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CHAPTER I

Demystifying Forecasting:
Myths versus Reality

It is an exciting time for the field of demand forecasting. For the first
time in history, all the elements are in place to support demand fore-
casting from a fact-based perspective. Although advanced analytics have
been around for well over 100 years and data collection has improved sig-
nificantly over the past decade, data storage and processing capabilities have
continued to lag behind. With improvements in data storage and process-
ing over the past several years, demand forecasting is now poised to take
center stage to drive real value within the supply chain.

Subsequently, predictive analytics has been gaining wide acceptance
globally across all industries. Companies are now leveraging predictive
analytics to uncover patterns in consumer behavior, measure the effective-
ness of their marketing investment strategies, and optimize financial per-
formance. Using advanced analytics, companies can now sense demand
by uncovering consumer behavior patterns using data mining technology.
Then they can measure how eftective their marketing campaigns are in
driving consumer demand for their products and services and therefore
can optimize their marketing spending across their product portfolios. As a
result, a new buzz phrase has emerged within the demand forecasting disci-
pline: sensing, shaping, and responding to demand, or what is now being called
demand-driven forecasting.

With all these improvements, there has been a renewed focus on de-
mand forecasting as the driver of the supply chain. As a result, demand
forecasting methods and applications have been changing, emphasizing
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predictive analytics using what-if simulations and scenario planning to
shape and proactively drive, rather than react to, demand. The widespread
acceptance of these new methods and applications is being driven by
pressures to synchronize demand with supply to gain more insights into
why consumers buy manufacturers’ products. The wide swings in replen-
ishment of demand based on internal shipments to warehouses and the
corresponding effects on supply can no longer be ignored or managed
effectively without great stress on the downstream planning functions
within the supply chain.

New enabling technologies combined with data storage capabilities have
now made it easier to store causal factors that influence demand in corpo-
rate enterprise data warehouses, such as price, advertising, in-store mer-
chandising, sales promotions, external events, competitor activities, and
others, and then use advanced analytics to proactively shape demand utiliz-
ing what-if analysis or simulations based on the parameters of the models to
test different marketing strategies. This has been driven primarily by senior
management to gain more insights into the business while growing unit
volume and profit with fewer marketing dollars. Those companies that are
shaping demand using what-if analysis are experiencing additional efticien-
cies upstream in the supply chain. For example, senior managers are now
able to measure the effects of a 5 percent price increase with a good degree
of accuracy and ask additional questions, such as: What if we increase
advertising by 10 percent and add another sales promotion in the month of
June? How will that affect demand both from a unit volume and profit
perspective? Answers to such questions are now available in real time for
nonstatistical users employing advanced analytics with user-friendly point-
and-click interfaces. The heavy-lifting algorithms are embedded behind
the scenes, requiring quarterly or semiannual recalibration by statisticians
who are either on staft or purchased through outside service providers.
The results of these what-if simulations are used to enhance or shape
demand forecasts by validating or invalidating assumptions developed by
domain knowledge acquired through actual sales and marketing statistics.

With all the new enhancements, there are still challenges ahead for de-
mand forecasting. Many organizations struggle with how to analyze and
make practical use of the mass of data being collected and stored. Others
are still struggling to understand how to synchronize and share external
information with internal data across their technology architectures.
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Nevertheless, they are all looking for solutions that provide actionable
insights to make better decisions that improve corporate performance
through improved intelligence.

Improvement in demand forecasting accuracy has been a key ingredient
in allowing companies to gain exponential improvements in supply chain
efficiencies. Unfortunately, demand forecasting still suffers from miscon-
ceptions that have plagued the discipline for decades and have become
entrenched in many corporate cultures. The core misconception that has
troubled companies for years is that simple forecasting methods, such as
exponential smoothing, which measure the eftects of trend, seasonality,
and randomness (or what is known as unexplained), can be used to create
statistical baseline forecasts and enhanced (or improved) by adding judg-
mental overrides. Those overrides usually are based on inflated assump-
tions reflecting personal bias. The second misconception is that these
judgmental overrides can be managed at aggregated levels (higher levels
in the product hierarchy) without paying attention to the lower-level mix
of products that make up the aggregate. The aggregation is required to
manage the large scale of data that usually span multiple geographic re-
gions, channels, brands, product groups, and products. The sheer size of
the data makes it difficult to manage the overrides at the lowest level of
granularity. Companies compromise; they make judgmental overrides at
higher aggregate levels and disaggregate it down using Excel spreadsheets
and very simplistic, static averaging techniques. In other words, the aver-
ages are constant into the future and do not account for seasonality and
trends. In many cases, products within the same product group are trending
in different directions.

