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Executive Summary:  Demand forecasting can be used to support long-range decisions like purchasing new plants, medium‑range decisions like hiring direct labor, and short‑range decisions like what items to make and how many. There are numerous tools for demand forecasting, including simple moving averages, exponential smoothing, linear regression/correlation, and 'TSCI.' Forecasts can, and should be, measured for performance. Despite the beauty and sophistication of mathematical forecasting methods, 'pulling true demand into the system' should be preferred to 'pushing forecasted, estimated demand onto the system' whenever pulling is practical in order to reduce error. 
Forecasting Czars versus Forecasting Teams
In the past, demand forecasters (& schedulers) were often 'czars,' independent of responsibility for their decisions. This was a natural consequence of the internal struggle for control of the 'contents' of the forecast (or schedule) that was found in many companies. Production was interested in running larger batch sizes so as to minimize total setup times and be 'more productive.'  Marketing cared more about forecasting, scheduling and producing products in quantities and at times demanded by the market, so as to maximize sales dollars and commissions. Finance tried to influence the forecast and schedules to include items that would improve visible numbers (eg, to sell items with high contribution towards fixed costs). So these parties tried to exert influence on forecasters (& schedulers), who had to develop 'political insulation' in one form or another in an attempt to produce a set of numbers that was 'fair' to the company as a whole. 





A forecaster caught on the horns of a common professional dilemma:  “reds” are most profitable, “greens” are produced most efficiently, and “blues” are the best sellers.
Today it is believed that, ideally, responsibility for forecasting should be entrusted to a coordinating team that includes production/operations, marketing, finance, and other parties with 'vested' interests. Such a team that can 'work out' such conflicts 'up front,' and commit to a common set of numbers as a goal, then work towards them, as opposed to 'politically thrashing' forecasters and schedulers back and forth.

Three Purposes of Demand Forecasting
There are three purposes of demand forecasting. The long-term purpose is to determine fixed capacity requirements. For instance, the long-term forecast can be used to determine whether demand has increased enough to warrant the purchase of a new plant. The medium-term purpose is to determine adjustable capacity requirements. For instance, the medium-term forecast can be used to determine whether demand has decreased enough to warrant the reduction of labor or to lease more warehouse space for unsold goods. The short-term purpose is to determine the exact finished items and quantities to produce. For instance, suppose the medium-term forecast projected demand for 5,000 shirts, and that cloth was ordered and production of the shirts started, based on that forecast. The decision regarding how many of each color shirt to make (by dyeing the uncolored, finished shirts) will be more accurate by waiting as long as possible then coloring to outstanding orders and using the short-term forecast information to decide how to color the balance.

	Forecast Horizon
	Forecast Accuracy
	Decisions

	
	
	

	Long-Term
	Worse
	Fixed Capacity Decisions 

(eg, PPE)

	
	
	

	Mid-Term
	Better
	Adjustable Capacity Decisions

(eg, labor)

	
	
	

	Short-Term
	Best
	Exact finished items and quantities to be produced (ie, MPS)


Demand Forecasting Techniques
One technique for forecasting demand is the simple moving average. Here is an example. Every month, the company looks at its historical demand for the most recent five months. If historical demand for those months was 30, 50, 50, 100, and 70, then the average, 60, is the next 
five month moving average forecast. For a six month moving average forecast, you would use the most recent six months, of historical demand. To produce the demand forecast for the following month, you drop the oldest month then add the most recent month of historical demand, then recalculate the average. Remember, you use the most recent data, the most recent months, to calculate a simple moving average forecast. An alternate term for simple moving average forecast is "rolling forecast."

Another technique for demand forecasting is the exponential smoothing method. All simple exponential smoothing does is to: 1) find the forecast error (actual demand minus the forecasted demand) then 2) add a percentage of that error, as an adjustment, back to the last forecast. The result is the new forecast. By 'adding back' some of the forecast error, the new forecast will be closer to recent historical demand than the last forecast was. The technique ensures that the new forecast never 'runs away from' historical demand. In the chart below, half the error is added back. 
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The forecast in period 2 "scoots down" to halfway between A and F in period 1. This is done for each succeeding forecast. Notice that the forecast was "way off" in period 4, but because we "add back half," it jumps "back in line."  Unless the pattern of actual demand jumps up and down in 'sawtooth' fashion, an exponential forecast will always do a pretty good job of 'chasing just behind' the actual demand.

