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Preface

“My name is Sherlock Holmes. It is my business to know what other
people do not know.”
The Adventure of the Blue Carbuncle

“What do you think of it, Watson?”
“A masterpiece. You have never risen to a greater height.”
The Adventure of the Bruce-Partington Plans

Since the computer age dawned on mankind, one of the most important areas in
information technology has been that of “decision support.” Today, this area is
more important than ever. Working in dynamic and ever-changing environments,
modern-day managers are responsible for an assortment of far-reaching decisions:
Should the company increase or decrease its workforce? Enter new markets?
Develop new products? Invest in research and development? The list goes on. But
despite the inherent complexity of these issues and the ever-increasing load of
information that business managers must deal with, all these decisions boil down
to two fundamental questions:

e What is likely to happen in the future?
e What is the best decision right now?

Whether we realize it or not, these two questions pervade our everyday lives —
both on a personal and professional level. When driving to work, for instance, we
have to make a traffic prediction before we can choose the quickest driving route.
At work, we need to predict the demand for our product before we can decide how
much to produce. And before investing in a foreign market, we need to predict
future exchange rates and economic variables. It seems that regardless of the deci-
sion being made or its complexity, we first need to make a prediction of what is
likely to happen in the future, and then make the best decision based on that pre-
diction. This fundamental process underpins the basic premise of Adaptive Busi-
ness Intelligence.

Simply put, Adaptive Business Intelligence is the discipline of combining predic-
tion, optimization, and adaptability into a system capable of answering these two
fundamental questions: What is likely to happen in the future? and What is the best
decision right now? To build such a system, we first need to understand the methods
and techniques that enable prediction, optimization, and adaptability. At first blush,
this subject matter is nothing new, as hundreds of books have already been written on
business intelligence, data mining and prediction methods, optimization techniques,
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and so forth. However, none of these books has explained how to combine these vari-
ous technologies into a software system that is capable of predicting, optimizing, and
adapting. This text is the first on the subject.

When we set out to write Adaptive Business Intelligence, we had three impor-
tant objectives in mind: First of all, we wanted to explain why the future of the
business intelligence industry lies in systems that can make decisions, rather than
tools that produce detailed reports. As most business managers now realize, there
is a world of difference between having good knowledge and detailed reports, and
making smart decisions. Michael Kahn, a technology reporter for Reuters in San
Francisco, makes a valid point in the January 16, 2006 story entitled “Business
intelligence software looks to future”:

“But analysts say applications that actually answer questions rather than just
present mounds of data is the key driver of a market set to grow 10 per cent in
2006 or about twice the rate of the business software industry in general.

‘Increasingly you are seeing applications being developed that will result in
some sort of action,’ said Brendan Barnacle, an analyst at Pacific Crest Equities.
‘It is a relatively small part now, but it is clearly where the future is. That is the
next stage of business intelligence.’”

We could not agree more.

Second, we wanted to explain the principles behind many prediction methods
and optimization techniques in simple terms, so that any business manager could
grasp them. Even though most business managers have a limited technology back-
ground, they should not be intimidated by terms such as “artificial neural net-
works,” “fuzzy logic,” “evolutionary algorithms,” “ant systems,” or “agent-based
modeling.” They should understand the strengths and weaknesses of these meth-
ods and techniques, their operating principles, and applicability. Armed with such
knowledge, business managers will be in a better position to control the applica-
tion of these methods and techniques in their respective organizations.

And, third, we wanted to underscore the enormous applicability of Adaptive
Business Intelligence to many real-world business problems, ranging from de-
mand forecasting and scheduling, to fraud detection and investment strategies.
From a high-level perspective, most of these business problems have similar char-
acteristics, and the application of Adaptive Business Intelligence can provide
significant benefits and savings.

To facilitate the discussion in this book, we have divided the chapters into three
parts that correspond to the three objectives listed above. In Part I, we present the
fundamental ideas behind Adaptive Business Intelligence, and explain the differ-
ent roles that prediction, optimization, and adaptability play in producing near-
optimal decisions. We also discuss the characteristics that many business prob-
lems have in common, and why these characteristics increase the complexity of
the problem-solving exercise. Furthermore, we introduce a particular distribution
problem that is used throughout the text as a running example. Given that the
prediction and optimization issues in this example are common to most business
problems, it should be relatively easy for the reader to extrapolate this example to
many other business domains.

LEINT3
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Because countless texts have already been written on the subject of database
technologies, data warehousing, online analytical processing, reporting, and the
like, we saw little point in rehashing the tools and techniques that are routinely
used to access, view, and manipulate organizational data. Instead, Part II of the
book discusses the various prediction methods and optimization techniques that
can be used to develop an Adaptive Business Intelligence system. The distribution
example is continued throughout these chapters, effectively highlighting the
strengths and weaknesses of each method and technique. Each chapter in Part II is
concluded by a Recommended Reading section that provides suggestions for read-
ers who want to learn more about particular methods or techniques.

Part III begins with a chapter on hybrid systems and adaptability, explaining
how to “combine” the various methods and techniques discussed in Part II, and
how the component of adaptability can be added to the final design. In the remain-
ing chapters of the book, we discuss the definitive solution to the distribution
problem that was used throughout the text, as well as the application of Adaptive
Business Intelligence to several other complex business problems.

Without a doubt, we believe that business managers of all levels would benefit
from this text. Anyone who makes operational and strategic decisions — whether
on the factory floor or in the boardroom — will find this book invaluable for under-
standing the science and technology behind better predictions and decisions. We
hope that readers will enjoy reading the book as much as we enjoyed writing it,
and that they will profit from it.

We would like to thank everyone who made this book possible, and who took the
time to share their thoughts and comments on the subject of Adaptive Business Intel-
ligence. In particular, we would like to express our gratitude to SolvelT Software’s
scientific advisory board, which includes Hussein Abbass, Valerio Aimale, Jiirgen
Branke, Mike Brooks, Carlos Coello, Ernesto Costa, Kalyanmoy Deb, Gusz Eiben,
Fred Glover, Philip Hingston, Jong-Hwan Kim, Bob McKay, Marek Michalewicz,
Masoud Mohammadian, Pablo Moscato, Michael Rumsewicz, Marc Schoenauer,
Alice Smith, Russel Stonier, Lyndon While, Xin Yao, and Jacek Zurada. Our special
appreciation also goes to two anonymous reviewers who provided us with many
insights and useful suggestions, and to Ronan Nugent, who did a wonderful job of
editing this book and helping us make the entire project a success.

Lastly, we would like to thank the most famous fictional detective of all time,
Sherlock Holmes, for providing us with the entertaining quotes at the beginning of
each chapter. Mr. Holmes remains one of the most famous problem-solvers of all
time, and his methodology is based on prediction ( “If is a capital mistake to theo-
rize before you have all the evidence”), optimization (“... I had best proceed on
my own lines, and then clear the whole matter up once and for all”), and adapta-
bility (“I have devised seven separate explanations ... But which of these is cor-
rect can only be determined by the fresh information, which we shall no doubt find
waiting for us”). Needless to say, his methodology bears a striking resemblance to
Adaptive Business Intelligence! Enjoy.

Adelaide, Australia Zbigniew Michalewicz, Martin Schmidt
October 2006 Matthew Michalewicz, Constantin Chiriac
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Part I:
Complex Business Problems



1 Introduction

“Like all Holmes’s reasoning, the thing seemed simplicity itself when
it was once explained.”
The Stock-Broker’s Clerk

“Before turning to ... matter which present the greatest difficulties,
let the inquirer begin by mastering more elementary problems.”
A Study in Scarlet

“The answer to my problem is hidden in my data... but I cannot dig it up!” This
popular statement has been around for years as business managers gathered and
stored massive amounts of data in the belief that they contain some valuable in-
sight. But business managers eventually discovered that raw data are rarely of any
benefit, and that their real value depends on an organization’s ability to analyze
them. Hence, the need emerged for software systems capable of retrieving, sum-
marizing, and interpreting data for end-users.

This need fueled the emergence of hundreds of business intelligence companies
that specialized in providing software systems and services for extracting knowl-
edge from raw data. These software systems would analyze a company’s opera-
tional data and provide knowledge in the form of tables, graphs, pies, charts, and
other statistics. For example, a business intelligence report may state that 57% of
customers are between the ages of 40 and 50, or that product X sells much better in
Florida than in Georgia.'

Consequently, the general goal of most business intelligence systems was to:
(1) access data from a variety of different sources; (2) transform these data into
information, and then into knowledge; and (3) provide an easy-to-use graphical
interface to display this knowledge. In other words, a business intelligence system
was responsible for collecting and digesting data, and presenting knowledge in
a friendly way (thus enhancing the end-user’s ability to make good decisions). The
following diagram illustrates the processes that underpin a traditional business
intelligence system:

' Note that business intelligence can be defined both as a “state” (a report that contains
knowledge) and a “process” (software responsible for converting data into knowledge).
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Although different texts have illustrated the relationship between data and
knowledge in different ways, the distinction between data, information, and
knowledge is quite clear:

e Data are collected on a daily basis in the form of bits, numbers, symbols, and
“objects.”

e [nformation is “organized data,” which are preprocessed, cleaned, arranged into
structures, and stripped of redundancy.

e Knowledge is “integrated information,” which includes facts and relationships
that have been perceived, discovered, or learned.

Because knowledge is such an essential component of any decision-making
process (as the old saying goes, “Knowledge is power!”), many businesses have
viewed knowledge as the final objective. But it seems that knowledge is no longer
enough. A business may “know” a lot about its customers — it may have hundreds of
charts and graphs that organize its customers by age, preferences, geographical
location, and sales history — but management may still be unsure of what decision to
make! And here lies the difference between “decision support” and “decision mak-
ing”: all the knowledge in the world will not guarantee the right or best decision.

Moreover, recent research in psychology indicates that widely held beliefs can
actually hamper the decision-making process. For example, common beliefs like
“the more knowledge we have, the better our decisions will be,” or “we can dis-
tinguish between useful and irrelevant knowledge,” are not supported by empirical
evidence. Having more knowledge merely increases our confidence, but it does
not improve the accuracy of our decisions. Similarly, people supplied with “good”
and “bad” knowledge often have trouble distinguishing between the two, proving
that irrelevant knowledge decreases our decision-making effectiveness.

Today, most business managers realize that a gap exists between having the
right knowledge and making the right decision. Because this gap affects manage-
ment’s ability to answer fundamental business questions (such as “What should be
done to increase profits? Reduce costs? Or increase market share?”), the future of
business intelligence lies in systems that can provide answers and recommenda-
tions, rather than mounds of knowledge in the form of reports. The future of busi-
ness intelligence lies in systems that can make decisions! As a result, there is
anew trend emerging in the marketplace called Adaptive Business Intelligence.
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In addition to performing the role of traditional business intelligence (transforming
data into knowledge), Adaptive Business Intelligence also includes the decision-
making process, which is based on prediction and optimization:

Adaptability
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While business intelligence is often defined as “a broad category of application
programs and technologies for gathering, storing, analyzing, and providing access
to data,” the term Adaptive Business Intelligence can be defined as “the discipline
of using prediction and optimization techniques to build self-learning ‘decision-
ing’ systems” (as the above diagram shows). Adaptive Business Intelligence sys-
tems include elements of data mining, predictive modeling, forecasting, optimiza-
tion, and adaptability, and are used by business managers to make better decisions.

This relatively new approach to business intelligence is capable of recommending
the best course of action (based on past data), but it does so in a very special way: An
Adaptive Business Intelligence system incorporates prediction and optimization
modules to recommend near-optimal decisions, and an “adaptability module” for
improving future recommendations. Such systems can help business managers make
decisions that increase efficiency, productivity, and competitiveness. Furthermore,
the importance of adaptability cannot be overemphasized. After all, what is the point
of using a software system that produces sub par schedules, inaccurate demand fore-
casts, and inferior logistic plans, time after time? Would it not be wonderful to use
a software system that could adapt to changes in the marketplace? A software system
that could improve with time?

The concept of adaptability is certainly gaining popularity, and not just in the
software sector. Adaptability has already been introduced in everything from
automatic car transmissions (which adapt their gear-change patterns to a driver’s
driving style), to running shoes (which adapt their cushioning level to a runner’s
size and stride), to Internet search engines (which adapt their search results to
a user’s preferences and prior search history). These products are very appealing
for individual consumers, because, despite their mass production, they are capable
of adapting to the preferences of each unique owner after some period of time.

The growing popularity of adaptability is also underscored by a recent publica-
tion of the US Department of Defense. This lists 19 important research topics for
the next decade and many of them include the term “adaptive”: Adaptive Coordi-
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nated Control in the Multi-agent 3D Dynamic Battlefield, Control for Adaptive
and Cooperative Systems, Adaptive System Interoperability, Adaptive Materials
for Energy-Absorbing Structures, and Complex Adaptive Networks for Coopera-
tive Control.

For sure, adaptability is here to stay. It is a vital component of any intelligent
system, as it is hard to argue that a system is “intelligent” if it does not have the
capacity to adapt. Moreover, modern definitions of natural and artificial intelli-
gence include the term “adaptive.” For humans, the importance of adaptability is
obvious: our ability to adapt was a key element in the evolutionary process. In the
case of artificial intelligence, consider a chess program capable of beating the
world chess master: Should we call this program intelligent? Probably not. We can
attribute the program’s performance to its ability to evaluate the current board
situation against a multitude of possible “future boards” before selecting the best
move. However, because the program cannot learn or adapt to new rules, the pro-
gram will lose its effectiveness if the rules of the game are changed or modified.
Consequently, because the program is incapable of learning or adapting to new
rules, the program is not intelligent.

The same holds true for any expert system. No one questions the usefulness of
expert systems in some environments (which are usually well defined and static),
but expert systems that are incapable of learning and adapting should not be called
“intelligent”! Some expert knowledge was programmed in, that is all.

It is not surprising that the fundamental components of Adaptive Business Intelli-
gence are already emerging in other areas of business. For example, the Six Sigma
methodology is a great example of a well-structured, data-driven methodology for
eliminating defects, waste, and quality-control problems in many industries. This
methodology recommends the following sequence of steps:

Define Measure ::) Analyze ::> Improve ::> Control

Note that the above sequence is very close “in spirit” to part of the previous
diagram, as it describes (in more detail) the adaptability control loop. Clearly, we
have to “measure,” “analyze,” and “improve,” as we operate in a dynamic envi-
ronment, so the process of improvement is continuous. The SAS Institute proposes
another methodology, which is more oriented towards data mining activities. Their
methodology recommends the following sequence of steps:

Sample :> Explore :> Modify Model ::> Assess

Again, note that the above sequence is very close to another part of our dia-
gram, as it describes (in more detail) the transformation from data to knowledge. It
is not surprising that businesses are placing considerable emphasis on these areas,
because better decisions usually translate into better financial performance. And
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better financial performance is what Adaptive Business Intelligence is all about.
Systems based on Adaptive Business Intelligence aim at solving real-world busi-
ness problems that have complex constraints, are set in time-changing environ-
ments, have several (possibly conflicting) objectives, and where the number of
possible solutions is too large to enumerate. Solving these problems requires
a system that incorporates modules for prediction, optimization, and adaptability.
In the following chapters of this book, we will discuss these modules in detail, and
see how they are combined to create an Adaptive Business Intelligence system.



2 Characteristics of Complex Business Problems

“See the foxhound with hanging ears and drooping tail as it lolls about
the kennels, and compare it with the same hound as, with gleaming
eyes and straining muscles, it runs upon a breast-high scent — such was
the change in Holmes since the morning.”

The Adventure of the Bruce-Partington Plans

“‘I had,” said he, ‘come to an entirely erroneous conclusion which
shows, my dear Watson, how dangerous it always is to reason from in-
sufficient data.”

The Adventure of the Speckled Band

The statement “complex business problems are difficult to solve” is so obvious
that it does not require any justification. A closer look at any real-world business
problem, whether in distribution, customer retention, or fraud detection, will bear
witness to this obvious truth. Most complex business problems share the following
characteristics, which is the reason they are so difficult to solve:

o The number of possible solutions is so large that it precludes a complete search for
the best answer. In other words, the number of possible distributions, routes, fraud
rules, or transportation plans is so large, that examining all the possibilities would
take many centuries of supercomputing time.

e The problem exists in a time-changing environment. This means that yester-
day’s decision, however optimal, may be far from optimal today.

e The problem is heavily constrained. For most problems, the final solution
should satisfy many restrictions imposed by internal regulations, capacities,
laws, and/or preferences. Sometimes finding even one feasible solution (i.e.,
a solution that satisfies all problem-specific constraints) is quite difficult.

e There are many (possibly conflicting) objectives. For example, the goal of
many scheduling problems is to minimize both time and cost, but these two ob-
jectives work against each other (as a decrease in time usually results in an in-
crease in cost, and vice versa). To allow business managers to effectively con-
trol these tradeoffs, such problems may require an entire set of solutions (rather
than just a single solution).

Of course, the above list can be extended to include many other characteristics,
such as incomplete information (e. g., the necessary data were not recorded), noisy
data (e. g., the data contain rounded figures and estimates), and uncertainly (e. g.,
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the data are not reliable). However, the four primary characteristics listed above
are sufficient for our purposes, so let us discuss each of them in turn.

2.1 Number of Possible Solutions

Let us assume we want to find the best solution to a problem with 100 decision
variables. To keep this example simple, let us also assume that each of these deci-
sion variables is binary (i.e., each decision variable takes one of two possible
values, such as “yes” or “no”). Each possible combination of these 100 variables
produces some result, which we can evaluate and label with a “quality measure
score.” Assume, for example, that a sequence

56yes?9 & 56yes?’ & ‘6n0?9 & 56n0?? & 56n079 & ‘6yes?? & 56n079 & . & ‘6yes??
produces a quality measure score of 17.3, whereas the sequence
Séyes?? & Séno?? & Séno?? & ‘6yes7? & 56n079 & Séyes?? & 56n079 & . & 56n079

produces a quality measure score of 18.1. The higher the quality measure score,
the better the solution, hence the latter solution is better than the former. Our task
is to find the combination of values for the 100 variables that produces the highest
possible quality measure score. In other words, we would like to find a solution
that cannot be improved.

If we do not have any additional problem-specific knowledge, our approach
might be to evaluate all possible combinations. However, the number of possible
combinations is enormous. Although each variable can only take one of two values
(“yes” or “no”), the number of possible solutions grows at an exponential rate: there
are four combinations (2 x 2) for two variables, eight combinations (2 x 2 x 2) for
three variables, and so on. With 100 variables, there are 2 x 2 x ... x 2 (100 times)
combinations — anumber that corresponds to 10°. Evaluating all of these combina-
tions is simply impossible. Even if we had a computer that could test 1,000 combi-
nations per second, and we began using this computer one billion years ago, we
would have evaluated less than 1% of the possible solutions by today!

Let us consider another example, the famous traveling salesman problem. Con-
ceptually, the problem is very simple: traveling the shortest possible distance, the
salesman must visit every city in his territory (exactly once) and then return ho-
me.” The diagram below represents a seven-city version of this problem:

% Some closely related problems require slightly different criteria, such as finding a tour
of the cities that yields the minimum travel time, minimum fuel cost, or a number of
other possibilities, but the underlying principle is the same.
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With seven cities, the problem has 360 possible solutions,’ making it relatively
easy to solve. However, by adding a few more cities, this number also grows ex-
ponentially. To see the maddening growth of possible solutions, consider the fol-
lowing:

e A 10-city problem has 181,440 possible solutions.
e A 20-city problem has about 10" possible solutions.
e A 50-city problem has about 10°* possible solutions.

By way of comparison, our planet holds approximately 10" liters of water, so
a 50-city problem has an unimaginably large number of solutions. The number of
possible solutions to a 100-city problem exceeds (by many orders of magnitude)
the estimated number of atoms in the whole Universe! It is so large that we cannot
even conceive of sets with that many elements. Note also, that most real-world
business problems are far more complex than this (in terms of possible solutions).
They are defined by a much larger number of variables, and these variables usu-
ally take on more values than just “yes” or “no.” In such cases, the number of
possible solutions is truly astronomical!

So, how can business managers find optimal solutions to such problems? Be-
cause the numbers of possible distributions, routes, fraud rules, or transportation
plans might be so large that to examine all possibilities (with even the fastest su-
percomputers) would take many centuries at the best, an exhaustive search that
relies on computing power is clearly not the answer. In the following chapters, we
will discuss a real-world business problem where the number of possible solutions
is much larger than the numbers presented here, and show how such problems can
be solved using an Adaptive Business Intelligence system.

> We assume that the problem is symmetric (i.e., the distance between cities i and j is the
same as the distance between j and 7). Note also, that solution 1-2-3-4-5-6-7 is the
same as solution 3—4-5-6—7—-1-2, as both these solutions have a different starting city
but represent the same cycle.
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2.2 Time-Changing Environment

Business managers know that the marketplace is not static, and yet they take static
snapshots of the problems they are trying to solve. A snapshot is a good starting
point for analyzing and understanding a problem, but on its own, it paints a false
picture. Because real-world business problems are set in time-changing environ-
ments, it is important to address the time factor explicitly. To illustrate this point,
let us consider a real-world version of the traveling salesman problem with many
delivery trucks. If the problem is carefully analyzed and a set of delivery routes
found, the quality of these routes will be affected by many cyclical factors (such
as rush-hour and weekend traffic, weather and road conditions, and so forth), and
by random events (such as labor strikes or delivery truck accidents). Because the
problem is influenced by so many environmental factors, any solution to a static
snapshot of this problem might prove useless.

There are some additional issues related to time-changing environments that are
worth noting. For example, imagine that we are considering the implementation of
solution A or solution B:

Quality

measure

4

A

[
>

A B Solutions

Which of these two solutions would we select? Well, the question seems trivial:
Because solution B has a higher quality measure score, solution B is better than
solution A. Although this statement is true — solution B is better than solution A —
the answer might not be that straightforward. It may happen that solution A “sits”
on a relatively flat peak, whereas solution B “sits” on a very narrow peak:
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Quality
measure A
score

|-
>

A B Solutions

We can interpret the above graph as follows: Solution B is better than solution
A (there is no doubt about that), but if we are forced to modify solution B for any
reason (because of equipment failure, bad weather, labor strike, etc.), then the
quality of solution B will deteriorate very quickly. Solution A, on the other hand,
is much more “stable” in the sense that it can tolerate changes and modifications
without a sharp drop in quality. Given that solution A is less risky than solution B,
should we still select the “better” solution B?

2.3 Problem-Specific Constraints

All real-world business problems have constraints of some sort, and if a particular
solution does not satisfy these constraints then we cannot consider this solution.
Scheduling problems serve as a good example of real-world constraints. For ex-
ample, consider the problem of scheduling airline crews for various flights. First,
we have to make a list of all the flights that require service, along with all the
requirements for these flights (such as skill levels, number of crewmembers, and
so forth). Next, we need a database of all available crewmembers, together with
their preferences and characteristics. Once we have all this information, we need
to find the “best” assignment of individual crewmembers to different flights — but
what does the “best” mean? Well, in this case it may mean the cost of implement-
ing the schedule, the flexibility of making changes/replacements, the degree to
which personnel preferences are satisfied, etc. Note, however, that the final sched-
ule must satisty a few hard constraints, such as:

e A crewmember cannot serve on two flights at the same time.

e The crewmembers scheduled for a specific flight must satisfy some require-
ments (e. g., the captain must have clearance to operate that particular plane, the
number of stewardesses should correspond to the capacity of the plane).

e Various laws and regulations, which might call for some minimum layover
time for crewmembers in between flights.
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These are examples of hard constraints, which a feasible solution cannot vio-
late. In addition to hard constraints, there are also many soft constraints. These
represent requirements that are not mandatory, but “nice to have,” such as:

e Providing crewmembers with five consecutive rest days each month.

e Not scheduling some crewmembers together on the same flight (for personal
reasons).

e Minimizing layover time.

Similar considerations apply to the traveling salesman problem: constraints in-
clude capacity limits, delivery time windows, maximum driving time, etc. Some
of these constraints are hard (e. g., not transporting chemicals and food together on
the same truck), while others are soft (e. g., personnel preferences). But regardless
of whether we are routing trucks or scheduling crewmembers, it is necessary to
assert the relative importance of each soft constraint by assigning numeric weights
to it. When solving the problem, we can then use these weights to calculate a final
quality measure score for each possible solution. Without first doing this, it would
be extremely difficult to evaluate the various solutions.

2.4 Multi-objective Problems

It is quite unusual for any real-world business problem to have only one objective.
Consider, for example, what objectives are important for optimizing production?
The objectives may include the minimization of production time and the minimi-
zation of material waste. Note, however, that these objectives might “work”
against each other, as the minimization of production time may trigger an increase
in material waste, and vice versa. We can illustrate this tradeoff with the following
diagram:

Waste 4

v

Time
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Clearly, the shorter the production time, the greater the waste. The above curve
gives us the approximate relationship between these two objectives, and we can
estimate the amount of additional time required to reduce waste by a specific
amount. Let us consider solutions A and B: Which of them is better? Solution A is
faster, but the amount of material waste is higher, and vice versa. In problems with
multiple objectives, it is possible to find a solution that is best with respect to the
first objective, but not the second, and a different solution that is best with respect
to the second objective, but not the first. Multiple-objective (multi-objective)
problems pose the challenge of defining the quality of a solution in terms of sev-
eral (possibly conflicting) parameters.

So, which solution should we select? A or B? It is impossible to answer this
question without first agreeing on a common denominator for time and waste. For
example, we can translate both objectives into dollars by calculating that five
minutes of production time is worth $100, and each pound of material waste is
worth $180. We can then calculate the merits (expressed in dollars) of both solu-
tions, compare the numbers, and select the solution with the lowest dollar figure.
This approach can be used with a larger number of objectives, but it might be
tricky to find the common denominator for some of these objectives if they in-
clude criteria such as “workplace health and safety.”

The real-world version of the traveling salesman problem also has multiple ob-
jectives: Besides trying to minimize the total travel distance, we are also trying to
make as many “on time” deliveries as possible, balance the travel time among all
the delivery trucks, and so on. If we have a set of possible solutions to this multi-
ple-objective problem, then it might be convenient to classify these solutions into
dominated solutions and non-dominated solutions. A solution is dominated if
a feasible solution exists (i.e., a solution that satisfies all problem-specific con-
straints) that is (1) at least as good with respect to every objective, and (2) strictly
better with respect to at least one objective. The figure below illustrates the case:
Solution C is dominated because solution A is as good as solution C on the waste
dimension, and better on the time dimension:

Waste 4

Time
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A solution that is not dominated by any other feasible solution is called a non-
dominated solution. Again, the following figure illustrates the case, where solu-
tions E, C, F, and G are dominated:

Waste 4
E
4 © ¢
e e -
o G
Do e
Time

Solution E is dominated because A is better on all objectives; solution C is
dominated because D is better on all objectives; and solutions F and G are domi-
nated because B is better on all objectives. On the other hand, solutions A, D, B,
and H are non-dominated, because no solutions exist that are as good or better
than any of them on all objectives.

Of course, the non-dominated solutions are of interest to us. Ideally, any system
that deals with multiple-objective problems should return several diverse solutions
(preferably all non-dominated). Each of these solutions might be of interest to us,
but in most cases, we can only implement one solution. To decide between these
various non-dominated solutions, either human expertise is used to find common
denominators (e. g., to express time and waste in dollars) or some higher-level
knowledge.

For example, we may assess the relative importance of each objective by as-
signing numeric weights (in the same manner they were applied to soft constraints
in the previous section), or by imposing a ranking for all objectives and then se-
lecting solutions that follow this ranking. Another option would be to select the
most important objective and then convert the remaining objectives into con-
straints that must be satisfied. Very often, the selected approach is dependent on
the problem.

2.5 Modeling the Problem

The problem-solving process consists of two separate steps: (1) creating a model
of the problem, and (2) using that model to generate a solution:
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I Problem I|:>I Model I|:>I Solution I

Because of this two-step process, we must realize that we are only finding a so-
lution to the model of a problem. If the model is accurate, then the solution will be
meaningful. But if the model has too many vague assumptions and approxima-
tions, the solution may be meaningless, or worse.

Consider the following example: Suppose a company has 80 warehouses and 5
distribution centers, and every possible route between each warehouse and distri-
bution center has a measurable transportation cost. The shape of this cost function
depends on a variety of factors, including the distance between the warehouse and
the distribution center, the quality of the road, the traffic density, the number of
required stops, the average speed limit, and so forth. The transportation model
between warehouse 22 and distribution center 4 might be:

Cost A

$2,200

$1,700 77
$1,450 ----

$950-----
$700---

»
»

10 20 30 Number of items

In this model, the cost is zero when there is no delivery. If up to 10 items are deliv-
ered, then we incur a fixed cost of $250 and an additional cost of $50 per item ship-
ped (thus, the cost for shipping six items would be $250 + (6 x $50) = $550). How-
ever, if we transport 11 or more items (but not more than 20), we have to use two
trucks. In this case, the cost is $700 for 10 items, an additional $250 for the second
truck, and $50 per each additional item (of course, the real situation could be more
complex than this, with trucks having different capacities, timetables, etc.). Given
the above assumptions, we can construct a model of the entire problem where we
specify:
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e Allthe problem variables. In this case, there are 400 variables (80 warehouses x 5
distribution centers), with each variable indicating the number of items to be sent
from any warehouse to any distribution center.

e The constraints that define a feasible solution. These could be (1) no transport
from any warehouse can exceed the number of available items in that ware-
house, and (2) the total shipment to any distribution center must satisfy the de-
mand (i. e., the total shipment is at least equal to the number of ordered items).

e The objective. In this particular example, we might be concerned with minimiz-
ing the total transportation cost.

If our model for transporting items between warehouse 22 and distribution cen-
ter 4 accurately describes the real-world situation, then we can construct similar
models for the other warehouses and distribution centers. But such precise models
may prove to be of limited utility. Why? For starters, the cost function in this particu-
lar model is discontinuous, and discontinuities present severe difficulties for tradi-
tional optimization techniques. Hence, the results that we would obtain from using
traditional (e. g., gradient-based*) techniques on these functions are likely to be quite
poor. And if we cannot derive a solution based on this model, the model — as perfect
as it may be — is useless for deciding what to do!

So what options do we have? Well, we can try to simplify the model so that
traditional optimization techniques produce better solutions, or we can keep the
model unchanged and use a non-traditional approach for finding a near-optimum
solution. Put a different way, the first approach uses an approximate model of
a problem, and then finds the precise solution for this approximate model:

Approximate :> Precise
Problem :> Model Solution

and the second approach uses a precise model of the problem, and then finds an
approximate solution for this precise model:

Precise Approximate
Problem I:\> Model I:\> Solution

The first approach is quite tempting. For example, we can approximate the
transportation model between warehouse 22 and distribution center 4 as follows:

* Gradient is a rate of change with respect to distance of a variable quantity.
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Cost A

$2,200

$1,700

$1,450 -

$9507 -~
$700----

»
»

10 20 30 Number of items

We can simplify the other models in a similar manner, and by making all the
models linear we can then use a linear programming method’ to find a precise
solution. However, this precise solution would be a solution for the simplified
model, and not for the real problem!

The second approach is to leave the precise model unchanged — with all its dis-
continuities and irregularities — and use a non-traditional method to find a near-
optimal solution. Of these two approaches, the latter one is often superior (i. e., an
approximate solution to a precise model is “better” than a precise solution to an
approximate model). To understand why, look at this situation in the following
way: An approximate model usually hides the “irregularities” of a problem, thus
allowing some traditional method (e. g., linear programming) to provide a precise
solution. However, by hiding the irregularities of a problem, we lose much of the
information needed to find the optimal solution! For example, in our simplified
model above, note that the difference in transportation cost between 20 and 21
items is now the same as the difference between 19 and 20 items (which is not the
case in the precise model). Consequently, the simplified model does not “see” the
thresholds that play a major role in identifying the optimal solution. Thus, the
“optimal” solution for an approximate model is usually more appropriate for the
wastebasket than for implementation!

2.6 A Real-World Example

Let us consider a real-world example to put these business problem characteristics
into context. This example is based on a “pollution control” research project that

3 Linear programming is a problem-solving method in which a linear function of a num-
ber of variables is subject to a number of constraints in the form of linear inequalities.
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was completed during the late 1990s by a team of scientists from Poland and the
United States. Today, we consider this project to be a forerunner of Adaptive
Business Intelligence.

The main purpose of the project was to reduce ecological damage in Poland
through better energy production and distribution. However, the problem was not
that straightforward: The proposed solution had to reduce ecological damage with-
out increasing aggregate operational costs of the power stations or failing to meet
consumer demand (i.e., reducing the country’s energy output in order to reduce
ecological damage was not an option). Since the country’s demand for electricity
had to be satisfied, there were numerous constraints for energy production in each
region. Although this problem is quite specific, it illustrates many characteristics
that are common to almost all real-world business problems (e. g., an enormous
number of possible solutions, many complex constraints, a time-changing envi-
ronment). The similarities between this problem and other complex business prob-
lems will become apparent in the following chapters.

To solve this challenging problem, an experimental Adaptive Business Intelli-
gence system was developed. The goal of the system was to reduce ecological
damage in Poland by optimizing the energy output (and consequent pollution
output) of 132 government-owned power stations. However, before we discuss the
system, let us briefly address the complexity of the problem.

First, because the system was tasked with optimizing the energy production of
132 power stations, the number of possible solutions was enormous. If an integer
between 1 and 10 represented the production level of each power station (i.e.,
1=10% production, 2 = 20% production, and so forth), the number of possible
solutions would be 10'** (10 possible solutions for one power station, 10 x 10
possible solutions for two power stations, 10 x 10 x 10 possible solutions for three
power stations, etc.). A supercomputer capable of evaluating 1,000 solutions per
second would require billions of years to examine less than 1% of the search
space! The fact that these power stations operated in a time-changing environment
only compounded the problem, as the search space of possible solutions changed
from one day to the next.

Second, the hard and soft constraints of this problem were far from trivial. Sin-
ce enough energy had to be produced to supply the entire country, it was neces-
sary to take into account the capacity and layout of the power grid in Poland. Also,
although the demand for energy was constantly in flux, it was not possible to
change the production levels of a particular power station too drastically. On top
of everything, the system had to “protect” certain areas of Poland from long expo-
sures to sulphur dioxide (SO,), as some areas of the country were significantly
more sensitive to SO, pollution than other areas.

The first step in solving this problem lay in identifying the relevant problem
variables and all the relationships between them. This was accomplished by build-
ing a computational “grid model” of Poland’s land area and corresponding power
grid. Each square in the grid corresponded to 30 km x 30 km, which collectively
covered Poland’s approximate 900 km x 750 km land area. The locations of the
132 government-owned power stations were plotted along with their energy output
and emission levels, and then the pollution tolerances for each 30 km x 30 km
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square were computed. It was also necessary to take into account the pollution
caused by private enterprises in Poland, as well as many foreign sources (mainly
from Germany and the Czech Republic). Because it was not possible to influence
these sources, they were defined as background concentrations. Hence, the result-
ing pollution concentrations in each square were the sum of both the primary and
background concentrations.

Because weather played a major role in determining how pollution affected the
environment in Poland (e. g., gusty winds could easily spread high levels of pollu-
tion to remote areas of the country), it was necessary to use sophisticated weather
forecasts for predicting the ecological damage that each 30 km x 30 km square
would sustain during the next 48 hours. Thus, by using data on the amount and
type of pollution emitted from each power station, along with a weather forecast
for the speed and direction of winds, a prediction model was developed to predict
how much pollution would be created, how it would be dispersed, and how much
damage it would cause in the affected squares.

