that they 
are positively correlated. A negative 𝑏� implies the opposite. The magnitude of 
𝑏�should reflect the amount of change in the dependent variable for a unit change 
in the independent variable. If either the sign or magnitude of 𝑏� seems 
inappropriate for the situation, think carefully about the model. 
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 Table 4.5. Regression computation for Mary’s data 
Data 
Point ℎ𝑡 𝑑𝑡 ℎ𝑡2 𝑑𝑡2 ℎ𝑡𝑑𝑡 

1 22 72 484 5184 1584 
2 16 44 256 1936 704 
3 24 80 576 6400 1920 
4 95 191 9025 36481 18145 
5 84 187 7056 34969 15708 
6 13 57 169 3249 741 
7 114 238 12996 56644 27132 
8 147 283 21609 80089 41601 
9 96 204 9216 41616 19584 

10 59 144 3481 20736 8496 
11 35 102 1225 10404 3570 
12 41 109 1681 11881 4469 
13 28 63 784 3969 1764 
14 21 50 441 2500 1050 
15 18 67 324 4489 1206 
16 46 109 2116 11881 5014 
17 145 304 21025 92416 44080 
18 122 239 14884 57121 29158 
19 108 223 11664 49729 24084 
20 85 173 7225 29929 14705 
21 107 211 11449 44521 22577 
22 53 104 2809 10816 5512 
23 17 59 289 3481 1003 
24 12 24 144 576 288 

Total 1508 3337 140928 621017 294095 
 
The value of 𝑎� represents the value of the dependent variable when the 
independent variable is zero; if zero is not a possible value of the independent 
variable, 𝑎� may still be positive.  
The coefficient of determination is defined as 

𝑟2 =
∑ (�̂�𝑡 − �̅�)2𝑛
𝑡=1

∑ (𝑑𝑡 − �̅�)2𝑛
𝑡=1

 

 
For Mary’s data, 𝑟2 = 0.98 , indicates an excellent fit, because the regression 
equation explains 98% of the variance. In practice, a coefficient of determination 
of 0.85 is considered quite well. 

4.2. Random errors 
In regression model, 𝜀𝑡, random error or residual is normally distributed with 
mean value 0 and standard deviation 𝜎𝑡  

𝜀𝑡  ~𝑁(0,𝜎𝑡) 
4.2.1 Test of normality 
When you have a set of data that you think might have a normal distribution, a graph of your 
data can help you decide whether or not your data is normal. There is a specialized type of 
plot you can create, called a normal probability plot. A normal probability plot graphs z-
scores (normal scores) against your data set. 

http://www.statisticshowto.com/probability-and-statistics/normal-distributions/
http://www.statisticshowto.com/probability-and-statistics/z-score/
http://www.statisticshowto.com/probability-and-statistics/z-score/
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A straight, diagonal line in a normal probability plot indicating normally distributed data. 

 
A straight, diagonal line means that you have normally distributed data. If the line is skewed 
to the left or right, it means that you do not have normally distributed data. 

 
 
How to Draw a Normal Probability Plot By Hand 

1. Arrange your x-values (errors) in ascending order. 
2. Calculate  𝑓𝑖 = 𝑖−0.375

𝑛+0.25
  , where 𝑖 is the position of the data value in the 

ordered list and n is the number of observations. 
3. Find the z-score for each fi 
4. Plot your x-values on the horizontal axis and the corresponding z-score 

on the vertical axis.  

http://www.statisticshowto.com/probability-and-statistics/z-score/
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For example of Mary’s store we try to check this property. 

 

 
 

Order i 

 

 
 

z-score 

7,611986 -22,1055 1 0,025773196 -1,9469 
-9,4185 -17,0638 2 0,067010309 -1,49843 

11,95548 -12,5598 3 0,108247423 -1,2359 
-6,85041 -12,3575 4 0,149484536 -1,03865 
9,260362 -9,91951 5 0,190721649 -0,87524 
9,066254 -9,4185 6 0,231958763 -0,73241 
5,412802 -8,78943 7 0,273195876 -0,60318 
-9,91951 -8,21321 8 0,31443299 -0,48332 
4,321338 -6,85041 9 0,355670103 -0,37006 
11,96666 -6,56789 10 0,396907216 -0,26136 
13,84471 0,733938 11 0,43814433 -0,15568 
9,875198 1,382314 12 0,479381443 -0,05171 
-12,3575 3,753246 13 0,520618557 0,051706 
-12,5598 4,321338 14 0,56185567 0,155676 
9,924994 5,412802 15 0,603092784 0,261361 
0,733938 7,611986 16 0,644329897 0,370057 
14,73699 9,066254 17 0,68556701 0,483324 
-8,21321 9,260362 18 0,726804124 0,603176 
1,382314 9,875198 19 0,768041237 0,732411 
-6,56789 9,924994 20 0,809278351 0,87524 
-8,78943 11,95548 21 0,850515464 1,038647 
-17,0638 11,96666 22 0,891752577 1,235902 
3,753246 13,84471 23 0,932989691 1,498434 
-22,1055 14,73699 24 0,974226804 1,946903 

 

Normal probability plot of residuals 
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4.2.2 Discussion about mean value of errors 
In simple regression model, there is one dependent variable and one independent 
variable and we wish to estimate dependent variable by independent variable. 
It is obvious that, there is difference between exact value and estimated value. 
This difference refers to random error. 
Mean value of random errors must be 0. Elsewhere there is at least another 
independent variable, or we made mistake/mistakes in our calculations. 
For example of Mary’s store we try to check this property. 
 

Data Point 
 

  
 

 
  

 

 
  

 

  

1 22 72 64,38801 7,611986 
2 16 44 53,4185 -9,418502 
3 24 80 68,04452 11,955482 
4 95 191 197,8504 -6,85041 
5 84 187 177,7396 9,260362 
6 13 57 47,93375 9,066254 
7 114 238 232,5872 5,412802 
8 147 283 292,9195 -9,919514 
9 96 204 199,6787 4,321338 

10 59 144 132,0333 11,966662 
11 35 102 88,15529 13,84471 
12 41 109 99,1248 9,875198 
13 28 63 75,35753 -12,357526 
14 21 50 62,55976 -12,559762 
15 18 67 57,07501 9,924994 
16 46 109 108,2661 0,733938 
17 145 304 289,263 14,73699 
18 122 239 247,2132 -8,213214 
19 108 223 221,6177 1,382314 
20 85 173 179,5679 -6,56789 
21 107 211 219,7894 -8,789434 
22 53 104 121,0638 -17,063826 
23 17 59 55,24675 3,753246 
24 12 24 46,10549 -22,105494 

Total 1508 3337  0,000704 

 

𝐸(𝜀𝑡) =
∑ 𝜀𝑡𝑛
𝑡=1

𝑛 =
0.000704

24 = 0.00003 ≅ 0 
 
4.3. Comments on Regression 
 
Regression models are very useful for forecasting when there is a strong 
relationship and a time lag between the dependent variable and the independent 
variable. If there is no time lag between dependent and independent variables, 
i.e., they occur in the same time period, we cannot forecast future values of the 
dependent value unless we use a forecast of the independent variable, which 
may introduce additional error in the forecast of the dependent variable. 
 
If causal relationships do not exist, regression is not the best forecasting method. 

�̂�𝑡 
𝜀𝑡 = 𝑑𝑡 − �̂�𝑡 



                                                                                          
 

 20 

 

 



                                                                                          
 

 21 
 


	How to Draw a Normal Probability Plot By Hand