When you use exponential smoothing, the forecast and actual demand cannot "run off forever" in opposite directions. That's good. But exponential smoothing does nothing to predict the future (as 
opposed to, say, seasonal indexes); it just makes sure that the forecast is not too 'out of line' with the past. If the company was going to have a big sale in the future, say 80% off, there is nothing in the exponential smoothing technique that would adjust forecasted demand to take that sale into account. So really, exponential smoothing is much better at preventing bad forecasts than it is at giving good forecasts.

Where does the percentage, called SYMBOL 97 \f "Symbol", come from?  If actual demand moves up and down a lot, then you need your percentage to be higher, so it will "catch up quicker."  Setting SYMBOL 97 \f "Symbol" is a 'judgment call' by the forecaster, made by examining past demand patterns. (And you thought these formulas were an 'exact science!') 

A third technique for demand forecasting is the use of linear regression and correlation.

Linear regression is a statistical method for finding the formula for "the line that best fits the data."  What do we mean by "best fit?"  In an intuitive sense, so that the points above the line aren't any further away from the line than the points below the line.
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If you have the formula for this line, it's not hard to make a forecast for, say, when x = 11. Linear regression by hand in a statistics class is hard; find the pages on linear regression in a introduction to statistics textbook by using the textbook index and see for yourself. Performing linear regression in Microsoft Excel, however, is easy. Basically, all you need to is arrange the (x,y) data into columns, make the appropriate menu selections, and it will tell you the formula. (I did this one in a couple of minutes; the formula is y = 1.376181474x + .463137996). There are also regression methods that generate formulas for curves, (x,y,z) data, etc. 
A very popular method demand forecasting is the TSCI method. TSCI stands for "Trend‑Seasonal‑Cyclical‑Irregular."  These four factors often go a long way in "explaining" historical demand patterns. TSCI attempts to numerical 'take out' the trend, seasonal, cyclical factors, one at a time, until a much simpler pattern of demand emerges, one that is easy to forecast. Alternate terms for this method may include 'time series analysis' and 'decomposition.'  

The seasonal factor represents change due to expected seasonal variation, such as higher demand for toys in December, lawn mowers in the summer, or dining room tables just before Thanksgiving. Seasonality does not necessarily refer to the seasons of the year; for example, seasonality can also refer to higher demand for coffee in the mornings or higher demand for beer on the weekends. Seasonality can often be accounted for through the use of seasonal indexes. Seasonal indexes can be used to adjust demand data that fluctuates due to seasonality to 'smoother, more normal' data.

The cyclical factor refers to the business cycle, that is the cycles of recession and depression, the cycles of 'bull' and 'bear' economies. The cyclical factor within demand data can often be accounted for through the use of 'leading indicators.'  Leading indicators are indexes which seem to predict demand. For example, more new housing starts this month typically predicts more demand for a company's refrigerators several months later. Leading indicators can be used in the same manner that seasonal indexes are used to normalize (ie, adjust) demand data that is influenced by business cycles.

There are a number of popular leading indicators. Historically, the performance of the Dow Jones leads the economy by about six months. Another historically reliable leading indicator is The Purchasing Manager's Index. The Purchasing Manager's Index is a composite index based on information about new orders, production levels, supplier raw material deliveries, inventories, and employment levels gathered from corporate purchasing managers. Purchasing managers have the "inside scoop" on when their companies are cutting back or expanding raw material purchases.
 The Producer Price Index, an index that measures changes in the prices of raw materials, is another useful leading indicator. The Conference Board
 publishes an Index of Leading Economic Indicators; the index measures changes in 'a basket' of other major leading
 indicators. There are also coincident indicators, such as the unemployment rate and the Gross National Product as well as lagging indicators, such as inventories and PP&E, but these are less important in demand forecasting.
 In addition, changes by the Federal Reserve in its overnight “discount window” interest rate
 influence the economy, when “the Fed” raises the cost of borrowing, it slows the economy; when it lowers the cost of borrowing, it stimulates the economy. Generally speaking, a Fed rate change affect consumers, companies, retailers and employees approximately six months after its enactment.