To minimize the overall ecological damage in Poland (in light of the predic-
tions made by the prediction module), an evolutionary algorithm was developed to
find the optimal production level for each power station (evolutionary algorithms
are discussed in Sect. 6.6). Although it was not possible to decrease the overall
energy produced in Poland, it was possible to make local or regional adjustments
to take advantage of various weather conditions. Furthermore, the evolutionary
algorithm strived to continuously optimize the pollution in Poland on a daily basis.
When a new weather forecast became available (along with the corresponding
prediction for ecological damage), the system did not start the search from scratch;
instead, it incorporated this new knowledge and continued the optimization proc-
ess. Lastly, the system incorporated a module for adaptability, which compared
the predicted outcome with the actual outcome. If significant prediction errors
were discovered, the adaptability module would adapt the parameters of the pre-
diction module (more on this subject in Sect. 10.3). Hence, the system was able to
continuously improve its performance.

Using historical data for weather forecasts and emission levels, several experi-
ments were conducted using this new system. The optimization process was ap-
plied to this historical data, and then the optimized results were compared with the
actual, non-optimized results. From these experiments, the following conclusions
were drawn: The amount of energy produced was equal in both cases, the aggre-
gate operating costs were also equal, but the ecological damage in Poland was
15% to 18% less when the optimization process was applied. A “saving” of 15 to
18% in ecological damage is a tremendous result, especially when we consider
that human lives are at risk in this particular problem. The system also contained
numerous input screens, so that individual parameters could be modified to alter
regional pollution tolerances (in relation to cost and service).

The sample screen below shows the optimization results. Both the “before” and
“after” maps in this screen represent the country of Poland, which is divided into
a grid model of 30 km x 30 km squares (which we discussed earlier). The darker
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Optimization Results

Time Period: from | Jan-1998 | till | Dec-1993

Before Cptimization After Optimization
Average Concentration 22.52 \ugfm3 Average Concentration 18.45 ugim3
Maximurm Concentration 79.43 ugfm3 Maximum Concentration 73.25 ug/m3
Minimum Concentration 2.62 \ug/m3 Minimum Concentration 2.48 ugim3
Average Sten 2.73 Average Sten 2.31
Average Emission 174,2685.29 kg/h Bverage Emission 157,673.28 kg/h
Average Power 23,848.96 Mw/h fverage Power 23,849.23 Mwih

squares represent higher concentrations of pollution, and the white dots represent
the 132 power stations:®

The left-hand-side map shows the non-optimized results for ecological damage in
Poland, while the right-hand-side map shows the optimized results for the same time
period. Clearly, there are fewer dark squares on the right-hand-side (optimized) map.
This is reflected in the concentration and emission numbers shown at the bottom of

® Some dots represent multiple power stations.
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the screen. It is important to note that the system achieved these lower pollution
levels while maintaining the same power production output of approximately 23,849
megawatts per hour.”

The report below shows the potential pollution reduction that would have been
achieved in 1998:

Pollution Optimizer ol

File Edit View Optimization Service Reports Help

| Optimization | Configuration | Performance Reports

Please select the report paramters

Please select the period:  from :January 1] :1998 |1] to |December il 1998 :I

Please select the report bype: () Emission () Sten

Before After

2 Month | oetenization || Optirization
» N Jan 1993 22.35 17.45
a /\/\ —— == Feb 1998 22.92 19.25
. T~/ Mar 1998 2217 18.28
Apr 1998 22.73 16,17
i May 1998 21.28 17.63
A Y e Jun 1998 23.26| 18.27
. / \ / \ S Jul 1998 22.38| 19,47
7 X S o Aug 1998 22.18| 19.28
i V Sep 1998 21.93 18.17
N Oct 1998 21.36 17.52
N Nov 1998 22,38 16,48
Dec 1998 22.52 16,45
= =Betfore Optimization Atter Optimization Total 267.46 218.45
Average 22.288)| 18.204

The right-hand-side graph displays two levels of emitted toxic materials: The
Before Optimization column displays the average monthly emissions for the de-
fault energy production scheme; and the After Optimization column displays the
average monthly emissions for the optimized energy production scheme. The
difference between the non-optimized and optimized schemes is approximately
18% (267.46 — 218.45 = 49.01 / 267.48 = 18.32%), and this was accomplished
without increasing the aggregate operational cost of the power stations or decreas-
ing the amount of energy produced. By allowing the system some flexibility in
these constraints, further ecological savings could be realized.

" The sten values in the sample screen represent a scientific estimate of a region's sensiti-
vity to pollution (mainly defined by the level of sulphur dioxide present).
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As indicated at the beginning of this section, similar “savings” can be realized
in other business domains, even if the particular problem is substantially different.
In Chap. 4, we will discuss the overall structure of an Adaptive Business Intelli-
gence system by outlining its key components. At that stage, it will be easy to see
the similarities between this “pollution control” research project, and the core
components of an Adaptive Business Intelligence system (prediction, optimiza-
tion, and adaptability).
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“You must drop everything, Sherlock. Never mind your usual petty
puzzles of the police-court. It’s a vital international problem that you
have to solve.”

The Adventure of the Bruce-Partington Plans

“I have devised seven separate explanations, each of which would
cover the facts as far as we know them. But which of these is correct
can only be determined by the fresh information which we shall no
doubt find waiting for us.”

The Adventure of the Copper Beeches

Let us consider an extended example that most of us can relate to, which involves
used cars. Specifically, let us investigate what leasing companies do with the cars
that are returned at the end of a lease agreement (the so-called “off-lease” cars).
We will refer to this extended example in many of the following chapters, so it is
worthwhile to study this real-world business problem in detail.

3.1 Basic Terminology

However, before we discuss this example, let us first cover some basic terminol-
8

ogy:

e Database: A (historical) collection of data, which is the starting point for data
mining and model building. Databases are usually updated on a regular basis,
thereby increasing the number of stored cases. It is convenient to represent
a database as a table, or a collection of tables. We can visualize the necessary
data as a two-dimensional table; in this example, the table represents used cars
that were sold at auction. One dimension of the table represents the number of
cases (each case is a particular car), and the other dimension represents the
number of variables (the characteristics of each car):

8 Note, however, that we will not discuss the physical organization of data (which is

important from a performance perspective), but rather the data structures that support the
modeling of information.
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Case: A data structure that represents a single occurrence of recorded phe-
nomenon (e. g., a sale, transaction). Referring to our database of sold cars, each
case provides a description of a car (VIN,” make, model, mileage, etc.) together
with transaction details (sale price, date, location). Cases (also called records,
instances, and examples) correspond to the horizontal rows in database tables.
Variable: The smallest data unit in a case. Variables (also called arttributes,
fields, features, dimensions, and characteristics) correspond to the vertical col-
umns in a table. For example, in our database of sold cars, there are many vari-
ables (e. g., “color,” “mileage”), and each variable takes its value from a prede-
fined set. For example, the variable “color” can take any of the following
values: “white,” “silver,” “beige,” etc. The variable “mileage” (marked in the
above table as “miles”) can take any integer as a value (e. g., 34,789).
Prediction method: A particular method that is used to build a prediction model
from a data set. For example, we can use the linear regression method to de-
velop a linear regression model (covered in Sect. 5.2.1).

Prediction model: The output of a prediction method. Different prediction
models have different characteristics, advantages, and disadvantages (e. g., re-
sponse time, precision, ease of updating the model).

Parameter: A number that defines the relative “merit” of a variable thatis used in
a prediction model. Every model has a few parameters (sometimes called coeffi-
cients or weights). For example, a linear regression model for predicting the sale
price of a particular car at a particular location may be defined by a function:

Sale Price = a + (b x Mileage) + (c x Year) + (d x Color) + ...

which provides the predicted price for a new case when supplied with the nu-
meric values of the other variables (“mileage,” “year,” “color,” etc.). The num-
bers a, b, ¢, d, ... are the parameters of the model, and they define how much
“weight” the model gives to each variable (in this example, parameter a is
a constant). For example, if the parameters b and c are set to —0.6 and —0.2 in the
above function, then this means that the model will put three times more weight
on the variable “mileage” than on the variable “year” when predicting the sale

price. The parameters of a model require careful tuning during the training phase.

Because everything begins with data, these definitions are a prerequisite to our

discussions. The other relevant terms will be provided in the course of the text.

3.2 Off-lease Cars

When a lease agreement expires, the off-lease car is either returned to the leasing
company or purchased by the leasee. The leasing company does not worry about the
cars that are purchased, but the cars that are returned have to be sold at auction.

° VIN is an acronym for “vehicle identification number,” which is a string of 17 digits and
letters that contains considerable information about a specific vehicle, (including coun-
try of origin, manufacturer, and model year).
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Each returned car is different in its make, model, body style, trim, color, year, mile-
age, and damage level.

A leasing company maintains this information in an inventory database, as the one
displayed in the previous section. Because a car’s characteristics will strongly in-
fluence its sale price, leasing companies also keep careful track of this information.
The sales data are typically kept in a database that contains the VIN, ZIP code of
the auction site (there are hundreds of different auction sites in the United States),
date, and the sale price of each car:'’

VIN VAl Date Price
39WWK93309KJ33012 28262 .11.2004 $12,035
UDJ2293M99DL0K220 30334 .11.2004 $15,600
4D09WJD92JE93H990 30334 .11.2004 $10,590
KD37D92JF83NF8822 90012 .11.2004 $9,265
NKI2389DD974F2235 28262 .11.2004 $13,450
K29DH38FHW02HD923 48243 .11.2004 $13,955
MDK293HFDWH299305 90012 .11.2004 $12,495
28DN39FNDJW2N0024 90012 .11.2004 $11,925
29H93NFI3HJF93F04 48243 .11.2004 $11,396
ND920ENF1NAD02834 48243 .11.2004 $9,835
D39DJ39EHQ8HH9335 28262 .11.2004 $8,965
O02UFIMF03JF9SH935 90012 .11.2004 $13,960
D932NF93HG9057362 48243 .11.2004 $8,830
OOF8EB3IDNB293758 48243 .11.2004 $7,920
IEO38THJ203TH0234 28262 .11.2004 $19,250
39FH324MV092HGM39 48243 .11.2004 $22,640
F92N9F389FH120458 90012 .11.2004 $13,580
F9485JG03H25495J05 30334 .11.2004 $16,970
08GN94HJH03J49327 30334 .11.2004 $14,320
F04JH402KG4509G45 48243 .11.2004 $9,110
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Given all of this information, the question is: Where should leasing companies
send their off-lease cars to get the best price? This is a difficult question to answer,
especially when we consider that some leasing companies lease more than one mil-
lion cars each year. That is more than 3,000 cars per day — a truly staggering figure!

3.3 The Problem

Now, imagine that we are in charge of selling off-lease cars for a fictitious leasing
company. Let us assume that the company receives 3,000 off-lease cars each day
and does business with 50 designated auction sites. The following figure illus-
trates the case (for a particular day of operation):

1% We could easily obtain the characteristics of each car by merging it with the previous
table.
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The darker circles represent the locations of the returned cars; the larger the cir-
cle, the more cars were returned in that location (clearly, most of the cars were
returned on the east coast of the United States). Note that the sizes and locations of
the darker circles will vary from one day to the next, as different people and or-
ganizations will return their cars at different locations. The lighter circles of the
same size, on the other hand, represent the 50 auction sites that are available for
selling the returned off-lease cars. The locations of these auction sites are fixed."'

Our task is to distribute a daily load of 3,000 cars to these 50 auction sites. In
other words, we have to assign an auction site to each car. For example, the first
car may be located at a dealership in Northern California, and we have to make
a decision where to ship it. At first glance, this looks easy. We might be tempted
to take one car at a time, consult some report'> on what the average sale price for
that particular car is at each auction site (after adjusting for mileage, trim, damage
level, etc.), and then ship the car to the auction site with the highest average sale

Although the locations of the 50 auction sites are fixed, the company may, from time to
time, change the auctions it does business with by dropping some sites and adding new
ones (thereby changing the layout of the 50 lighter circles). This may happen if cars are
routinely damaged at some sites, auction fees go up, or some other reason. However,
these decisions raise several additional questions, such as: How do we evaluate the mo-
netary impact of dropping some sites and adding others? and, Can we increase profits
by replacing some auction sites with others? We will address these important questions
later in the text.

Many reports are available for estimating the auction price of cars, including Black
Book, Kelley Blue Book, the Manheim Market Report, and others.
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price. Of course, we would also have to estimate the transportation cost (the lon-
ger the distance, the higher the cost) to each auction site, but these calculations are
quite manageable. Using this method, our decision for the first car can be visual-
ized in the following way:

The line represents our decision to ship the car from Northern California (larger
circle) to an auction site in Idaho (smaller circle). We would have to repeat this
decision process for each car, and, although tedious, it is definitely doable. To
minimize the amount of work involved, we can also write a simple program to do
this tedious work for us.

So, what is the problem? Well, simply put, the problem is that the above ap-
proach does not work very well. To see why, we have to delve a little deeper into
the problem.

3.4 Transportation

When we ship an entire truckload of cars from one place to another, we get
a cheaper rate per car than if we send only one car (or a few cars) at a time. This
occurs because the major component of the transportation cost is the truck, and it
is of lesser importance how many cars are actually on the truck. Hence, the rela-
tionship between the transportation cost (between two fixed locations) and the
number of transported cars may look something like this model (recall the discus-
sion on transportation cost models from the previous chapter):
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Given the above model, the cost for sending a single car from one location to
another is $250, but the cost of sending two cars is “only” $300 (note that the cost
per car is then $150). Then there are $50 increments per car up to 10 cars (as we
can load all of them onto a single truck). Thus, shipping 10 cars would cost $700,
or just $70 per car. Note that the increments from one car to the next for the first
10 cars need not be linear. For example, the truck might have two levels and load-
ing a car onto the upper level might be slightly more expensive than loading a car
onto the lower level. For this reason, a straight line need not represent the “1 to 10
cars” part of the graph. Furthermore, if we want to transport 11 cars, then we will
experience a “jump” in cost: We will pay $700 for 10 cars on the first truck, plus
$250 for a single car on the second truck (for a total of $950).

Because most transportation companies have trucks of different shapes and
sizes (which can hold different amounts of cars), a more realistic transportation
cost model may look something like (again, we assume fixed locations for “to”
and “from”):

1-6 cars: $120 per car.

7-10 cars: $95 per car.

11-14 cars: $85 per car.

The cost of transporting more than 14 cars is calculated as follows: $85 per car
for multiples of 14 cars (such as 28, 42, 56, etc.), $120 per car for the remaining
1-6 cars, $95 per car for the remaining 7—10 cars, and $120 per car for the re-
maining 10-13 cars. Transporting 20 cars, for example, would cost $85 per car
for the first 14 cars and then $120 per car for the remaining 6 cars, for a total of
$1,910 (14 x $85 + 6 x $120).

In addition to transportation cost, we also have to deal with numerous other is-
sues, such as depreciation, auction calendars (auctions are not organized every
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day), and risk (cars can fall down from trucks and get damaged, cars might get
stolen, etc.). We will discuss some of these later in this chapter.

3.5 Volume Effect

Although our goal is to ship each car to the auction site that offers the best price,
we might inadvertently trigger the “volume effect” by sending too many cars of
same color, make, and mileage to the same auction site. To understand the volume
effect, imagine an auction site that holds car auctions every second Wednesday at
10 am. Used-car buyers come to this auction site in the morning to inspect the
cars, choose the ones they want, and decide how much to bid. Now imagine what
would happen if we sent 45 white Ford Mustangs to this auction site: In all prob-
ability, these cars would sell for the minimum opening price. With 45 identical
cars for sale, most buyers would be reluctant to bid up the price. On the other
hand, imagine if we sent only one white Ford Mustang to this auction site: There
would be several interested buyers, and they would bid up the price of the car.
This volume effect is extremely important, as the higher the auction sale price, the
more money the company will make.

The volume effect for a particular car at a particular auction site might look
something like:

Volume Effect lllustration
$10,600
$10,400
$10,200 \\
$10,000 \ = Average Sales
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$9,200 : : : :
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This graph illustrates the volume effect phenomenon: We get more money per
car by selling fewer similar cars. For example, the current average sale price for
a particular car at a particular auction site might be $10,400. We can get the same
price if we ship up to seven cars to this location. However, if we ship 30 similar
cars, then the average sale price per car will drop to $9,450. Note that the term
“similar” can mean more than just the same make/model or color. For example,
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many white compact cars of different makes and models would still compete for
the same buyers, thereby reducing the average sale price per car.

Consequently, we cannot consider one car at a time — we have to consider the
collective effect of all the cars. This means that for one car we have 50 possible
solutions (as we can ship this car to one of 50 auction sites), for two cars we have
2,500 possible solutions (50 x 50), for three cars we have 125,000 possible solu-
tions (50 x 50 x 50), etc. For 3,000 cars, we have approximately 50°°” possible
solutions (50 multiplied by itself 3,000 times)! This is an overwhelming number
(larger than the estimated number of atoms in the Universe) and no supercomputer
can evaluate all the possible combinations in a billion human lifetimes. Neverthe-
less, we have to make a decision for all of these cars foday!

3.6 Price Depreciation and Inventory

To further complicate matters, every auction site has a set day for selling cars
(e. g., every second Friday at 10 am). Because of this, if we ship 100 cars to an
auction site and the delivery arrives one or two days after the auction day, then the
cars will have to wait until the next sale day. This is bad for the leasing company,
because on top of other reasons (such as paying the auction sites to keep the cars
on their premises for up to two weeks), the cars will also lose value on a daily
basis. This phenomenon is called “price depreciation,” and it amounts to approxi-
mately $10 per day, per average car.

Also, we might already have 1,000 cars at a particular auction site, but only 250
of our cars are sold (on average) at each sale. Hence, it will take approximately four
auction sales to sell our current inventory. This means that if we ship an additional
100 cars to this particular auction, they would be sold some two months later. The-
refore, we have to take into account our current inventory at each auction site, as it
will affect the price depreciation on future shipments. Of course, our inventory
should also include cars that are in transit to the auction, and before we can make
any distribution decision, it would be necessary to check our inventory levels at all
50 auction sites. Otherwise, it would be next to impossible to make a smart decision
on where to ship today’s load of cars (this is especially important for large leasing
companies, which may have 50,000 or more cars sitting in inventory).

3.7 Dynamic Market Changes

Another issue that makes our job more difficult is the fluctuation in used car
prices. These fluctuations may be slow and subtle, or sudden and dramatic (as was
the case after the September 11th terrorist attacks), and they are often region spe-
cific (e. g., it is better to sell convertibles in sunny Florida during the wintertime
than in snowy Boston — something called the “seasonality effect”). These chang-
ing market conditions force us to stay on top of price changes at each auction site
— something that is very difficult to do. We also have to deal with next year’s
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models entering the marketplace during the months of August and September, as
the older models will immediately drop in price when this happens (also part of
the “seasonality effect”). This is an important consideration when we approach
this time of year, as it might be better to ship cars nearby and sell them “in time,”
rather than sending them far away to fetch a better price. Additionally, new body
style models are introduced every few years, which cause an even bigger drop in
price for the older body styles.

And that is not all. Note that it takes some time to transport a car to a specific
auction site. The truck has to drive to the pick-up location, load the car, pick up
some additional cars (possibly somewhere close by), and then, finally, drive the
cars to the assigned auction site. This process can take two weeks (or longer for
shipments from the East Coast to the West Coast), and during this time the prices
might change at the auction site. Hence, we have to predict the sale price for each
car a couple of weeks ahead of time, and take into account seasonality and other
changes in the market. Again, let us illustrate this by an example.

Say we are considering several possible auction sites for a car located in Jack-
sonville, Florida. Specifically, we are considering sending the car to an auction
site in Georgia, Pennsylvania, or California. The price estimations for these three
auction sites are different, because we are interested in an estimated sale price for
5 days from today for the Georgia auction site, an estimated sale price for 10 days
from today for the Pennsylvania auction site, and an estimated sale price for 15
days from today for the California auction site. The differences in time are due to
the transportation distance. However, to estimate these prices, we have to take into
account factors such as the seasonality effect and price depreciation, and these
additional factors make our decision a bit tricky.

In making the decision of Georgia vs. Pennsylvania vs. California, we also have
to take into account transportation costs, the volume effect, and current inventories
(as discussed earlier). We also have to weigh the possibility of a better price in
California against higher transportation costs, higher price depreciation, higher
risk, etc. The decision is not an easy one.

3.8 The Solution

Without a doubt, this is not a trivial problem. In order to make a decision, we have
to consider the characteristics of each car, many different possible auction sites,
complex transportation costs, volume effects, countrywide inventory of cars (or
cars in transit to the auction), price depreciation, and market-driven changes in
price. At the end of the day, we do not know whether our decisions are “optimal”
— whether they maximize the potential profit for the company, or whether there is
a better solution — but we can visualize the overall distribution for a particular day
as follows:
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In the figure above, the lines represent the transportation connections between
the car locations and auction sites, and the thicknesses of these lines represent the
transported volume (the thicker the line, the more cars are shipped). Because the
problem is so complex, every leasing company has a dedicated team for assigning
off-lease cars to auctions sites. These teams face the formidable task of recom-
mending the best possible solution for each daily load of cars. A small mistake, an
inferior recommendation that results in a net loss of “only” $150 per car, may cost
the company hundreds of thousands of dollars in a single day!

On the other hand, if an Adaptive Business Intelligence system was used to im-
prove the daily distribution of cars to the tune of $200 per car (note here that this
corresponds to an increase of only 1.33% in the price of an average car), then the
increased annual profits might translate into hundreds of millions of dollars! Hen-
ce, to maximize the overall net profit, an Adaptive Business Intelligence system
must decide where to ship each car. As discussed earlier, the problem is extremely
complex, and the system would have to address the following issues:

e Transportation. When a whole truckload of cars is shipped from one place to
another, the company is charged a cheaper rate. Therefore, it is important to
take into account the number of cars that are transported on each truck.

e Risk factors. Cars can be damaged, stolen, or the transportation truck might be
involved in an accident. Longer trips also increase the probability of a delay.

e Volume effect. If many cars of the same type are sent to the same auction site,
then the volume effect will kick in and an oversupply of a particular car will
decrease its price.
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e Size of the search space. The distribution of 3,000 cars to 50 auction sites gives
us 50°°% possible solutions, which is much larger than the estimated number of
atoms in the Universe.

e Price depreciation. Every auction site has a typical sale day (e. g., every Wed-
nesday at 10 am, or every second Thursday at 11 am). If some cars arrive one
day after the sale date, then they will sit at the auction site for one or two weeks
(until the next sale day), and the price depreciation is often around $10 per day,
per average car.

e Recent history. When making a recommendation, all decisions made during the
past few weeks must be taken into account. Many of those cars may still be in
transit, and if they are going to the same auction site, then they might be sold
on the same day.

e [nventory. It is important to monitor the inventory level of cars at all auction
sites, as each site has a particular throughput. If an auction can handle 250 cars
per sale day, and the current inventory is larger than 250, then additional time
must be added to the estimated sale date.

e Dynamic market conditions. Market prices for cars change quite frequently,
sometimes slowly and sometimes very quickly. Leasing companies (like most
businesses) operate in a non-stationary environment that is influenced by many
external factors, such as: (1) seasonality (e. g., it is not easy to sell convertibles
in New York during the wintertime), (2) the arrival of new models (e. g., new
models enter the marketplace in August, influencing the price of older models),
and (3) weather (which influences the number of dealers present at an auction,
which in turn influences the sale price).

e Business rules. It is essential to accommodate various business rules that can be
added or dropped at any time (e.g., “do not send any red cars to South-East
auctions”). This is important for analyzing what-if scenarios.

Let us conclude this chapter with an observation that we have already discussed
(in general terms) in Chap. 1: namely, that all the knowledge in the world will not
guarantee the right or best decision. Hence, even if we possessed “perfect knowl-
edge” and were capable of accurately predicting the price of any car at any auction
site for any day, we still would not know how to optimally distribute 3,000 cars on
any given day because of all the issues mentioned above. The number of possible
distributions is simply too large to be processed in any reasonable amount of time.
Hence, even though it is true that data mining can extract useful knowledge from
data, it is a myth that the extraction of such knowledge will make a business run
better! We may have perfect knowledge of all cars, prices, and locations, and still
our distribution decisions might be very bad!
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“By Jove, Mr. Holmes, I think you have hit it.”
The Adventure of the Lion’s Mane

“ ‘Elementary,” said he.”
The Adventure of the Crooked Man

In Chap. 2, we discussed the characteristics of real-world business problems,
which included:

e The number of possible solutions to the problem is so large that it prohibits any
systematic (complete) search for the best solution.

e The problem exists in a time-changing environment, and therefore requires
a set of solutions (rather than a single solution).

e The problem is so heavily constrained that finding even one feasible solution is
often difficult, let alone searching for the optimum solution (or set of solutions).

e The problem includes many (possibly conflicting) objectives.

In the previous chapter, we gave an example of a real-world business problem
in the car leasing industry. There is no question that the number of possible solu-
tions to the car distribution problem is too large for any systematic search (we
indicated that the distribution of 3,000 cars to 50 auction sites gives us 50°** pos-
sible solutions). We may also want to impose many constraints. For example, we
may wish to restrict the maximum transportation distance (e. g., “cars should not
be shipped more than 1,000 miles from their original location), exclude some
types of cars from some auction sites (e. g., “red cars should not be sent to auction
sites in Texas” or “cars with more than 100,000 miles should not be sent to auc-
tions in the South-East™), etc. Note also, that in our example:

The number of returned cars changes every day.

The locations where the cars are returned changes every day.
The prices at each auction site change over time.

The number of available auction sites may change over time.
The volume effect changes over time.

Transportation costs change over time, etc.
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Because all organizations operate in a time-changing environment, they are forced
to constantly adapt and adjust. Consequently, an Adaptive Business Intelligence
system must include three major components: (1) a component for making predic-
tions (in our case, sale price predictions), (2) a component for making near-optimal
decisions (in our case, the distribution of cars), and (3) a component for adapting the
prediction module to changes in the environment. To create such a system, the fol-
lowing four steps should be followed: "

e The available data must be prepared and thoroughly analyzed (the data mining
stage).

e A prediction model must be developed based on the data mining results.

e An optimization module must be developed that uses the prediction model to
recommend the best solution.

e An adaptability module must be developed that is responsible for adapting the
prediction module to the time-changing environment.

Let us discuss the details of these seemingly simple steps, as understanding
them will enable us to realize the powerful benefits of Adaptive Business Intelli-
gence!

4.1 Data Mining

Data typically reside in one or more databases, and we first have to understand the
structure of each database and its tables. To illustrate this further, let us use a table
from Chap. 3 that has basic data about cars and their sale prices:

13 Before you can solve a problem, you have to understand it. In software development,
this means gaining a complete understanding of the user requirements. Unfortunately,
this process can be quite tricky, because business managers understand business proces-
ses while software developers understand software development. To bridge this gap,
software developers should talk directly with business managers to understand the rele-
vant business process and user requirements. With a complete understanding of the
problem, software developers can then create a user requirements document that is veri-
fied by the business managers. Because software development is covered many speciali-
zed texts, we will instead focus on the conceptual issues involved in developing an
Adaptive Business Intelligence system.
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VIN VAl Date Price
39WWK93309KJ33012 28262 .11.2004 $12,035
UDJ2293M99DL0K220 30334 .11.2004 $15,600
4D09WJD92JE93H990 30334 .11.2004 $10,590
KD37D92JF83NF8822 90012 .11.2004 $9,265
NKI2389DD974F2235 28262 .11.2004 $13,450
K29DH38FHW02HD923 48243 .11.2004 $13,955
MDK293HFDWH299305 90012 .11.2004 $12,495
28DN39FNDJW2N0024 90012 .11.2004 $11,925
29H93NFI3HJF93F04 48243 .11.2004 $11,396
ND920ENF1NAD02834 48243 .11.2004 $9,835
D39DJ39EHQ8HH9335 28262 .11.2004 $8,965
02UFIMF03JF9SH935 90012 .11.2004 $13,960
D932NF93HG9057362 48243 .11.2004 $8,830
OOF8EB3IDNB293758 48243 .11.2004 $7,920
IEO38THJ203TH0234 28262 .11.2004 $19,250
39FH324MV092HGM39 48243 .11.2004 $22,640
F92N9F389FH120458 90012 .11.2004 $13,580
F9485JG03H25495J05 30334 .11.2004 $16,970
08GN94HJH03J49327 30334 .11.2004 $14,320
F04JH402KG4509G45 48243 .11.2004 $9,110
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And another table that has more detailed data about each car:
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Since we have explained what each column means in the previous chapter,"
we should already have a good understanding of the data. Next, we have to clean the
data. “Clean the data?” Yes, data can be “dirty”! This terminology refers to situations
that involve missing data, inconsistent data, incorrect data, etc. Manually entered
data usually has to be cleaned since humans make typing errors and often use differ-
ent words to describe the same thing (e. g., “Chevrolet” and “Chevy”). Cleaning the
data means identifying what data might be missing, what data might have been ma-
nually entered, what data might be inconsistent or incorrect, and so on (we will dis-
cuss the process of preparing and cleaning data in more detail in the next chapter).

In this small sample, there are no missing values or irregularities, so we do not
have to worry about dirty data. We can now proceed with the data mining activity,
which is an analytical process for finding relationships and patterns among vari-
ables (e. g., finding the relationship between “sale price,” “make,” “model,” and
“mileage”). Although knowledge discovery (e. g., text mining, discovery of asso-
ciation rules) is oftentimes an important goal of data mining, we are more inter-
ested in using the data mining results to build a model (or set of models) for pre-
dicting some response (e. g., the outcome of a loan application, the probability that
a credit card transaction is fraudulent). The reason for this is that predictions are
directly applicable to decision making, whereas knowledge discovery is closer to
decision support. In the car distribution example, we are interested in predicting the
sale price for particular off-lease cars at particular auction sites at particular dates
in the future. Therefore, we should focus our data mining efforts on finding the
relationships and patterns that exist among the various variables in the data set, and
then use this knowledge to develop an effective model for predicting the sale price.

ELINT3

4.2 Prediction

The basic function of a prediction module (which can made up of one or more
prediction models) is to produce an output based on some input:

Input Prediction Predicted
Data Module Output

To make the prediction module functional, it is necessary to “train” the various
underlying models using historical data. During this process, the prediction mod-
ule “learns” how to predict the output given the input (we explain this process in
detail in Chap.5). As an example, imagine predicting what a particular
Honda Accord (with known features and known mileage) would sell for at a par-
ticular auction site in Northern California at a particular point in time (e. g., in two
weeks). In this case, the input would be the auction site in Northern California, the

'* In many data mining activities, understanding what the columns mean and how they are
related is not an easy task!
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car Honda Accord (with all specified features), and the estimated sale date (say,
May 21st, as today is May 7th). The output, on the other hand, is the predicted sale
price for this car. In the illustration below, the prediction module predicts a sale

price of $11,384:

But how does a prediction module “know” what the sale price of a particular
Honda Accord will be on a particular auction site at a particular point in time?
Well, the prediction module would have to “learn” to predict the sale price based
on the historical sales data for all Honda Accords at the auction site in Northern
California. For the sake of simplicity, let us assume we have the following Honda

Accord sales data from last week’s auction in Northern California:

Make / Model VAl Date Price
KD37D92JF83NF8822 94102 8.11.2004 $9,265
MDK293HFDWH299305 94102 8.11.2004 $12,495
28DN39FNDJW2N0024 94102 8.11.2004 $11,925
29H93NFI3HJF93F04 94102 8.11.2004 $11,396
ND920ENF1NAD02834 94102 8.11.2004 $9,835
D39DJ39EHQ8HH9335 94102 8.11.2004 $8,965
O02UFIMF03JF9SH935 94102 8.11.2004 $13,960
D932NF93HG9057362 94102 8.11.2004 $8,830
OOF8EB3IDNB293758 94102 8.11.2004 $7,920
IEO38THJ203TH0234 94102 8.11.2004 $19,250
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Let us also assume that our (very basic) prediction module “predicts” the sale
price for each make/model at each auction site by looking at the average sale
prices for the previous week (hence, it does not take into account the actual mile-
age, color, or other variables). It is interesting to note, however, that creating even
a basic prediction module such as this presents many difficulties. For instance,
a separate prediction model is needed for each make, model, and location. Hence,
the prediction module might need to contain around 10,000 separate prediction
models (20 makes x 10 models x 50 locations). Furthermore, if our database con-
tains approximately three million cases (data collection spanning 30 months), then
each prediction model will have an average of 300 cases. The distribution of these
cases will be non-uniform. For example, we might have 2,800 cases per location
for some makes/models (e. g., Toyota Camry), but only one or two cases per loca-
tion for some other makes/models (e. g., Porsche 911)! Consequently, it would be
impossible to create a prediction model for some makes/models. Regardless of
these complications, let us assume for the moment that our basic prediction mod-
ule makes a prediction of $11,384 (for the Honda Accord being sent to an auction
site in Northern California). Of course, this “prediction” would not be very accu-
rate, but it serves as a good starting point for further discussion in Sect. 4.4 below.

4.3 Optimization

Next comes the development of an optimization module capable of recommending
the best answer. Note that the “best answer” is based on the prediction module’s
output. For example, to evaluate the merit of a particular distribution of cars, we
need to predict their sale prices. The relationship between the prediction and opti-
mization modules can be displayed as follows:

Optimization
Module

Input Prediction Predicted
Data Module Output

In the above diagram, the optimization module generates a distribution solution
that serves as input data for the prediction module. This input data provides
a destination assignment (i. e., auction site) for each car, which the prediction mod-
ule uses to generate the predicted sale prices. The optimization module then uses the
sum of all the predicted sale prices (i. e., the output data) to gauge the quality of the
input data: The higher the sum of the predicted car sale prices, the better the input
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data. To maximize the sum of all the predicted sale prices, the optimization module
tries many different input data combinations and then evaluates the output data (of
course, the optimization module must modify the output data for transportation
costs and other adjustments). Many different techniques can used to construct an
efficient optimization module, which we will discuss in Chap. 6.

4.4 Adaptability

Developing effective prediction and optimization modules is a great start, but by
themselves these modules are insufficient for today’s ever-changing environ-
ments. Because today’s accurate prediction might be inaccurate tomorrow, the
prediction module must be capable of “learning from” and “adapting to” changes
in the environment. The concept of adaptability has far-reaching consequences:
Imagine a system that would improve over time by learning from its own predic-
tion errors. Such a system would truly be adaptive!
The adaptability process can be illustrated as follows:

Prediction
Module

Recent Adaptability Recent
Input Module Output

To detect errors between the predicted result and the actual result, an adaptabil-
ity module compares the predicted sale prices (i.e., recent input) with the actual
prices for each car (i. e., recent output). If errors exist, the adaptability module will
“tune” the prediction module to decrease the prediction error.