Another misconception is political bias based on the needs of the person
or purpose of the department making the judgmental overrides. For exam-
ple, depending on the situation, some sales departments will lower the
forecast to reduce their sales quota in order to ensure that they make bonus.
This is known as sandbagging. Other sales departments that have experi-
enced lost sales due to backorders (not having the inventory available in
the right place and the right time) will raise the forecast in the hopes of
managing inventory levels via the sales department forecast. This creates
excess inventory as the operations planning department is also raising safety
stocks to cover the increase in the sales department forecast. The problem
is compounded, creating excess finished goods inventory, not to mention
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increased inventory carrying costs. The finance department always tries to
hold to the original budget or financial plan, particularly when sales are
declining. Finally, the marketing department almost always raises its fore-
cast in anticipation of the deployment of all the marketing activities driving
incremental sales. The marketing department also receives additional mar-
keting investment dollars if it shows that its brands and products are grow-
ing. So it tends to be overly optimistic with marketing forecasts.

These misconceptions are difficult to overcome without a great deal of
change management led by a corporate “champion.” A corporate cham-
pion is usually a senior-level manager (e.g., director, vice president, or
higher) who has the authority to influence change within the company.
This person usually has the ear of the chief executive officer, chief financial
officer, or chief marketing ofticer and is also regarded within the organiza-
tion as a domain knowledge expert in demand forecasting with a broad
knowledge base that spans multiple disciplines. He or she usually has some
practical knowledge of and experience in statistical forecasting methods
and a strong understanding of how forecasting affects all facets of the
company.

The aim of this book is to put to rest many of the misconceptions and
bad habits that have plagued the demand forecasting discipline. Also, it
provides readers with a structured alternative that combines data, analytics,
and domain knowledge to improve the overall performance of their com-
pany’s demand forecasting process.

DATA COLLECTION, STORAGE,
AND PROCESSING REALITY

Over the past five years, we have seen a great improvement in data storage.
For example, companies that only a few years ago were struggling with 1
terabyte of data are now managing in excess of 19 terabytes of data with
hundreds of thousands of stock-keeping units (SKUSs). Data storage costs
have gone down substantially, making it easier to justify the collection of
additional data in a more granular format that reflects complex supply
chain networks of companies.

Most companies review their forecasts in a product hierarchy that
mirrors the way they manage their supply chain or product portfolio. In
the past, most companies’ product hierarchies were simple, reflecting the
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business at the national, brand, product group, product line, and SKU
levels. These product hierarchies ranged from hundreds to a few thousand
SKUgs, spanning a small number of countries or sales regions and a handful
of distribution points, making them fairly easy to manage. During the past
two decades, however, many industries have consolidated. Larger compa-
nies found it easier to swallow up smaller companies to increase their
economies of scale from a sales, marketing, and operations perspective
rather than growing their business organically. They realized additional
benefits as they flushed out inefticiencies in their supply chains while in-
creasing their revenue and global reach. Unfortunately, with all this expan-
sion came complexities in the way they needed to view their businesses.

Today, with global reach across multiple countries, markets, channels,
brands, and products, the degree of granularity has escalated tenfold or
more. Companies’ product portfolios have increased dramatically in size,
and their SKU base has expanded into the thousands and in some cases
hundreds of thousands. It is not unusual to see companies with more than
10,000 SKUs that span across 100 or more countries. Further escalation
has occurred as marketing departments redefined their consumer base by
ethnicity, channels of distribution, and purchase behavior. The resulting
increased granularity has further complicated product hierarchies of compa-
nies. All this proliferation in business complexity has made it difficult not
only to manage the data but also to process the data in a timely manner.

Given all this complexity and increase in the number of SKUs, Excel
spreadsheets are no longer viable tools to manage the demand forecasting
process. Excel is simply not scalable enough to handle the data and process-
ing requirements. Excel’s analytics capabilities are limited to some time-
series techniques and basic simple regression that model trend, seasonality,
and unexplainable historical patterns. Nevertheless, over 40 percent of
torecasters still use Excel to do forecasting, according to several surveys
conducted over the past decade by academic- and practitioner-based orga-
nizations. In fact, a recent survey conducted by Purdue University and the
SAS Institute found that over 85 percent of the respondents still use Excel
as a work around to existing Enterprise Resource Planning and Supply
Chain Management solutions due to the lack of ad hoc reporting capabili-
ties and other related functionality.'