The trend factor refers to change in demand due to a steady, long‑term increase or decrease in demand. For example, over the last fifteen years, there has been a steady increase in demand for music CDs as compared to a steady decrease in demand for vinyl records. Once you adjust demand data for the seasonal and cyclical factors, trend can often be accounted for through the use of linear regression to 'draw a straight line' through the smoother, normalized data.

The irregular factor refers to the fluctuations in data not attributable to these other three factors. There are explainable irregular factors and unexplainable irregular factors. Explainable irregular factors are changes in demand due to some unusual, but known event. For instance, the occasional hurricane creates an unusual increase in demand for new housing. The forecaster generally uses his expert judgment to determine how to adjust for explainable irregular factors. Unexplainable irregular factors are minor random changes in demand that are essentially common variation. Unexplainable irregular factors are usually just disregarded when using TSCI to forecast demand.

Another technique for forecasting demand involves the use of a category of software that employs a multi-technique forecasting method. Many of the operational techniques we have developed during the past century were developed for use by either the automobile industry or the major retailers such as Wal-Mart, Sears, and J.C. Penney. Multi-technique forecasting was first developed for use by major retailers who needed to be able to forecast demand for a large
 number of items with very different demand patterns. There are many forecasting techniques besides those mentioned here. Multi-technique forecasting software uses history to simulate forecast error for each item, one by one, then it picks the best forecasting method for the item.

Suppose at the end of 1997, you wish to start using multi-technique forecasting software to forecast demand for 1998. Multi-technique forecasting software, capable of numerous forecasting methods, can use historical demand data from 1990-1996 to generate a 1997 demand forecast for Item 0001. That 1997 demand forecast can then be compared actual 1997 demand for Item 0001.
 The difference between the two is called the forecast error. This process can be repeated for Item 0001 using every demand forecasting method of which the software is capable. When the multi-technique forecasting software is finished with Item 0001, it repeats the process for every other item as well. The table below illustrates the results:

	Forecast

Errors
	TSCI
	Linear Regression
	Box-Jenkins
	Exponential Smoothing
	8-Week Rolling Average

	Item 0001
	-35
	42
	-78
	14
	67

	Item 0002
	104
	73
	94
	-89
	-112

	Item 0003
	-502
	487
	345
	852
	-1047

	Item 0004
	51
	-37
	34
	-48
	24

	Item 0005
	12
	34
	-23
	-46
	25


By checking the performance of all the demand forecasting methods for all of the items, the software has now determined the best forecasting method for each item—exponential smoothing should be used for Item 0001, linear regression should be used for Item 0002, Box‑Jenkins should be used for Item 0003, eight-week rolling average should be used for Item 0004, and TSCI should be used for Item 0005.

At first, only large retailers could afford the high cost of multi-technique forecasting software. The software was initially expensive since it required the expertise and effort of highly talented forecasters. Also, it was initially developed for mainframes; mainframe software was usually expensive since the cost of its development had to 'be spread over' fewer machines. Although 
multi-technique forecasting software is still typically used by large retailers, it is also is becoming more popular with other industries. One reason is that the cost of using this type of forecasting software is much lower; since the software development was already 'paid for' by mainframe users, it cost very little for the software vendor to 'port the code' to run on inexpensive personal computers, and that small expense is 'spread over' a much larger number of computers. Now even a small business can have at hand the expertise of an army of professional demand forecasters for just a few hundred dollars.

Independent Demand versus Dependent Demand
The demand for some items often strongly depends on the demand for other items. For instance, the demand for automobile tires at an automobile factory strongly depends on the demand for the automobiles themselves. Obviously, we would expect demand for tires to be close to four tires per automobile manufactured. At a fast-food restaurant, the demand for special sauce strongly depends on the demand for hamburgers. In the furniture industry, the demand for dining room chairs depends on the number of dining room tables. Demand for chairs is generally expected to be close to 4.5 chairs per table.
   The demand for headboards and bedroom mirrors strongly depends on the demand for bedroom dressers.

We say that the demand for automobile tires at an automobile factory is dependent demand— its demand strongly depends on the demand for automobiles. The demand for automobiles is independent demand—its demand is independent of any one such strong relationship to another item. The relationship is quite similar to the independent variables and dependent variables referred to in mathematics.