As an example of this process, let us return to the basic prediction module dis-
cussed in Sect. 4.2, which “learns” the average sale price for each make/model at
each auction site by looking at the sale prices for the previous week. If the adapta-
bility module updates the prediction module every week by using a rolling time
window, then the prediction module can adapt to changes in the sale prices. Alter-
natively, imagine that the prediction module has certain rules that can be ex-
pressed as follows:

if [Make = Honda] and [Model = Accord] and [Color = white] and
[40,000 < Mileage < 50,000] and [Year = 2000] and [Damage Level = $0],
then Sale Price = $11,384.
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Each of these rules has a weight,"” and the weights of rules can be modified
(say, on a weekly basis) to tune the predictions in a changing environment. In
other words, the adaptability module can “adapt” to environmental changes by
updating these rules, with the update frequency depending on how fast the envi-
ronment changes. Of course, a really good adaptability module can make its own
decision on the update frequency by continuously measuring its own prediction
errors. Hence, a really good adaptability module can adapt its own speed of adap-
tation! It is important to note, however, that the adaptability module’s effective-
ness in updating the prediction module is influenced by the type of prediction
methods that were used to build the underlying models. In the following chapter,
we will discuss some of these methods in detail.

4.5 The Structure of an Adaptive Business
Intelligence System

The prediction, optimization, and adaptability modules are the core components of
an Adaptive Business Intelligence system. However, this does not mean that other
components are not important (e. g., an easy-to-use graphical user interface, a data-
base for storing information). Thus, the overall structure of an Adaptive Business
Intelligence system resembles the following diagram:

Graphical User Interface

Optimization
Module

Database Reporting

Prediction Predicted
Module Output
Recent Adaptability Recent
Input Module Output

15 The “weight” of a rule is just a parameter that provides a relative measure of the rule’s
merit. Rules that are more important are assigned higher values (recall the definition for
parameter in Sect. 3.1).
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In Sect. 2.6, we discussed how prediction, optimization, and adaptability were
used in the “pollution control” research project in Poland. The prediction module
was responsible for predicting the ecological damage that each 30 km x 30 km
square would sustain during the next 48 hours; the optimization module (con-
sisting of an evolutionary algorithm) was responsible for recommending the ideal
energy production level for each power station; and the adaptability module was
responsible for tuning the system’s performance. Furthermore, there were a few
reporting and visualization modules incorporated into the system, which interfaced
with the databases. In Part III of this book, we will discuss a modern Adaptive
Business Intelligence system with all of these components.



Part II:
Prediction and Optimization



5 Prediction Methods and Models

“When you have eliminated the impossible, whatever remains, how-
ever improbable, must be the truth.”
The Sign of Four

“As to Holmes, I observed that he sat frequently for half an hour on
end, with knitted brows and an abstract air, but he swept the matter
away with a wave of his hand when I mentioned it. ‘Data! data! data!’
he cried impatiently. ‘I can’t make bricks without clay.””

The Adventure of the Copper Beeches

Most “prediction problems” can be categorized as classification problems, regres-
sion problems, or time series problems. When placing a prediction problem into
one of these three categories, two major aspects have to be taken into account: the
expected output and time. Let us explain these two aspects further.

For some problems, there are only two possible expected outputs: “yes” or
“no,” “true” or “false,” “buy” or “sell,” etc. These are classic classification prob-
lems,' because they assign new cases to a class. The best example would be classi-
fication of credit card transactions into two classes: “fraudulent” and “legitimate”
(this problem is discussed in more detail in Sect. 12.5). A classification problem
may have, however, more than two outputs — in fact, the number of possible
classes (i. e., expected outputs) might be quite significant (e. g., different types of
diseases). In these classification problems, time does not exist; the “future” is
understood as an arrival of a new (yet unknown) case, or it is included as a vari-
able of the case.

Similar comments are also applicable to regression problems. The general pur-
pose of (multiple) regression is to discover the relationship between several inde-
pendent (“predictor”) variables and a dependent (“criterion”) variable, with the
output being a concrete number. For example, we may want to predict salary lev-
els as a function of position, number of years at the position, number of supervised
employees, etc. A regression model will also tell us which variables are better
predictors than others, and we can easily identify “outliers.”> Again, the issue of
time is either non-existent or included as a variable of the case.

' A prediction model developed for a classification problem is often called a classifier.

2 An outlier is an observation that lies at an abnormal distance from the other values in
a random sample. For example, the annual salary level for 1,000 randomly selected peo-
ple might be in the range of $17,832 to $167,942, with the exception of one person, an
outlier, who earns $938,400 per year.
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In contrast to classification and regression problems, “time” is the main feature
of a time series problem, with each case containing many values measured over
some time period in the past. In other words, the time-dependencies among the
cases are so strong that the cases must be kept in a sequential time order. In time
series problems, the future is referenced explicitly: we would like to predict
a variable’s value in the future (tomorrow, next month, etc.). A classic example in
economics would be to predict next year’s Gross Domestic Product (GDP). Plenty
of historical data are available (released every quarter), and the prediction model
may include many additional economic indicators as variables (e. g., employment,
financial, survey, production, and sales indicators).

Despite the fact that prediction problems come in all shapes and sizes — varying
in the number of variables, types of data patterns, time horizons, and types of
expected output — only two types of prediction methods exist for addressing these
problems: guantitative and qualitative methods. The quantitative methods assume
that a sufficient amount of data exists about the past, that these data can be quanti-
fied in the form of numerical data, and that past patterns will continue into the
future. Conversely, qualitative methods are applied in situations where very little
quantitative data are available, but where sufficient qualitative knowledge exists.

Although quantitative methods vary from simple (and intuitive) methods based
on empirical experience to formal methods based on statistical principles, all these
methods require data! Fortunately, the amount of stored data are growing at
arapid rate. This growth takes place on two dimensions: the number of cases
stored (e. g., new transactions) and the number of variables in each case (e. g., the
detail of each transaction). In general, the more data the better, as data mining can
produce better results when performed on large data sets, and the resulting predic-
tion models are more accurate.

In the car distribution example, there are several important elements of predic-
tion. For example, we would like to predict the sale prices for different cars at
different auction sites on different days. Because these predictions are based on
past cases, we should know all the variables (e. g., “make,” “model,” “body style,”
“mileage”) of the cars that were sold over the last, say, three years; and we should
also know the sale price, and the exact date and location. Having all this informa-
tion, we can then apply various prediction methods to develop a good prediction
model. Of course, as we discussed in Chap. 3, the prediction model should also
take into account the distribution of other cars as well, because of the volume
effect.

The process of building a prediction model usually consists of a few steps:

e Data preparation. To avoid the situation of “garbage in, garbage out,” the rele-
vant data must be “prepared.” This step includes data transformation, normali-
zation, creation of derived attributes, variable selection, elimination of noisy
data, supplying missing values, and data cleaning. This stage is often aug-
mented by preliminary data analysis to identify the most relevant variables and
to determine the complexity of the underlying problem. The data preparation
step can be the most laborious, and many people believe that it constitutes 80%
of any data mining effort.
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e Model building. This step includes a complete analysis of the data (i. e., the data
mining stage), the selection of the best prediction method on the basis of
(a) explaining the variability in question, and (b) producing consistent results,
and the development of one or more prediction models.

e Deployment and evaluation. This step includes implementing the best predic-
tion model, and applying it to new data to generate predictions. However, be-
cause new data arrive on a continuous basis, it is essential to measure the pre-
diction model’s performance and tune it accordingly.

Let us examine each of these steps.

5.1 Data Preparation

Generally speaking, there are only two “types” of variables: numerical and nomi-
nal. Numerical variables are numbers (e. g., “34,982” for mileage), while nominal
variables take their values from a predefined set (e. g., “black,” “white,” or “red”
for color). Because the values of nominal variables are symbols (strings of charac-
ters), there is rarely any order between them, and mathematical comparisons and
operations do not make much sense (as it is difficult to add “50” to “blue,” or to
compare which is larger: “blue” or “green”). Hence, it makes sense to talk about
ordered nominal variables, where comparisons of the type “greater than,” “less
than,” and “equal to” have meaning.

An additional type of variable is binary (also called a Boolean or true/false
variable), as it only takes one of two possible values (e. g., “yes” or “no,” “true” or
“false””). We may also come across other types of variables (e. g., variables that
store free text as a value, or that contain a set of values). Most prediction methods
and models require that variables be either binary or numerical (or nominal with
numerical codes as values), thus allowing some order. So, what should we do with
truly nominal variables, such as color? Well, there are two possibilities: Either the
color of a car can be coded as a unique number, or it can be converted into several
binary (true/false) variables, with each variable representing a particular color. For
example, if the color of the car is white, then the variable can take on the value
“true” (or “17); if the color of the car is not white, then the value would be “false”
(or “0™).

To properly prepare the data, it is important to first identify the variable “type”
(i.e., to know whether the values of a variable allow arithmetical operations or
logical comparisons, whether there is a natural order imposed among them, and
whether is it meaningful to define a distance between the values). For example,
“very light,” “light,” “medium,” “heavy,” and “very heavy” follow a natural order,
but the distance between them is not defined. Mileage values, on the other hand,
have a natural measure of distance: a car with 34,789 miles has 3,500 miles less
than a car with 38,289 miles. Because the goal of any prediction model is to pro-
duce an output (i. e., the prediction), it is important to note that the output is also
a variable. In the car distribution example, the predicted output is the sale price,
which is a single numerical variable.
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In the data preparation phase, some variables may also require “transforma-
tion.” For example, it is quite typical for “date of birth” to be recorded as a vari-
able, but many decisions (or queries to the system) may be based on the “age” of
an individual. A simple data transformation step would convert the variable “date
of birth” into the variable “age” by subtracting a person’s date of birth from the
current date. Returning to the car distribution example, the VIN is clearly the key
variable, because we can use it to identify any car. However, the VIN itself is not
useful for data mining activities (after all, the string of 17 characters looks random
and meaningless: e. g., JD8320DJ2094GK2X3), but by using a VIN decoder it can
be transformed into meaningful information about the make, model, year, and
trim-level of a car.

Although data transformation is an important step in the data preparation proc-
ess, variable selection and variable composition are even more important. Vari-
able composition — which is somewhat similar to data transformation — requires
problem-specific knowledge to create new variables. Because these new variables
(often called synthetic variables) present existing data in a “better” form, they may
have a greater impact on the results than the specific prediction model used to
produce these results. A trivial example is the creation of a new variable to record
the average miles driven per year, which corresponds to the ratio:

Mileage / (Current Year — Year + 1)

The denominator would tell us the number of years the car was in service, and
the entire ratio would tell us the average miles driven per year.

Variable selection on the other hand (also known as feature selection or attrib-
ute selection) is the process of selecting the most relevant variables. This process
should be performed carefully, because if meaningful variables are not selected
then everything else — from data transformation all the way to the final prediction
model — will be meaningless. Conversely, selecting irrelevant variables may dete-
riorate the accuracy of a prediction model (in other words, removing irrelevant
variables usually improves the performance of a prediction model). This may
seem straightforward: After all, there are a finite number of variable subsets, so
we can examine all of them and select the best one! Unfortunately, it is not quite
that simple. First, the number of possible subsets may be too large: For a database
with “only” 20 variables, there are over 1 million possible subsets. Second, to
evaluate each subset, we will need to build a prediction model and evaluate it by
measuring the prediction error (we will discuss this in detail in Sect. 5.3, along
with some other validation issues). So, what is the solution?

Although the best way to select the most relevant variables is still manual
(based on problem-specific knowledge), there are numerous automatic methods
that can be divided into several categories. For example, we can consider methods
that evaluate the relevance of a single variable versus methods that evaluate
a subset of variables. Another category of automatic methods is based on the tim-
ing of selection: Some methods select variables at the very beginning using char-
acteristics of the data, while other methods select relevant variables during the
model construction process.
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Let us consider a few (simple) examples of different automatic methods for
variable selection that we could apply to a problem. Say the prediction problem is
one of classification (e.g., “fraudulent” and “legitimate”) and we are trying to
evaluate the usefulness of particular variables (such as the time of transaction, or
the amount) for predicting the outcome. One of the most popular automatic meth-
ods we could use is based on “means and variances.” Using a simple statistical
test, the means of a variable are compared for the two classes to see whether the
difference is likely to be random or not. Small differences in means usually imply
irrelevant variables. This method evaluates the variables one by one, and does so
before the development of any prediction model. On the other hand, we could use
an automatic method where the variable selection process is an inherent part of the
prediction model. For example, when a decision tree is built (these are covered in
the next section), the relevant variables are selected, one by one, during the tree-
building process. Lastly, we could also use automatic methods that evaluate the
entire subset of variables. Many optimization techniques discussed in Chap. 6
would be appropriate for this type of approach, as the problem is really an optimi-
zation problem (i. e., finding the “optimal” subset of variables).

Because the variable selection step removes redundant and/or non-productive
variables, we can consider this step as part of the “data reduction” process, the
general goal of which is to delete nonessential data (as the data set may be too big
for some prediction models and/or the expected time for building a model might
be too long). As data are represented in a table, we can: (1) reduce some variables
(columns) in the table, (2) reduce some values present in the table, and/or (3) re-
duce some cases (rows) from the table. We have already discussed the removal of
some variables, which is equivalent to the task of variable selection, so let us
move on to reducing values.

It is often necessary to “discretize” a numeric attribute into a smaller number of
distinct categories (e.g., the variable “mileage” can be grouped into values of
“below 10,000 miles,” “between 10,000 and 19,999 miles,” “between 20,000 and
29,999 miles,” and so on, right up to “over 200,000 miles”). This looks natural,
but how can we be sure that such discretization is any good? Moreover, what is
a good way to discretize numeric variables into categories? As usual, there are
a few possibilities to consider. One approach would be to discretize an attribute by
rounding: The actual mileage of the car can be rounded off to the closest
1,000 miles, thus 23,772 miles would become 23,000 miles. Another possibility
would be to create some number of discrete categories (say, 20), and distribute all
values to these categories in such a way that the average distance of a value from
its category mean is the smallest. For example, the first category may contain
mileages from 0O to 11,209, the second category may contain mileages from 11,789
to 18,991, and so on. Some mathematical methods (such as k-means clustering)
can deliver near-optimal solutions for such distributions. However, this approach
might be a bit risky for time-changing data. In the case of off-lease cars, new cases
are coming in at regular intervals, so the optimal mileage distributions might
change quite frequently.

Finally, let us turn our attention to the last possibility of data reduction, which
is the reduction of cases from the table. Clearly, the number of cases is often the
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largest dimension of the data; it is not unusual to have hundreds of millions of
cases containing 20 to 30 variables each. This does not mean, however, that the
process of case reduction is easy. Just the opposite is true: very often, case reduc-
tion is the hardest type of data reduction to perform. The general approach for
handling case reduction is based on random sampling. Rather than using the whole
data set to build a prediction model, random samples are used instead. Two popu-
lar techniques for random sampling include:

e Incremental sampling. Where the model is trained on increasingly larger ran-
dom subsets of cases, the trends are observed, and the process is stopped when
no significant progress is made.

e Average sampling. Where several samples of the same size are drawn from the
data set, a prediction model is created for each sample, and the outputs of all
the models are combined by voting or averaging (more on this in Sect. 10.1).

While discussing data preparation, it is also worthwhile to mention some other
aspects of this phase. Some problems require data normalization (e. g., scaling some
values to a specific range, say, [0, 1]). For example, the age of a car (in number of
years) should be interpreted on a different scale than the mileage. In particular, two
cars of the same age, but which differ by five miles, can be considered quite similar
(assuming that the other variables are the same), whereas two cars of the same mile-
age, but which differ by five years, are quite different. Data normalization also al-
lows us to express some values as integers, categories, floating point numbers, la-
bels, etc. For instance, we can transform $400 in damage into “damage level” = 0.04,
or we can assign damage to 1 of 10 categories, such as category 1 for damage under
$500, category 2 for damage between $501 and $1,000, and so forth. As indicated
earlier, we can also transform the variable “color” into 20 binary variables, one for
each color: “white,” “silver,” “red,” “green,” “blue,” ..., “black.”

Another important issue connected with data preparation is that of inaccurate or
missing values. Inaccurate values usually arise from typographical errors. Some of
these errors can be “discovered” by analyzing the outliers for each variable, but
some of them may be difficult to find. Furthermore, in almost any data set, some
values are not recorded. For example, the color might be unknown for some cars,
or the mileage might be missing. Sometimes missing values are treated as just
another variable value (e.g., “white,” “silver,” “red,” ..., “black,” “unknown”).
Another possibility would be to ignore all cases with missing values, but in some
data sets we might lose over 90% of the cases by doing this! Yet another way of
approaching the problem of missing values is to replace them with the variable’s
mean value. This might be tempting, but it is very risky, as the data could become
biased. Instead, it is safer to observe a relationship between the variable in ques-
tion and some other variables, and then replace the missing value with an esti-
mated value. For example, we can estimate the mileage on the basis of other vari-
ables (such as “year” and “type”): a four-year-old off-lease car should have around
48,000 miles, because car leases typically allow for 12,000 miles per year.

The final aspect of data preparation is connected with time-dependent data. Be-
cause all orders, deliveries, and transactions have some sort of a time stamp, most
real-world business problems have some time-dependent relationships within their
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data sets. Even some relatively “stable” data sets, such as bank customers, change
over time. Of course, these types of changes happen at a much slower rate than
changes in the stock market, but they do happen. Thus, this additional dimension
of time — additional to cases and variables — plays a significant role in most pre-
diction models. This time factor necessitates updates of the prediction model at
regular intervals. This can be done online, when new data arrive, or offline, by
analyzing the new data and modifying the prediction model. We will return to this
issue later, in Sect. 10.3, when we discuss the process of updating a prediction
model.

Time dependencies should be recognized and dealt with during the data prepa-
ration phase. Usually, time series models assume that the values for some vari-
ables are recorded at fixed intervals. For example, we can record the US Gross
Domestic Product at the end of each quarter, the Dow Jones Industrial Average at
the end of each business day, the temperature at some location every four hours
(i.e., six readings a day), and so on. However, if we look at the car distribution ex-
ample, our time series is far less regular. Although the price prediction is for
a particular make/model, there are many subcategories within each make/model
category (because of different mileage, color, trim, etc.). Hence, if we find several
exact cases from the past, they will not have regular time intervals: For example,
a blue Toyota Corolla with 33,000 miles was sold on April 13th, two more were
sold in early May, and another was sold in late August — but we have to make
prediction for this exact car for mid-October. Because of these interval irregulari-
ties, we should relax the precision of some input variables. For instance, color
need not be exactly the same (and for some makes/models, color is not a major
influencer of price anyway). On top of everything, we are not predicting the value
of a variable for the “next” time unit. If we ship a car from California to an auction
site in Arizona, we might be interested in a price prediction for next week (as the
shipping time would be several days). On the other hand, if we ship the same car
to an auction site in New York, then we might be interested in a price prediction
for three weeks from today! Needless to say, the volume effect should also be
taken into account, as other distribution decisions may influence the actual price
of the car!

Another important issue related to time-dependency is the “time horizon” of the
historical data. Simply put, we have to make a decision on how far back to look. It
seems natural that we should pay more attention to recent data, as “old” data may
have lost their significance. For example, using pre-September 11th, 2001 data to
predict air traffic for 2002 would not yield good results.

Some people also consider a preliminary (exploratory) analysis to be a part of the
data preparation phase, while others consider it a separate stage of the data mining
process. In either case, such an analysis is extremely helpful for gaining an under-
standing of the data. Preliminary data analysis usually includes graphing data for
visual inspection (e. g., we can graph the prices for a particular make/model with
respect to mileage), and computing some simple statistics such as averages, mini-
mums, maximums, means, standard deviations, and percentiles for each data set
(e. g., the prices of a particular make/model at a particular auction site). We can also
use “decomposition analysis” to detect trends, seasonality, cycles, and to identify
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outliers. Anyway, the main purpose of such an analysis is not to immediately select
a prediction model, but rather to get a “feel” for data. This stage is vital, as it can
suggest the appropriate prediction method.

5.2 Different Prediction Methods

After the data are prepared, we can begin our search for the right prediction
method. The goal is to build a prediction model that will predict the “outcome” of
a new case. This outcome might be the price of a used car sent to auction, the
classification of a loan application, the assignment of a new customer to the ap-
propriate cluster, and so on. Many prediction methods have been developed over
the years that differ from one another in the representation of a solution (e. g.,
decision tree versus a set of rules), as well as some other differences (e.g.,
whether they are capable of “explaining” the prediction, the ease with which a so-
lution can be edited). We can group these different prediction methods into a few
broad categories:

e Mathematical (e. g., linear regression, statistical methods).

e Distance (e. g., instance-based learning, clustering).

e Logic (e. g., decision tables, decision trees, classification rules).

e Modern heuristic (e. g., neural networks, evolutionary algorithms, fuzzy logic).

The first three categories are covered in this chapter, but the last category,
modern heuristic methods, is covered in later chapters. These heuristic methods
include fuzzy systems (Chap. 7), neural networks (Chap. 8), genetic programming
(Chap. 9), and agent-based systems (Chap. 9). One can argue, of course, that neu-
ral networks can be placed in the category of mathematical models, whereas fuzzy
systems and genetic programming are in the category of logic models (as they
represent classification rules and decision trees, respectively). However, these
techniques are of growing importance for building prediction models, and so we
have moved them into separate chapters to discuss them in greater depth.

5.2.1 Mathematical Methods

As discussed earlier in this chapter, there are three types of prediction problems:
classification, regression, and time series. Classification problems have been the
focus of data mining research for the last few decades, and some prediction methods
(e. g., distance and logic) were developed explicitly for classification problems. For
the time being, however, let us focus on regression and time series problems.

The major difference between regression and time series problems is that the
former assumes that the expected output exhibits some explanatory relationship
with some other variables. For example, someone’s (predicted) salary might be
a function of education, experience, industry, and location. In such cases, an ex-
planatory method would be used to find the relationship between these variables
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and make a prediction. The goal of time series models, on the other hand, is not to
discover or explain the relationships between variables; their goal is purely one of
prediction. Neural networks (Chap. 8) are a good example of this: We may not un-
derstand the connection weights, the importance of particular variables or their
relationship, and yet the neural network model might be producing quite accurate
predictions ...

Probably the most popular explanatory method is linear regression . If the pre-
dicted outcome is numeric and all the variables in the prediction model are nu-
meric, then linear regression is the classic choice.’® In this method, we build a lin-
ear expression that uses the values of different variables to produce a predicted
value for a “new” variable (i.e., a variable not used in the model). To illustrate
this prediction method in more detail, let us consider linear regression for predict-
ing the auction price of a car. In this case, the “new” variable would be the pre-
dicted sale price. Note that many variables are not numeric, so we have to address
this issue first. It is clear that the non-numeric variables “make,” “model,” and
“location” are of key importance, as they determine the basic price range (which is
further influenced by the mileage, year, trim, etc.). By building a separate regres-
sion model for each make/model at each location, we can eliminate these three
non-numeric variables.

Next, we should convert the remaining non-numeric variables into numeric
variables. For example, we can take a list of the available colors, sort them from
white to black according to some standard order (e.g., how they appear on
a spectrum), and assign consecutive natural numbers. Assuming we have 30 dif-
ferent colors, white would be 1 and black would be 30. Similar assignments can be
made for other non-numeric variables. Note that the variables “mileage,” “year,”
and “damage level” are already numeric, so there is no need to covert these.

Because a linear regression model must answer (i. e., produce a value for) ques-
tions such as: “What’s the price of a Toyota (“make”) Camry (“model”) at auction
site Jacksonville, Florida (“location”)?”* we need to develop a function:

Sale Price=a + (b x Mileage) + (c x Year) + (d x Color) + ...

that provides the predicted price for a new case (i.e., a used Toyota Camry) when
supplied with the numeric values of the other variables (‘“mileage,” “year,” “co-
lor,” etc.). The main challenge here is to find the values for parameters a, b, ¢, d,
etc. that give the prediction model the best possible performance (i. e., that mini-
mize the predictive error). Since we have all the historic data from three million
cases, we can extract all cases where “location” = Jacksonville, “make” =Toyota,
and “model” =Camry. This subset of cases (say we identified 150 such cases)

would constitute the data set available for training the prediction model (some of

3 Note also that in some situations we would like to predict only one of two values (“yes”
or “no,” “fraudulent” or “legitimate,” “buy” or “sell,” etc.). This type of regression is
called logistic regression, and a similar methodology is applied (e.g., transformation of
variables, building a linear model).

* Note that the Jacksonville location would contain many prediction models (for all dis-
tinct pairs of make/model).
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these cases would also be used for validation and testing; see Sect. 5.3 for more
details on this).

To minimize the error on the training set, there are several standard procedures
for determining the parameter values. Once these parameters are determined, the
prediction model (for all Toyota Camry cars sold at the Jacksonville auction) is
ready. For every new case (again, by new case we mean a used Toyota Camry),
we can determine the sale price for the Jacksonville location by inserting the ap-
propriate values for “mileage,” “year,” “color,” etc. into the sale price function.

Note, however, that the training process might not be that simple (this is true
for any prediction model, not just linear regression). First of all, some values
might be missing (e. g., the mileage was not recorded). In such cases we can:

e Remove the case from consideration and contact the appropriate auction site to
recover the mileage value. Once this value is recovered, we can insert the case
back into the system for processing. Although this would cause a delay in proc-
essing the car, it might prevent us from making a serious prediction error.

e Estimate the mileage on the basis of other variables. For example, if the car was
“leased,” it might be reasonable to assume that the average mileage allowance is
12,000 miles per year. Thus, a three-year-old car is likely to have 36,000 miles.

Second, because the prediction model has to provide more than just tomorrow’s
price (as it takes some time to transport the car to Jacksonville, and so we need
a predicted price for next week and/or three weeks from today), the training proc-
ess might be much more complex. The reason for this increased complexity is
hidden in the fact that the prediction model’s accuracy must be assessed for both
shorter and longer time periods. Hence, the process of searching for the best pre-
diction model is more difficult, as it is harder to compare and select the better of
two models where one provides better short-term predictions while the other pro-
vides better longer-term predictions. This is a typical multi-objective optimization
problem (as discussed in Sect. 2.4).

Third, from time to time the linear regression model would process a “rare” car,
such as a Dodge Viper or Acura NSX. Note that we assumed a linear regression
model for each make/model at each location. This assumption is fine, but the his-
torical data set may only contain 100 Dodge Viper cars with zero occurrences at
some locations! How can we build a model for a location where the data set is
empty? Well, as usual, there are several ways of dealing with this problem. One
way would be to estimate the price on the basis of (1) prices of the same
make/model at nearby locations, and (2) prices of similar models at the same loca-
tion. This approach would require some additional, problem-specific knowledge.
Another possibility would be to use an approach based on agent modeling
(Chap. 9), which can be used as a data mining technique for “data-less” problems!

The above example serves to underline the simple fact that the devil is in the de-
tail. This is true for any prediction method, because developing a prediction model
for a real-world problem usually involves the resolution of many issues ranging
from incomplete information to insufficient data. Something else to consider is that
regression might be far more complicated than our simple example. Note that the
prediction model above has one powerful disadvantage: it is linear! Real-world
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data often display nonlinear dependencies that we would like to capture (recall the
nonlinear transportation model in Sect. 2.5). Of course, a linear regression model
would find the best possible line, but the line may not fit very well.

One approach to this problem is to replace the line with a curve, which can be
done by transforming the variables (by multiplying some of them together, squar-
ing or cubing them, or taking their square root). After completing these transfor-
mations, we can then determine the new parameters (i.e., a, b, c, d, etc.) of the
prediction model (although this new model is more complex and we are now talk-
ing about nonlinear regression). It is possible to experiment with a wide variety of
transformations, and if they do not provide a meaningful contribution to the pre-
diction model, then their parameters will stay close to zero. The difficulty, how-
ever, is that the number of possible transformations might be too prohibitive (i. e.,
the number of possible parameters to explore might be too high, and any training
would be infeasible). Moreover, with complex transformations we should guard
against overfitting,” as the use of complex transformations guarantees high preci-
sion on the training set that may not carry over to new predictions.

Now let us turn our attention to time series problems. As mentioned earlier, the
only purpose of a time series model is to predict future values; the relationships
between the variables are of no interest. The problem might be expressed as fol-
lows:

Given v[1], v[2], ..., V[t], predict the values of v[t+1], v[t+2], ..., V[t+k]

where 7 is the present time interval, #—/ is the previous time interval, #+1/ is the
next time interval, and so on. If we are only predicting the next interval (#+1), then
a time series model is concerned with a function F such that:

vt+1]=F(v[1], v[2], ..., V[t])

Note that the above function may include some other variables, and not just the
values of variable v from earlier time intervals. In such cases, we talk about com-
posite forecasting models, which consist of past time series values, past variables,
and past errors.

Many statistical time series models have been proposed during the last few dec-
ades, including exponential smoothing models, autoregressive/integrated/moving
average models, transfer function models, state space models, and others. Each
model is based on some assumptions, and involves a few (at least one) parameters
that must be tuned on the basis of historical data.

Now let us consider the category of prediction methods that are collectively
known as “exponential smoothing.” These methods generalize the moving average
method, where the mean of past k cases is used as a prediction. All exponential
smoothing methods assign weights to past cases in such a way that recent cases are
given more weight than the older cases (as the more recent cases usually provide
better future direction than the less recent ones). Hence, it is reasonable to develop
a weighting scheme that assigns smaller weights to older cases. Such a weighting

> Overfitting occurs when a model tunes itself during the training stage to such an extent
that all predictions on the training data set are perfect.
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scheme also requires at least one parameter a. For example, a prediction for the
time 7+ is calculated as:

Prediction (t+1) = (a x Actual(t)) + ((1-a) x Prediction(t))

which simply means that the prediction for the next (future) case is calculated as
a total of two values: the actual last case (Actual(t)) with parameter a and the last
prediction (Prediction(t) with the weight /—a). Note that parameter a provides the
significance of the last case in making the prediction; in particular, if a= 1, then
the prediction would always report the last actual value as a new prediction. It is
easy to generalize this method to include more past cases:

Prediction (t+1) = (a x Actual(t)) + (a x (1-a) x Actual(t-1))
+ (ax (1-a)* x Actual(t-2)) + (a x (1-a)’ x Actual(t=3)) + ...
+ (ax (1-a)"" x Actual(1)) + ((1-a)" x Prediction(1))

so Prediction(t+1) represents a weighted moving average of all past observations.
Note again, that different values of parameter a would result in a different distri-
bution of weights. Also, it was assumed that the prediction horizon was just one
period away (t+1). For longer-term predictions, it is often assumed that the func-
tion is flat:

Prediction (t+1) = Prediction (t+2) = Prediction (t+3) =...

as exponential smoothing works best for data that have no trend or seasonality.
However, since some form of trend or seasonality exists in most data sets, decom-
position methods can be used to identify the separate components of the underly-
ing trend-cycle and seasonal factors. The trend-cycle (which is sometimes sepa-
rated into trend and cyclical components) represents long-term changes in the time
series values, whereas seasonal factors relate to periodic fluctuations of constant
length caused by phenomena such as temperature, rainfall, holidays, etc.

Although there are several approaches to decomposing a time series problem
into separate components, the basic concept is based on experience: First the
trend-cycle is removed, then the seasonal components are addressed. Any remain-
ing error is attributed to randomness; thus:

Data=trend-cycle + seasonality factors + error

Note that the relationship between the data and trend-cycle, seasonality factors,
and error need not be linear (additive, as above); in general, decomposition meth-
ods search for a function D that would “explain” a data point at any time #:

Data (t) =D (trend-cycle(t), seasonality factors(t), error(t))

The figure below illustrates what such a decomposition of data might look like
for the car distribution example:
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$5,000 - $100

$4,000 + + $50

$3,000 + + $0
—l— Car Price

$2,000 + 1 (s50) —&—Trend .
—X— Seasonality

Error
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$0 ($150)
($1,000) ($200)

First of all, note that the ““Car Price” (Data) corresponds to the left y-axis, while
the “Trend”, “Seasonality” and “Error” correspond to the right y-axis, and the x-axis
represents the month. In general, the “Trend” is a continued decrease of the “Car
Price,” while “Seasonality” can have a negative effect or no effect at all. The “Error”
can be positive or negative. Let us take June (month “6” in the figure above) as an
example: The “Car Price” is $4,045, the “Trend” during June is a decrease of $152,
the “Seasonality” effect is $0, and the “Error” is $35. If we add up all these numbers
then we get a “Car Price” of $3,928 for the beginning of July.

Going back to exponential smoothing, the relationship between the past and fu-
ture is linear, but this might not be appropriate for many real-world applications of
time series. Linear models cannot capture some features that commonly occur in
actual data, such as asymmetric cycles (which are data patterns in which the pe-
riod of repeating cycles is not fixed, and the average number of data on the up-
cycle is different than the average number of data on the down-cycle) and occa-
sional outliers. Although linear methods often deal with nonlinear time series by
logarithmic or power transformations of data, these techniques do not account for
asymmetric cycles and outliers.

Some nonlinear methods assume that asymmetric cycles are caused by distinct
underlying phases of the time series, and that a transition period (either smooth or
abrupt) exists between these phases. The individual phases are usually given
a linear functional form, and the transition period (if smooth) is modeled as an
exponential or logarithmic function. Some other methods are used to deal with time
series that display variable variance of residuals (error values). In these methods,
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the variance of error values is modeled as a quadratic function of past variance
values and past error values.

Although all these linear and nonlinear methods are capable of characterizing
the variables found in actual data, they also assume that the underlying process of
data generation is constant. This assumption is often invalid for actual time series
data, as changing environmental conditions may cause the underlying data gener-
ating process to change. For all prediction methods, human judgment is required
to first select an appropriate method, and then set the appropriate parameter values
for the model’s parameters. In the event that the underlying data generating proc-
ess changes, the time series data must be revaluated and the parameter values re-
adjusted (in extreme cases, a new model might be required). We will address the
issue of adaptability in Sect. 10.3, as well as a few other subsections in Part II of
this book.

5.2.2 Distance Methods

Another method for building prediction models is based on the concept of “dis-
tance between cases.” Any two cases in a data set can be compared for similarity,
and this similarity measure (called “distance”) is assigned some value: the more
similar the cases, the smaller the value. Using a distance measure within a data set
would allow us to compare a new case with the most “similar” existing case. The
outcome of the most similar case (e. g., the loan was repaid, the transaction was
fraudulent) would be the prediction for the new case. Going back to our example
of the Toyota Camry at the Jacksonville auction site, we may search our database
of three million cases for the most similar Toyota Camry sold in Jacksonville and
use its sale price as our prediction. Ideally, the existing case would be recent and
have the same mileage, color, trim, etc. as the new case. Hence, instead of build-
ing a function where the variable values (magnified by some weights) determine
the outcome, we just keep the past cases.

The essential aspect of this approach is creating a similarity measure between
cases, because the probability of finding an identical case is very low. Hence, we
have to base our decisions on similarities, which is far from trivial: For instance, is
a silver Toyota Camry with 33,000 miles “more similar” to a white Toyota Camry
with 34,100 miles, or to a silver Toyota Camry with 36,000 miles? Or, is the dif-
ference in “similarity” between “silver” and “white” the same as between “red”
and “yellow”? To answer such questions, it is necessary to define some distance
between cases (again, the shorter the distance, the greater the similarity).

One of the most popular distance-based prediction methods is k nearest neigh-
bor, where k nearest neighbors (i. e., k most similar cases) of a new case are de-
termined. Clearly, if k=1 (i.e., we find only one neighbor), the outcome of this
single neighbor is the prediction for the new case. If k > I, then a voting mecha-
nism is used (classification problems) or the average value of the k answers is
calculated (regression problems).