Over the past several years the introduction of NT servers, parallel proc-
essing, and grid computing has significantly improved the speed of
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processing data and running analytics on large volumes of data. Sophisti-
cated algorithms now can be executed on a large scale using advanced
statistics and business rules across company product hierarchies for hun-
dreds of thousands of products. In fact, a large majority of products can be
forecasted automatically using new enabling technologies that allow fore-
casters to focus on growth products that are more dynamic due to their
marketplace competitiveness. Rather than spending 80 percent of their
time identifying, collecting, cleansing, and synchronizing data, forecasters
can now focus on those products that need more attention due to market
dynamics and other related factors.

Recent development in the area of master data management has helped
standardize data structures, making it easier to manage information and
untangle the years of mismanaged data storage. With all these new enhance-
ments to data collection and processing, forecasters no longer need to
worry about data quality or data availability. We can now collect, store, and
process millions of data series in batch overnight and hundreds of thou-
sands in real time in a matter of minutes and hours. Data are also streaming
into enterprise data warehouses in real time via the Internet, providing
forecasters with monitoring, tracking, and reporting capabilities through-
out the workday.

All these improvements in data collection, storage, and processing speed
have eliminated many of the barriers that prevented companies from con-
ducting large-scale forecasts across complex supply chain networks and
product hierarchies. Companies can no longer use the excuses that data
availability is limited or that running statistical models across their product
portfolios takes too long. Unfortunately, companies are still having prob-
lems understanding all this information. Fortunately, uncovering action-
able insights in a timely manner to make better decisions is becoming
easier as significant gains have been made with new technologies in data
mining and text mining. Managing information to gain insights to support
the decision-making process will only improve over the next several years.

“ART OF FORECASTING” MYTH

Contrary to what you have heard or believe, there is no art in forecasting,
but rather statistics and domain knowledge. Subsequently, domain knowl-
edge is not the art of making judgmental overrides based on inflated bias
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assumptions to simple statistical baseline forecasts without using analytics
to validate or invalidate those assumptions. It is ironic that although we use
exact science to manufacture products along structured guidelines with
specifications that are within a .001 tolerance range, we use our gut feeling
judgment to forecast demand for those same products. I have an advanced
degree in applied econometrics and more than 20 years of experience as a
forecast practitioner with more than six companies, and I still cannot take
my gut feeling judgment and turn it into a number. I need to access the
data and conduct the analytics to validate my assumptions. In other words,
come up with a hypothesis, find the data, and conduct the analytics to
determine whether you can reject the hypothesis. Then use the results to
make adjustments to the statistical baseline forecast or, better yet, build
those assumptions into the statistical baseline forecast by adding the addi-
tional data and revising the analytics.

Unfortunately, many companies are quick to dismiss any structured ap-
proach to demand forecasting, particularly when it requires data and ana-
lytics, or the “s” word: statistics. The excuse is that statistics are not always
trustworthy because they can be manipulated to explain whatever you
want. This excuse became clear to me when I was given a product forecast
by a manager who then asked me to find the data and statistics to support it.
As a young manager with a MBA in economics specializing in applied
micro-econometrics, I found this somewhat amusing. Applied econome-
trics is a very structured approach to analyzing information and data using
statistical methods that have been proven in practice as well as dissected
with rigor by academia over the past 100 years. Unfortunately, the manager
was not joking.

Granted, some element of domain knowledge, not art, always is re-
quired to predict the demand for any product. Unfortunately, most people
misinterpret the “art” to mean gut feelings rather than a true understanding
of marketplace dynamics. Let us look at a real-life example I encountered
while working at a beverage company in the late 1990s to illustrate the true
meaning of domain knowledge.

END-CAP DispPLAY DILEMMA

As senior manager for global marketing research at the beverage company,
I was asked to support the national brand team, which was responsible for
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growing its sports drink business. Our goal was to provide the brand team
with a way to measure the eftects of marketing dollars and use the findings
to shape and predict future demand as an input into the monthly Sales
& Operations Planning process. We decided to develop several advanced
statistical models by brand and package size to predict the effects of market-
ing tactics on consumer demand using ACNielsen syndicated scanner data
(point-of-sale data). The purpose of this exercise was twofold: (1) to mea-
sure the effects of the marketing mix elements (price, advertising, mer-
chandising, sales promotions, competitive activities, and any other external
factors) on consumer demand, and (2) to use those measures to conduct
what-if simulations to shape demand, resulting in a more accurate demand
forecast that reflected the sports drink brand team marketing strategy.

The first series of models was developed for the sports drink 64-ounce
product group. We identified several internal marketing elements as signifi-
cant business drivers influencing consumer demand. All the key business
drivers were significant at a 95 percent confidence level, which explained
roughly 92 percent of the variation in consumer demand for the 64-ounce
product. However, when we added end-cap displays® to the model, all
the other key business drivers were no longer significant and the end-cap
displays alone explained over 96 percent of the variation in consumer de-
mand. This was puzzling and, from a practical standpoint, somewhat suspi-
cious. So we scheduled a meeting with the sports drink brand team to
determine whether this made sense from a domain knowledge perspective.