	Independent Demand (x)
	Dependent Demand (y)

	Automobiles
	Automobile Tires

	Hamburgers
	Special Sauce

	Dining room tables
	Dining room chairs

	Bedroom dressers
	Headboards and Mirrors


In general, demand does not have to be forecasted for dependent demand items. Demand forecasters forecast independent demand items, then use that forecast to estimate the requirement for dependent demand items. For instance, if the forecast expects demand for 1,000 automobiles, then that forecast of 1,000 can be multiplied by 4 to arrive at an estimate of 4,000 automobile tires required.

Measuring Forecast Performance
Forecasts can, and should be, measured for performance. Several simple methods for measurement are forecast error, mean absolute deviation and mean absolute percent error.

Forecast error, again, is calculated by subtracting forecasted demand from the actual demand.
  The table below calculates the forecast error for every month of the entire year:

	
	Actual
	Forecasted
	Forecast

	Month
	Demand
	Demand
	Error

	
	
	
	

	Jan
	300
	600
	-300

	Feb
	500
	400
	100

	Mar
	400
	500
	-100

	Apr
	300
	100
	200

	May
	300
	100
	200

	Jun
	600
	300
	300

	Jul
	100
	400
	-300

	Aug
	200
	300
	-100

	Sep
	300
	200
	100

	Oct
	100
	300
	-200

	Nov
	100
	300
	-200

	Dec
	400
	100
	300

	
	
	
	

	
	
	
	

	sum
	3,600
	3,600
	0

	mean
	300
	300
	0

	
	
	
	


One shortcoming of forecast error as a measure of performance is that if you sum or average all the forecast errors, it does not tell you very much about overall forecast performance. In the table above, there was a forecast error every month, but the average forecast error is zero, as if there were no problem at all with forecasting. This is because some of the negative errors and positive errors 'cancel out' ... but "two wrongs don't make a right."
Mean absolute deviation, or MAD, is the average (ie, the mean) of the absolute values (ie, 'drop any negative signs') of the forecast errors (ie, the deviation from the actual demand). The table below calculates the MAD for the entire year, 200, at bottom right:

	
	
	
	
	Absolute

	
	Actual
	Forecasted
	Forecast
	Forecast

	Month
	Demand
	Demand
	Error
	Error

	
	
	
	
	

	Jan
	300
	600
	-300
	300

	Feb
	500
	400
	100
	100

	Mar
	400
	500
	-100
	100

	Apr
	300
	100
	200
	200

	May
	300
	100
	200
	200

	Jun
	600
	300
	300
	300

	Jul
	100
	400
	-300
	300

	Aug
	200
	300
	-100
	100

	Sep
	300
	200
	100
	100

	Oct
	100
	300
	-200
	200

	Nov
	100
	300
	-200
	200

	Dec
	400
	100
	300
	300

	
	
	
	
	

	
	
	
	
	

	sum
	3,600
	3,600
	0
	2,400

	mean
	300
	300
	0
	200

	
	
	
	
	


Using absolute values makes the average more meaningful. On average, the forecast was in error by 200 units a month. Some months the forecast was higher than the actual demand, sometimes the forecast was lower than the demand, but, on average, the forecast was "off" by 200 units a month. 
One shortcoming of MAD and forecast error as measures of performance is that they do not tell you tell you very much about the size, the magnitude, of the error. Suppose a company said its MAD for the year was 10,000 units. This would be a much more serious problem if the company only sells 30,000 units a year; if the company sells 300,000,000 units a year, a MAD of 10,000 may be quite acceptable.