Note, however, that the most important step of the k nearest neighbor method is
calculating the distance between cases — this is crucial for getting high-quality
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results. There are many ways of defining a distance function, but experimentation
is often the best way. In any case, careful data preparation is always the first step
(it is likely that the data will be normalized to equalize the scale for computing
distances and/or some weighting will be applied where different variables get
different weights). Note that calculating the distance is trivial when there is only
one numeric variable, (e.g., 5.7 — 3.8=1.9). With several numerical variables,
a Euclidean distance® can be used, provided that the variables are normalized and
of equal importance (otherwise a weighting must be applied).

The largest problem, however, is with nominal variables. Given our earlier
question of whether “the difference in similarity between ‘silver’ and ‘white’ is
the same as between ‘red’ and ‘yellow’?” we can assume that different colors are
just different (resulting in a distance of 1), or we can introduce a more sophisti-
cated matrix that would assign a numeric measure for each color (e. g., so that the
difference between “light blue” and “dark blue” is smaller than the difference
between “blue” and “red”). These are the two standard approaches for evaluating
differences between the values of nominal variables.

Another issue to consider is that of missing values. A standard approach is to as-
sume that the distance between an existing value and a missing value is as large as
possible. Hence, for nominal values, the distance is assigned a normalized value
of 1 (all distances are between 0 and 1), and for numeric variables the distance is
assigned the largest possible normalized value between 0 and 1. For example, if an
existing value is 0.27 and the other value is missing, then the distance is 0.73; if the
existing value is 0.73 and the other value is missing, then the distance is also 0.73.

Yet another issue is the number of stored cases. A distance-based method might
be too time consuming for large data sets, because the whole data set must be
searched to evaluate each new case. With larger values of parameter &, the compu-
tation time increases significantly. For efficiency reasons, it would be beneficial to
reduce the number of stored cases. By selecting a subset of “representative cases,”
the process of finding the closest neighbor (or neighbors) might be more efficient.
And to make the representative cases as “representative” as possible (i. e., as good
as possible), a new set of representative cases can be selected from the current
representative cases and all misclassified cases that produced a prediction error
larger than some threshold. In other words, the current representative and misclas-
sified cases could constitute an input for some reclassification method (e. g., deci-
sion trees), which would be responsible for creating a better set of representative
cases.

Also, some clustering methods can be used to group the cases into meaningful
categories. A new case would then be assigned to an existing category and the
predicted value would be drawn from the cases present in that category (again,
by voting for classification, or averaging for regression). Note that it is not nec-
essary to store all the cases per category; again, we can select some representa-
tive cases instead. A few clustering techniques might be considered for this task

S Euclidean distance is defined as the length of a line segment between two points in an
n-dimensional space. In particular, the distance d between two points (X, y;) and (X, y,) in
a 2-dimensional space is determined by the following function: & =(x;—x2)* + (y1— yz)z.
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(e. g., k-means algorithm, incremental clustering, or statistical clustering based on
a mixture model), which we will discuss later in the text.

5.2.3 Logic Methods

A decision table (also known as a lookup table) is the simplest logic-based method
for prediction, and there are many such tables published for estimating the price of
a used car sold at auction (e. g., Black Book, Kelley Blue Book, Manheim Market
Report). In these tables, we can locate the appropriate make/model/year/body
style, get a basic price, and adjust this price for additional variables such as mile-
age, color, trim, damage level, etc. However, not all variables are included (e. g.,
for some makes/models, color might not be included).

The most widely used logic method, on the other hand, is the decision tree. Be-
cause the structure of a decision tree is relatively easy to follow and understand
(especially for smaller trees), its popularity is widespread. To make a prediction
for a new case, the root of a tree is examined, a test is performed,” and, depending
on the result of the test, the case moves down the appropriate branch. The process
continues until a terminal node (also known as a “leaf”) is reached, and the value
of this terminal node is the predicted outcome.

Although decision trees are used for all types of predictions problems, they are
especially popular for classification problems. If the test involves a nominal vari-
able, the number of branches corresponds to the number of possible values that
variable can take (i.e., there is one branch for each possible value). If the test
involves a numeric variable, there are usually two branches, as the test determines
whether the value is “greater than” or “less than” (possibly also “equal to” for
integer numbers) some predefined fixed value.® In the case of missing values, an
additional branch is assigned or some other heuristic is used (e. g., selection of the
most popular branch or selection of a few branches).

We can easily picture a decision tree for used car prices. At the root of the tree
a decision is made on “make”: if there are 30 different makes, then the root node
would have 30 branches. On the second level of the tree, a decision is made on
“model,” then the third level provides branches for “location.” Further down, we
may have nodes that test a new case for “body style” and “mileage” and refer it to
the appropriate branch. For example, a test on “mileage” might involve the selec-
tion of an appropriate category (e.g., “0 to 9,999 miles,” “10,000 to 19,999
miles,” and so on). The following illustrates the branch of a simplified decision
tree:

7 By “test” we mean that a node compares a value of a variable with some constant. Ho-
wever, it is possible to include more sophisticated tests, where more variables and/or ad-
ditional functions are involved.

8 It is also possible to have a decision tree with more than two branches for a numeric
variable, where a range of values is assigned to each branch.
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Make

Toyota

Model

Camry

Location

Jacksonville / ‘ \

Body Style

LE

Mileage

10,000 — 19,999

Year

2003

817,350

Naturally, there are better and more sophisticated ways to use decision trees for
numeric prediction. It might not be practical to represent every value (or range of
values) as a separate branch in a decision tree, as the size of the tree might be too
large. Instead of keeping a single, numeric value at each terminal node (as illus-
trated above), it might be easier to keep a model (e. g., a linear regression model)
that predicts a value for all cases that reach this terminal node. Such a tree could
be used to answer our question from Sect. 5.2.1: “What’s the price of a Toyota
(“make”) Camry (“model”) at auction site Jacksonville (“location”)?” The vari-
ables “make,” “model,” and “location” are used for building the tree (and later for
branch determination when processing a new case), whereas mileage, year, color,
etc. are used as variables in the linear regression model at each terminal node, as
illustrated below:
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Make

Toyota

Model

Camry

Location

Jacksonville

Sale Price = a + (b x Mileage) + (¢ x Year) + (d x Color) + ...

As before, the predicted sale price might be adjusted further to take into ac-
count the time factor, as it would take some time to transport the car to Jackson-
ville. Note that the number of parameters (a, b, c, d, etc.) and their values might be
different at each terminal node.

To achieve better prediction accuracy, it might be worthwhile to build a linear
regression model for each node of the tree (rather than just for the terminal
nodes).9 Note, however, that the root node would now have a function that in-
volves all the variables:"

Sale Price =a + (b x Make) + (¢ x Model) + (d x Location)
+ (e x Mileage) + (f x Year) + (g x Color) + ...

For second-level nodes, the linear function will not include the variable
“make,” because the appropriate branch of the decision tree has already been se-
lected. Thus, the linear function would be:

Sale Price =a + (b x Model) + (c x Location) + (d x Mileage)
+ (e x Year) + (f x Color) + ...

For third-level nodes (where the decision for make and model has already been
made), the function would be:

Sale Price =a + (b x Location) + (c x Mileage) + (d x Year)
+ (e x Color) + ...

and so on. (Note, however, that the parameters a, b, c, etc. are different in all these
functions.) In our earlier diagram, the terminal node was placed on the fourth level
with a linear function of:

Sale Price =a + (b x Mileage) + (c x Year) + (d x Color) + ...

° Experimental evidence shows that prediction accuracy can be increased by combining
several prediction models together (we will discuss this in Sect. 10.1).

' This approach usually involves nominal attributes as well (e.g., make, model, location)
as all the variables are represented on different levels of the decision tree. Such nominal
variables are transformed into binary variables and treated as numeric.
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To compensate for the differences between “adjacent” linear models at the
fourth level, some averaging (also called smoothing) can be applied when process-
ing a new case. Instead of using the predicted value from the terminal node, the
predicted value can be “filtered” back up the tree and averaged at each node by
combining the predicted value from a lower level with the predicted value from
the current level. This usually improves the accuracy of predictions.

Another logic method is based on decision rules, which are “similar” to deci-
sion trees: after all, a decision tree can be interpreted as a collection of rules. For
example, the single branch of the decision tree displayed earlier can be converted
into the following rule:

if Make =Toyota & Model = Camry & Location = Jacksonville
& Body Style = LE & 10,000 < Mileage < 19,999 & Year=2003,
then Sale Price=$17,350

The “if” parts of a rule (e.g., “model” =Camry) are combined logically to-
gether by the “and” (&) operator, and all the tests must be true if the rule is “to
fire” (i. e., for the conclusion of the rule to be applied: Price=$17,350). Note that
there must be several decision rules in the system (the above rule represents
a single branch of a tree) and we can interpret this collection of rules as connected
through the “or” operator: if one rule applies to a new case, its conclusion is taken
as the predicted outcome. If two (or more) rules fire, then we can combine the
conclusions of these rules to determine the final predicted outcome. The other (in
some sense, opposite) problem can arise if no rules fire for a new case! As usual,
some standard remedies exist, such as the creation of a default rule that will al-
ways fire

if 0 <Mileage <999,999, then Sale Price = $15,000

which is the overall average price of a used car. Of course, one can question the
usefulness of such arule ...

These two simple cases, when two or more rules fire or no rules fire, illustrate the
point that rules can be difficult to deal with. The reason is that each rule represents
a separate “piece” of knowledge and all the rules together operate as one system
(often called a rule-based system). Thus, it is essential to understand the conse-
quences of adding or dropping a rule in the system. This is important in many prac-
tical situations, where experts add their own rules (from experience) to the data-
generated rules. Although dropping and adding rules in a rule-based system is not a
trivial task, it is much easier to drop or add a rule than to modify an entire decision
tree by cutting or adding some new branches. Hence, each method has its own ad-
vantages and disadvantages.

As mentioned earlier, classification problems have been the focus of data min-
ing research for the last few decades, and the creation of decision rules'' has been
the most popular approach for addressing these problems. Several aspects of gen-
erating rules from data have been investigated, including:

""" A decision rule for a classification problem is often called a classification rule.
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e Association rules, which describe some regularity present in the data and can
“predict” any variable (rather than just the class). For example, an associate
rule may state that

if Make = Porsche & Model = Carrera,
then Location in {Jacksonville, Tampa, Los Angeles, San Francisco,
San Diego}

as Porsche Carreras are sold only at auction sites in Florida and California.

e Rules with exception, which extend a rule with exceptions, may refer to asso-
ciation rules, e. g.,

if Make = Porsche & Model = Carrera, then Location in {Jacksonville,
Tampa, Los Angeles, San Francisco, San Diego}, except if Year < 1997,
then Location in { Austin, Houston, Dallas}

which states that older Porsche Carreras (produced in 1997 or earlier) are sent
to auction sites in Texas; or to a classification rule, e. g.,

if Make =Toyota & Model = Camry & Location = Jacksonville
& Body Style =LE & 10,000 < Mileage < 19,999 & Year=2003,
then Sale Price =$17,350, except if Color =Red, then Sale Price = $18,450

as red was a rare (but popular) color for Toyota Camry cars in 2003 and that in-
creases the price.

Rule-based systems, which consist of a collection of rules and an inference sys-
tem,'” are quite popular, because each rule specifies a small piece of knowledge
and people are good at handling small pieces of knowledge! Separate rules can be
discovered from data mining activities or interviewing experts, and instead of
specifying the overall model only the decision rules and inference system are
needed. Note that the rule-based system will try to behave like an expert, perform-
ing some reasoning on the basis of the knowledge present in the system.

5.2.4 Modern Heuristic Methods

As indicated earlier, a few prediction methods fall into the category of “modern
heuristics”; these include fuzzy systems, neural networks, genetic programming,
and agent-based systems. These methods originated in different research commu-
nities, and their “mechanics” are very different to classic methods such as statis-
tics and machine learning. Because these prediction methods are of growing im-
portance, we will discuss them in detail in Chaps. 7-9.

12 An inference system is responsible for putting the decision rules in the appropriate order
and combining the outcomes of the rules that fired. It may also contain strategies and
controls that are typically used by experts.
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5.2.5 Additional Considerations

Many other considerations must be taken into account when selecting the “best”
prediction method for an Adaptive Business Intelligence system. Although the
prediction error is quite possibly the most important measure, it only provides one
dimension of a model’s quality. For real-world business problems, many other
factors must be considered, such as:

e Response time. This is an essential consideration, as any Adaptive Business
Intelligence system would have a defined response time. Fraud detection sys-
tems, for example, process millions of transactions per second, so the frequency
of predictions (i. e., classifications of “fraudulent” or “legitimate”) is very high.
Other prediction methods, on the other hand, might be used on a weekly basis
(e. g., inventory management) and so the response time is not that critical.

e Fditing. Some prediction models are difficult to edit (e. g., neural networks),
while others (e. g., rule-based systems) are easy. The ability to edit a model is
an important consideration, as it might be necessary to add the knowledge of
experts to the final model.

e Prediction justification. This is an often-overlooked aspect of evaluating the
usefulness of a prediction model. For some applications (e. g., credit scoring) it
is very important to justify the prediction; in some cases, this might even be re-
quired by law (e. g., justification for rejecting a loan application).

e Model compactness. A prediction model should not be exceedingly large and
complex, as that would make it difficult for humans to understand; also, it might
take a longer amount of time to make predictions. According to the principle of
“Ockham’s Razor,” a more compact prediction model is preferable over a
sprawling prediction model assuming they both do an equally good job of pre-
dicting.

e Tolerance for noise. All prediction methods require some approach for han-
dling missing values (e. g., the mileage of an off-lease car has not been re-
corded), but some methods do a better job of handling missing values than oth-
ers. Also, some values might be present, but noisy (i.e., imprecise) — like
stating that the color of a car is “dark”™ ...

Because of these many factors, it may be difficult to select “the best” prediction
method for the problem at hand. Different prediction methods have different prop-
erties, and so some of them may perform better or worse when trained on different
data sets. Hence, it might be worthwhile to use a few methods to build a few mod-
els, and then use all the models to reach a consensus. We will explore this hybrid
systems approach to prediction in Sect. 10.1.

5.3 Evaluation of Models

Although it is possible to use a variety of different prediction methods to build
a variety of different prediction models, the key issue is which method should be
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applied to a particular problem. To answer this question, it is necessary to evaluate
and compare different models. Because the comparisons have to be unbiased, the
evaluation methodology should be fair and just. At first blush, this may seem easy.
After all, after we complete and train a few models, we can test them on the data
and measure the prediction error. The best model would then be selected for im-
plementation.

Unfortunately, it is not that simple.

First of all, the amount of available data might not be that large. Even in the car
distribution example, if we take into account all the different makes and models
sold at all the different auction sites, our “large” data set of three million cases is
actually quite small. With 20 makes that each have 10 models, sold at 50 different
locations, we are talking about 10,000 variables. Our data set of three million
cases suddenly turns into just a few hundred cases for each make/model at each
location. Also, because some makes/models are common while others are rare, the
rare makes/models will only have a few cases per location sold at irregular inter-
vals during the past three years.

Secondly, the performance of a prediction model on the training data might be
very different from the performance of the same model on an independent set of
data. This might be due to overfitting, which is a common phenomenon. In short,
a model tunes itself during the training stage to such an extent that all predictions
on the training data set are perfect! However, the point is to develop a prediction
model that performs well on new data! Overfitting is a serious problem, as most
prediction methods are capable of generating 100% accurate predictions on the
training data set.

Thirdly, prediction models that provide different outcomes require different
techniques for error measurement. For instance, a prediction model may indicate
whether a new case belongs to class A or B, or, if we have a larger number of
classes, the probability that a new case belongs to each class. Alternately, a predic-
tion model may predict a number (e. g., sale price) or a sequence of numbers (e. g.,
sale price and sale date). In each of these examples, we have to carefully consider
what we are predicting (i. e., what the outcome of the prediction model is), and
apply the appropriate error measurement technique.

Finally, we have to take into account the cost of a potential error. When classify-
ing cases into two categories (“yes” or “no,” “fraudulent” or “legitimate,” etc.),
there are two types of errors: (a) false-positive, where the outcome is incorrectly
predicted as “yes,” when in fact it is “no,” and (b) false-negative, where the outcome
is incorrectly predicted as “no,” when in fact it is “yes” (this issue is discussed in
more detail in Sect. 12.5). Clearly, the cost of these errors is very different. By clas-
sifying a legitimate transaction as fraudulent (false-positive), there is a small cost to
check the transaction. On the other hand, classifying a fraudulent transaction as
legitimate (false-negative) usually carries a much higher cost, especially if the
transaction is significant (e. g., approving a fraudulent transaction for $5,000)."

Because different models may generate a different number of false-positives and
false-negatives on test data, the costs of these two types of errors must be taken into

13 A more detailed example of fraud detection is provided in Sect. 12.5.
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account. Although many error measurement techniques exist (e. g., mean-squared
error, mean absolute error, relative squared error, relative absolute error), it is much
harder to measure the consequences of an error. For example, the error in a price
prediction of a used car for a particular location might only be $150 (approximately
1% of the car’s value), but this error may influence the distribution decision, which
in turn influences the transportation decision and distributions of other cars (be-
cause of the volume effect)!

Because we are interested in the future performance of a prediction model —
i.e., performance on new data, not performance on the training data — we cannot
take a model’s performance (or error rate) on the training data (i.e., old data) as
a foolproof indicator of its performance on new data. The reason for this is very
simple: The most “reliable” prediction model would be a simple lookup table
where all the previous cases are stored. Such a model will score exceptionally well
on old cases ... Unfortunately, this score will tell us very little about the model’s
performance on new data! Most prediction models can be overtrained in the sense
that they would behave in a similar way to a lookup table. Hence, a model’s per-
formance on the training data set will always be better than the model’s true per-
formance ...

To predict a model’s performance on new data, we need another data set (usu-
ally called a fest ser) that did not participate in the building, training, and tuning of
the model. This is important: we need fresh data to evaluate the performance of
a prediction model. The most popular way of doing this (when there is enough
data) is to randomly divide the original data set (i. e., available cases) into a train-
ing set and testing set. The prediction method then uses the training set to select
variables, compose additional variables, calculate ratios, parameters, etc., but it
does not have access to the test set. Once the prediction model is created on the
basis of the training data set, it can be fairly evaluated for performance on the test
data set.

In many cases, the process of building a prediction model consists of two
phases: (1) constructing a model, and (2) tuning the parameters of the model. For
this reason, it is also convenient to further split the training data set into two sub-
sets: the primary training set and a validation set — the former for building the
model, the latter for tuning its parameters. So, altogether, it is convenient to have
three independent data sets (the third one being the test data set, which is used to
evaluate the model’s performance). Each of these three data sets should be se-
lected independently, and each of them plays an important, independent role:

e The training data set is used for building a prediction model.

e The validation data set is used for tuning the parameters of the model (i. e., for
optimizing the performance of the model)."*

e The test data set is used to evaluate the performance of the model.

If we had plenty of data for training, plenty of data for validation, and plenty of
data for evaluation, then the result should be a better model. However, if there is

' If several prediction models were constructed from the training data set, then the valida-
tion data set is sometimes used for selecting the best model.
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only a limited amount of data, then what can be done to maximize them? Note
again that the general idea is to split the data: some data (usually two thirds) are
used for training (this includes validation), and some (usually one third) for testing.

The first issue to consider here is whether each subset is a “representative”
sample of the entire set. For example, it may happen that the training data set has
no “yellow” cars, while the test data set contains many yellow cars. If a category
is missing in the training set, then the prediction model might have serious diffi-
culties in predicting the “right” value for this category (as the “learning” process is
based on data). Moreover, the evaluation of the prediction model would be biased,
as all (or most) cases of the category in question (e. g., “yellow” cars) would ap-
pear only in the test data set!

Clearly, it would be beneficial to “guarantee” that the distribution of cases is
uniform across all data sets. One way of approaching this problem is through stra-
tification: the algorithm that splits the data into training and testing subsets ensures
that the sampling is done in such a way that each category is properly represented.
The other approach is repeating the training and testing phases with different da-
ta sets, and then averaging the performance of the prediction model from all the
iterations. A popular statistical technique, called cross-validation, is often used in
connection with the latter approach. In this technique, we divide the data set into
some number (say k) of disjoined subsets (called folds). Then k — I folds are used
for training and one for testing, and we can repeat this process k times, each time
with a different group of folds selected for training and a different fold for testing.
If k=3 (i.e., the data set is partitioned into three subsets), then the technique is
called three-fold cross-validation. It is quite common to use k= 10 (10-fold cross-
validation),” as 10 is a reasonable number of folds to get a good estimate of the
prediction error."®

One extreme (and, in many cases, useful) application of the cross-validation
technique is when the number of folds equals the number of cases in the data set
(this approach is called the leave-one-out approach). In a database with three mil-
lion cases, there would be three million folds. Hence, we would repeat the follow-
ing process three million times: A prediction model is built on a training data set of
2,999,999 cases, and the error estimate is made on the remaining single case. Then
the average of all errors will give us the error estimate for the prediction model. In
this technique, the greatest possible amounts of data are used for training, and,
because the approach is deterministic, there is no need to repeat the process. How-
ever, the computational overhead might be too large for large data sets.

The final model evaluation technique we will mention is the bootstrap, which
has a reputation for being one of the best techniques when the data set is very
small. In the bootstrap technique, a collection of cases is selected as the training

15 J0-fold cross-validation is often used with stratification. Stratified 10-fold cross-validation
is generally held as a standard evaluation technique in cases where the amount of data are
limited.

16 This estimation, however, need not be perfect, as different fold selections may give differ-
ent error estimates. Thus, it is a standard procedure to repeat the cross-validation process
10 times, which results in building and testing a prediction model 100 times altogether.
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set with repetition. Further, the number of cases in the training set is the same as
the total number of cases available. By doing this, some cases will be selected
more than once, while some cases will not be selected al all! It is relatively easy
for a mathematician to calculate the probability of a case not being selected for the
training set by dividing the constant e by 1, which equals to 0.36787944117 =
0.368. This means that approximately 36.8% cases will not be selected, and 63.2%
of cases will be selected (once or more than once).'” If we apply the bootstrap
technique to our data set of three million used-car cases, then approximately
1,896,362 cases would be selected (once or more than once) for the training data
set, whereas the remaining 1,103,638 cases would constitute the test data set. As
with cross-validation, the bootstrap procedure is usually repeated several times
with different samples.

For a moment, let us return to the issue of time dependencies in the data set. As
mentioned earlier, most real-world business problems have some time-dependent
relationships within their data sets: Transactions, orders, deliveries, sales — all of
these have a time stamp. And because these data sets will inevitably change, the
problem lies in not knowing how they will change! Also, some data sets change
very quickly (e. g., the closing prices of all stocks in the S&P 500 index), while
others change very slowly (e. g., the average income in a particular region). As
a matter of fact, some changes are so slow that we consider the data set to be sta-
ble, even though small changes are constantly taking place. In any case, it is im-
portant to select the appropriate sampling technique when dividing the original
data into training and testing sets. It is also essential to organize the cases in such
a way that all the training cases have an earlier timestamp than the testing cases.
This is done so that the predictions go from “past” to “future.” In other words, we
should identify a particular point of time, and take all relevant preceding cases for
the training set and all relevant subsequent cases for the testing set. Note also, that
the time dependencies among cases might be so strong that we should treat the
data set as a time series, where all cases are kept in a sequential time order.

The inevitable changes that occur in a data set — from which we are supposed to
create a prediction model — have powerful consequences. If the changes are slight,
then the sampling and evaluation techniques discussed in this section would work.
However, if the changes are significant (like after a major stock market crash or
natural disaster), then it might necessary to build a new model altogether. Also, as
we saw in Sect. 5.2, different prediction methods produce different models of
varying complexity. For this reason, it might be safer to select a simpler model
that has a higher degree of generality (allowing for better adaptation to small
changes that occur in the data set). Another approach (which we will discuss in
Sect. 10.3) would be to use an adaptability module to adjust the various parame-
ters of the model.

7 Because 63.2% of the cases (on average) will be selected for the training set, the method
is also called the 0.632 bootstrap.
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5.4 Recommended Reading

In this chapter, we gave a general overview of many different types of prediction
problems (e. g., classification, regression, time series), methods (quantitative or
qualitative), and processes (data preparation, data mining, model building, de-
ployment and evaluation). Because the ultimate goal of any prediction model is to
predict the “outcome” of a new case, we also discussed a variety of prediction
models based on mathematics, distance, and logic. Our discussion on prediction
methods will continue in Chaps. 7-9, where we will present several modern pre-
diction methods, including artificial neural networks, fuzzy logic, and agent-based
modeling. Lastly, in Chap. 10 we will discuss the concept of using several predic-
tion models together, along with the role of the adaptability module.

There are a variety of texts available that discuss data mining techniques. The
book Predictive Data Mining by Sholom M. Weiss and Nitin Indurkhya (Morgan
Kaufmann, San Francisco, 1998) provides an excellent high-level discussion on
most of the topics presented in this chapter (e. g., preparation of data, data reduc-
tion, types of solutions), with an additional discussion on data mining and statisti-
cal methods, and several case studies.

A slightly more technical introductory text to data mining techniques is Data
Mining: Practical Machine Learning Tools and Techniques by lan H. Witten and
Eibe Frank (Morgan Kaufmann, San Francisco, 2000). The book presents many
algorithms for extracting and validating various models (e. g., decision trees, rules,
linear models) from data. The book also provides Java data mining tools that the
authors made available through their website.

More advanced texts include Machine Learning and Data Mining: Methods
and Applications edited by Ryszard S. Michalski, Ivan Bratko, and Miroslav Ku-
bat (Wiley, Chichester, 1998). This volume provides a detailed treatment of many
specific topics (e.g., multi-strategy approach, inductive logic programming) as
well as discussions on data mining applications in pattern recognition, design,
engineering, control systems, medicine, and biology.

Further, there are texts available like Data Mining and Knowledge Discovery
with Evolutionary Algorithms by Alex A. Freitas (Springer, Berlin, 2002), which
discusses the integration of some optimization and data mining techniques.

As one of the main tasks of data mining is “prediction,” it is worthwhile to
check some classic texts on forecasting. One of the books we recommend is Fore-
casting: Methods and Applications by Spyros Makridakis, Steven C. Wheelwright,
and Rob J. Hyndman (Wiley, Chichester, 1998). The book presents a statistical
approach to forecasting: from basic forecasting tools, through time series decom-
position and particular methods (e.g., exponential smoothing, regression), to
judgmental forecasting.
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“I have frequently gained my first real insight into the character of par-
ents by studying their children.”
The Adventure of the Copper Beeches

“The nature of his tactics suggested his identity to me, and this physi-
cal peculiarity — he was badly bitten in a saloon-fight in Adelaide in
’89 — confirmed my suspicion.”

The Disappearance of Lady Frances Carfax

Whether in banking, manufacturing, or retail, there is scarcely an industry where
the term “optimization” does not apply. This is due to the fact that every industry
strives for excellence (as there are continual pressures to reduce cost and increase
efficiency) and so over the years many optimization techniques have emerged to
help managers find better solutions to their business problems. The field of opera-
tions research, in particular, developed many techniques to address the complexity
of scheduling people, machines, and materials. We often refer to these optimiza-
tion techniques as ‘“classic” techniques, with the best examples being linear pro-
gramming, branch and bound, dynamic programming, and network flow pro-
gramming.

During the last decade, however, we have witnessed the emergence of a new
class of optimization techniques that people have termed “modern heuristics.”
These modern techniques include (among others) simulated annealing, tabu
search, and evolutionary algorithms, and they are the main focus of this chapter.

6.1 Overview

Irrespective of the optimization technique used, three things always need to be speci-
fied: (1) the representation of the solution, (2) the objective, and (3) the evaluation
function. Let us consider each of these in turn.

The representation of a solution will determine the search space and its size.
This is an important point, because the size of the search space (i. e., the number
of possible solutions to the problem) is not determined by the problem, but by its
representation. Consequently, choosing the right search space is of paramount
importance. If we do not select the correct domain to begin with, we might actu-
ally preclude ourselves from ever finding the right solution!
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Once we have defined the search space, we need to decide what we are looking
for. What is the objective of our problem? This is a mathematical statement of the
task to be achieved. It is not a function, but an expression. For example, suppose
we wanted to discover a good solution to a traveling salesman problem . The ob-
jective would be to minimize the total distance of the route while satisfying the
problem constraints. After the objective has been clearly defined, the next thing to
do is create an evaluation function that allows us to compare the quality of differ-
ent solutions. Some evaluation functions produce a ranking for various solutions
(called ordinal evaluation functions), while others are numeric and provide a rank-
ing and a quality measure score as well.

In the traveling salesman problem, a numeric evaluation function might map
each solution to a distance. By comparing the distance of various possible solu-
tions, we can easily tell if one solution is better than another and by how much.
However, it might be computationally expensive to calculate the exact distance of
each particular solution. In such cases, it might only be necessary to know ap-
proximately how good or bad a solution is, or if it compares favorably or unfa-
vorably with some other solution. Such an ordinal evaluation function might
evaluate two possible solutions and merely give us an indication as to which solu-
tion is favored.

Because the evaluation function is not provided with a problem, how should we
go about choosing the correct evaluation function? Oftentimes, the objective can
suggest a particular evaluation function. In the traveling salesman problem, for
instance, we considered using distance as the evaluation function. This corre-
sponds to the objective of minimizing the total distance of the route. Hence, the
objective naturally suggests an evaluation function for finding the best solution.
When designing the evaluation function, it is also important to keep in mind that
most of the solutions we are interested in will be in a small subset of the search
space (because we are only interested in feasible solutions — i.e., solutions that
satisfy the problem-specific constraints).

Once all of these steps are complete, we can begin searching for a solution. Note,
however, that the optimization technique'® does not know what problem we are
trying to solve! All it “knows” is the representation of the solution and the evalua-
tion function. If our evaluation function does not correspond to the objective, then
we will be searching for the right answer to the wrong problem!

In any search space, the goal is to find a solution that is feasible and better than
any other solution present in the entire search space. The solution that satisfies
these two conditions is called a global optimum. Because finding a global opti-
mum is extremely difficult, a much easier approach is to find the best solution in
a subset of the search space.” If we can concentrate on a region of the search
space that is “near” some particular solution, we can describe this as looking at the
neighborhood of that solution. Graphically, let us consider some abstract search
space with a single solution s:

'8 Optimization technique and search technique are considered synonymous. The search
for the best feasible solution is both an optimization problem and a search problem.
' This observation forms the fundamental basis of many optimization techniques.
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Our intuition might tell us that solution s is in a neighborhood of the search
space where all solutions are very similar to one another. Consequently, we can
use a “neighborhood” or “local” optimization technique to find the best solution in
this neighborhood. The sequence of solutions that these techniques generate while
searching for the best possible solution relies on local information at each step of
the way.

Local optimization techniques present an interesting trade-off between the size
of the neighborhood and the efficiency of the search. If the size of the neighbor-
hood is relatively small, then the algorithm may be able to search the entire
neighborhood quickly. Only a few potential solutions may have to be evaluated
before a decision is made on which new solution should be considered next. How-
ever, such a small neighborhood increases the chance of becoming trapped in
alocal optimum! This suggests using large neighborhoods, as a larger range of
visibility makes it easier for the algorithm to decide where to search next. In par-
ticular, if the visibility were unrestricted (i. e., the size of the neighborhood were
the same as the size of the whole search space), then eventually we would find the
best series of steps to take. However, the number of evaluations might become
overwhelming and impossible to compute.

All optimization techniques (whether local optimization techniques, ant sys-
tems, or evolutionary algorithms) generate new solutions from existing solutions.
The main difference between these different techniques lies in how these new
solutions are generated. Because we can only sample a small fraction of the search
space (otherwise the computation time would be billions of years!), we should be
economical in the process of generating and evaluating new solutions.
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To put some of these concepts into context, let us return to the car distribution
example and assume that we want to distribute 3,000 cars to 50 auction sites.
Clearly, many possibilities exist for representing a “solution.” For example, we
can assign an index number from 1 to 50 for each auction site, and a solution can
be a vector of 3,000 numbers: the first number represents the destination of the
first car, the second number represents the destination of the second car, and so
forth:

23 41 5 19 41

The above vector represents a solution where the first car is shipped to auction
site 23, the second car is shipped to auction site 41, the third car is shipped to auc-
tion site 5, and so on, with the last two cars being shipped to auction sites 19 and 41
respectively. Of course, the auction numbers should not be assigned randomly.
When we discuss some optimization techniques in the following sections, the ad-
vantages of assigning “close” numbers to “close” auctions will become clear.

Note, however, that representing a solution in this way has a couple of disad-
vantages. First of all, this representation implies an enormous search space that is
too time consuming to search. We have 50 possible destinations for each car, so
the number of possible distributions for 3,000 cars is 50 x 50 x 50 x ... x 50 (i.e.,
50 multiplied by itself 3,000 times!). The size of this search space can be reduced
significantly by using a different representation.

The second disadvantage of this representation is that it makes some constraint
handling difficult. Recall that the car distribution problem includes many soft and
hard constraints, such as inventory level limits, exclusion conditions (e. g., “the
total transportation distance for each car must not exceed 700 miles”), and so
forth. If the above vector of auction indices were used to represent the solution,
then many randomly generated solutions would be infeasible. We could reject
these infeasible solutions, lower their quality measure score, or attempt to “repair”
them by replacing some values in the vector with new ones. For example, if the
auction site for the second car is 41 and it corresponds to Jacksonville, Florida
(which is more than 700 miles from the current location of the car), then we could
try to replace auction 41 with some other auction site that is closer to the location
of the car. Note also that most new solutions would be infeasible with this repre-
sentation, making the search process less efficient. In this particular case, other
representations exist that can make constraint handling easier.

Clearly, many other representations are possible; for instance, we can create
a linked-list structure of 50 nodes, where each node represents an auction site and
has a list of cars “assigned” to this auction. With this representation, it would be
much easier to handle certain constraints (e. g., inventory constraints, as the length
of each node implies the number of cars assigned to that particular auction):
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—=> | 2,340 [ 902 [» 1,198 [® 87 1 2,949
[

—> | 1,007 [P 1,459 ¥ 2,541

The above vector represents a solution that would send cars 2,340, 902, 1,198,
87, and 2,949 to auction 1, car 781 to auction 2, and so on, with cars 1,007, 1,459,
and 2,541 going to auction 50. By using this type of representation, the size of the
search space can be significantly reduced by imposing some inventory limits (e. g.,
each auction site should have at least 20, but no more than 100 cars). Additionally,
if some auction sites do not admit cars of a particular type (e. g., high mileage
cars), then it would be much easier to check (or enforce) such constraints.

Another possibility is based on indirect representation and some preprocessing.
Here we would sort all the available auction sites by distance from a particular
car, i.e., auction 1 would be the closest (distance-wise), auction 2 would be the
second closest, and so forth. Although this representation looks very similar to our
first representation, the interpretation is very different:

This vector represents a solution that ships the first car to the closest auction
site, the second car to the third-closest auction site, etc. Note that the same num-
bers in the above representation (e. g., number 1) correspond to different auction
sites! Again, there are several advantages of using this representation. First, the
vector:

represents a solution where each car is sent to the closest auction site. If we be-
lieve that transportation costs play a major role in the decision-making process,
then the above solution may represent a reasonable “first draft.” Second, the num-
bers are meaningful in the sense that they correspond to distances. If for some
reason auction 5 is not available (e. g., because of inventory limits), then we can
direct the car to auction 6, thereby increasing the transportation distance only
slightly. The third advantage is that preprocessing can help us handle many con-
straints. For example, if a car is red and auction 13 does not admit red cars, then
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we can eliminate 13 from the list of available auction sites for this car. Also, if we
limit the transportation distance for any car, all we have to do is truncate the auc-
tion list to eliminate those sites that exceed the threshold. By doing this, many
constraints (e. g., exclusions based on mileage, color, distance) can be handled
during the preprocessing stage!*’

Note again, that the representation of a solution will define the search space and
its size, and that we can define a neighborhood for any solution in any representa-
tion. If we assume a solution is represented by a vector of 3,000 numbers, with each
number corresponding to an auction site, then for a solution:

23 41 5 19 41

we may define its neighborhood as a collection of all solutions that are identical
except for one auction site being different by one (e. g., 23 can be replaced by
either 22 or 24). Hence, the following solution:

23 41 6 19 41

is a neighbor of the original solution. Note that the size of the neighborhood is
6,000 solutions, as there are two possible replacements for each auction (23 can be
replaced by 22 or 24; 41 can be replaced by 40 or 42; etc.).”!