The brand team explained to us that this was an anomaly in the data,
most likely an error on the part of ACNielsen. When ACNielsen con-
ducted its store audit that week to capture the in-store merchandising
activities of all the manufacturers and retailers, the auditor saw the one
64-ounce sports drink bottle on the end-cap display and entered it into the
system as a sports drink 64-ounce bottle end-cap promotion. The brand
team continued to explain that it never runs end-cap display promotions
for 64-ounce bottles of any beverage because the bottles are too large to fit
enough on the display to justify the cost. So what happened? The end-cap
display was most likely an 8-ounce sports drink 12-pack promotion with
only one 12-pack left. A consumer picked up a sports drink 64-ounce bot-
tle in the aisle and continued on to the end-cap display. The shopper saw
the last 8-ounce 12-pack on promotion and decided to exchange the 64-
ounce bottle for the 8-ounce 12-pack. The consumer left the 64-ounce
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bottle on the end-cap display, and the ACNielsen auditor saw it and
recorded it.

Such anomalies occur occasionally and need to be identified during the
final staging and cleansing of the data. After removing the end-cap display
variable from the sports drink 64-ounce bottle model, all the other key
business drivers fell into place, thus making the model more reflective of
the actual marketing activities being implemented to drive consumer de-
mand. As a result, we created a set of business rules for future model devel-
opment. The primary rule advised modelers to exclude end-cap displays in
any 64-ounce bottle models to explain consumer demand.

From this story, we learned that (1) demand forecasting requires a col-
laborative eftfort between a statistician and a domain knowledge expert,
and (2) domain knowledge is very difterent from pure judgment.

ReaLITY oF JUDGMENTAL OVERRIDES

Many companies still value judgment over analytics, and as such, judgment
is used almost exclusively to manipulate the statistical baseline demand
forecast to meet their needs. There are still situations where the demand
forecasting process is used to generate and justify sales targets based on
stretch goals. The end result is a forecast that reflects someone’s wishes
rather than reality. As an econometrician with over 20 years of experience,
I have never been able to turn my gut feelings into a number to enhance
the accuracy of a forecast. However, if you provide me with a hypothesis
based on your domain knowledge, I can identity the appropriate data and,
using analytics, validate or invalidate your hypothesis. If the hypothesis is
validated, we would add the data as an explanatory variable to a more so-
phisticated model to improve the accuracy of the statistical baseline fore-
cast. As a result, there would be no need to make a judgmental override
because we already would have incorporated your domain knowledge into
the statistical baseline forecast.

Unfortunately, those individuals making manual overrides to the statisti-
cal baseline forecast actually feel that they are enhancing the accuracy of the
forecast by touching it with their judgment. At least this is one of the major
reasons forecasters made adjustments to 75 percent of statistical baseline
forecasts at four U.K. companies, according to a recent study by Goodwin
and Fildes.” In fact, at these companies, the researchers found that when
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forecasters and/or planners raise the forecast, they are almost always wrong,
thus making the forecast less accurate. Often they are overly optimistic
when raising the forecast. Conversely, when forecasters or planners make
judgmental overrides that lower the forecast, they tend to enhance its accu-
racy because they are more conservative. But senior management tends to
frown on disclosing that a business is declining rather than growing. Over-
all, Goodwin and Fildes found that very small changes to the forecast, up or
down, had virtually no impact on forecast accuracy and were simply a
waste of time.

The real issue is that most companies have been sold a bad bill of goods
by academics, practitioners, and software vendors. It is popular to advocate
that you can take a simple time series statistical model, such as exponential
smoothing, and enhance the forecasts by making manual overrides based
on pure judgment. Simple methods such as this can work with well-
behaved and easy-to-forecast demand but can produce highly inaccurate
forecasts in more challenging forecasting situations. I have rarely seen the
accuracy of a statistical baseline forecast improve by making a manual over-
ride using gut feeling judgment rather than informed judgment using
domain knowledge. Nevertheless, almost every process designed and sup-
ported by software vendors advocates this method as it is easy to systema-
tize these simple time series statistical methods. It is also easy to collect,
store, and manage the historical data required to enable such methods.