Mean absolute percent error, or MAPE, is the average (ie, the mean) of the absolute values (ie, 'drop any negative signs') of the percent forecast errors (ie, the forecast error divided by the actual demand). The table below calculates the MAPE for the entire year, 99%, at bottom right:

	
	
	
	
	
	%

	
	
	
	
	Absolute
	Absolute

	
	Actual
	Forecasted
	Forecast
	Forecast
	Forecast

	Month
	Demand
	Demand
	Error
	Error
	Error

	
	
	
	
	
	

	Jan
	300
	600
	-300
	300
	100%

	Feb
	500
	400
	100
	100
	20%

	Mar
	400
	500
	-100
	100
	25%

	Apr
	300
	100
	200
	200
	67%

	May
	300
	100
	200
	200
	67%

	Jun
	600
	300
	300
	300
	50%

	Jul
	100
	400
	-300
	300
	300%

	Aug
	200
	300
	-100
	100
	50%

	Sep
	300
	200
	100
	100
	33%

	Oct
	100
	300
	-200
	200
	200%

	Nov
	100
	300
	-200
	200
	200%

	Dec
	400
	100
	300
	300
	75%

	
	
	
	
	
	

	
	
	
	
	
	

	sum
	3,600
	3,600
	0
	2,400
	

	mean
	300
	300
	0
	200
	99%

	
	
	
	
	
	


MAPE overcomes the shortcoming of MAD and forecast error regarding the size of the error. Whether the company sells 30,000 units a year or 300,000,000 a year, a forecast that is, on average, in error by almost 100% is clearly not accurate enough.

Artificial Demand Patterns
"VP Blip" is a common artificial demand pattern that may need to be considered when forecasting demand caused by short-term efforts to meet shipment quotas. Suppose that a company that makes washing machines plans to ship 1,000 machines during the month of August, 250
 machines each week for four weeks. During the first week, things do not go completely according to plan; only 180 machines are shipped. 
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Supervision explains the unforeseen problems—late raw materials, equipment downtime, and so on—but plans to 'catch up' during Week 2 and Week 3. The explanations seem reasonable—who could predict such problems?—and so are accepted by executive management. Unfortunately, during Week 2, similar 'uncontrollable' problems occur, and only 190 machines are shipped. Again, supervision lists the unpredicted problems but reiterates that it still has half the month to catch up. Nevertheless during Week 3, only 170 machines are made!  
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Executive management is now distraught; the Vice President of Operations committed to ship 1,000 machines by the end of the month, and he expects his commitment to be met. Despite the clear evidence that the shipment system runs at a stable rate of around 190 machines a week, orders are given to 'do whatever it takes' to ship the balance of the 1,000 machines—460 machines—next week … or else.
Chaos replaces the planning that is supposed to govern the production floor:  subassemblies built up for installation in machines during September are used up in August, machines that would not usually pass inspection are shipped anyway, machines that are 'really close' to being ready to ship are actually counted as shipped, part of the September labor budget is used to pay for the overtime during the last week of August, and so on. At the end of the week, one way or another, the plan for 1,000 total machine shipments during August is met.
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There are at least two problems that result from this kind of behavior. First, since the shipment schedule is met, ratcheting, the raising of the quota when the quota is met, is encouraged.
 The Vice-President of Operations, eager to raise revenue and please the President, commits to a 10% increase, 275 machines a week, 1,100 machines in September, again despite the evidence that the shipment system runs at a stable rate of around 180 machines a week! Second, the shipment system starts out 'in the hole:'  the subassemblies that were supposed to be ready to be used must first be built up, the machines that were 'really close' to shipping must be finished up and shipped, some of the poor quality machines have been returned and must be repaired and reshipped so as not be counted 'against' the September total, and so on. The quota is higher, but there is even more work to do than before, so as September begins, the factory must first complete much of the 'catch up' work, and only ships 80 machines during the first week!  
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Even if things return to normal by Week 2, by the last week of September, the factory is still faced with shipping 660 machines, over three times its 'normal ability.'  Then, even if they are actually able to 'pull it off' in September, things will likely get even worse in October—more ratcheting, while starting out even further 'in the hole.'  
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The phenomenon, also called 'hockey stick management,' is hardly restricted to shipping and production. Channel stuffing refers to when the sales force places undemanded product into the distribution channel, such as 'force feeding' retailers unrequested stock, booking anticipated sales, or arranging for customers to buy—then later return—product.
  The pattern can also be observed in quarterly financial reports as they progress to the end of a fiscal year.

VP-Blip presents forecasters with a dilemma. If VP-Blip historically occurs, should it be forecasted for the future?  To do so is to give out numbers that will be used to plan for an undesirable outcome; to not do so, is to give out numbers that will be used to plan incorrectly. Current thinking is that management by fact is the better posture, and so such realities as VP‑Blip should be included in the forecast.