Of course, there are many other possibilities.”” For example, if an auction site
were allowed to differ by five (rather than just one), then the neighborhood would
be much larger. Each auction site would define 10 possible neighbors (e. g., auc-
tion 23 could be replaced by any of the following auctions: 18, 19, 20, 21, 22, 24,
25, 26, 27, 28), so the size of the neighborhood would be 30,000. Alternatively,
we can stick to the requirement that an auction site can only differ by one, but
relax the restriction on the number of auction sites that can differ! In such a sce-
nario, if any auction site can differ by one (or stay as it was), the size of such
a neighborhood would be 3 x 3 x 3 x ... x 3 (3,000 multiplications!) Of course, if
we allow bigger changes (e. g., replacing auction 5 with auction 19), then the size
of this huge neighborhood would grow even further!

20 Using this representation, we have to build a list of all feasible auctions for each car.
Although this preprocessing might be computationally expensive, we do it only once, at
the beginning of the search. The general rule of thumb is that preprocessing is useful:
the more sweat during exercise, the less blood during combat! Also, we will return to the
subject of constraint handling in Sect. 6.6.

For some vectors, however, the neighborhood size is slightly less than 6,000 (e.g., auc-
tion sites 1 and 50 can only be replaced by 2 and 49 respectively).

The typical methods for defining neighborhoods are either based on distance or on some
transformation operator.

21

22



6.1 Overview 81

The linked-list representation offers another possibility. For a solution:

2,340 ® 902 [P 1,198 [P 87 P 2,949

781

[ 50 ].:> 1,007 ™ 1,459 » 2,541

we can define a neighbor as a new solution derived by changing the destination of
one car. For example, if we move car 902 from the first auction site to the second,
then we would get the following neighboring solution:

—> | 2,340 [ 1,198 ™ 87 > 2,949
—> | 781 [™® 902

—> | 1,007 [ 1459 [ 2,541

In this scenario, the size of the neighborhood is much smaller than in the previ-
ous example: there are 49 “other” auctions available for each car, so the number of
neighbors is only 147,000 (. e., 49 x 3,000). Again, we can change the size of the
neighborhood by allowing some other transformations. For example, if we define
a neighbor as a solution obtained by swapping the assignment of two cars (e. g.,
swapping the assignment of cars 87 and 1,007), then the number of possible
neighbors would be less than 4,498,500 (i.e., 3,000 x 2,999/2), as swapping the
assignment of some cars (e. g., cars 2,340 and 87) does not lead to a new solution.

During different stages of different optimization techniques, it is necessary to
compare two different solutions and determine the better one. Hence, we must be
able to evaluate any solution and assign a quality measure score to it. If the quality
measure score is 123.76 for one solution and 119.92 for another, then we would
like to assume that the former solution is better. In the car distribution example, it
is necessary to build an evaluation procedure that returns a quality measure score
for any solution. However, this task is not trivial; for example, how can we evalu-
ate a solution:




82 6 Modern Optimization Techniques

23 41 5 19 41

that assigns the first car to auction 23, the second car to the auction 41, and so on?
Clearly, several things must be considered: the predicted sale prices of these cars at
the auction sites (taking into account the time delay caused by transportation),
transportation costs, “penalties” for violation of various constraints (e. g., a red car
is shipped to an auction that does not admit red cars), and so forth. Quite often, there
would be many trade-offs to consider (e. g., by sending a red car to a particular auc-
tion site we would violate a constraint, but on the other hand we would save a lot on
the transportation cost ...), which should be reflected in the evaluation function.

6.2 Local Optimization Techniques

The evaluation function defines a quality measure score landscape (also known as
a response surface or fitness landscape) that is much like a topography of hills and
valleys. Within this three-dimensional landscape, the problem of finding a solution
with the highest quality measure score is similar to searching for a peak in a foggy
mountain range. Because our visibility is limited, we can only make local deci-
sions about where to go next. If we always walk uphill, we will eventually reach
a peak, but this peak might not be the highest peak in the mountain range; it might
just be a “local” optimum. We may have to walk downhill for some period of time
to find a path that will eventually lead us to the highest peak (i.e., the “global”
optimum).

The quality measure score landscape for a two-variable function is illustrated
below. The graph displays the quality measure score for every pair of values for
the first and second variable, which allows us to visualize the mountain ranges,
highest peaks, local optima, etc.:
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Keeping this illustration in mind, let us examine a basic local optimization proce-
dure called hill climbing,” and its connection with the “neighborhood” concept.
Like all local optimization techniques, hill climbing uses iterative improvement.
The technique is applied to a single solution (i.e., the current solution) in the
search space. During each iteration, a new solution is selected from the neighbor-
hood of the current solution. If that new solution has a better quality measure
score, then the new solution becomes the current solution. Otherwise, some other
neighbor is selected and tested against the current solution. The techniques termi-
nates if no further improvements are possible, or when the allotted time runs out.
A simple flowchart of a hill-climbing sequence is given below:

select a current solution s

select a new solution x from the
neighborhood of's

A 4
A

A 4

evaluate x

1S X better
than s?

select x as new
current solution s

no

Note that this flowchart expresses only the general principle of hill climbing
without any termination conditions. We have to start with some (possibly ran-
domly generated) solution s, evaluate it, and then generate a new solution x from

2 The term hill climbing implies a maximization problem, but the equivalent descent
method is easily envisioned for minimization problems. For convenience, the term will
be used to describe both methods without any implied loss of generality.
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a neighborhood of s. If the new solution x is better than s, then we take an uphill
step (i. e., we accept this new solution as the current solution, and try to improve it
further by generating yet another new solution from the neighborhood of the cur-
rent one). On the other hand, if the new solution X is not better than s, we generate
another new solution and we repeat this process several times until either (1) the
whole neighborhood has been searched, or (2) we have exceeded the threshold of
allowed attempts (which is missing from the flowchart). At this stage, we can exit
the loop and report the current solution as the best solution, or we can store the
current solution in “memory” and restart the whole process, hoping that the next
hill-climbing iteration (which starts from a new solution) may produce a better
overall solution (a process called iterated hill-climbing).

It is clear that such hill-climbing techniques can only provide locally optimum
values that depend on the starting solution. Moreover, there is no general proce-
dure for measuring the relative error with respect to the global optimum because it
remains unknown. Given the problem of converging on locally optimal solutions,
we often have to start the hill-climbing algorithm from a large variety of different
solutions. The hope is that at least some of these initial locations have a path that
leads to the global optimum. We might choose the initial solutions at random, or
we might base them on some grid, regular pattern, or other available information
(perhaps using the search results from somebody else’s effort to solve the same
problem).

The success or failure of a single iteration (i. e., one complete climb) of the hill-
climbing algorithm is determined completely by the initial solution. For problems
with many local optima, it is often very difficult to find the global optimum. Con-
sequently, hill-climbing techniques have several weaknesses:

e They usually terminate at solutions that are only locally optimal.

e There is no information as to how much the discovered local optimum deviates
from the global optimum, or perhaps even from other local optima.

e The optimum that is obtained depends on the initial configuration.

e In general, it is not possible to provide an upper bound for the computation
time.

On the other hand, there is a tempting advantage to using hill-climbing tech-
niques: they are very easy to apply! All that is needed is the representation, the
evaluation function, and a measure that defines the neighborhood around a given
solution.

Effective optimization techniques provide a mechanism for balancing two ap-
parently conflicting objectives at the same time: exploiting the best solutions
found so far, and exploring the search space. Hill-climbing techniques exploit the
best available solution for possible improvement, but they neglect exploring
alarge portion of the search space. In contrast, a random search (where various
solutions are sampled from the entire search space with equal probability) ex-
plores the search space thoroughly, but foregoes exploiting promising regions of
the space. Each search space is different, and even identical spaces can appear
very different under different representations and evaluation functions. As a result,
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there is no way to choose a single optimization technique that performs well in
every case (more on this topic in Sect. 10.2).

Let us illustrate the hill-climbing technique on the car distribution example. Say
we would like to implement an iterative hill-climbing algorithm that would gener-
ate a car distribution recommendation. Using the first representation (i. e., where a
vector of 3,000 values provides indices of auction sites from 1 to 50) and defining
a “neighbor” as a solution that differs (at most) by 1 on any position, the hill-
climbing algorithm would work as follows.

First, the algorithm would generate a starting solution. This solution might be
generated randomly (i. e., for each entry, a random number from 1 to 50 is pro-
duced) or we can accept some heuristic-based solution (e.g., an initial solution
that assigns each car to the nearest auction site). Either way, let us assume that the
initial solution is:

23 41 5 19 41

The algorithm then evaluates this solution and assigns a quality measure score
to it. For this example, let us assume that the above solution generates a quality
measure score of 171.49. Now we are ready to do some “hill-climbing”! The algo-
rithm generates a neighbor solution by generating some random locations in the
vector (any number of locations from 1 to 3,000) and then changing the selected
indices in these locations by one (increment or decrement). Assume that the gen-
erated solution is (i. e., the selected first, second, ..., and 3,000th location was in-
creased or decreased by one.):

24 41 6 19 40

Next, the evaluation of this solution is needed. If the evaluation produces a
quality measure score higher than the original solution (e.g., 176.18), then the
algorithm will accept this new solution as the current solution and continue. Note
that this new solution (with a higher quality measure score) has its own new
neighborhood, and the subsequent new solution is drawn from this new neighbor-
hood. Any acceptance of a new solution means that the algorithm found a better
solution and made a step uphill. However, it may happen that the quality measure
score of the new solution is lower than the current solutions (e. g., 169.83). In such
a case, the algorithm will discard this solution (we are not interested in inferior
solutions) and generate another solution from the neighborhood of the current
solution. Say the next solution is:

24 42 5 18 40
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Again, if there is an improvement in the quality measure score, then the algo-
rithm will accept this solution and continue. If not, the algorithm will generate
another solution from the original neighborhood ...

Note also that a hill-climbing algorithm can (a) accept the first solution found
that is better than the current one (as presented above), or (b) accept the best solu-
tion found in the whole neighborhood. These two possibilities represent two ex-
tremes, with plenty of “in between” possibilities (e.g., we can accept the best
solution found from 100 generated solutions in the neighborhood).

The question is, how long should the hill-climbing algorithm generate random
solutions before giving up? Well, we usually have a counter responsible for count-
ing the algorithm’s attempts to improve the current solution. Each time the algo-
rithm finds an improvement the counter is reset to zero. However, if the hill-
climbing algorithm experiences a long sequence of unsuccessful attempts, we stop
the search upon exceeding a predefined threshold. In this particular example, what
should the threshold be? The answer depends on a few factors, with the size of the
neighborhood being the most important. It is difficult to claim that we have found
the “local optimum” if we did not search the whole neighborhood, but the size of
the neighborhood might be too large to evaluate all the neighbors! This problem
can be resolved by defining a neighborhood differently. For example, if a neighbor
differs from the current solution by only 1 on one location, then we will have up to
6,000 neighbors for each current solution and can evaluate all of them before giv-
ing up.

In summary, if it is feasible (time wise) to search the whole neighborhood be-
fore arriving at the local optimum, then we do not need a counter for controlling
the number of unsuccessful attempts because all the solutions in the neighborhood
will be searched. However, if it is not feasible to search the whole neighborhood,
we have to settle for a counter and quit our search after some number of unsuc-
cessful attempts. In our case, let us assume we quit the search after 100,000 un-
successful attempts.

Returning to our example, say we arrive at the following solution after many it-
erations and improvements, and all attempts to improve it have failed:

27 31 9 45 29

Note the significant number of improvements the algorithm went through: the
original assignment for car 2,999 (second to last position in the vector) changed
from auction 19 to auction 45, and all changes were made by adding or subtracting
1. Anyway, in all likelihood we have arrived at the local optimum, and this solu-
tion is the outcome of our hill-climbing exercise. The quality measure score is
345.67 and we are confident about the solution’s quality. After all, 100,000
neighboring solutions failed to produce any improvement!

However, we are not sure if this is the best solution. If we started our hill-
climbing exercise from a different solution (which might be located in a very
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“different area” of the search space), we might finish with a local optimum solu-
tion that looks like:

43 41 32 15 27

and has a quality measure score of 1,457.81 (which is much better than the solu-
tion we discovered earlier!).

Recall our earlier discussion on the “hills and valleys” in a quality measure
score landscape. Clearly, there are many hills (local optimum solutions) and the
hill-climbing algorithm will produce a solution that represents one of these hills.
However, the problem is that we do not know whether there are other (possibly
much higher) hills somewhere else! And the size of the neighborhood corresponds
to our “visibility” during the search: the larger the neighborhood, the better the
visibility, and the better chances of discovering the highest peak! However, it
might not be feasible to search the whole neighborhood if it is too large ...

So, what should we do? We can restart out hill-climbing algorithm several
times, each time from a different (possibly random) location, and hope that one of
these runs will provide us with the global optimum solution (which may or may
not happen).

6.3 Stochastic Hill Climber

Getting stuck in local optima is a serious problem. It is one of the main deficien-
cies of numerical optimization applications, as almost every solution to a real-
world problem in factory scheduling, demand planning, land management, and so
forth is at best only locally optimal.

So what can we do about it? How can we design an optimization technique that
has a chance to escape local optima, to balance exploration and exploitation, and
to make the search independent from the initial configuration? There are a few
possibilities, and we will discuss some of them in this chapter, but keep in mind
that the proper choice is always dependent on the problem. One option, as we
discussed earlier, is to execute a large number of initial configurations for the
chosen technique. Moreover, it is often possible to use the results of previous
attempts to improve the initial configuration for the next attempt. We have already
seen one possibility of this in the previous section, where we discussed a proce-
dure called the “iterated hill climber.” After reaching a local optimum, the search
is restarted from a different starting solution. Although we can apply this strategy
to other algorithms, let us discuss some other possibilities of escaping local optima
within a single run of an algorithm. One way of accomplishing this is by modify-
ing the criteria for accepting new solutions that correspond to a negative change in
the quality measure score. That is, we might want to accept an inferior solution
from the local neighborhood in the hope that it will eventually lead us to some-
thing better.
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To turn an ordinary hill climber into such an algorithm, a few modifications are
required. First, let us recall the detailed structure of a hill climber:

select a current solution s

\ 4
evaluate s

A 4

select a new solution x from the
neighborhood of's

A 4
A

A 4

evaluate x

1S X better
than s?

select x as new
current solution s

no

Note again that the inner loop always returns the local optimum. The only way
for this technique to “escape” local optima is by starting a new search (outer loop)
from a new (random) location. After some maximum number of attempts, the best
overall solution is the final outcome of the algorithm.

By modifying this procedure so that acceptance of a new solution is dependent
upon some probability — which is based on the difference between the quality
measure score for these two solutions — we obtain a new technique called the szo-
chastic hill climber:
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select a current solution s

\4

evaluate s

\4

select a new solution x from the
neighborhood of's

4

\4

evaluate x

\4

Select x as a new current solution s
with probability P

The slight (but significant) difference between an ordinary and stochastic hill
climber lies in a single box inserted in the flowchart that replaces the condition
box. During the execution of the hill climber’s internal loop (where the hill-
climbing searches for a better solution in the neighborhood of the current one),
only a superior solution is accepted as a new current solution. On the other hand,
the same internal loop in the stochastic hill climber procedure may accept an infe-
rior solution as a new current solution. This feature does not appear in local opti-
mization techniques. This insertion represents a probabilistic decision on the ac-
ceptance of a new solution (as opposed to a deterministic decision in classic hill
climbers), and is done to escape local optima ...

Let us discuss this feature carefully. A new solution x is accepted with some
probability P, which means that the rule of moving from the current solution to
a new neighbor is probabilistic. Consequently, it is possible for the newly accepted
solution x to be inferior to the current solution s, and it is also possible that a supe-
rior solution will not be accepted! This probability of acceptance depends on the
quality measure score difference between these two solutions, as well as on the
value of an additional parameter 7 (which remains constant during the execution
of the algorithm).
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Rather than providing a mathematical function for calculating the values of
probability P (which is based on a constant value of parameter 7), we will instead
explain how this function works. In general terms, the probability function is con-
structed in a such way that:

e [f the new solution x has the same quality measure score as the current solution
s, then the probability of acceptance is 50% (it does not matter which one is
chosen, because each is of equal quality).

e If the new solution x is superior, then the probability of acceptance is greater
than 50%. Moreover, the probability of acceptance grows together with the
(negative) difference between these two quality measure scores.

e [f the new solution x is inferior, then the probability of acceptance is smaller
than 50%. Moreover, the probability of acceptance shrinks together with the
(positive) difference between these two quality measure scores.

The probability of accepting a new solution x also depends on the value of pa-
rameter 7, and the general principle is as follows:

e [f the new solution x is superior, then the probability of acceptance is closer to
50% for high values of parameter 7, or closer to 100% for low values of pa-
rameter 7.

e [f the new solution x is inferior, then the probability of acceptance is closer to
50% for high values of parameter 7, or closer to 0% for low values of parame-
ter 7.

This is interesting, because it means that a superior solution x would have
a probability of acceptance of at least 50% (regardless of the value of parameter 7).
Likewise, an inferior solution would have a probability of acceptance of at most
50% (varying between 0% for low values of T and 50% for high values of 7). The
general conclusion is clear: The lower the value of 7, the more the algorithm be-
haves like a classic hill climber that rejects inferior solutions and accepts superior
ones. On the other hand, if the value of T is very high, then the algorithm resembles
a random search, because the probability of accepting inferior or superior solutions
is close to 50%. Thus, we have to find a value for parameter T that is neither too
low nor too high for a particular problem.

The stochastic hill climber technique is also a forerunner to another optimiza-
tion technique called simulated annealing, which is covered in the next section.

6.4 Simulated Annealing

The simulated annealing technique (also known as Monte Carlo annealing, statis-
tical cooling, probabilistic hill-climbing, stochastic relaxation, and the probabilis-
tic exchange algorithm) is based on an analogy taken from thermodynamics. To
grow a crystal, we begin by turning the raw material into a molten state through
heating. Then we reduce the temperature of this crystal melt until the crystal struc-
ture is frozen. However, if the cooling process is done too quickly, then the results
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are detrimental. In particular, some irregularities are locked into the crystal struc-
ture and the trapped energy level is much higher than in a perfectly structured
crystal.** The analogy between the physical system and an optimization problem is
evident; the basic “equivalent” concepts are listed below:

State — feasible solution

Energy — evaluation function

Ground state — optimal solution

Rapid quenching — local search
Temperature — control parameter 7
Careful annealing — simulated annealing

Simulated annealing is similar to a stochastic hill climber in that it may accept
an inferior solution as a new current solution, and the acceptance decision is based
on the value of parameter 7. However, unlike the stochastic hill climber (which
has a fixed value for parameter 7), simulated annealing changes the value of pa-
rameter 7 (commonly referred to as femperature) during the run. Simulated an-
nealing starts with high values of parameter T — making the process similar to a
random search — and then gradually decreases this value during the run. The value
of parameter 7 is quite small toward the end of the run, so the final stages of simu-
lated annealing resemble an ordinary hill climber. Another difference between the
stochastic hill climber and simulated annealing is that the latter always accepts
superior solutions. Recall from the previous section that the stochastic hill climber
used some probability for accepting both inferior and superior solutions, which is
not the case in simulated annealing.

The following flowchart represents a simulated annealing algorithm:

A similar problem occurs in metallurgy when heating and cooling metals.
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set the initial temperature 7'

.

select a current solution s

.

evaluate s

.

set iteration counter & to 0

\ 4

A

increase the counter k£ by one

is k large

es
enough? -

select a new solution x in
the neighborhood of's

.

evaluate x

select x as a new
current solution s
with probability P

X is better
than s?

select x as a new
current solution s

decrease the temperature 7'

o is the tempera- s
ture T low Yy > STOP
enough?

a

The internal loop (represented by the thin line) generates a new solution in the
neighborhood of the current solution, accepts superior solutions, accepts or de-
clines inferior solutions (according to probability P, which depends on the quality
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measure score difference between two solutions and the current value of parame-
ter T), and repeats this process some (relatively large) number of times. When this
iterative cycle is complete, the system drops the temperature a bit (outer loop,
represented by the thick line) and then switches back to the internal loop, repeat-
ing the process of creating, evaluating, and possibly accepting the neighboring
solutions. If the temperature is low enough (i.e., when it reaches the freezing
point), the algorithm stops.

As this flowchart illustrates, simulated annealing applies a modified version of
the stochastic hill climber where the value of parameter 7T is gradually decreased
during a run. As mentioned earlier, the behavior of the algorithm resembles
arandom search at higher temperatures (i.e., at the beginning of the run) and
a classic hill climber at lower temperatures (i. e., toward the end of the run). We
can parody this process with a drunken explorer searching for the highest peak on
a quality measure score landscape. Initially, the explorer does not care whether he
goes up or down, and this directional indifference corresponds to the early stages
of simulated annealing when the temperature is high and the probability of accept-
ing or rejecting an inferior solution is close to 50%. However, the explorer would
sober up over time, and this corresponds to dropping the temperature and making
more “reasonable” decisions on where to go next. Toward the end of the search,
the explorer is completely sober and always walking uphill ...

Let us take a closer look at simulated annealing by applying it to the car distri-
bution example. Any implementation of simulated annealing would require us to
answer some general questions that are necessary for any optimization technique
(i.e., What is the representation? How are neighbors defined? What is the evalua-
tion function? And so on), and we will assume that the answers to these questions
are the same as for the hill climber example discussed in Sect. 6.1.>° There are,
however, some questions that are specific to simulated annealing, such as:

e How to determine the initial value of parameter 77

e How to determine the number of iterations (i. e., how to define the “is k large
enough?” statement in the flowchart)?

e How to “cool” the system (i. e., how to define the “decrease the temperature 7"’
statement in the flowchart)?

e When to stop (i.e., how to define the
statement in the flowchart)?

3

‘is the temperature 7 low enough?”

The first question deals with the temperature parameter, which must be set be-
fore starting the algorithm. Should we start with 7=100, T=500, or something
else? Well, let us think about that. At the beginning of the simulated annealing

% The same representation is used (i.e., where a vector of 3,000 values provides indices of
auction sites from 1 to 60). The definition of the neighborhood remains the same: a new
solution x is a neighbor of current solution s if it differs (at most) by 1 on any position.
The initial solution might be generated randomly (i.e., for each entry, a random number
from the range of 1 to 60 is produced), or we can use some heuristic-based solution
(e.g., an initial solution that assigns each car to the nearest auction site). The evaluation
function also remains the same.
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run, we would like to make almost random decisions for accepting or rejecting
inferior solutions (remember that superior decisions are always accepted). That
means that the answer to “7'=7" depends on the “average difference” in quality
measure scores between two randomly generated solutions from the same
neighborhood. This is important, as the probability of accepting a new solution is
based on this difference and the value of the parameter 7. The initial temperature
should be high enough to generate probabilities of acceptance close to 100% for
inferior (new) solutions that have an average difference in the quality measure
score. In our case, say we generated 1,000 random pairs of solutions plus their
neighbors, evaluated them, and then discovered that the average difference in the
quality measure score is 5.05. Based on this information, we should start with an
initial temperature of 7= 100, because at this temperature the probability of ac-
cepting an inferior solution (worse than the current solution by 5.05) is over 95%
(whereas for temperature T'= 50, this probability would only be around 90%).*

Note that the next two questions (“*“How to determine the number of itera-
tions?” and “How to cool the system?”) are really about the number of tempera-
ture levels and the number of iterations performed at each level. Assuming limited
computing resources (which is usually the case), these questions represent a typi-
cal trade-off present in most implementations of simulated annealing: Is it better to
make more temperature levels or to search each level more thoroughly? Unfortu-
nately, there are no easy answers here as these issues are problem dependent. In
the car distribution example, we can decide on 10,000 attempts per temperature
level, with a cooling scheme that multiplies the current value of parameter T by
0.95 every time the temperature drops ...

The final question (“When to stop?”) can be answered as follows: Think about
a freezing temperature for which it would be almost impossible to accept any infe-
rior solution. For instance, if the temperature is 7=0.001, then a new solution that
is inferior to the current solution by just 0.01 would have a probability of less than
0.005% of being accepted. Using these numbers, there would be 225 different
temperature levels: 7= 100 at the first iteration, 7=95 at the second (100 x 0.95),
T=90.25 at the third (95 x 0.95), and so forth, until iteration 225, where the tem-
perature value drops for the last time to 0.001. This happens for 7=0.001023; the
next drop, from 7=0.001023 to 7=0.000972 (0.001023 x 0.95), would trigger the
termination condition. In total, the simulated annealing algorithm would generate
and evaluate 2,250,000 solutions, as 10,000 solutions are generated and evaluated
at each temperature level.

Implementing the rest of our simulated annealing algorithm is straightforward.
Note that the algorithm would start with some initial solution s, such as:

23 41 5 19 41

% These numbers are derived from standard functions used in simulated annealing for
calculating such probabilities.
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The solution is evaluated and draws a quality measure score of 171.49, and then
a new solution x is generated from its neighborhood:

24 41 6 19 40

If the new solution x is better than solution s, then it is selected as the new cur-
rent solution. If solution x is worse, it still might be selected: everything depends
on the difference in the quality measure score between the current solution s and
the new solution X, as well as the current value of parameter 7. Since the tempera-
ture is relatively high at the beginning of the run, the probability of accepting an
inferior solution would be also high. For instance, if solution x generated a quality
measure score of 166.44, then the probability of acceptance would be around 95%
(recall that parameter 7= 100 at this stage, and solution x is worse than solution s
by 5.05, which is the exact “average difference” in quality measure scores com-
puted earlier in this section).

This process continues for 10,000 iterations, with the algorithm generating,
evaluating, and accepting or rejecting a neighboring solution at each iteration.
Because the temperature stays very high (7=100) during these 10,000 iterations,
the probability of accepting inferior solutions is also very high. Thus, this phase of
the search resembles a random search.

Assume that after 10,000 iterations the current solution is:

33 42 12 43 21

which evaluates to 176.78. Then we drop the temperature a bit (from 100 to 95)
and repeat the sequence of 10,000 iterations. However, we start with the current
solution (above) and a temperature of 7=95. Although the probability of accept-
ing an inferior solution is not as high as before (because the value of parameter 7
is lower), it is still relatively high. Assume that 10,000 iterations later we arrive at:

28 43 31 12 24

which evaluates to 184.95. Then we repeat the process again: we drop the tem-
perature (this time from 95 to 90.25) and continue for another 10,000 iterations.
The probability of accepting an inferior solution is lower than at the previous
temperature level, but still relatively high.

After a while, we arrive at the final temperature level, where the value of pa-
rameter 7=0.001023. Accepting an inferior solution is very unlikely at this low
temperature, and the algorithm (for its final 10,000 iterations) acts like a classic
hill climber. It would not be surprising to get a very good solution, say:

43 41 18 17 22
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which evaluates to 1,444.87. Clearly, during the 2,250,000 total iterations at dif-
ferent temperature levels, the algorithm climbed and escaped from many “local”
hills. Finally, during the hill-climbing stage at the end of the run, it made the final
climb hoping to arrive at the global optimum!

6.5 Tabu Search

The main idea behind rabu search is very simple: “memory” forces the search to
explore new areas of the search space to escape from local optima. We can memo-
rize some recently examined solutions and these become “tabu” (forbidden) when
selecting the next solution. Note that tabu search is deterministic (as opposed to
simulated annealing, which is probabilistic), but it is possible to add some prob-
abilistic elements to it.

The following flowchart outlines the basic steps of tabu search (without a ter-
mination condition):

set the initial memory M

A

select a current solution s

A\ 4
evaluate s

A

select a number of new solutions x,
Y, Z, ... from the neighborhood of's

y
evaluate x, y, z, ...

A 4
Select one solution, say x, as a new
current solution s, from all consid-
ered solutions, the decision is based
on the quality measure score and
the contents of memory M

A
update memory M
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So, what is so special about tabu search? Well, there are a few interesting fea-
tures that require a more detailed description. Most of the boxes in the above
flowchart are self-explanatory, and after discussing hill climbers and simulated
annealing, we now know how to define a neighbor and select and evaluate a solu-
tion (or several solutions) from a neighborhood. What remains unclear is the
“memory” component of tabu search. The best way to explain this concept is by
returning to the car distribution example, using the same representation, neighbor
definition, initial solution, and evaluation function as before.*’

Let us begin by tracing some steps of the tabu search algorithm, starting with
our usual initial solution s:

23 41 5 19 41

From the neighborhood of solution s, we generate several solutions (solutions
X, V, Z, etc.) and select the best one ** (say it was solution x):

24 41 6 19 41

Now let us introduce the special feature of tabu search: memory. In order to dif-
ferentiate between older and more recent changes in the solution vector, we need
to remember the index of variables that were changed, as well as the “time” when
these changes were made. In the case of the car distribution problem, we need to
keep a time stamp for each position in the solution vector that provides informa-
tion on the recency of the change. Because memory is the key feature of tabu
search, let us illustrate this concept by continuing our example.

Vector M (of length 3,000) will serve as our memory. This vector is initially set
to all Os, and at any stage of the search if the i-th position of this vector has a value j,
it means that j is the number of the most recent iteration when the i-th position of the
solution vector was changed.*” Hence, our memory vector (after selecting solution x
at the first iteration, which replaces s as a current solution) is:

2 The same representation is used (i.e., where a vector of 3,000 values provides indices of

auction sites from 1 to 60). The definition of the neighborhood remains the same: a new
solution x is a neighbor of current solution s if it differs (at most) by 1 on any position.
The initial solution might be generated randomly (i.e., for each entry, a random number
from the range of 1 to 60 is produced), or we can use some heuristic-based solution
(e.g., an initial solution that assigns each car to the nearest auction site). The evaluation
function also remains the same.

Note that current solution s and new solution x differ in several positions. Later, choo-
sing the “best” solution is influenced by memory (this is discussed later in this section).
Of course, j=0 implies that the i-th position of the solution vector has never been
changed. Only for j > 0 does the value of j indicate the iteration number.

28

29
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Note that the entries in the solution vector that did not change have correspond-
ing values of 0 in this memory vector. Continuing our example, assume that a new
solution vector selected in the second iteration is:

24 42 6 19 40

In that case, the memory vector would have the following values:

as the last change of the first position happened in the first iteration, the last
change of the second position happened in the second iteration, the last change of
the third position happened in the first iteration, and so on. Note that the second-
to-last position has not changed yet (this is indicated by the value O in the memory
vector).

The general idea behind memory is that if some positions in the solution vector
have changed, then the algorithm should leave these positions alone for some
number of future iterations (i. e., they would be tabu for some number of itera-
tions). This forces the algorithm to explore other parts of the search space, and
after the required number of iterations has elapsed, these positions would become
available again.

It might also be useful to alter the definition of memory in such a way that the
information stored in memory is erased after some number of iterations. Assuming
that the information can stay in memory for 50 iterations, then if the i-th position
of vector M has a value j, a new interpretation of it can be that the i-th position of
the solution vector was changed 50 — j iterations ago. Under this interpretation,
vector M might have the following values after several iterations:

9 17 50 0 34

The numbers in this memory vector provide the following information.

e Position 1 is not available for the next 9 iterations.

e Position 2 is not available for the next 17 iterations.

e Position 3 is not available for the next 50 iterations (i.e., this position in the
solution vector was just changed).

e Position 2,999 is available.

e Position 3,000 is not available for the next 34 iterations.
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In other words, the most recent change took place in the third position, and all
non-zero positions in the memory vector are considered tabu.

It might be interesting to point out that the main difference between these two
interpretations of memory is simply a matter of implementation. The latter ap-
proach interprets the values as the number of iterations for which a given position
is not available, while the former interpretation simply stores the iteration number
of the most recent change at a particular position. In the above example, if the
difference between the iteration counter and the i-th memory value is greater than
50 (our memory horizon), it should be forgotten. Hence, this interpretation only
requires updating a single position in the memory per iteration, and increasing the
iteration counter. In either case, tabu search utilizes the memory vector to force
the search to explore new areas of the search space in an effort to escape from
local optima. The recent changes that were made in the solution vector are tabu for
the next iteration (i. e., entries with corresponding non-zero values in the memory
vector).

Suppose that at some stage of the tabu search process, the quality measure
score of the current solution s is 189.03 and the best available neighbor is solution
y, with a quality measure score of 187.77. Note that this value represents a de-
crease in quality between the current and new solution. Note also that the avail-
able neighborhood is much smaller than the entire neighborhood, as many posi-
tions in the solution vector are tabu (i.e., their corresponding values in the
memory vector are non-zero). On the other hand, imagine that a tabu neighbor,
solution q, yields a quality measure score of 197.83. Assume further that the score
of 197.83 is the best score from the beginning of the search, but because solution
q is tabu we must ignore it!

Upon reflection, this policy might be too restrictive. It might happen that one of
the tabu neighbors of current solution s produces a quality measure score that is
much better than that of any previous solution. Perhaps we should make the search
more flexible, and bend the rules somewhat if we find an outstanding solution. In
normal circumstances, the tabu search should evaluate the entire neighborhood,
and select a non-tabu solution as the next current solution, whether or not this non-
tabu solution has a better quality measure score than the current solution. But in
circumstances that are not “normal” — i. e., an outstanding tabu solution is found in
the neighborhood — the superior solution should be selected as the next current
solution.

Of course, other possibilities exist for increasing the flexibility of the search. For
example, we could change the previous deterministic selection procedure into
a probabilistic method, where better solutions have an increased chance of being
selected. In addition, we could change the memory horizon during the search: some-
times it might be worthwhile to remember “more,” and at other times to remember
“less” (e. g., when the algorithm climbs a promising hill in the search space).

Another option is even more interesting: The memory structure discussed so far
can be labeled as recency-based memory, because it only records the last few
iterations. This structure might be extended by a frequency-based memory, which
operates over a much longer time horizon 4 (by time horizon, we mean the num-
ber of past iterations taken into account) and measures the frequency of change at
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each position. For example, an additional vector H may serve as a long-term me-
mory. This vector is initially set to all Os, and at any stage of the search the value j
at the i-th position of this vector is interpreted as “during the last / iterations of the
algorithm, the i-th entry of the solution vector was changed j number of times.”
Usually, the value of time horizon # (i. e., the number of past iterations we con-
sider) is quite large, at least in comparison with the horizon of the recency-based
memory. Thus after many iterations with 2=50,000, the long-term memory H
might have the following values:

11 15 22 20 17

These frequencies (the total of which should equal 50,000) show the distribu-
tion of changes at each position of the solution vector during the last 50,000 itera-
tions. The principles of tabu search indicate that this type of memory might be
useful for diversifying the search. For example, the frequency-based memory
provides information on changes in the solution vector that have been infrequent,
and we can diversify the search by exploring these positions.