The accepted demand forecasting process of making manual overrides
using pure judgment needs to be modified to incorporate more analytics
by creating a hypothesis using domain knowledge, not judgment. Demand
forecasting is a collaborative process that requires a statistician and a domain
knowledge expert. More sophisticated methods should be introduced,
such as autoregressive integrated moving average (ARIMA), autoregressive
integrated moving average with exogenous input (ARIMAX), dynamic
regression, and unobserved component models. These models can capture
the relationships and influences of factors other than trend and seasonality,
such as price, advertising, sales promotions, marketing events, and eco-
nomic information. Domain knowledge could then be used to identify the
factors that affect those particular brands, product groups, and products,
providing a hypothesis as to why and how they may be influencing de-
mand. Finally, the hypothesis should be tested to determine which factors
are influencing demand and incorporate them into the statistical baseline
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forecasts. In other words, the judgmental assumptions that are used to
justify making manual overrides using data and analytics rather than
someone’s opinion, or gut feelings, should be validated.

This brings to mind two real-life situations. The first occurred in the
early 1990s at a large international household products company and
the second more recently during a process assessment review with an SAS
(my current employer) customer. The first story illustrates the perfect
structured process using domain knowledge to identify a hypothesis, and
the second story illustrates the worst-case scenario.

OVEN CLEANER CONNECTION

As the director of demand forecasting and marketing technology at a large
international household products company, I was responsible for provid-
ing marketing support to a U.S. national oven cleaner brand. The brand
was declining in sales for several periods with historical unit sales decreas-
ing at an exponential rate. Under normal circumstances the product man-
ager would have waited for the new statistical baseline forecast to be
updated and then make manual overrides without validating his assump-
tions. He would have taken the forecast down slowly, phasing out the
brand over time, or would have adjusted the forecast slowly upward to
support assumptions that existing sales and marketing campaigns would
turn around the brand. The latter course would more likely have been
tollowed if gut feeling judgment was used. The actual sales would have
most likely come in somewhere in the middle. By the way, the statistical
baseline forecast only modeled the seasonality, trend, and any unexplained
randomness associated with its past historical unit sales. It could not build
in the dynamic effects of sales promotions, marketing events, pricing,
advertising, and other related sales/marketing activities.

Fortunately, we had just implemented a new structured demand fore-
casting process that was enabled by a new solution. The new demand fore-
casting solution utilized advanced analytics capabilities, which was
supported by an enterprise-wide data warehouse. The product manager
came to the demand forecasting analyst responsible for supporting the
brand with a hypothesis that addressed the reason that unit sales were de-
clining for the oven cleaner brand. The brand manager explained to the
demand forecasting analyst that there was a possible negative correlation
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(relationship) with the oven cleaner brand and self-cleaning ovens. In other
words, as more people purchased self-cleaning ovens, the less they used
the oven cleaner. The task for the analyst was to validate or invalidate the
negative relationship between the oven cleaner brand and the increased
purchases of self-cleaning ovens. The real dilemma facing the analyst did
not involve analytics but, rather, where to find self-cleaning oven data to
conduct the analysis. As it turns out, there is an oven association, and
membership was $§95 per year. After becoming a member, our company
was able to download all the oven data we needed.

Analysis of the data revealed that the brand manager was absolutely cor-
rect. That one causal factor—the negative correlation between the oven
cleaner brand and increasing purchases of self-cleaning ovens—improved
the accuracy of the forecast by 10 percent. Additional research was con-
ducted that indicated that most people did not like using their self-cleaning
oven feature for several reasons: (1) it took over four hours to run,
(2) heated up the kitchen, and (3) smelled terrible. As a result, the company
repositioned the oven cleaner brand in its national advertising messaging
to say “Use our oven cleaner in between oven self-cleanings to spot clean
your oven.” Using the oven cleaner would allow people to use their self-
cleaning feature less frequently. Today, the oven cleaner is still a very strong
U.S. national brand. The same message continues to be delivered in U.S.
television advertisements.

The oven cleaner story is a great illustration of sensing demand and
using analytics to shape demand, not to mention shaping brand positioning
and messaging. Unfortunately, the next story does not illustrate the best
practices in demand forecasting but rather the worst.

MoRrE Is NoT NEcEssARILY BETTER

A few years ago during a customer visit with a large national restaurant
chain the SAS team uncovered an abnormally large number of people in
the demand forecasting process. We were called in to help the company
assess its demand forecasting process and recommend a solution to enable
the process. The first question we asked was how many people participated
in the current demand forecasting process. The restaurant marketing man-
ager explained that 100 people participated in the process. When we asked
if all 100 people create the forecast, the manager explained that only
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8 people actually create the statistical baseline demand forecasts. We then
asked what the other 92 people did. The marketing manager replied that
they make manual overrides to the statistical baseline forecasts. In this
customer’s scenario, there were 92 chances of adding personal bias to the
statistical baseline forecasts, making them less accurate.