Forecasting Demand versus Pulling Demand
Forecasting 'pushes' estimated demand onto the system; if the forecast is 500 units, 500 units will be started and pushed down the production line towards the customer. The error contained in a demand forecast for 'size 6' Levis, often calculated months or years in advance, will generate waste:  excess raw material and work‑in‑process inventory, unsold finished goods, missed sales, wasted sales efforts, misallocation of resources. Pulling the true demand for 'mass‑customized Levis' into the system eliminates such waste, what is sold is what is then made—no more, no less. It was easy to forecast demand for American goods in the post WW II period. In today's market, who can really forecast demand on a long horizon?  Factories and companies are often set in disarray, due to glowing forecasts for increased demand that do not come true; Phen‑Fen diet pills and Boeing airplanes are two recent examples. Despite the beauty and sophistication of mathematical forecasting methods, simply 'pulling true demand into the system' is preferred to 'pushing forecasted, estimated demand onto the system' whenever pulling is practical. 
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Finance:  “Forecast and schedule more “reds!”





Operations:  “Forecast and schedule more “greens!”





Sales:  “Forecast and schedule more “blues!”





Forecaster








�	More information about the PMI can be found at: http://www.napm.org/public/rob/index2.html





� 	� HYPERLINK http://www.conference-board.org ��http://www.conference-board.org�





� 	The Conference Board assumed responsibility for compilation of these Business Cycle Indicators from the U. S. Department of Commerce's Bureau of Economic Analysis in 1995. More about the Conference Board's Business Cycle Indicators can be found at � HYPERLINK http://www.tcb-indicators.org ��http://www.tcb-indicators.org�





� 	ie, the rate at which The Federal Reserve Banks will lend other banks money to balance their accounts with the Federal Reserve Banks. Other banks must bring their Federal Reserve Bank accounts into balance once every week.


�	Further information about Federal Reserve discount interest rate as well as the recent history of rate changes can be found at � HYPERLINK "http://www.frbdiscountwindow.org/rates.cfm" ��http://www.frbdiscountwindow.org/rates.cfm� and http://www.bankrate.com/brm/ratewatch/leading-rates.asp


�	It is the end of 1997, so we really know the actual 1997 demand ... but we didn't tell the computer that!  (





�	Most people buy four chairs for their table, but some people buy five or six chairs for their table.





�	NOT by subtracting actual demand from the forecasted demand !!





�	The “inverse” phenomenon, where workers try to artificially hold back production rates to prevent racheting, was called solidering by Fredrick Taylor.


�	One discussion of the channel stuffing phenomenon is found within “Shipping Bricks And Other Tricks: Accounting Scams Of Silicon Valley,” Fortune, September 29, 1997.
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				X Data		Y Data

				0		1				SUMMARY OUTPUT

				0		2

				1		0				Regression Statistics

				2		4				Multiple R		0.9526184896

				3		3				R Square		0.9074819868

				5		8				Adjusted R Square		0.8982301855

				6		8				Standard Error		1.5979665718

				6		10				Observations		12

				7		8

				9		11				ANOVA

				9		14						df		SS		MS		F		Significance F

				9		15				Regression		1		250.4650283554		250.4650283554		98.0870595203		0.0000017365

				Trendline						Residual		10		25.5349716446		2.5534971645

				0		0.4631				Total		11		276

				1		1.8393

				2		3.2155						Coefficients		Standard Error		t Stat		P-value		Lower 95%		Upper 95%		Lower 95.0%		Upper 95.0%

				3		4.5917				Intercept		0.4631379962		0.8052518841		0.5751467402		0.5779025388		-1.3310753229		2.2573513154		-1.3310753229		2.2573513154

				5		7.3440				X Variable 1		1.3761814745		0.1389536149		9.9038911303		0.0000017365		1.0665734728		1.6857894761		1.0665734728		1.6857894761

				4		5.9679

				5		7.3440

				6		8.7202

				7		10.0964

				8		11.4726

				9		12.8488

				10		14.2250

																																				Cumm		Cumm		Cumm		Cumm

																																				Plan		Actual		Plan		Actual		Plan		Actual

																																		Start		0		0						0		0

																																		Wk 1		250		180						250		180
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