The use of long-term memory in tabu search is usually restricted to special cir-
cumstances. For example, we might encounter a situation where all non-tabu
neighbors produce inferior quality measure scores. Thus, to make a meaningful
decision about which direction to explore next, it might be worthwhile to consult
the long-term memory. There are many possibilities for incorporating this informa-
tion into the decision-making process, but the most typical approach makes the
most frequent changes less attractive by penalizing the quality measure score. As
an example, assume that the quality measure score of current solution s is 235.33,
all non-tabu neighbors produce inferior values (230.11, 233.45, 231.47, etc.), and
none of the tabu neighbors provides a value greater than 237.77 (the highest value
found so far), so we cannot apply the aspiration criterion. This is a typical situation
for consulting the frequency-based memory. The evaluation function used in such
circumstances (for a new solution x) is the original evaluation function minus some
penalty. This penalty, on the other hand, is calculated as a product of some parame-
ter (say it is 0.1) and the total of all entries in the memory vector that correspond to
changed entries of the solution vector. Let us illustrate this by an example.

Assume that neighbor solution x (with a quality measure score of 230.11) differs
from current solution s in several positions (position 7, 65, 298, etc.). By referring
to the memory vector H and adding together all the values in these positions, we
arrive at a total of 304, which is multiplied by the penalty parameter 0.1 to produce
a penalty of 30.4. After repeating this procedure for all the other neighbors under
consideration, let us assume that neighbor solution y (with a quality measure score
of 233.45) generated a penalty of 36.1, and that neighbor solution z (with a quality
measure score of 231.47) generated a penalty of 30.9. From this it is clear that we
should select neighbor solution z, because it has the highest final quality measure
score:
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e Neighbor solution x has a final evaluation of 199.71 (230.11 — 30.4).
e Neighbor solution y has a final evaluation of 197.35 (233.45 - 36.1).
e Neighbor solution z has a final evaluation of 200.57 (231.47 — 30.9).

Although the above example of using frequency values to create a penalty meas-
ure diversifies the search, we can also consider some other options.

Over the years, tabu search has become increasingly complex as different sci-
entists have modified the classic technique by incorporating additional rules. We
have already seen one such rule, called aspiration by objective, which overrides
the tabu search when a neighbor yields a solution that is the best found so far. We
can also use an additional rule, called aspiration by default, to select a neighbor
that is the “oldest” of all those considered. It might also be a good idea to memo-
rize not only the recent neighbors, but also whether or not these neighbors gener-
ated any improvement. This information can be incorporated into search decisions
(called aspiration by search direction). We can also apply the concept of “influ-
ence,” which measures the degree of change of a solution, either in terms of dis-
tance between the current and new solution, or the change in the solution’s feasi-
bility if we are dealing with a constrained problem. A neighbor has larger
influence if a “larger” step was made from the current solution to the new, and this
information can be incorporated into the search (so-called aspiration by influ-
ence). Of course, there are many possible ways of implementing memory struc-
tures, aspiration criteria, etc.

6.6 Evolutionary Algorithms

In the previous sections of this chapter, we discussed the hill climber, stochastic hill
climber, simulated annealing, and tabu search. All of these optimization techniques
represent the approach of processing a single solution (i. e., holding on to the best
solution found so far and trying to improve it). This is intuitively sound, remarkably
simple, and often quite efficient. The only decision to make during the execution of
the algorithm is whether to “accept” or “reject” a newly generated neighbor solu-
tion. To make this decision, we can use many different rules. For example, hill clim-
bers use deterministic rules: if an examined neighbor solution is superior, then pro-
ceed to that neighbor and continue searching from there; otherwise, continue
searching in the current neighborhood. Simulated annealing uses probabilistic rules:
if a neighbor solution is superior, accept this as the new current solution; otherwise,
either probabilistically accept this new inferior solution anyway or continue to
search in the current neighborhood. Tabu search uses the history of the search: take
the best available neighbor, which need not be better than the current solution, but
which is not listed in memory as a restricted or “tabu’ neighbor.
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Rather than processing a single solution, evolutionary algorithms® process
a “population ” of competing solutions. In other words, evolutionary algorithms
simulate the evolutionary process of competition and natural selection, where the
solutions in the population fight for room in future generations. Additionally, new
solutions are generated by means of genetically inspired operators (e. g., mutation
or crossover) in a manner similar to natural evolution.

So, how do evolutionary algorithms work? Suppose, as before, that we are
searching for the best solution to a difficult problem. Instead of generating an
initial solution (as we did for other methods), we start with a population of initial
solutions®' (perhaps generated by random samples from the search space). The
evaluation function then determines the quality measure score of each initial solu-
tion. Superior solutions, as determined by the evaluation function, are favored to
become “parent” solutions for the next generation of “offspring” solutions. As
before, new solutions can be generated probabilistically in the neighborhood of
old solutions. However, evolutionary algorithms provide an additional twist: we
can also examine the neighborhoods of pairs of solutions. That is, we can use
more than one parent solution to generate a new offspring solution. One way to do
this is by taking different “parts” of two parent solutions and then putting them
together to form an offspring solution. For example, we might:

e Take the first half of one parent together with the second half of another.

e Take the “middle” segment from one parent and implant it as the new “middle”
segment of the second parent.

e Take the numbers present in the solution vector of both parents and create some
(possibly weighted) average of numbers for the offspring solution.*

With each generation, the individual solutions compete against themselves (or
also against their parents) for inclusion in the next generation of solutions. After
many generations (i. e., iterations), we can often observe a succession of improve-
ments in the quality of solutions and convergence toward the neighborhood of a near-
optimum solution.

%0 There are many terms related to evolutionary algorithms. The most popular are: genetic
algorithms, evolutionary programming, and evolution strategies. In this book, we use
just one term, “evolutionary algorithms” without going into deeper details on similarities
and differences between these techniques. Many people use the term ‘“genetic algo-
rithms” in the same manner as we use “evolutionary algorithms,” because the term “ge-
netic algorithms” is better known than “evolutionary algorithms” in the business com-
munity. Also, in Sect. 9.1, we will discuss a special class of evolutionary algorithms
called genetic programming.

In evolutionary algorithms, these solutions are called chromosomes (to emphasize a link
with genetics).

While designing such recombination operators, it is sometimes difficult to escape the
temptation of “improving nature”... For example, should we consider more than two
parents to generate offspring? In evolutionary algorithms, this is relatively easy: we can
build an offspring solution by taking the first segment of the first parent, merge it with
the second segment of the second parent, and extend it with the third segment of the
third parent.

31

32
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The following flowchart outlines the basic steps of an evolution algorithm:

create the initial population 4

A

initialize generation counter: ¢ =

A
» evaluate all s from 4

A

select a set of parents from
population 4

A
create a set of offspring

A

create a new population 4 from
existing parents and offspring

A

increase the generation counter:
t=t+1

no is ¢ large yes > STOP
enough? "

This flowchart is very simple to follow: First, we generate some number of (pos-
sibly random) solutions. Since the population size is one of the parameters of the
evolutionary algorithms, let us say we created 100 solutions as members of popula-
tion A. At the same time, we set our generation counter ¢ to zero. At this stage we
will be entering an “evolutionary loop” that is repeated many times, and the process
will terminate when 7 is “large enough” (many other termination conditions are
possible, such as lack of progress after some number of generations). During this
evolutionary loop, a few activities are performed. First of all, all the solutions in
population A are evaluated, as we would like to know which solutions are superior
and which are inferior. Second, a subset of parent solutions is selected from the
population, favoring superior solutions. Third, the selected parent solutions produce
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offspring solutions by means of some variation operators; quite often terms like
crossover or mutation are used. Fourth, a new population is selected (usually of the
same size as the original population) from the existing parent and offspring solu-
tions. And lastly, the generation counter ¢ is increased and the loop is repeated.

Without a doubt, this is an appealing approach for solving complex problems!
Why should we labor to solve a problem by calculating difficult mathematical
expressions or developing complicated computer programs to create approximate
models of a problem, when we can discover near-optimum solutions using models
of much greater fidelity. However, it is appropriate to ask some important ques-
tions: How much work does it take to implement these concepts into an algo-
rithm? Is this cost effective? And can we solve real problems using evolutionary
algorithms? Well, let us explore these issues by continuing the car distribution ex-
ample.

Say we started from an initial population A, which consists of 100 randomly
generated solutions (the first 10 are displayed below). We have created our “uni-
verse,” set our generation counter # to zero, and are ready to enter the evolutionary
loop:

23 41 5 I I A
49 3 25 2 34
4 12 15 20 3

17 17 16 R 22
44 25 43 |36 19
1 29 |42 6 29
39 |41 15 40 |4

21 22 24 |z 38
19 13 16 I EE 41
47 2 53 10 |50
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We begin the evolutionary loop by evaluating all the initial solutions and iden-
tifying the parent solutions. From the 100 solutions present in the population, say
we select 80 parents. One of the more popular parent selection strategies is called
tournament selection, where we select two random solutions from our population,
compare their quality measure scores, and select the better one as a parent. We
repeat this process 80 times (i. e., until we select 80 parents). For example, say we
selected:

24 41 6 19 41

and:

17 17 16 19 22

for tournament competition. If the first solution has a quality measure score of
168.34 and the other 172.41, then the latter solution is the “winner” and is placed
in a temporary population of parents. Note, however, one interesting twist: As we
select pairs of random solutions, it is quite possible that some (relatively strong)
solution is selected more than once for a tournament, and it wins such a tourna-
ment more than once. In that case, this solution would be represented in the popu-
lation of parents several times (e. g., the population of parents may contain several
identical solutions). This is a desired side effect, as we would like to promote good
“genetic traits” during the evolutionary process. If a solution is capable of winning
several tournaments, then the chances are that its quality measure score is above
average, and that it will also produce “above average” offspring solutions.

Now we are ready for the most important step of the evolutionary loop: the
creation of offspring solutions. As mentioned earlier in this section, we can con-
sider several possibilities here. For example, we can use a mutation operator,
which would change some positions in a parent solution to produce an offspring
solution. For example, a parent:

17 17 16 19 22

can be “mutated” to produce the following offspring solution:

43 17 16 3 22

Mutation occurred in the first position of the solution (where the value 17 was
replaced by a randomly generated value of 43), and on the second-to-last position
(where the value 19 was replaced by a randomly generated value of 3). When it
comes to the process of mutation, we have some flexibility. For example:
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e The probability of mutation may be very low (e. g., 1%). This would mean that
on average 1% of the positions in the parent solution would be changed to pro-
duce a new offspring solution. As there are 3,000 positions in the solution vec-
tor, on average 30 positions would receive new values. Of course, the probabil-
ity of mutation (whether it be 1%, 0.1% or 10%) is a parameter of the algorithm
that we are responsible for adjusting.

e Regardless of whether the probability of mutation is 0.1% or 10%, we also have
to decide “how” to mutate. One possibility is to replace a selected position by
arandom value from the range from 1 to 50 (as there are 50 auction sites to
choose from). However, we may also consider some “intelligent” mutations. If
we have auction sites sorted by growing distance from each car (so that close
numbers correspond to close auction sites in a geographical sense), then the
mutation operator might be allowed to “slightly” modify a position. In particu-
lar, the value 17 from the first position of the solution would be allowed to
change into 15, 16, 18, or 19, but not any other number.

e We might also have to consider more than one mutation operator. One mutation
operator, for example, would be responsible for “small” changes, and the other
for “big” changes (to introduce some additional diversity into our search). The-
refore, even if the auction sites are sorted in some meaningful way, we may still
allow random changes of values in the solution vector.

As indicated earlier, we can explore some other operators for creating off-
spring. For example, we can use a crossover operator, which produces two off-
spring solutions by mixing some positions from two parent solutions. For ex-
ample, the parents:

23 41 5 19 41

49 3 25 12 34

are cut after the 1,357th position, and two offspring are generated by putting to-
gether the first part of the first parent (i. e., all 1,357 initial entries) with the second
part of the second parent (i. e., the remaining 3,000 — 1,357 = 1,643 entries) for the
first offspring, and by gluing together the first part of the second parent (the initial
1,357 entries) with the second part of the first parent (1,643 last entries) for the
second offspring:

23 41 5 12 34

49 3 25 19 41
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Of course, it is possible to have more than one cutting point. In particular, we
may consider a crossover where we cut after every position, and a random deci-
sion is made whether we should use a value from the first or second parent. For
example, the pair of parents we discussed earlier may produce the following off-
spring (i.e., where all positions in the offspring are selected randomly from the
first or second parent):

23 41 25 19 34

The role of the crossover operator is straightforward: it might be that at some
stage of the search process, some solutions contain individual decisions of high
quality (e.g., sending the first car to auction 43). Crossover can speed up the
search process, as these quality building blocks can be mixed together to create
a solution with a larger number of quality components.

Anyway, after applying several variation operators (possibly different types of
mutations and crossovers), a set of 200 offspring solutions is created for the car
distribution example. Now we are ready for the final step in the evolutionary loop:
creation of the next generation (we also increase our generation counter ¢ at this
stage, so it takes on a value of 1). As the population size is 100, our task is to cre-
ate a new population of 100 solutions out of 80 selected parents and 200 created
offspring. Again, there are many ways to accomplish this task. For example, we
can:

e Apply a tournament selection process to all 280 solutions (80 parents and 200
offspring).

e Exclude the parents and build a new generation from the offspring only.

e Design a tournament selection where more than two individuals compete to be
selected.

e Rank all the solutions by their quality measure score and then allocate the prob-
abilities of selection accordingly.

In most implementations, however, we use the elitist strategy, which selects
the best solutions from one generation to the next. The cycle is then complete.
We arrive at t=1 generation with a new population of 100 solutions. We then
repeat the evolutionary loop by evaluating these 100 solutions, selecting the par-
ents, applying crossover and mutation operators to create offspring, selecting the
next generation, and so on, until generation counter ¢ hits a threshold (e.g.,
100,000). At this stage, we expect to have many quality solutions in our final
population, and the best solution is selected as the final solution.
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6.7 Constraint Handling

As we discussed in Chap. 3, the car distribution problem has many problem-
specific constraints: inventory levels, transportation costs, volume effect, and so
on. Hence, the application of modern optimization techniques probably will not be
so straightforward (where we just evaluate new solutions and decide which ones to
keep or discard). For instance, suppose that we want to introduce some hard con-
straints on the distribution of cars (e.g., “red cars should not be sent to auction
sites in Texas” or “cars with more than 100,000 miles should not be sent to South-
East auction sites”). But how can we find feasible solutions to the car distribution
problem when such hard constraints are imposed? Well, there are generally three
ways to influence the search toward feasible solutions: through the evaluation
function, the representation of the solution, and the operators (and, of course,
through some combination of the three). These three approaches are independent
of the optimization technique used.

As indicated earlier, selecting the representation of a solution is a major design
decision. Some representations will make handling constraints easier, while others
will make it harder. First, let us summarize the constraints present in the car distri-
bution problem:

Transportation distance limit.
Acceptable transportation routes.
Inventory level limits.
Exclusions based on car mileage.
Exclusions based on car color.
Specified auction dates.

Additional issues to take into account that are related more to the evaluation
function include:

e Transportation costs.

e Volume effect.

e Reduction of “stragglers” (i.e., cars that stand many days at the original loca-
tion without being moved to an auction).

Many constraint-handling methods have been proposed over the last few dec-
ades, but the simplest approach is the death penalty, where solutions that violate
a constraint are immediately removed from further consideration. However, in
many cases, the death penalty approach does not work very well. For instance, in
highly constrained problems, the system generates a new solution, checks its fea-
sibility, and then discards it because it is not feasible. And if 99% of the system’s
effort is wasted on generating and removing infeasible solutions, then 99% of the
system’s effort is unproductive! Moreover, the first feasible solution found (re-
gardless of quality) can drive the whole system to converge, and the final result
might be a solution of poor quality.

Therefore, some leniency might be warranted toward infeasible solutions, as the
death penalty might be too much medicine. What about some less drastic penalties?
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Indeed, one of the most popular group of methods is based on various penalty func-
tions. The idea is that if a potential solution (whether in evolutionary algorithms,
simulated annealing, or tabu search) violates some problem-specific constraint, then
the solution is “penalized” by making its quality measure score smaller (i.e., less
attractive). In other words, the quality measure score of a solution consists of two
parts: the output of the evaluation function and a penalty score for violating con-
straints.

For example, if a particular solution (which recommends to ship the first car to
auction 23, the second car to auction 12, and so forth):

23 12 5 19 41

violates a constraint that limits the transportation distance to 800 miles (e. g., the
distance between the location of the second car and auction 12 is 915 miles), we
should penalize it. Let us assume that the quality measure score of this solution is
564.34, which is based on the predicted sale prices of these cars after taking into
account depreciation and transportation costs, auction fees, and the volume effect.
However, since the second car exceeds the transportation distance limit of 800
miles, we should make this score less attractive. One way of setting such penalties
is to assign a penalty weight for each violated constraint.

Now we have to design a penalty function for this type of constraint violation.
For example, we can assign 10 penalty points for every 100 miles in excess of the
transportation distance limit. In our case, the excess is 115 miles, so the penalty
weight would be 11.5. Thus, due to this single violation, the quality measure score
of this solution would be reduced to 552.84 (564.34 — 11.5). But that is not all!
There are a variety of other constraints, such as excluding some cars from various
auction sites (these exclusions are based on the mileage and/or color of the car). It
may happen, that the above solution contains a few violations of this type. For
example, it has assigned the first car (which is red) to auction 23, which has
a constraint against red cars ... Again, we would have to assign a penalty weight
for this violation, and let us assume that we subtract an additional 7 points. We
need to deal with all the constraints in a similar fashion, and only after all the
penalties have been totaled can we calculate the final quality measure score.

This penalty approach is relatively straightforward and easy to implement. How-
ever, it has many disadvantages. First of all, it is tricky to assign meaningful penalty
weights, as it might be difficult to weigh the relative penalty of violating different
constraints: in the above example, the color violation is equivalent (in penalty
points) to a transportation distance violation of 70 miles — which may or may not be
accurate. It is even harder to tune all these penalty weights to the original evaluation
function: If the solutions are evaluated in the range from 0 to 100, then the above
penalty weights would clearly be too high. And if the penalty weights are too high,
then the effect is similar to that of the death penalty, as heavily penalized solutions
would not stand much chance of survival. However, if the penalty weights are too
low, then the final solution may violate too many constraints ...
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These issues can be addressed in a number of ways, one of which is to design
dynamic penalties that change (usually increase) with each iteration. The purpose
of dynamic penalties is to allow early solutions to sample a variety of points in the
search space without paying too much attention to feasibility (as the penalty
weights are low). Then, as the penalty weights gradually increase, greater empha-
sis is placed on feasible solutions.” The drawback of this approach is that we have
to specify the penalty weight changes in advance, and, again, this can be quite
tricky. Another approach deals with this difficulty in the following way: For popu-
lation-based techniques, we can assume some “healthy” ratio between the number
of feasible and infeasible solutions in the population, and during the run of the
algorithm we maintain this ratio by increasing or decreasing the penalty weights.
Thus, there is no need to specify the penalty weight changes in advance; the sys-
tem adapts these weights by itself. Again, the drawback lies in having to define
what the “healthy” ratio is for a particular problem.

Another way of dealing with constraints is based on the idea of repair algo-
rithms. Let us take the same solution as before, with the same constraint violations
of transportation distance, color, and so forth:

23 12 5 19 41

Instead of penalizing this solution, we may try to “repair” it. As before, the dis-
tance between the location of the second car and auction 12 is 915 miles, while the
transportation distance limit is 800 miles. Because auction 12 is not appropriate
for this car, we can try to repair this single position by using some other auction.
Here we may have to consider several possibilities on “how to repair”’? We can
select auctions at random and check if they satisfy this constraint, or we may con-
sider auctions in some predefined order (e. g., based on proximity). Either way, we
can repair the solution by replacing auction 12 with auction 47:

23 47 5 19 41

We can handle the other constraint violations in the same way: If a constraint is
violated, we can search for a suitable replacement. However, this process is not so
straightforward. Complex constraints can involve many variables, and so repairing
one segment of the solution might trigger a constraint violation in some other
segment. In complicated cases such as these, we should use a problem-dependent
repair algorithm.

3 Note the similarity of this approach to simulated annealing: the algorithm initially al-
lows up and down movements, but, with time, it begins to favor moves that lead to supe-
rior solutions.
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There is an additional (very interesting) twist present in the use of repair algo-
rithms. When a solution is repaired, the repair might be temporary (i. e., the solu-
tion is changed only for the purpose of evaluation, as it is much easier to evaluate
a feasible solution than an infeasible one). The original (infeasible) solution stays
in the population for further processing. This is called the Baldwin effect, where
solutions are evaluated on the basis of their potential, rather than their current
state.

The other approach would be to make the repair permanent (i. e., the solution is
changed permanently), which is called Lamarckian evolution. This would be
equivalent to improving our genes so that they are passed onto our offspring. Both
of these approaches — Baldwin effect and Lamarckian evolution — have their ad-
vantages and disadvantages. Many practitioners apply them in some ratio (e. g.,
only 10% of repairs are done on a permanent basis, so that the process is 10%
Lamarckian and 90% Baldwinian) and claim that a mixture produces better results
than a pure Baldwinian or Lamarckian approach.

Yet another approach for constraint handling is based on decoders. The idea is
that data present in a solution vector are interpreted (i. e., decoded) in such a way
that they correspond to a feasible solution. This would require indirect representa-
tion of solutions and some preprocessing. In the case of distributing cars, this
means sorting all the available auction sites by their distance from each car’s cur-
rent location (as discussed at the beginning of this chapter). For the first car (say it
is located at a dealership in Kansas) auction 1 would be the closest (distance-
wise), auction 2 would be the second closest, and so forth. The representation of
a solution may look something like:

The above vector indicates that the first car should be sent to the closest auction
site, the second car should be sent to the third-closest auction, and so on. Using the
decoder approach, we can maintain a sorted list of available (i.e., feasible) auc-
tions for each car. By doing so, many constraints (e. g., exclusions based on dis-
tance, mileage, or color) can be taken care of during the preprocessing stage. For
example, if auction 13 is too far for a given car, then we can exclude auction 13
from the sorted list of available auctions for this car. We can extend this “exclu-
sion” idea even further, by adding other constraints: if a car is red and auction 17
(which is within 800 miles radius from the current location of the car) does not
admit red cars, then, again, we can exclude auction 17 from the sorted list of
available auctions for this car. Thus, there is no need to penalize or repair infeasi-
ble solutions.

These three main approaches — penalties, repairs, and decoders — do not constitute
the complete list of constraint-handling methods. Sometimes it is worthwhile to
develop a specialized operator that only creates feasible solutions from existing
feasible solutions. For example, such an operator would process all the cars in
a sequential manner, from 1 to 3,000, sending each car to an auction site that satisfies
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all constraints. Then, having a set of such feasible solutions, we can use a problem-
specific operator to transform these feasible solutions into new feasible solutions.
This way, again, there is no need to penalize or repair any infeasible solutions, as the
operator only generates feasible solutions.

6.8 Additional Issues

In this chapter we explained the basic ideas behind several modern optimization
techniques: The idea of traveling “up” in hill climbers, the idea of traveling almost
randomly at first and gradually switching to uphill moves in simulated annealing,
the idea of remembering our previous decisions in tabu search, and the idea of
“breeding” the best possible solution in evolutionary algorithms. However, real-
world problems are usually very complex, and many additional issues have to be
taken into account when applying these techniques.

One potential issue in applying modern optimization techniques to real world
problems is that of multiple objectives (as discussed in Sect. 2.4). For example,
apart from maximizing the net profit from the sale of all cars, a business manager
may want to minimize transportation cost as the second objective. On top of that,
he may also want to balance the distribution of cars among all the auction sites,
which would constitute the third objective.

As we discussed in Chap. 2, non-dominated solutions are of interest to us (i.e.,
solutions that cannot be improved according to one objective without being worse
with respect to the remaining objectives). Ideally, a system that deals with multi-
objective problems should return several diverse non-dominated solutions, as each
of these solutions might be of interest. The concept of diversity is important, be-
cause many non-dominated solutions might be very similar to one another. For
example, both solutions:

23 47 5 19 41

and:

23 47 6 19 41

might be non-dominant, but there is little point in returning both of them to a busi-
ness manager, as they are almost identical. The simple fact that a business manager
selects the final solution for implementation has two implications: (1) the number
of returned solutions should not be too large, and (2) the returned solutions should
be diverse. At this stage, human expertise is required to express different objectives
on the same scale (e. g., net profit and balanced distribution) or to include addi-
tional higher-level information (e. g., strategic agreements made with certain auc-
tion sites). As indicated earlier, a business manager may assert the relative impor-
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tance of each objective — perhaps by assigning numeric weights or imposing
aranking — and then select subsets of solutions that follow this ordering. Another
option would be to select the most important objective and then convert the re-
maining objectives into constraints, using them as thresholds to be satisfied.

Also, referring back to the figure discussed in Sect. 2.2, it is prudent to point
out that some solutions carry more risk than others:

Quality
measure A
score

|-
>

A B Solutions

For instance, we may consider two quality distribution solutions A and B,
where solution B is slightly better than solution A. Although solution B might
provide a $15 higher net profit per car than solution A, it might also carry more
risk. For example, solution B might require transporting some cars for 2,000 miles
(assuming there is no limit on the transportation distance), whereas the longest
transportation distance imposed by solution A is only 550 miles. Now, is this
additional risk (the longer distance, the higher probability that something can go
wrong, e. g., accident, delay, truck failure) worth an additional $15 per car? By
receiving a set of diverse non-dominated solutions, a business manager can make
the final decision.

Lastly, most real-world problems also present another serious difficulty: they
are set in a dynamic environment. This is the case in the car distribution example,
as the problem contains several time components. Note that yesterday’s distribu-
tion (and the distributions made during the past few days) will influence today’s
distribution. The reason is that auction sales are usually held twice a month, and
all cars shipped during some time interval to a particular auction site would be
sold together, on the same day. Because of this, it is necessary to include a mem-
ory buffer, where we record all recent decisions (like we did in tabu search). Re-
cent decisions would influence the quality measure score of solutions that are
processed today.
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Because consumer preferences are also constantly changing (and makes, mod-
els, colors, etc. that are popular one year might be unpopular the next),” it is nec-
essary to monitor these trends and update the prediction module on a regular basis.
Other changes may include modifying the set of auctions sites by entering into
new agreements and letting old ones expire, or by having some internal policy for
using different auction sites at different times. Thus, the problem can easily
change from one day to the next. Similarly, business managers want to insert or
delete new rules (e. g., “red cars should not be sent to auction sites in Texas” or
“cars with more than 100,000 miles should not be sent to auction sites in the
South-East”), and such changes mean that today’s distribution problem might be
quite different from yesterday’s distribution problem!

6.9 Recommended Reading

In this chapter we gave some background information on search spaces, different
solution representations, basic hill-climbing algorithms, as well as a few modern
optimization techniques that fall into the category of modern heuristics, such as
simulated annealing, tabu search, and evolutionary algorithms. We also touched
upon some additional issues related to searching for the optimum solution, which
include constraint handling, solution robustness, multi-objective optimization, and
dynamic environments. Lastly, despite the different terminology used for different
techniques (e. g., crossover and mutation operators for evolutionary algorithms, or
temperature for simulated annealing), it is important to remember that the tech-
niques themselves are in fact very similar from a high-level perspective. They
process one or more current solutions, generate one or more new solutions, evalu-
ate the solutions found so far, and then make decisions on where to search next.

There are many texts available on modern optimization techniques. The book
Local Search in Combinatorial Optimization, edited by Emile Aarts and Jan Karel
Lenstra (Wiley, Chichester, 1997) provides many examples of local search based
on the traveling salesman and vehicle routing problem, machine scheduling, VLSI
layout synthesis, and code design. The book also includes additional chapters on
simulated annealing, tabu search, evolutionary algorithms, and artificial neural
networks.

A detailed treatment of simulated annealing is provided in Simulated Anneal-
ing: Theory and Applications, a book by P.J.M. van Laarhoven and Emile Aarts
(D. Reidel, Dordrecht, 1987).

Tabu Search by Fred Glover and Manuel Laguna (Kluwer, Norwell, 1997) pro-
vides a good all-around introduction to tabu search, while Introduction to Evolu-
tionary Computing by Gusz (A.E.) Eiben and Jim Smith (Springer, Berlin, 2003)
provides an excellent introduction to evolutionary algorithms.

3 For example, the rise in crude oil prices in 2004—2005 led to a sharp drop in consumer
demand for sports utility vehicles (SUVs) and other heavy cars.
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The book How to Solve It: Modern Heuristics by Zbigniew Michalewicz and
David Fogel (Springer, 2nd edition, 2004) provides a general overview of evolution-
ary algorithms, simulated annealing, tabu search, and hill climbers, as well as a few
additional issues like handling constraints, setting the parameters of a method, and
dealing with time-changing environments.

Also available are many books that present various heuristic methods and their
applications; see, for example, Modern Heuristic Methods for Combinatorial
Problems, edited by Colin Reeves (Wiley, Chichester, 1993) or Meta-heuristics:
Theory and Applications, edited by Ibrahim H. Osman and James P. Kelly (Klu-
wer, Norwell, 1996).



7 Fuzzy Logic

“Crime is common. Logic is rare.”
The Adventure of the Copper Beeches

“‘Is there any point to which you would wish to draw my attention?’
‘To the curious incident of the dog in the night-time.’

‘The dog did nothing in the night-time.’

‘That was the curious incident,” remarked Sherlock Holmes.”

Silver Blaze

For many millennia, humans have tried to describe the world using models
based on mathematics and logic, but only during the last few decades has it become
possible to construct computer models of the real world. Computers are based on a
binary language of zero’s (“0”s) and one’s (“1”’s). This is an abstraction created by
computer scientists to describe what is going on inside a computer chip, with “0”
equating to “power off” and “1” equating to “power on.” Every single transistor
inside a computer chip is like a tap, and an electric current runs through the transis-
tor like water through a tap. It looks very much like the following:

No water =no power = “0":
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The water represents the electric current (i. e., electrons) running through the
transistor inside a computer chip. All the “0”’s and “1”’s inside a chip are used to
perform logical calculations according to Boolean logic, which treats 0 as “false”
and 1 as “true.” So in other words, “0” =false =no power and “1” =true = power.
The principles behind Boolean logic are not limited to computers, as this type of
reasoning dates back to the ancient Greeks, especially the Greek philosopher
Aristotle.

Nevertheless, the following tap can also be used to illustrate a fundamental
problem with Boolean logic:

Is the water running in this tap? According to Boolean Logic the water must ei-
ther be running or not, but in the above situation the water is only running to some
degree. If we had to make a binary (true or false) decision then we might say that the
water is running, and inside the transistor this would translate to a “1” =true. But
now imagine the following situation:

Again, we can ask ourselves if the water is running or not, and try to make an-
other binary decision. However, we can continue to make this situation more diffi-
cult by continuing to reduce the amount of water flowing out of the tap. These
illustrations expose the fundamental problem with Boolean logic: Everything must
be either true or false, all or nothing. Boolean logic cannot deal with something
that is true to some degree. To deal with this problem, a relatively new type of
logic has emerged, called fuzzy logic. Because it treats everything as a degree to
which something is true, it can be used to create extremely powerful prediction
and classification models. Let us take a closer look at how fuzzy logic works, and
how it can be applied in an Adaptive Business Intelligence system.
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7.1 Overview

Let us begin with one of the most common fuzzy logic systems, called the Mam-
dani Fuzzy System. It looks like the following:

Fuzzifier Inference system Defuzzifier
crisp fuzzy fuzzy crisp
input input output output
numbers | Input mem- set output set number
» bership func- , rule membership N ,
tions base  finctions

Each component in this flowchart has a separate function:

e The fuzzifier takes the crisp input numbers and converts them into a fuzzy input
set by using input membership functions (explained below) to calculate the de-
gree of something being true.”

e The inference system takes the fuzzy input set from the fuzzifier, and applies
a rule base and then the output membership functions to create a fuzzy output set.

e The defuzzifier takes the fuzzy output set from the inference system and con-
verts it into a crisp output number (i. e., the prediction).

To gain a better understanding of how fuzzy logic extends Boolean logic, let us
take a closer look at each component.

7.2 Fuzzifier

In order for fuzzy logic to work, input membership functions are used by the fuzzi-
fier to turn the crisp input numbers into a fuzzy input set. There are many types of
membership functions, and a few of them are shown below to provide an idea of
what they may look like.

35 Note that the degree of something being true is not the same as the probability of some-
thing being true.
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Below is an example of a Gaussian membership function:
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Below is an example of a Bell membership function:
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Below is an example of a triangular membership function:
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The last figure shows something interesting: Membership functions do not have
to be symmetrical and can have all kinds of forms. Nevertheless, simple member-
ship functions are often preferred over complex ones because business managers
and experts have an easier time understanding them.

We can see from the above illustrations that membership functions always re-
turn a membership degree between 0 and 1, where 0 equates to “zero degree of
membership” and 1 equates to “full degree of membership.”

Let us look at an example using triangular membership functions. Imagine
aman who is 5 feet 11 inches tall (about 1.8 meters). Somebody might say, “He is
tall.” Boolean logic would attach the value “true” or “false” to this statement, but
fuzzy logic would try to evaluate to what degree the statement is true! Imagine the
following triangular membership function that defines “tall”:

allx) @

08

06

04

This membership function takes the height of a man and defines to what degree
he is tall. If a man is shorter than 5 feet then his degree of being tall is 0; and if he
is taller than 6 feet 6 inches, then his degree of being tall would be 1. If his height
falls somewhere between 5 feet and 6 feet 6 inches feet, then his degree of being
tall is somewhere in the range from O to 1. According to the membership function
above, a man who is 5 feet 11 inches is tall to a degree of 0.6.
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Imagine now that we also have membership functions defining “short” and
“average”:

[ ]
orage(x) @
Short(x) @&

This figure illustrates an important point: Just because a man is “tall” to a certain
degree, does not mean that he is not also “short” and “average” to some other de-
grees. In other words, the membership functions can overlap. A man who has
a height of 5 feet 11 inches would be “short” to degree 0, average to a “degree” 0.2
and “tall” to a degree 0.6. The numbers do not have to add up to 1 because “short,”
“average,” and “tall” are completely different linguistic values (some other exam-
ples of linguistic values would be “red,” “heavy,” “very fast,” “close,” “far,”
“warm,” “cold,” etc.).

In the car distribution example, we might have the following input membership
function for “mileage,” where the x-axis indicates the mileage:

LEINT3
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And the following for “damage level,” where the x-axis indicates the damage
level:

Heawy(x) @
Light(x)
08+
06+
04+
0.2}
D . .
0 2 4 6 8 10

These two input membership functions®® refer to the variables “mileage”
(which is found by reading the odometer) and “damage level” (which could be
estimated on a scale from 0 to 10 by an auto mechanic). To create the fuzzy input
set, the fuzzifier takes the crisp input number in the range of 0 to 10 for “damage
level,” along with the actual value for “mileage,” and then applies the membership
functions to calculate the membership degrees. For example, a car with “mile-
age” =80,000 and “damage level” =4 would be low mileage to a degree of 0.4,
etc. Hence, the fuzzifier has transformed the crisp input numbers (80,000 miles
and damage level 4) into a few linguistic values and degrees of membership:

“High mileage” to a degree of 0.6.
“Low mileage” to a degree of 0.4.
“Heavy damage” to a degree of 0.25.
“Light damage” to a degree of 0.75.