We explained that the restaurant chain needed to conduct a forecast
value added (FVA) analysis to determine if value was added to the statistical
baseline forecasts when manual overrides were made by all the individuals
in the demand forecasting process. In other words, we advised that it mea-
sure the accuracy of the demand forecast before and after each touch point
in the process to determine if the forecast accuracy improved after each
manual adjustment. If not, then that touch point should be eliminated.
Although the process of elimination may be long and tedious, it is truly
the best way to test the value each person brings to the process when he or
she adjusts the statistical baseline forecast with their judgment. Getting
people to buy into this new FVA performance metric usually requires
some level of change management supported by a champion, as most peo-
ple prefer not to be measured or held accountable for their judgmental
overrides. The purpose of FVA is not to punish people for adjusting the
statistical baseline forecast but rather to improve the accuracy of the overall
demand forecasting process by reducing unnecessary touch points. It has
been proven in practice that the statistical baseline forecast is usually very
close to actual demand; thus, a statistical baseline forecast, especially if
augmented by more sophisticated methods including causal factors like
promotions, external events, and other dynamic business drivers, usually
will be more accurate by itself than with judgmental overrides. However,
forecasters need to understand that when using more advanced statistical
methods, such as regression, it is important to have company and external
data that match the requirements of the independent and dependent varia-
bles. This will be discussed in more detail in Chapters 5, 6, and 7.

From these two stories we learned that (1) the more people touching
the forecast, the more chance you have to introduce biases and hurt accu-
racy, and (2) the more fact-based (information/data supported) and mathe-
matically derived the forecast, the more likely the forecast accuracy will
improve.

Judgment almost always introduces personal bias based on the purpose
or needs of the person making the override. Unfortunately, many people
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within the demand forecasting process do not feel they are adding value
unless they touch the forecast. However, most people do not want to be
measured, as they are concerned it will be used to measure their perform-
ance rather than to understand why their adjustments are not adding value.
This is a corporate cultural issue that requires change management driven
by an internal champion, someone who can demonstrate how structure
and analytics can validate or invalidate the assumptions used in making
judgmental overrides, thus reducing the amount of adjustments and putt-
ing more structure around the way they shape demand using analytics.

REALITY OF UNCONSTRAINED
ForecAasTs, CONSTRAINED
ForReEcAsTs, AND PLANS

The term forecast often is used far too loosely in most companies. It seems
that everyone has a forecast. For example, there is a sales department fore-
cast, a marketing department forecast, a financial department forecast and
plan (budget), an operations forecast, and a demand forecast. In reality,
there is only one unconstrained demand forecast that predicts the un-
limited demand for a company’s product. From that unconstrained demand
forecast we create a constrained plan, not a forecast, by matching supply to
demand. In many cases demand outstrips supply, requiring companies
either to lower their unconstrained demand forecast or to incur additional
costs to increase supply. Normally, in order to increase supply, companies
would add manufacturing shifts or hire a third-party company to fill the
gap. It is amazing how many companies still refer to their constrained oper-
ations plan as the operations (or shipment) forecast. This becomes confus-
ing as most companies have multiple forecasts, when in reality they should
have one unconstrained demand forecast and an operations plan, which
really is a constrained demand forecast.

Generally there are numerous departmental forecasts within a company.
These forecasts usually start with a statistical baseline forecast, to which
domain knowledge is added through manual overrides by departmental
planners or analysts to create a departmental perspective of unconstrained
demand. Those departmental forecasts are used as inputs to create an un-
constrained consensus demand forecast. The overarching goal is to create a
consensus demand forecast that captures all the domain knowledge and
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views of the key departments within the company. We now have the capa-
bility to create automatically a weighted consensus demand forecast based
on each department’s forecast accuracy over time. For example, if the statis-
tical baseline forecast is consistently more accurate over time, then it would
get the most weight—say, 50 percent. If the sales department forecast was
the next most accurate forecast over time, it would get a weight of 30 per-
cent; the marketing forecast may get 10 percent; the finance forecast, 5 per-
cent; and the operations forecast, 10 percent. The weights would be
multiplied to their corresponding forecasts and then summed, thus creating
a weighted consensus demand forecast.

The next story illustrates how a simple weighted demand forecast can
be created to improve the overall accuracy of an unconstrained consensus
demand forecast.