These membership degrees constitute the fuzzy input set, which is used by the
inference system to generate a fuzzy output set.

7.3 Inference System

The inference system is the heart of fuzzy logic and it contains knowledge in the
form of rules and output membership functions. If we require extremely precise
predictions, then we will probably end up with many rules; if we do not require
such extreme precision, then our rule base will probably contain fewer and more

36 Although these two input membership functions look identical (because we have used
straightforward membership functions to simplify the illustrations), this does not have to
be the case, and some membership functions might be quite complex. Furthermore, there
are usually more than two linguistic values defined for a variable (not just “high” and
“low” for mileage or “heavy” and “light” for damage level).
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general rules. Although more rules usually mean more precise predictions, the rule
base can become too large (and, consequently, difficult for business managers and
experts to comprehend). Hence, there needs to be a balance between generality
and precision for any real-world business problem.

In the case of the car distribution example, we could build a rule base in one of
two ways. The first way would be to ask a human expert to define all the rules that
affect the sale price of a car. This manually built rule base might serve as a good
starting point for further tuning (as the initial rules might be somewhat inaccu-
rate), but a major drawback of this approach is the amount of time and effort it
requires. For example, consider the countless membership functions that would
need be to handcrafted and fine-tuned so that the predicted sale price is acceptably
close to the actual sale price.

The second way is to carry out a data mining exercise on the available data.
There might be a few reasons for using this approach rather than querying an expert:
For instance, a human expert may not be available for questioning, or the available
expert might be unable to define all the rules (as many decisions might be based on
“intuition”). Another reason could be that we want the rule base to be “unguided”
and free of human assumptions that might be flawed. For example, a thorough ana-
lysis of the data might lead to discovery of very effective rules based on “trim” and
“color” — a combination that a human expert might not have considered. Sometimes
human intuition is an effective guide, but at other times, it can lead us astray.

For the sake of simplicity, let us build a very simple rule base for estimating the
sale price of a particular car at a particular auction site:

Rule 1: If damage level is heavy and mileage is high, then sale price is bad
Rule 2: If damage level is light and mileage is low, then sale price is good

These two rules refer to the variables “damage level,” “mileage,” and ‘“‘sale pri-
ce.” Of course, the linguistic values for the variables “mileage” (i.e., “high,” and
“low”) and “damage level” (i.e., “heavy” and “light”) were already defined by
some triangular input membership function (see Sect. 7.2). Now we also have to
create a simple output membership function for “sale price,” with two linguistic
values “good” and “bad,” where the x-axis indicates the sale price:

! Good(x) @
Bad(x) ®
0.8
0.8
0.4
0.2
0
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With a fuzzifier capable of generating fuzzy input sets, and an inference system
consisting of a rule base (with two simple rules) and an output membership func-
tion, we can now create a fuzzy output set. By continuing our example of a car
with “mileage” =80,000 and “damage level” =4, let us take a look at what the
fuzzy output set would look like.

First of all, let us visualize the fuzzification process. As we have already dis-
cussed, the crisp input number “mileage” =80,000 is transformed by the fuzzifier
to calculate a membership degree of 0.6 for the mileage being “high” (illustrated
in the top-middle graph below) and a membership degree of 0.4 for the mileage
being “low” (illustrated in the middle-middle graph below). Similarly, the crisp
input number “damage level”=4 is transformed by the fuzzifier to calculate
a membership degree of 0.25 for the damage level being “heavy (illustrated in the
top-left graph below) and a membership degree of 0.75 for the damage level being
“light” (illustrated in middle-left graph). These linguistic and membership values
make up the fuzzy input set:
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if damage level is heavy and mileage is high
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if damage level is light and mileage is low then sale price is good

[ 5000 10000 15000 20000

fuzzy output set



126 7 Fuzzy Logic

The inference system then takes this fuzzy input set and applies a fuzzy and,
which can be performed in a number of different ways. Two frequently used
methods are to take the minimum input membership degree, or to multiply the
input membership degrees together.’” In the above example, the inference system
used the minimum input membership degree for fuzzy and. Therefore, the degree
of sale price being “bad” is set to 0.25 in the output membership function (illus-
trated in the top-right graph).*® The inference system then repeats the above proc-
ess for the second rule, but damage level is now “light” and mileage is “low.”
Since the input membership degree of mileage being “low” is lowest with 0.4
(while the degree of damage being “light” is 0.75), the inference system sets the
degree of sale price being “good” to 0.4 in the output membership function (illus-
trated in the middle-right graph).

After all rules are processed sequentially, the next step is to combine the results
of the output membership functions into one fuzzy output set for “sale price.” This
is accomplished by overlapping the gray areas illustrated in the top-right graph
and middle-right graph above. The result of the inference system is a fuzzy output
set illustrated by the gray area in the following illustration (this is an enlargement
of the bottom-right graph above):
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The question now is what to do with this gray area (i.e., fuzzy output set).
Processing this fuzzy output set is the responsibility of the defuzzifier.

7 Fuzzy and is an extension to the logical and in Boolean logic. If we denote false by 0
and true by 1, then using a fuzzy minimum for logical and would give the following re-
sults: false (=0) and false (=0) - false (=0), true (=1) and false (=0) - false (=0), false
(=0) and true (=1) > false (=0), and true (=1) and true (=1) - true (=1). Hence, in the
extreme (with “0”s and “1”’s), fuzzy logic is reduced to Boolean logic.

0.25 is equal to the degree of the damage level being “heavy,” since that degree is the
lowest of the two input membership degrees in the if part of the first fuzzy rule.

38
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7.4 Defuzzifier

The defuzzifier takes the fuzzy output set from the inference system and converts
it into a crisp output number. A defuzzifier can operate in a number of different
ways, and one of the most common is the center of mass defuzzifier. It works in
the following way: Imagine that the gray area (i. e., fuzzy output set) is a piece of
wood that we have to balance on one finger:

7

The place where the finger touches the gray area is the center of mass. This de-
fuzzifier calculates this exact spot, which results in the following defuzzification:

ood(x) ®
Bad(x)

08}

0.6

04}

0.2

15000 20000
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This illustration shows that the center of mass is 12,000 and so the defuzzifier
would return a predicted sale price of $12,000 (i.e., crisp output number) for
every car with “damage level” =4 and “mileage” = 80,000.

7.5 Tuning the Membership Functions and Rule Base

Regardless of the methods used to construct the membership functions and rule
base (e.g., through human expertise or data mining exercise), we need to tune
them to get the best possible performance (e. g., in the car distribution example,
this means minimizing the prediction error of the predicted sale price). Through
the process of tuning, we can modify a few components of the fuzzy system. For
instance:

e The output membership functions can be modified, while keeping the input
membership functions static. For example, if we use triangular output member-
ship functions, then we can adjust the triangles to get better predictions. This
would make sense if we knew that the input membership functions were more
or less perfect, or if the input membership functions are “given” (e. g., if they
correlate to industry standards that we should follow).

e The input membership functions can be modified, while keeping the output
membership functions static. This would make sense if we knew that the output
is relatively static (e. g., when we have to make a binary classification).

e Both the input and output membership functions can be modified. This is the
most general way to tune the rule base, and is typically the preferred choice.
We would choose this form of tuning for the car distribution example, as both
the input (e. g., car characteristics, such as new body styles or trim) and output
(e. g., range of sale prices) can change over time.

If tuning the membership functions does not adequately reduce the prediction
error, then we should consider making larger adjustments. For instance, we can
add or delete some linguistic values in the existing rules, such as adding “and
color is dark” to the if part of the rule if damage level is heavy and mileage is
high, then sale price is bad. If we add a linguistic value to a rule, then the rule
would become more specific; and if we remove such a value from an existing rule
(e. g., dropping “damage level is heavy”), then the rule would become more gen-
eral. If the prediction error is still unacceptable, then we should consider adding or
deleting entire rules. After some rules are added or deleted, we can then perform
the above steps to fine-tune the entire rule base.

The above steps for tuning the membership functions and rule base are pre-
sented in order of increasing “‘severity,” beginning with relatively small tweaks of
the membership functions to modifying entire rules. The level of tuning used de-
pends on the size of the average prediction error, with larger errors typically re-
quiring larger adjustments.

Note that the tuning process should be repeated in regular intervals (the fre-
quency of which is always problem-dependent and can vary from a few hours to
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a few months), as the fuzzy logic implementation should adapt to changes in the
environment (i.e., changes in the economy, makes/models, price ranges, etc.).
This is the role of the adaptability module, which we will discuss in Sect. 10.3.

7.6 Recommended Reading

In this chapter, we discussed the various components of fuzzy logic: namely, the
fuzzifier, inference system, and defuzzifier. Finally, we looked at how an adapta-
bility module can be used to adapt an implementation of fuzzy logic.

Thinking in fuzzy logic terms is a very interesting experience: for example,
when the traffic is slow, we should realize that “slow” is a linguistic value that has
a degree of membership. Hence, the traffic is “slow” to a certain degree. When we
are late for a meeting, “late” is not binary (even though our boss might tell us
otherwise!); it is a linguistic value with a membership function. Hence, we are
“late” to a certain degree. Finally, when we weigh ourselves and ask: “Am I too
heavy?” We might realize that we are “heavy” to a certain degree between 0 and
1, as defined by some membership function in our head.

Many things in the real world are “true” to a certain degree. Someone can even
be guilty of a crime to a certain degree and the judge might reduce the sentence.
However, is everything a question of something being true to a certain degree?
No, not everything is a question of degree. Some things in life are purely “true” or
“false.” For example, the statement “I won a million dollars in the lottery” is either
true or false, because you cannot win a million dollars in the lottery to a certain
degree (e. g., 0.0911). Nevertheless, the next time you ask your son if he broke the
neighbor’s window and he looks down at the floor and says “a little bit,” just re-
member that he might actually be telling the truth. Then all you have to do is fig-
ure out what membership function to use for “a little bit.”

For an easy introduction to fuzzy logic, we recommend Fuzzy Thinking by Bart
Kosko (Hyperion, 1994). The book is a bestseller in the United States and it offers
a philosophical perspective on fuzzy logic with hardly any functions. It introduces
the concepts, origins, and reasoning behind fuzzy logic in an easy-to-grasp visual
manner. This is a very easy book for beginners.

A more mathematical treatment of fuzzy logic can be found in the books Neu-
ral Networks and Fuzzy Systems by Bart Kosko (Prentice-Hall, Upper Saddle
River, NJ, 1992) and Adaptive Fuzzy Systems and Control by Li-Xin Wang (Pren-
tice-Hall, Upper Saddle River, NJ, 1994). Both books are written from an engi-
neering point of view and do a great job of presenting all the aspects of fuzzy
logic.

The book Computational Intelligence PC Tools by Russ Eberhart, Pat Simpson,
and Roy Dobbins (Morgan Kaufmann, San Francisco, 1996) also provides an
excellent introduction to fuzzy logic, neural networks and evolutionary algo-
rithms. The concepts are presented through different examples and then general-
ized. The book also contains a very nice description of the different parts of fuzzy
logic, along with an explanation of how they function.
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“What one man can invent another can discover.”
The Adventure of the Dancing Men

“Sherlock Holmes had pushed away his untasted breakfast and lit the
unsavoury pipe which was the companion of his deepest meditations.”
The Valley of Fear

If you spend a significant amount of time trying to solve various business prob-
lems by “racking your brain,” then you will inevitably come across the idea of
“automating” your thinking process. The idea would be to simulate your brain
functions on a computer so that it can solve problems for you. However, brains do
not function in the same way as digital computers. First of all, biological process-
ing is inherently and massively parallel in nature, while traditional computing is
sequential (i.e., each step in an algorithm is processed “one at a time” until the
termination condition is reached). Second, although conceptual similarities exist
between the neurons in living brains and logic gates in computers, the firing rates
of biological neurons are much slower than computer logic gates: milliseconds for
neurons versus nanoseconds for computers. And, third, the response of a biologi-
cal neuron is somewhat erratic and noisy (with misfirings or no firings at all),
while a computer logic gate has very controlled “noise.” Because of all these fun-
damental differences, we can conclude that different types of input-output devices
can tackle different problems with different efficiency.

For example, because computers are excellent for quickly calculating arithme-
tic results, it is better to use a calculator rather then pen and paper for dividing
412.14823 by 519.442. By contrast, computers are not good at generalizing or
handling conditions that fall outside the prescribed domain of possibilities. If one
of your friends shaves his beard, you will probably still recognize him; but a com-
puter would have considerably more trouble if it relies on a sequence of “if-then”
rules that correspond to the identification of specific features of a person’s face.

Does it have to be this way? Is this a fundamental restriction of computer proc-
essing? Or is it possible for computers to function more like biological neural
networks? After all, a neural network is an input-output device. Hence, it should
be possible to create models of how neural networks perform their input-output
behavior and then capture this behavior in a computer. The resulting artificial
neural network might yield some of the processing capabilities of living brains,
while still providing the computational speed that can be attained in a computer
chip. In this chapter, we will take a closer look at different artificial neural net-
works, and see how they fit into the context of Adaptive Business Intelligence.
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8.1 Overview
Living brains consist of a large number of different neurons,” and there are ap-

proximately 10'* neurons in a human brain. The following illustration is an ex-
ample of a biological neuron:

Dendrites Soma

Axon

A neuron’s behavior is relatively simple: The incoming chemical activity feeds
into the soma (the body) via the dendrites, and if the chemical activity overcomes
a certain threshold, then the neuron sends an electrical spike down the axon. This
spike triggers the “firing” of (chemical) neuro-transmitters at the synapses. Be-
cause the neuro-transmitters lie in close proximity to other neurons, the discharge
creates a chemical reaction in the next set of neurons. The result of this relatively
simple chemical-electrical behavior is responsible for the amazing achievements
of the human race.

3 Although the brain has thousands of different types of neurons, most of them behave in
fundamentally the same way.
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The above illustration is just one example of a neuron, and below are some
other examples:

All these neurons are interconnected in a very complex manner. On average,
each neuron in the human brain connects to 10,000 other neurons. Hence, the
human brain is a complicated network of neurons with roughly 10'® connections,"’
and science has trouble explaining how the brain learns and performs its magnifi-
cent work. However, if you are reading this text, then your biological neural net-
work is functioning properly and we can proceed with our discussion on artificial
neural networks.

0 Interestingly enough, recent research has shown that more neurons do not make us
smarter. In other words, just because somebody has a big brain does not mean that
he/she can process information more effectively. People with smaller brains can be
smarter than people with bigger brains — size does not matter too much in this case.
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8.2 Node Input and Output

As mentioned earlier, neurons accumulate chemical input and create electrical
output. In order to model a neuron in a computer the first step (most often) is to
calculate a weighted sum of the input activity (i. e., the activity coming from other

nodes):
Weighted sum = (—0.7 x 5.4) + (1.6 x 2.73) = 0.588

Weight = —0.7

Weight = 1.6

This figure illustrates two nodes at the bottom (small ellipses) containing the
values 5.40 and 2.73, respectively. The node at the top (big ellipse) calculates the
weighted sum by multiplying the values of the input nodes with the associated
connection weights (which are parameters that represent the strengths of the con-
nections between nodes). Each arrow indicates the direction of the connection
between two nodes, and the weights are floating-point numbers that assign a sig-
nificance factor to each connection. Weights can be positive (exhibitory) or nega-
tive (inhibitory), which loosely resembles biological neurons and their connec-
tions.

Once the weighted sum is calculated, a node has to decide whether it should
send an output signal. A squashing function"' is often used to make this determi-
nation:

#1 A squashing function calculates the output of a node by taking the weighted sum as
input.
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Sign(x) —=—
Sigrnoid(x)
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This figure shows the sign and sigmoid squashing functions. The horizontal
axis illustrates the weighted sum of the input, while the vertical axis illustrates the
output. As shown, the sign function generates an output when a specific threshold
is crossed (0 in the above illustration). In other words, there is no output when the
weighted sum is O or less, and there is an output (of strength 1) when the weighted
sum is greater than 0. On the other hand, the sigmoid function is smoother than the
discontinuous sign function, and the output value slowly rises toward the maxi-
mum output. In this example, the output values of the sigmoid function are:

e () for inputs less than -3,
e (.5 for an input of 0, and
e 1 for inputs of 3 or more.

The sigmoid function is typically preferred over the sign function because it
can be differentiated,”” and some learning methods require differentiability (we
will discuss learning methods in Sect. 8.4). Nevertheless, the sign and sigmoid
functions are just two examples of how nodes can generate output; the following
figure illustrates another type of output generation, where the nodes can create
a spike instead of a plateau:

2 In layman terms, a “differentiable” function is relatively smooth.
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This figure illustrates the pulse and Gaussian squashing functions. Again, the
horizontal axis illustrates the weighted sum of the input, and the vertical axis illus-
trates the generated output. The pulse function has a distinct area where it spikes
(from -2 to +2 in the above illustration) to full strength of 1, and outside of this
area the output is 0. The Gaussian also has a spike, but it is much smoother than
the pulse function. In comparing these different squashing functions, the sign and
pulse functions are conceptually very simple, returning either O (no output) or 1
(full strength), but are discontinuous and non-differentiable (which may exclude
some learning methods). The sigmoid and Gaussian functions, on the other hand,
are more complex, but they provide continuous output values.

8.3 Different Types of Networks

Fundamentally, there are two different types of artificial neural networks:

e Feed-forward neural network. This type of neural network has no recurrent
connections between nodes (i. e., artificial neurons), and so the activity flows in
one direction (i. e., the activity is fed forward step-by-step from the input nodes
toward the output nodes). This type of neural network is most often used for
function approximation and classification.
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e Recurrent neural network. This type of neural network consists of a set of in-
terconnected nodes, where the activity circles around in the neural network un-
til it (maybe) settles down. This resembles a living brain in some ways (but is
much simpler), and is typically used when data come in a stream (e. g., for spo-
ken language processing, credit card fraud detection,* time series predictions).

Let us explore these two types in more detail.

8.3.1 Feed-Forward Neural Networks

The following figure illustrates a typical feed-forward neural network, which does
not have any recurrent connections between nodes:

Output nodes:

Hidden nodes:

Input nodes:

In this figure, there are three layers of nodes: The lowest layer is called the in-
put layer, as these nodes accept the input values; the middle layer is called the
hidden layer, as all the activity there remains hidden; and the top layer is called
the output layer, as the activity that traversed the network finally arrives here.

Many different neural network architectures are possible, and the numbers of
nodes in the input and output layers are usually determined by the problem at
hand. However, the number of hidden layers and the connectivity between nodes
and neighboring layers are design decisions that may vary from one implementa-
tion to the next. Thus, the number of possible architectures for any given problem
is quite large. The illustration above depicts a “fully connected” neural network, as
every node on a lower layer is connected with every node on the next level (but
this need not be the case). Each of these connections also has its own weight.
A feed-forward neural network that is fully connected and has assigned weights
for all the connections “works” in the following manner:

3 Most often, a considerable amount of authorized activity occurs before a card is lost or
stolen and the fraudulent activity begins. The transition from authorized to unauthorized
use needs to be detected in the stream of transactions.
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. The input values are fed directly into the nodes at the input layer.

. The hidden nodes perform their calculations by summing up the weighted input
received from the input layer nodes, and by applying their input-output squash-
ing function to determine their output values.

3. Each output node determines its final output value by calculating the weighted

sum using the values from the hidden nodes.**

[N

Let us illustrate how a feed-forward neural network could be applied to the car
distribution problem. If we use two variables as input (e. g. “mileage” and “year”),
then our neural network could look like:

Sale Price

0.00004

Mileage Year

In the above example, the two hidden nodes (marked with double circles) use
the sigmoid squashing function.*” Rather than using a squashing function, the
output node calculates its own weighted sum (using the black leftmost input unit
with constant value —1.0 to calculate the threshold for the output node). The out-
put of the above neural network can also be described mathematically as a weigh-
ted sum:

Output=(-33,000 x (-1.0))
+ (—10,000 x Sigmoid (0.00004 x Mileage + 0.001 x Year))
+ (18,000 x Sigmoid (0.2 x Year))

* Note that the “output” from the hidden nodes is the “input” to the output nodes.
* The exact function is: Sigmoid (x)=1/(1 + exp(—x)).
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For this particular neural network, the following table shows the output values
for different inputs of “mileage” and “year”:

Mileage Year Output

5000 1 17602.17
50000 1 14293.97
50000 5 11027.74

Not surprisingly, the predicted output (i. e., sale price) decreases as the mileage
and year increase. Determining the various weights (such as 0.00004 between the
“mileage” input node and the hidden node) occurs during the training process,
which we will discuss in Sect. 8.4. Note also that no connection exists between the
“mileage” input node and the rightmost hidden node. Here we can assume that
there is a connection between these two nodes, but the assigned weight is 0.

Although this neural network has only a single hidden layer, more often than
not additional hidden layers are used to improve the precision of the predicted
output (in much the same way that more rules in fuzzy logic usually mean more
precise predictions — as discussed in Sect. 7.3). The exact number of hidden lay-
ers, connections, and hidden nodes — as well as the input-output function of the
nodes — is dependent on the problem at hand. This is why creating a successful
neural network is still a “black art” and requires a considerable amount of experi-
ence ...

When discussing various types of neural networks, it is convenient to illustrate
the structure by showing how the different layers are connected. For example, the
feed-forward neural network discussed earlier would have the following structure:

Output Layer

Hidden Layer

Input Layer

*

The bottom arrow indicates that the input values are fed into the nodes in the
input layer. The middle arrow indicates that the activity is processed through the
hidden layer toward the output layer. Once the nodes in the output layer have
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calculated their final output values, these values are (most often) used for predic-
tion or classification.

While feed-forward neural networks are fast, precise, and able to generalize
well, they are hard to understand because the learned features are “hidden” in the
weights. For this reason neural networks are often referred to as “black boxes,”
because they do a great job of making predictions but nobody knows exactly how
these predictions are made. Furthermore, because feed-forward neural networks
can only process the entire input, one input at a time, they have no history/memory
of earlier inputs, outputs, or processes. Recurrent neural networks, however, are
able to overcome this limitation.

8.3.2 Recurrent Neural Networks

Recurrent neural networks have recurrent links between nodes, which means that
the activity can “circle around.” While this can create a situation where the activ-
ity never ‘“‘settles down,” it also opens the door for the concept of memory. This
section illustrates a couple of recurrent neural network structures and explains
how they operate.

The following figure illustrates the Elman recurrent neural network:

Output Layer

* Hidden Layer

Context Layer Input Layer

*

Elman recurrent neural network

The Elman recurrent neural network operates in the following manner:

1. The input values are fed into the input layer.

2. The hidden layer calculates its activity using the input layer and the internal
context layer, which serves as an internal memory that “remembers” the old
hidden layer values.
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3. The output values from the hidden layer are then copied into the context layer.*®
The asterisk (“*”) next to the gray arrow indicates that the output values of the
hidden layer are copied to the context layer, thereby overriding the old values.

4. The output layer calculates its final output values using the activity of the hid-
den layer.

The Elman neural network has memory, since the most recent output values of
the hidden layer are available for further processing when the next set of input
values are presented. Nevertheless, this only creates memory of the output values
from the hidden layer, and not the final output values from the output layer.

The following figure illustrates another possible structure of a recurrent neural
network, called the Jordan recurrent neural network:

Output Layer

Hidden Layer

Context Layer Input Layer

*

Jordan recurrent neural network

The Jordan recurrent neural network operates as follows:

. The input values are fed into the input layer.

. The hidden layer calculates its activity using the input and context layers.

3. The output layer calculates its final output values using the activity of the hid-
den layer.

4. The context layer calculates its new values by using the new final output val-

ues*” and the old final output values multiplied by the decay rate o.

[N

Since the context layer is updated using the current final output values plus
the “decayed” final output values, the hidden layer effectively contains all the

% Hence, the context layer is exactly the same size as the hidden layer (i.e., the number of
nodes in the two layers is identical).
1 The decay rate o.is between 0 and 1.
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former (decayed) final output values. Such an internal decaying memory is very
useful for detecting patterns in streams of data.

Many other structures of recurrent neural networks can be created using one or
more context layers. The memory in these neural networks is based on the decay
of information using a decay rate. This decay of information allows recurrent
neural networks to correlate two or more patterns that are separated in time (i. e.,
detect and predict output based on a stream of input data). Using the well-known
back-propagation learning method, the training of such recurrent neural networks
is quite fast (learning methods are discussed in the next section).

Lastly, rather than using context layers for memory, it is possible to use hidden
nodes with recurrent connections that have their own adjustable weights. How-
ever, because the hidden nodes and recurrent connections can be arranged in al-
most an infinite number of ways, little is known about how to effectively structure
or train such recurrent neural networks.

8.4 Learning Methods

A large number of different training methods have been developed to train, adjust,
and update neural network models. Generally speaking, all of these methods fall
into two major categories:

e Supervised learning. If we have data with both the input and output values
(e. g., the characteristics of different cars and their actual sale prices), then we
can apply supervised learning methods to train (i. e., adjust) the neural network.

e Unsupervised learning. If we have data without the output values (e.g., the
characteristics of different cars that have not yet been sold), then we can apply
unsupervised learning methods for clustering and data analysis.

In the remaining parts of this section, we will discuss both types of methods in
more detail.

8.4.1 Supervised Learning

Supervised learning is typically used when the available data contain both the
input and output values. As an example, recall that the input values for the car
distribution example included VIN, make, model, body style, etc., and the output
value was the sale price. Given all the data we possess about a particular car, plus
the auction site location and the date of sale, we can build a neural network model
for predicting the sale price. Let us assume for a moment that the actual sale price
was $11,020 for a particular car at a particular auction site on a particular date, but
our neural network model predicted that it would be $7,825. Obviously, our model
made a significant prediction error, and so it needs to be adjusted/trained. This is
most often done using the quadratic error function, i.e., the least mean square
error (LMS error), such that:
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LMS error =0.5 x (actual sale price — predicted sale price)*
=0.5 x (7,825 - 11,020)
=5,104,012

The point of using the LMS error function is to slightly update the weights so
that the predicted sale price would be closer to the actual sale price. Although the
LMS error function is most commonly used to update the weights,” the most
well-known method for training a feed-forward neural network is back-propa-
gation. This learning method corrects the error at each layer by adjusting the
weights, starting at the output layer and moving back toward the input layer.*” The
training process is typically repeated many times, until the LMS error is suffi-
ciently low and the neural network has learned how to predict the sale price of all
cars at all auction sites on all possible dates.

Let us illustrate this back-propagation method with a simple example. In
Sect. 8.3, we illustrated the use of a neural network model for predicting the sale
price of a particular make/model at a particular auction site. The feed-forward
neural network accepted two variables as input, “mileage” and “year,” and six
weights were assigned to the different connections between nodes:

e The three weights between the input nodes and hidden nodes were 0.00004,
0.001, and 0.2.

e The three weights between the hidden nodes and the output node: —33,000,
—-10,000, and —18,000.

The question is: How did we determine these weights?

Assume that at some earlier stage of the training process (i. e., during the back-
propagation process), the neural network had the following connections and
weights:

* To apply the LMS error function, we have to calculate the “gradient” by differentiating
the squashing function of the nodes. See suggested reading section for more details.

* The prediction of the sale price moves from input to output, while the error propagates
in the reverse direction.
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Sale Price

0.000065

Mileage Year

Assume further that for an input (say, “mileage” =50,000 and “year” =5) the
model predicted a sale price of:

$7,825=(=31,500 x (~1.0))
+ (~11,300 x Sigmoid (0.000065 x Mileage + 0.0015 x Year))
+(~17,500 x Sigmoid (0.2 x Year))

and the actual sale price turns out to be $11,020. Thus, the LMS error is:

5,104,012=0.5 x (actual sale price — predicted sale price)”
=0.5% (7,825 - 11,020)
We now have to update the weights between the output node and the hidden

nodes. The output node does not use a squashing function, so the update rule is
quite simple:

weight,.,, = weighty + o X error X input

where is the learning rate (larger values of a would result in larger adjustments of
weights; in this example we assume a=0.001). So, the new weights for the con-
nections between the output node and the hidden nodes are:

e 31,500+ 0.001 x error x input=-31,500+0.001 % 5,104,012 x (-1) =-36,603
e —11,300 + 0.001 x error x input=—-11,300 + 0.001 x 5,104,012 x

Sigmoid (0.000065 x mileage + 0.0015 x Year) =—-6,386
e —17,500 + 0.001 x error x input=-17,500 + 0.001 x 5,104,012 x

Sigmoid (0.2 x Year)=-13,769
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To update the weights of the hidden nodes, we use the same rule:
weight,.,, = weight.q + o X error X input

However, the “error” is calculated differently, as the hidden nodes include
squashing functions. Without going into the function details for error calculation,
say the new values for these weights are:

e (0.000065 + 0.001 x error x input=0.000089
e (0.0015+ 0.001 x error x input=0.0008
e (0.2 +0.001 x error x input=0.27

So, after a single iteration (e. g., after making adjustment for a single piece of
data, where “mileage” = 50,000 and “year” = 5), the model was updated to:

Sale Price

0.000089

Mileage Year

Several issues need to be addressed to make the training process work
smoothly. First of all, we need to address the structure of the neural network. The
fundamental question is: What kind of structure is optimal for a given problem?
Although there are many methods and heuristics that try to construct the neural
network layers and connections, no efficient way of selecting the optimal structure
is known. Furthermore, because the training process is usually very slow (espe-
cially when multiple hidden layers are used), complicated learning methods have
been invented to speed up the process.

Despite these difficulties, neural networks can make excellent predictions once
they are properly trained, and can be easily retrained if additional data become
available later. Neural networks also interpolate very well, especially if they do
not contain too many nodes (which leads to over-learning, where the neural net-
work simply memorizes the data). Lastly, if enough training data are available,
neural networks can efficiently handle noise. In the car distribution example, it
might happen that the actual sale price was incorrectly recorded and the resulting
prediction error would constitute noise in the data.
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8.4.2 Unsupervised Learning

Unsupervised learning is used in situations where only the input values are avail-
able (i.e., when there is no output value associated with the input values). As
mentioned earlier, an example of this would be the characteristics of different cars
that have not yet been sold. Assuming that no output values exist, we cannot pre-
dict the sale prices for these cars, but we can cluster the input values using unsu-
pervised learning.

Imagine that the input values are distributed in the following manner:

A

>

Each data point can represent a car with certain variables (e.g. “color” and
“mileage”). These data points form data clusters that display some degree of simi-
larity, and the circles represent the cluster centers. Unsupervised learning can
identify these cluster centers, which represent the “typical” values of the data
clusters. Knowing the typical values makes it easier for us to spot atypical values
(i. e., outliers) and make statements like “Most Toyota Camry cars are white with
mileage in the range of 60,000 to 72,000, while most BMW 528i cars are silver
with mileage in the range of 45,000 to 58,000.” Such statements are very useful,
as they can help us categorize new data points as either “typical” or “atypical.”

The most well-known method for unsupervised learning is the Kohonen self-
organized mapping method, where the data clusters are formed in such a way that
they relate to each other in an organized manner. This method can be used to
quickly identify the typical patterns within large data sets. Each “typical pattern” is
(in simple terms) the average of the data points in a data cluster. Initially, the typical
patterns are randomly distributed, but over several iterations of the learning process
they end up in the center of the data clusters. “Typical patterns” are very useful for
identifying typical car purchasing behavior, typical credit usage, typical health
risks, etc. The Kohonen method resembles the well-known k-means clustering, but
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neural networks based on the Kohonen method learn differently. Moreover, they are
inspired by biological evidence regarding how humans categorize data.

In general, unsupervised learning is used in many diverse areas, such as fraud
detection, medical classifications, and categorization of consumer behavior. Since
unsupervised learning identifies clusters of typical input value, it can also be used
for signal compression of images and other electronic signals.

8.5 Data Representation

Neural networks are sometimes referred to as universal approximators, because of
their efficiency in learning from data with an unknown underlying distribution.
However, in order to construct an efficient neural network, some data representa-
tion issues need to be resolved first.

To start with, the typical input to a neural network is a vector of numeric values
(such as —5.3425 or +7.935) and the output is another vector of numeric values.
Note that the input does not include nominal values™ like “Chevrolet,” “yellow,”
“dog,” “cat,” etc. Simply assigning a numeric value to each nominal value would
be disastrous, because neural networks cluster values that are numerically close
together. If we randomly assigned numerical values to nominal values in the car
distribution example, then we could have the following situation: “Chevrolet” =1,
“Accord” =2, “Porsche” =3, and so forth. Using only one numeric input, it would
be very difficult for a neural network to separate these different car makes,”' and,
consequently, to accurately predict their sale prices. If we instead translated the
cars into a Boolean-like vector using three inputs (where 1 is true and O is false)
then we could express a “Chevrolet” as “1, 0, 0, “Accord” as “0, 1, 0,” and “Por-
sche” as “0, 0, 1.” Such a Boolean translation would make it significantly easier to
train a neural network to predict sale prices, because different hidden nodes could
fire more easily for different car makes.

Another issue is that of high input dimensionality (i.e., an extremely large
number of inputs to the neural network). If we wanted to train a neural network to
recognize faces, for example, we might assume that the task would be easy. After
all, a high-quality camera has millions of pixels, and each pixel could be repre-
sented with three integers: one describing the intensity of red, another for blue,
and the third for green. But millions of inputs require millions of connection
weights, and each weight requires training data to correctly distinguish different
examples. This results in the need for an extremely large number of training pic-
tures, which is not feasible in practice since the training process would take too
long. For this reason, a special form of “compression” is often applied to reduce
the input dimensionality (the high-quality pictures are compressed by reducing the

% Nominal values are values without ordering or distance between them; see Chap. 5.
3! Recall that the hidden nodes use a squashing function that makes it inherently difficult
to separate nominal values.
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resolution, applying retina preprocessing,”* or using a Fourier transformation>).
This compression significantly reduces the number of inputs to the neural net-
work, which in turn reduces the number of connection weights, which in turn
makes it more feasible to train the neural network within a reasonable time limit.

To summarize, we must keep the following things in mind about the input for
a neural network:

e The input consists of numeric values.
e Numeric values that are “close” may be considered to “belong together.”
e The input dimensionality must be reduced to a manageable size.

In addition to these input issues, the output also requires some special consid-
eration — especially for classification tasks. In the facial recognition example, the
output consists of a numeric value. Using a single node, we could assign specific
output values to specific faces, but this would create immense difficulties for
a neural network. Numerically close values would be regarded as “similar faces,”
making it difficult to correctly identify different faces. We can solve this problem
by using a Boolean output vector translation (i. e., using a separate output node for
each face). Once we let all the nodes complete their calculations, we could then
select the node (and hence the face) that has the largest output value in a “winner-
takes-all” fashion. Although this approach works well for a limited number of
faces,” consideration has to be given to unknown faces.

8.6 Recommended Reading

In this chapter, we looked at the structure of artificial neural networks, how they
are trained, and some possible applications. The relatively simple (but inherently
parallel and distributed) computations that take place in neural networks are cap-
able of impressive and robust performance. Tasks that are difficult for other tech-
niques can sometimes be surprisingly easy for neural networks. Examples include
the recognition of handwritten characters and numbers, faces, natural language,
product defects, and fraudulent transactions.