NoRTHEAST REGIONAL SALES EQUATION

While working at the household products company, I, along with my de-
partment, was responsible for collecting and summing the U.S. regional
sales department demand forecasts. The purpose was to create a “sales com-
posite” forecast as an input to our consensus demand forecasting process. At
the time we did not call it the consensus demand forecast; we simply called
it the sales forecast. It was an unconstrained consensus demand forecast that
resulted from a typical forecasting process where we started with a statistical
baseline forecast and then captured the domain knowledge of each depart-
ment (sales, marketing, finance, and operations) through manual overrides.
Each month we would conduct a consensus forecasting meeting where
each department would defend its position with the vice president of sales,
who was responsible for determining the final consensus sales forecast.
Over time we realized that the U.S. northeastern regional sales team sent
the most accurate demand forecasts. So we traveled to the northeastern re-
gional sales office in Baltimore to meet with the sales analyst to determine
what the sales team was doing to produce such an accurate demand fore-
cast. The sales analyst outlined a simple approach that became the basis for
future consensus forecasting methodologies that eventually were imple-
mented throughout the sales regions. The analyst explained that when he
received forecasts from each divisional manager, he noticed over time there
was a distinct trend associated with them. For example, one divisional
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manager was on average 5 percent higher than actual demand every
month, another was consistently 2 percent lower, and another was always
very close to the actual demand. During the collection process, the analyst
would take each divisional sales manager’s demand forecast and adjust it
accordingly based on their accuracy over time. After adjusting each divi-
sional manager’s demand forecast, the analyst summed them to create the
weighted northeastern regional demand forecast. This simple metho-
dology worked extremely well to eliminate the personal bias of each divi-
sional sales manager, resulting in a more accurate demand forecast.

From this story, we learned that weighted combined demand forecasts
based on accuracy over time tend to eliminate personal bias, thus improv-
ing overall accuracy. This is surprising, given researchers have recom-
mended combining forecasts for over half a century. In fact, surveys of
forecasting methods by several well-known trade organizations claim to
use combined forecasts. Research conducted over the past half century
conclude that simple averaging of two or more forecasting methods,
including judgmental methods, can lead to improvements in forecast accu-
racy. Furthermore, combined weighted forecasts tend to eliminate practi-
tioner bias. Unfortunately, most organizations use combined forecasts in
an informal manner and thus miss most of the benefit, according to Scott
Armstrong.* A more detailed methodology, composite forecasting, also
known as combining forecasts, is discussed in Chapter 7.

HoLb-AND-RoLL MYTH

The most traditional approach to demand forecasting is what is referred to
as hold-and-roll or snowplowing, which has been entrenched in corporate
cultures across all industry verticals worldwide for well over 20 years. In
this environment, the demand forecasting process is strongly influenced
by C-level managers to serve two purposes: (1) tie the demand forecast to
the financial plan and (2) set sales targets for the field sales organization.
Usually the vice president of finance or marketing influences the partici-
pants in the monthly consensus forecasting meetings to adjust the demand
forecast to reflect the financial plan even in the face of declining demand.
In many cases, they actually raise the demand forecast for the next period
(month/week) by rolling missed demand forward from the previous period
so they can hold to the original annual financial plan.
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It is hard to understand why C-level managers think they will be able to
make up missed demand in the following month. It takes a minimum
of three to six months as well as additional discretionary marketing spend-
ing to put programs in place to drive incremental demand. A common
response to the question “What makes you think you can make up last
month’s missed demand next month?” is that ““The sales organization will
be focused.” “But weren’t they focused last month?” “Yes, but they will be
‘more’ focused next month.”

In my experience, the hold-and-roll philosophy never works long
term. It may work for a quarter or even two quarters before the company
eventually takes a large write-off or loss in demand as it can no longer roll
the missed demand forward. Normally, the company will take a huge
one-time loss on the profit and loss statement, a lot of people do not
receive a bonus that year, and the stock price declines due to missed pro-
jections to Wall Street. Sales, not marketing or finance, is usually blamed
for the missed demand. Finally, people are laid off due to the lack of
demand, and many times these companies file for Chapter 11 bankruptcy.
I worked for two companies that used this approach to demand forecast-
ing. One was acquired by a larger company, and the other filed for bank-
ruptcy. Many people lost their jobs, and some legacy brands were
discontinued.

The hold-and-roll approach is a culture issue that is hard to change
within most companies. It requires a great deal of change management
led by a champion, usually a C-level manager. This approach puts little
emphasis on analytics and stresses the use of judgment, not domain knowl-
edge, to justify all the assumptions that support rolling the missed demand
to the next period and holding to the annual financial plan. The change
management remedy to correct this corporate cultural issue is a more
structured process that emphasizes the use of analytics combined with do-
main knowledge. Using what-if analysis, the company can shape demand
in a more proactive environment that facilitates corporate strategies. Then
and only then can change occur to break the vicious cycle of hold and roll.
The main defense of hold and roll is that if everyone is working toward the
same demand forecast, it will happen. This 1s wishful thinking, particularly
when the company is experiencing declining demand.

The next story gives an example of how to overcome this hold-and-roll

philosophy.
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THE PLAN THATWAs NoT Goob ENOUGH

During my tenure at that same international household products company,
we were required to submit an annual plan to our corporate headquarters.
Each year we would spend weeks analyzing our product portfolio brand by
brand to determine annual unit volumes, corresponding revenue sales, and
market share to develop an annual financial budget (plan). We would fly to
the global corporate headquarters to present and defend our annual plan.
After hours of presentations and a multitude of questions from the chief
executive officer, chief financial officer, chief marketing ofticer, and other
corporate staff members, we would be told that the plan was not good
enough. The plan number was always too low. The global corporate senior
management team would prescribe an overall plan number that was usually
10 to 20 percent higher than our original plan. We would push back by
explaining that we could not achieve the higher plan number because de-
mand in our division (North America) was weak and stimulating demand
would require additional discretionary marketing and sales spending. They
would ask us if we had any supporting information to justify our plan num-
ber and how we would invest any discretionary sales and marketing dollars
to drive more unit volume and profit. We would provide them with a lot of
qualitative information about the market, what additional sales promotions
would add incremental unit volume, and, finally, how we are experiencing
increased pressure from our competitors, causing demand for our products
to decline. In the end, not only did they raise the annual volume and reve-
nue plan, but they also reduced the supporting budget. In other words, we
had to deliver more unit volume and revenue with less budget support.
Gilliland® refers to this as “evangelical” forecasting, where upper-level
management provides numbers, and the forecaster’s job is to work out the
details to match the target/forecast given by upper management.

In the end, we were told that our rationale was not good enough to
convince them to accept our annual plan number. We returned to the
North American divisional headquarters and backed into the higher annual
plan number brand by brand. We then asked ourselves how we would ever
be able to stimulate enough incremental demand to meet our new financial
plan, particularly given the reduction in budget spending. That year we
missed our annual unit and revenue target, and no one received a bonus,

resulting in low morale for that year.
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The next year we developed more sophisticated models around each
brand to determine how the marketplace would respond to various
amounts of marketing spending for sales promotions and other activities.
We ran what-if analyses to validate our assumptions and strategies to fill
any suspected budget gaps the global corporate headquarters would present
from a target perspective. When we defended our plan to the global corpo-
rate senior management team, we were prepared with data, analytics, and
contingency plans. When we were asked to accept a higher volume and
revenue target, we showed them all the data and analysis. We continued to
explain how we ran what-if simulations to determine what needed to be
done to close the gap between our plan and the new corporate target. We
asked for a $2 million incremental discretionary marketing spending fund
to close the gap based on our analysis. The global corporate senior man-
agement team was so impressed that it lowered our annual volume and
revenue target and gave us an additional $1 million in discretionary mar-
keting spending to drive more demand. That year we not only met our
target but exceeded it. As a result, everyone received a bonus.

From this story we learned that companies continue to use the demand
forecasting process as a target-setting exercise that is not always reflective
of true demand. As demand forecasters, it is our responsibility to validate
unconstrained demand using sophisticated methods that can be used to
provide practical recommendations to close gaps and minimize exposure
to corporate game playing.

SUMMARY

As a C-level manager, I have always served in a change management role as
the champion of demand forecasting. Demystifying forecasting by educat-
ing senior management on its myths and realities has always been part of
my job responsibilities. However, I was successful in creating change only
when I relied on data and analytics to validate assumptions and provide a
mechanism to develop strategies using simulation tools and applications.
We have always had to demonstrate that analytics outperforms judgment,
and it has always been difficult to change long-held opinions. In corporate
settings, there will always be skeptics who enjoy the game playing associ-
ated with target-setting versus true demand forecasting. It provides a
mechanism for those nonbelievers to touch the demand forecast without



E1CO01_1

06/16/2009 20

20 CHAPTER | DEMYSTIFYING FORECASTING

being held accountable. Structure and analytics are means for eliminating
personal bias.

As agents of change, it is our responsibility to create an environment that
eliminates personal bias and gaming in the demand forecasting process.
Using proven analytics combined with domain knowledge, not pure judg-
ment, is the only means to break the current cycle of making manual
adjustments to simple statistical baseline forecasts. We can no longer aftord
to continue this process, given the pressures to deliver more with less. It is
our responsibility to provide senior management with a more robust set of
tools and applications that can help them sense, shape, and predict demand
in a more proactive way, eliminating the guesswork associated with devel-
oping viable strategies that maximize volume growth and revenue.
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