Although artificial neural networks excel in many areas, they also inherit an
undesirable characteristic of biological neural networks: they are black boxes.
Artificial neural networks often perform very well, but we do not fully understand
how or why. Although this is usually acceptable given the superior performance of
a neural network, it can be a serious obstacle in some cases (where the reasoning
behind a prediction or classification is required). New types of neural networks
have been invented to partly or fully circumvent the black box issue, and can be

32 Retina preprocessing reduces the effective resolution to the neural network by averaging
the values of neighboring pixels.

3 A Fourier transformation creates waveforms from a picture that are used as inputs into
the neural network.

> This approach also works very well for the recognition of handwritten characters and
numbers.
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more readily understood by humans. Among these are support vector machines,
radial basis function neural networks, and neuro-fuzzy networks.”

The book Introduction to the Theory of Neural Computation by John Hertz,
Anders Krogh, and Richard G. Palmer (Addison-Wesley, Redwood City, CA,
1991) gives a good description of the different types of artificial neural networks.
Although it can be challenging at times for those who are less technical, it leaves
hardly any stones unturned and is highly recommended by the authors.

For a very inspiring book that deals with the relationship between biological
and artificial neural networks we recommend The Computational Brain by
Patricia S. Churchland and Terrence J. Sejnowski (MIT Press, Cambridge, MA,
1992). This great book describes many biological findings and explains them in
algorithmic form. The book is easy to understand for most people who are new to
the subject of biological-artificial neural networks. It explains much of the waste
complexity of real biological brains and neurons, and the parallels with artificial
neural networks.

The book The Elements of Statistical Learning by Trevor Hastie, Robert Tib-
shirani, and Jerome Friedman (Springer, New York, 2001) provides a solid mathe-
matical explanation of the many different aspects of learning systems. The termi-
nology and approach is statistical in nature, but with an emphasis on concepts
rather than (too much) mathematics. It describes the many aspects of data, neural
networks, support vector machines, supervised learning, unsupervised learning,
and how to combine different prediction and classification systems. This is an
excellent treatment of the entire subject of learning systems, but it is not recom-
mended for readers who are not mathematically inclined.

% We have only presented the most common artificial neural networks, and many other
structures (not mentioned in this chapter) are also possible.
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“Mediocrity knows nothing higher than itself; but talent instantly rec-
ognizes genius.”
The Valley of Fear

“... the quick inference, the subtle trap, the clever forecast of coming
events, the triumphant vindication of bold theories — are these not the
pride and the justification of our life’s work?”

The Valley of Fear

Thus far, we have discussed a variety of prediction methods and optimization
techniques that have ranged from decision trees and hill climbers, to neural net-
works and evolutionary algorithms. We will now conclude Part I of this book
with a review of some additional methods and techniques that can be applied to
prediction and optimization problems. We moved these methods and techniques
into a later chapter because they generate solutions that are considerably more
complex than the static vectors discussed in Chap. 6. Furthermore, some of these
methods (such as agent-based modeling) use an evaluation function that measures
the “behavior” of a solution to determine its quality measure score. As a result, we
can use some of these methods to observe an emergent behavior that would be
difficult (if not impossible) to predict using other (more traditional) methods. This
emergent behavior is one of the themes of this chapter ...

9.1 Genetic Programming

Many real-world business problems require the discovery of some mathematical
function. For example, we may have a data set with cases that contain both input
and output values, and we would like to discover a function that can be used for
predicting the output for future cases. Note that the formulation of this problem is
quite different. We are not searching for a solution that is a vector of numbers, but
rather for a solution that is a function.

Let us consider the following example: Say we have a collection of sales data
for a particular product over some period of time, and we would like to discover
a function that describes the relationship between sales volume, price, and market-
ing expenditure. In other words, we would like to discover a function F:

Volume =F (Price, Marketing)
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Of course, the above example is simplified (e. g., the marketing expenditure has
a delayed effect on sales volume), but it will suffice for illustrating how genetic
programming works. The typical approach to solving this problem is based on
assuming the general structure of the function F and then directing our effort to
tuning some parameters. For example, we can assume that the relationship be-
tween sales volume and the other two variables has the following structure:

Volume = (a x (Marketing / Price)) + (b x (Marketing)) + ¢

where @, b, and ¢ are (unknown) parameters. This function states that the sales
volume increases as the marketing expenditure increases and/or the product price
decreases. The only issue then is to find parameters @, b, and ¢ that minimize the
prediction error for the historical data. And here we have many possibilities: we
can use simulated annealing or evolutionary algorithms to find the optimal vector
of these three numbers a, b, and c¢. However, the main weakness of this approach
is that we first have to make an educated guess about the general form of the func-
tion. If our guess is correct (i.e., close to the real function), then tuning the pa-
rameters will be quite straightforward. On the other hand, if our guess is incorrect,
then we will spend our time tuning the parameters of the “wrong” function ... For
example, it might be that the function we are searching for is:

Volume = (12.3 x (Marketing 2/ Price?)) + (3.7 x (Marketing 2 / Price))
+ (2.9 x (Marketing / Price )+ (21.8 x (Marketing / Price))
+ (8.7 x (Marketing %)) + (3.3 x Marketing) + 1346

Again, finding all the parameters (12.3, 3.7, etc.) is easy once we know the
general form of the function. However, even in this very simple example, we can
consider an almost countless number of possible functions! By using genetic pro-
gramming, we do not have to make assumptions on what the correct function
might look like. Genetic programming allows us to search the space of possible
functions for one that fits the problem at hand — in particular, we may search for
the best function that calculates the sales volume on the basis of the marketing
expenditure and product price ... How can we do that? Well, let us have a look.

First of all, genetic programming is a special type of evolutionary algorithm,
and so many of the same concepts apply: There is a population of individual solu-
tions (i. e., functions) that compete for a place in future generations and for the
placement of their offspring solutions. The process of evolution is simulated and
the best function emerges after some number of generations.

As we discussed in Chap. 6, we must follow some steps when applying the evo-
lutionary approach to a specific problem. In particular, we have to design the
“structure” of an individual solution, select an evaluation function that measures
the quality of each solution, and decide upon the parameters (e. g., population size,
probabilities of various crossover and mutation operators). Similarly, we must
follow some steps when applying genetic programming, which are:
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1. Selecting the set of terminals. These are all the variables, parameters, etc. that
correspond to the inputs of the function. In our example, the set of terminals
consists of the marketing expenditure and the product price, as well as a set of
real numbers (e. g., 17.4).

2. Selecting the set of primitive functions. These are usually standard arithmetic
operations like addition or subtraction, standard mathematical functions like log
or square root, or domain-specific functions. In our example, the set of standard
arithmetic operations (addition, subtraction, division, and multiplication), ex-
tended by the square root function, would be sufficient.

3. Selecting the evaluation function. This is the key decision that ties the genetic
program to the problem at hand. The evaluation function evaluates how well
a particular function solves the problem. In our case, the evaluation function
has to estimate how well the developed function describes the relationship be-
tween sales volume, marketing expenditure, and product price (the smaller the
error on historical data, the better the fit). Of course, the error is measured on
many data points and is often expressed as a total of absolute errors on all data
points.

4. Selecting the parameters of the genetic program. These would include the
population size, number of generations, probabilities of various operators, and
possibly some other parameters (e. g., parameters that influence the selective
pressure of the algorithm: the higher the selective pressure, the smaller the
chances that weaker individuals will be selected for reproduction).

Let us take a closer look at some individual solutions that can emerge during
a simulated evolutionary run of a genetic program. Assume that at some gener-
ation (say, generation 215), one of the solutions in the population (of 500 individ-
ual solutions) is:

Volume = ((Marketing x 21.8 x Marketing) / (Price x Price))
— (3.7 x Marketing x Price) + (2.9 x (sqrt(Marketing)) / Price) + 1192

To facilitate the discussion of crossover and mutation operators, we can repre-
sent this individual solution as a tree. A particular solution can be represented by
many different trees. For example, we can view the above solution as a sum of
two parts:56

((Marketing x 21.8 x Marketing) / (Price x Price)) — (3.7 x Marketing x Price)
and:
(2.9 x (sqrt(Marketing)) / Price) + 1192

Thus, the root of the tree (the uppermost node) represents addition (+), and the
first part of the solution is a subtraction between two subparts:

3 We can also view the above solution as a subtraction of two parts: (Marketing x 21.8 x
Marketing) / (Price x Price)) and (3.7 x Marketing x Price) + (2.9 x (sqrt(Marketing))
/ Price) + 1192. In this interpretation, the root of the tree (the uppermost node) would
represent subtraction (-).
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(Marketing x 21.8 x Marketing) / (Price x Price)
and:
(3.7 x Marketing x Price)

This is represented by the appropriate node (—) in the left sub-tree. This process
then continues further: the first subpart is a division, where the enumerator is:

(Marketing x 21.8 x Marketing)
and the denominator is:
(Price x Price)

Hence, the next node down the tree represents division (/). The correspondence
between the original solution and the tree below should now be straightforward:

+
- +
/ X 1192 /
X b3 3.7 X X Price
Marketin X Price Price Marketin Price Square 2.9
21.8 Marketing Marketin

The above individual solution, which emerged in generation 215, will probably
be modified further in subsequent generations. For example, assume a mutation
operator was applied at the node with a bold outline (this node represents the divi-
sion operator “/”’). In further generations, a randomly generated sub-tree may re-
place this part of the tree with the final result being:
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+
- +
5 x 1192 /
13.1 / 3.7 X X Price
RS 17 Marketing| | Price Saquare 2.9
Marketing Marketin,

This individual solution corresponds to the following function:

Volume =13.1 + (sqrt(Marketing)/ 1.7) — (3.7 x Marketing x Price)
+ (2.9 x (sqrt(Marketing))/ Price) + 1192

Similarly, individuals may undergo the crossover operator, where a sub-tree
from one individual solution is swapped with a sub-tree from another solution. In
other words, the crossover operator creates two offspring solutions by exchanging
two sub-trees from two different parent solutions. For example, if the first parent
is:
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Marketing

3.7

Price

Price

\Marketing

Price

21.8

\Marketing

representing the function Volume =((Marketing x 21.8 x Marketing) / (Price x

Price)) — (3.7 x Marketing x Price), and the second parent is:

13.1

Varketi
Marketin

1192

3.7

Price

Voarkoti
\Marketing

Price

Price

2.9

representing the function Volume = 13.1 + Marketing + (3.7 x Marketing x Price)

+ 1192 + ((2.9 x Price) / Price), then the first offspring is:?’

57 Note that the node with a bold outline marks the cutting points for the crossover in both
parents. As for the mutation operator, these cutting points represent the “starting point”
of the sub-tree that is cut off and replaced by a sub-tree from the other parent.
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\Marketing X 1192 /

21.8 \Marketing X Price

Price 2.9

The other offspring is created by “the other” swap (i. e., where the “gray” sub-
tree of the first parent is replaced by the “gray” sub-tree of the second parent).
Anyhow, the first offspring represents the following function:

Volume = ((21.8 x Marketing x Marketing)+ 1192 + (2.9 x Price) / Price)

There are many issues to deal with when experimenting with genetic program-
ming. First of all, there is a tendency to get progressively more complex structures
(trees), so the functions might be quite complex and difficult to interpret. The very
simple function above, which emerged as an offspring solution after the crossover
operator was applied, is an exception, rather than a rule. Second, there might be
parts that are meaningless in the current function (like the division Price / Price
above). Furthermore, most applications of genetic programming require relatively
large population sizes.™

Recall that the evaluation function is responsible for measuring how well a par-
ticular solution solves the problem. In our case, the evaluation function has to
estimate how well the developed function describes the relationship between sales
volume, marketing expenditure, and product price (the smaller the error on the
historical data, the better the fit). Thus, it should be relatively easy to determine
the relative merit of all the individual solutions in the population. Again, as with
other types of evolutionary algorithms, the quality measure score is used in the
selection process of parents, and the mutation and crossover operators are with
some probability. All the other mechanisms of evolutionary algorithms apply here
as well. Thus, the genetic program generates subsequent iterations of individual
solutions (in our case, a function for sales volume) by creating and evaluating an

% There are also some ways of introducing problem-specific knowledge into a genetic
program, making the evolutionary process more efficient. However, this topic is beyond
the scope of this book.



158 9 Other Methods and Techniques

initial population of individual solutions, selecting parents, applying the mutation
and crossover operators, selecting a new population from the existing parent and
offspring solutions, evaluating all the solutions in the new population, and con-
tinuing this process for some pre-specified number of generations.

There are many possible applications of genetic programming. For the car dis-
tribution problem, one of the possibilities is to develop a genetic program for price
prediction. After all, the predicted price of a car is a function of some variables
(“make,” “model,” “body style,” etc.), the auction site, and the estimated time of
sale. Furthermore, it should be relatively easy to evaluate the precision of the
functions that emerge during the simulated evolutionary process, as we have his-
toric data at our disposal. Thus, genetic programming can be an important compo-
nent of an Adaptive Business Intelligence system for some problem domains.

9.2 Ant Systems and Swarm Intelligence

Ant systems (also known as ant colony optimization) were inspired by colonies of
real ants, which deposit a chemical substance (pheromone) on the ground. This
substance influences the “behavior” of individual ants, as the greater the amount
of pheromone deposited on a particular path, the larger the probability that an
individual ant will select that path. Artificial ants behave in a similar way. In
a nutshell, the ant colony optimization technique is a multi-agent system, where
low-level interactions between artificial ants results in a complex behavior of the
entire ant colony.

Ant systems are another population-based technique, much like evolutionary
algorithms. In evolutionary algorithms, the parent solutions are modified through
some operators (e. g., mutations, crossovers) to create offspring solutions; in ant
systems, however, the pheromone levels influence the creation of new solutions.
The general idea behind ant systems is provided in the following flowchart:
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create initial population 4 of ants

A

initialize cycle counter: ¢ = 0

A

for each ant a from 4:
build a solution

A

for each ant a from A4:
evaluate its solution

A

update the trail levels of pheromone

A

increase the cycle counter: ¢ = ¢ + /

l

is ¢ large
enough?

Most of the action boxes are self-explanatory: We create a population of ants,
initialize each ant (i. e., set its various parameters), and then set a cycle counter to
repeat the process several times. Now, in the loop above there is a central action
box where each ant is responsible for building a solution. The process of building
the solution is usually influenced by two factors: (a) problem-specific knowledge,
and (b) decisions made during the previous cycles (these decisions are summa-
rized by the current pheromone levels). Once the new solutions are ready, we can
evaluate them, update the trail levels (thus summarizing the “popularity” of the
various decisions made by the ants), increase the cycle counter, and then repeat
the process. Through this loop, the updated trail levels would influence the future
decisions of the ants, and better decisions made in previous cycles would be rein-
forced in future cycles!

So, what is an ant? In simple terms, an ant is a computer “agent” responsible
for making decisions in the process of building new solutions, and each ant may
have some parameters that influence its decisions. For example, it is typical for an
ant to have parameters for controlling the relative importance of the pheromone
trail versus problem-specific knowledge when a new solution is being built. In the
car distribution example, these parameters may represent a trade-off between visi-
bility, which states that closer auction sites should be chosen with a higher prob-
ability, and trail intensity, which states that if a particular auction site enjoys a lot
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of “traffic” for a particular car, then it must be a profitable path to follow. It is also
common for each ant to have a memory structure that records earlier decisions.
This data structure (sometimes called a tabu list) is useful in avoiding the con-
struction of infeasible solutions.

As in Chap. 6, let us illustrate the concept of ant systems by using the car dis-
tribution example. As before, let us assume that the same representation is used
(i. e., a vector of 3,000 values provides indices of auction sites 1 to 50). During the
first stage of the algorithm, we initialize our ant colony (say there are 100 ants in
our implementation). Each ant would be responsible for building a solution in
each cycle of the loop. A solution, as discussed earlier, is a vector of 3,000 integer
numbers, so an ant would generate a sequence of 3,000 integers. How can this be
done?

As mentioned earlier, ants possess problem-specific knowledge. In our case, we
can provide a list of available auction sites for each car (if there are no restrictions,
then all 50 auction sites might be available), along with the distances between
each car and auction site. Because no pheromone deposits exist at the beginning of
the algorithm, problem-specific knowledge is the only factor ants take into ac-
count when building new solutions. To illustrate this process, let us assume that
we have constructed an “attractiveness vector” for each car. This vector provides
us with problem-specific knowledge (based on distances) of all the auction sites.
For the first car in our solution vector, the attractiveness vector might look like:

0.000964 | 0.004739 | 0.001065 . 0.001197 | 0.003897

This attractiveness vector is only applicable to the first car, and the length of
the vector is 50 (as there are 50 auction sites). If some auction sites are unavailable
(for example, due to distance limitation), then the corresponding values would be
zero. To arrive at these values, an intuitive heuristic to use might be “closer auc-
tion sites are more attractive.” Let us assume that the distance between the first car
and the first auction site is 1,037 miles, the distance between the first car and the
second auction site is 211 miles, the distance between the first car and the third
auction site is 409 miles, and so on. Now we have to convert these distances into
measures of “attractiveness.” Because attractiveness is inversely proportionate to
distance, we can take the inverse of the distance to measure the attractiveness of
an auction site. Hence, the attractiveness of the first auction site is
1/1,037 =0.000964, and the attractiveness of the second and third auction sites are
1/211=0.004739 and 1/409=0.002445, respectively. Similar vectors must be
constructed for the second car, third car, etc. Note that this preprocessing would
define the attractiveness vectors (with each vector containing 50 values) for all
3,000 cars, making life much easier for our ants ...

Another preprocessing activity is connected with the initial distribution of
pheromone. Since the ants have not yet started, the pheromone levels would be
zero (or close to zero). The data structures used for recording of pheromone levels
are similar to those used for recording the attractiveness values. For each car, we
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maintain a vector of pheromone levels for each auction site. Initially, all these
vectors might be identical and contain very small values (close to zero), as there is
no ant activity at this stage. The pheromone vector for the first car may be:

0.000001 0.000001 0.000001 0.000001 0.000001

This pheromone vector can be interpreted in the following manner: The phero-
mone level for the connection between the first car and the first auction site is
0.000001; the pheromone level for the connection between the first car and the
second auction site is 0.000001; and so forth. Later, we will see how these values
change (as opposed to the values in the probability vectors), and how they influ-
ence the ants’ decisions. They are of no importance at this stage, but that will
change very soon.

Now, each ant has access to this preprocessed information, and at each cycle of
the loop, an ant would create a new solution that consists of 3,000 decisions. All
these decisions are based on the attractiveness values and the pheromone levels.
Hence, the final issue to consider is the relative importance of these two measures.
Several simple methods can be used to emphasize the importance of one measure
against the other (e. g., by adding a small constant, raising a value to some power),
but we will not discuss these in detail. It is sufficient to say that each pair of values
(attractiveness and pheromone) is converted into a probability (this would require
normalization, such that the total of all these probabilities — i.e., for all auction
sites — would be 1). Therefore, after such normalization, the probability vector for
the first car might be:

0.006035 | 0.029668 | 0.006667 0.011975 | 0.038979

Clearly, this probability vector is of great assistance: For the first car, the prob-
ability of selecting the first auction site is 0.006035; the probability of selecting
the second auction site is 0.029668; and so on. It is relatively straightforward to
select the auction sites according to this (or any other) probability distribution.
Say, the first ant “selected” auction 23 as the destination for the first car, auction
12 for the second car, etc. and the solution vector built by the first ant is:

23 12 5 19 41

All auctions sites were selected in accordance with a distribution probability
that favors closer auction sites with higher levels of pheromone. However, be-
cause this is the first cycle of the algorithm, the pheromone levels for influencing
the ants’ decisions are close to zero.
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This process is repeated 100 times (because there are 100 ants in our implemen-
tation), with each ant making an independent decision on the auction site for each
car. These decisions are based on selection probabilities, which are calculated on
the basis of attractiveness (related to the distance between the car and auction site)
and pheromone levels (related to the popularity of an auction site). At this stage,
each ant has built its own solution, and we have a population of 100 solutions. The
evaluation process is the same as for any other technique discussed in this chapter,
with each solution receiving a quality measure score.

Now it is time to update the pheromone levels. Let us consider a particular va-
lue p, which represents the pheromone level for some car and some auction site.
At the end of the cycle, when all the ants have built their solutions, there are two
independent processes for updating the value p: evaporation (which decreases the
value of p) and accumulation (which increases the value of p). The first process is
responsible for reducing the pheromone values of less popular auctions, and the
second process is responsible for increasing the pheromone values of more popu-
lar auctions.

We can easily implement the evaporation process by multiplying the original
value p by a number smaller than 1 (e. g., assume that this number — known also as
the evaporation rate — is equal to 0.9). This means that if, at the beginning of
some cycle, p=0.087945, then, after evaporation, p=0.079151 (0.9 x 0.087945).
The accumulation process, on the other hand, is a bit more complex. We have to
measure the “popularity” of each auction site (for a given car) across all 100 ants.
Moreover, better ants (i. e., ants that found better solutions) should be able to exert
greater influence in this popularity contest. This can be done in the following way:
Assume that each ant has some amount of pheromone, which is proportionate to
the quality of the solution built. For example, we can award each ant 0.01 phero-
mone units per unit of the quality measure score. Thus, two ants that build two
different solutions that evaluate to 176.23 and 191.07 would get 1.7623 and
1.9107 units of pheromone, respectively, for allocation to each auction site. If
these two ants created the following solutions:

13 29 36 22 18

41 12 36 11 25

then the first ant would increase the pheromone level by 1.7623 for the first car
and auction 13; by 1.7623 for the second car and auction 29; by 1.7623 for the
third car and auction 36; etc. Similarly, the second ant would increase the phero-
mone level by 1.9107 for the first car and auction 41; by 1.9107 for the second car
and auction 29; by 1.9107 for the third car and auction 36; and so on. Because
both ants selected auction 36 for the third car, the increment of pheromone levels
would be quite significant (1.7623 + 1.9107). Some auction sites would be se-
lected several times (getting significant increments in pheromone levels), while
others might not be selected at all. The latter ones would experience evaporation,
so their chances of being selected in future cycles would be smaller. The updating
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of pheromone levels is an essential part of the ant system, as better solutions influ-
ence the probability of selecting the more promising parts of a solution in future
cycles.” After many cycles, some ants should build a near-optimum solution to
our problem.

This distribution and updating of pheromone levels is a “communication” proc-
ess that is essential for the convergence of the ant system: the ants in the popula-
tion become more and more similar in their behavior, as they swarm toward the
optimum solution. Other related techniques also use this “swarming” phenome-
non. For example, particle swarm optimization applies some variation operators
(like mutation and crossover in evolutionary algorithms) to a population of agents,
but without any selection process, as all agents are in constant motion and they
“live” forever. In particle swarm optimization, the concept of “generation” is
replaced with that of “iteration.” Within a multi-dimensional matrix, each individ-
ual agent has a location and velocity that is updated according to the relationship
between the agent’s parameters and some other global parameters (e. g., the loca-
tion of the best individual solution found so far). The search is biased toward bet-
ter regions of the matrix, with the result being a sort of “flocking” (i. e., swarming)
toward superior solutions. As in ant systems, the agents exchange information
through some global medium that collects information on the locations and veloci-
ties of the particles, processes this information (e. g., selects the best particles in
the current iteration, or selects the best locations found so far), and disseminates
this information to other particles, influencing their subsequent direction and ve-
locity.

In general, there are more and more applications of the “social insect metaphor”
for solving problems. These approaches are often called swarm intelligence sys-
tems. As with ant systems and particle swarm optimization, swarm intelligence
systems assume the presence of a number of simple agents (e.g., ants, bees,
wasps, termites) with direct or indirect interactions/communications that influence
their future behavior. There are many possible applications of swarm intelligence
for problems in distribution, communication networks, robotics, etc. In all these
cases, the underlying principle is the same: Each insect is an “independent indi-
vidual” performing some “individual activities” (often specialized activities);
however, all these activities seem very well organized, without any outside organ-
izer (or supervisor). This “self-organized behavior” is the essence of systems
based on swarm intelligence.

9.3 Agent-Based Modeling

During the past decade, there has been growing interest in agent-based modeling.
Agent-based models are “behavior-based” computer programs that try to simulate
complex phenomena through virtual “agents.” The behavior of these agents is
determined by programmable rules that reflect the constraints and conditions of
areal-world system. Because agent-based modeling has its roots in the Monte

% This process is similar to the “selection pressure” in evolutionary algorithms.
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Carlo method, which now has a 60-year history, let us take a step back in time and
discuss this classic method before moving on to agent-based modeling.

The idea behind the Monte Carlo method is to use statistical sampling to ap-
proximate a solution for some quantitative problem. The term “Monte Carlo me-
thod” is quite general and the method has universal applicability to a variety of
problems in economics, environmental sciences, nuclear physics, chemistry, logis-
tics, etc. Another popular term synonymous with the Monte Carlo method is
Monte Carlo simulation. In general, the word simulation is defined as the imitative
representation of the functioning of one system or process by means of the func-
tioning of another (e. g., a computer simulation of an industrial process). Simula-
tions are useful when other types of analysis are too difficult (e. g., they require
solving thousands of differential equations). Many models include variables that
have a known range of values, but an uncertain value for any particular time. This
is true for the vast majority of economics problems (e. g., interest rates, currency
exchange values, stock prices), logistics (e. g., inventory levels), etc. In such cases,
the Monte Carlo simulation might be of assistance. The idea behind the Monte
Carlo simulation is quite simple: By sampling the values of a model’s variables
from their (predefined) probability distributions, many scenarios are generated and
the outcome is calculated.

The best way to explain this concept is through a simple example that involves
just one variable. Say that we would like to calculate (with some precision) the
number 7.°> Because it is not straightforward to calculate the exact length of the
circumference of a circle, we can approach this problem from a different angle.
We know that the area A of a circle is expressed by:

A=mr?

where r represents half of the diameter of the circle:

% 1 is defined as the ratio between the circumference of a circle and its diameter, and its

approximate value is 3.14159.
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We can use a Monte Carlo simulation to approximate the area A. Let us circum-
scribe this circle with a square:

The area S of this square is:
Q2xr)x(2xr)=4xr
and the ratio between the area of the circle and the area of the square is:
A/S=(mxr?)/@AxrH)=n/4

Now we are ready for the simulation. Imagine throwing darts at a square target
with a circle inside (as in the above figure). Each dart lands somewhere inside the
square: the coordinates of a throw are x and y — the horizontal and vertical coordi-
nates, respectively. If the center of the circle is positioned at point (0, 0), then the x
and y coordinates can take any values from —r to r. We can simulate a “throw” by
generating two random numbers from this range (one for x and the other for y),
and then calculate how many throws landed inside the circle. A throw is inside the
circle if the distance between the center of the circle (0, 0) and the position of the
dart (x, y) is within the radius r:

X+ y2 <r
Say we simulated 10,000 throws, and the result of the simulation was that 7,854
darts landed inside the circle, while the remaining 2,146 darts landed inside the
square, but outside the circle. This completes the simulation and we are ready to

estimate the value of . As the number 0.7854 (7,854/10,000) approximates the
ratio A /S, and:

A/S=m/4

then 7 is simply 4 x 0.7854=3.1416 (a pretty good approximation of 3.14159
after 10,000 throws). Clearly, the larger the number of throws, the better the ap-
proximation. Now that we know how the Monte Carlo simulation works, can we
use it for something more useful?

Let us consider the casino environment for a moment (from which the method
derives its name), and say we are holding an Ace and 6 in a game of Blackjack,
with the dealer holding a Queen. To maximize our chances of winning the hand,
should we “hit” or “stand”? Well, we can try to solve this problem by hand, but
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the number of possibilities might be too large (recall that the Ace can count as 1 or
as 10, and if we hit and get a 2 then we will need to make another decision). This
problem is an ideal candidate for the Monte Carlo simulation. We can generate
millions of distributions of cards for a “shoe” (say we play six decks of cards, so
we can consider random permutations of 6 x 52 =312 cards), implement the dea-
ler’s rules (e. g., hit on 16 or below, stay on 17 or higher), implement our own
strategy, and then calculate the number of wins and losses. After running such
a simulation, we will find that when holding an Ace and 6 against a dealer’s 10,
we should hit! We may also discover some other “rules,” such as “always splitting
two 8’s,” “doubling on 11 when the dealer’s hand is lower than 10,” and so forth.

In the car distribution problem, we can use the Monte Carlo method for esti-
mating transportation risks. To do this, we can begin by estimating the transporta-
tion time between two locations as a function of weather (e. g., bad weather usu-
ally slows down a transport). We can then create a lookup table for the
transportation time between two particular locations, which might look something
like:

Weather Time
Condition (in hours)
Fair 36
Very hot 40
Windy 38
Rain 44
Snow 48

Ice 56

If we can estimate the weather conditions in a specific region (e. g., 10% chan-
ce of ice, 30% chance of snow, and 60% chance of having a fair day), then we can
simulate many scenarios for how this will affect the transportation times. This is
similar to generating various permutations of a shoe of cards, with the main differ-
ence being that the probability of each card arriving at a particular location in the
shoe is the same — with weather, different weather patterns occur with higher or
lower probabilities (at different seasons), so we should generate weather patterns
that follow the same probability distributions. We can estimate the total transpor-
tation time for each of these scenarios, and then use the average in our decision-
making process. This average transportation time is quite important, as many
auction sites run their auctions once a fortnight, and if a car misses the auction it
would sit on a lot (and depreciate) for two weeks waiting for the next auction.

Of course, the above example explains only the general idea of applying the
Monte Carlo method for estimating transportation risks. In actuality, we would
need to be more precise and have answers for many additional questions, such as:
What does “very hot” or “windy” mean? Is it possible to have “rain” and “very
hot” at the same time? If so, how would that affect the transportation time? Also,
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if the trip takes a few days, then there might be several “fair” days and several
“rain” days, and so we would have to take an average of both categories.

Let us now transition from the Monte Carlo method to agent-based modeling
with the following general remark: In Chap. 5 we discussed a variety of prediction
methods that assume some amount of historic data are available. We can look at
agent-based modeling as a special prediction method where no data are available!
For example, the problem might be to minimize evacuation time from a confer-
ence room by finding the optimal arrangement of tables and chairs for 500 people.
Clearly, we cannot dream of getting such data! We cannot load the room with 500
people, set the room on fire, measure the time needed to evacuate the room, chan-
ge the arrangements of tables and chairs, load the room with 500 (preferably dif-
ferent) people, set the room on fire again, and continue this process for a few itera-
tions to collect sufficient data! In situations like these, agent-based modeling is far
more appropriate.

Now, the connection between the Monte Carlo method and agent-based model-
ing is that both methods generate many possible scenarios according to some
probabilistic distributions of variables (e.g., windy weather conditions) or by
using agents that follow some probabilistic rules. To continue our example from
the previous paragraph of minimizing the evacuation time, psychological tests
may indicate that in a fire emergency 17% of people run in random directions,
38% of people run in a straight line to the closest exit without paying attention to
other people, 9% of people stand still and scream, etc. Additionally, the way peo-
ple interact with one another during a fire emergency is also important (e. g., when
two or more people collide, they might fall down and stay immobile for a few
seconds). Now, by generating 500 agents whose behavior follows the above rules
and interactions, and placing them together in a room that is set on fire, we can run
many diverse simulations and observe the emergent behavior of the population.

The general idea behind agent-based modeling is that the simulations are based
on local interactions between the agents of a population. Furthermore, each agent
may represent some object, whether it is a person in a crowd, a car in traffic, or an
animal in an ecosystem. The entire model includes an environment in which the
interactions occur. Agents may also have differing capabilities, and their behavior
is based on probabilistic rules that determine their actions. The interaction of the
agents (with the environment and one another) may result in an emergent behavior
that may be impossible to predict (due to all the complexities of the interactions).
Even a simple set of rules for each agent may result in a very complex system.

Some of the above points should sound familiar. Indeed, we have already loo-
ked at two particular instances of agent-based systems: ant colonies and particle
swarms. In these systems, the local interactions of agents within a population may
result in an emergent behavior of the entire population. The model — whether an
ant colony or particle swarm — includes an environment in which interactions
between the agents occur. Note, however, that these two examples constitute
a simple case where all the agents are uniform. In general, this does not need to be
the case: agents can represent a variety of complex (and different) objects, and the
interactions among the agents can be quite complex (there may be rules for col-
lecting and consuming food, trading resources, etc.).
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Let us illustrate the main characteristics of an agent-based modeling by using
a classic example. Consider two species of birds (A and B) that fly around follow-
ing three very simple rules:

Rule 1: If another bird of the same species is close by, then fly toward the other bird.

Rule 2: If another bird of the other species is close by, then fly away from the other
bird.

Rule 3: Keep minimum distance between any two birds.

Note that such a model is extremely simple. There are only two species of birds
(with 10 birds in each species) moving at the same speed, and their direction is set
randomly at the beginning. The figure below illustrates the initial stage:
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However, the interaction between these simple birds produces an emergent be-
havior that is complex, organized, and very life-like. After a while, we can ob
serve a flocking phenomenon where birds of the same species fly together:
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To define the behavior of these birds, we can add additional rules to the model.
For example, we can modify their speed in some encounters, introduce obstacles
in the environment, or create “sub-species” (which have slightly different rules).
We can also make the environment more complex and then observe their behav-
ior. One of the properties of this behavior is unpredictability over moderate time
periods. For example, although the birds of one species might be flying primarily
from left to right at one moment, it is impossible to predict which direction they
might be moving at a later time.

In general, an agent can have many behavioral rules and internal states, some of
which might be fixed, while others may change. An agent can process many sen-
sory inputs, change its behavior according to these inputs, take into account the
interactions with other agents, and make decisions based on the available informa-
tion. Agents can also operate in an artificial environment, which might be a build-
ing, a city, a communication network, or a landscape that changes over time.®'
And, yet, as the above example shows, each agent is very simple in comparison
with the complex behavior that eventually emerges.

So, how can we use agent-based modeling as a component of an Adaptive
Business Intelligence system? Well, there are a few possibilities. In the car distri-
bution example, we can develop an agent-based model to simulate the effect of
a new make/model introduced by a competitor. Changes in new car demand would
affect the resale value of off-lease cars, so the agent-based model could be used to
enhance the effectiveness of the prediction module. Agent-based modeling can
also be used to simulate a variety of other scenarios, such as the effect of higher
gasoline prices on the sale price of used cars, or the impact of weather on the
number of buyers that attend an auction sale.

Beyond the car distribution example, agent-based modeling is very appropriate
for studying a variety of human social phenomena, including the propagation of
diseases, trade habits, group formation (as illustrated by the above simple example
of birds flocking), evacuation patterns, and migration.

9.4 Co-evolution

Throughout this book, we have emphasized the importance of the evaluation func-
tion, which serves as a link between the algorithm and the problem at hand.
A thorough understanding of the evaluation function allows us to create the cor-
rect combination of representation, search operators, and selection criteria. There
are problems, however, where we have no idea how to create a good evaluation
function. Some of these involve discovering optimal strategies. For example: What
would be the best investment strategy? Best marketing strategy? etc.

The problem with finding the “best strategy” in business resembles the problem
of finding the best strategy in a game. Games are easier to model, as there are
clear rules for what moves can and cannot be made, and the objective (e. g., the

' Because of this diversity, there is no general agreement on what an “agent” is, or what
key features an agent should have.
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criterion for winning and losing) is defined. Moreover, in many games there is
only a single opponent and the moves are made “in turn.” Real-world situations
(e. g., the development of a marketing strategy) are much more complex. The rules
are unclear (to say the least), there are many competitors (opponents), and the
decisions (moves) are irregular. And yet, some powerful similarities exist between
these two environments (a game versus the real world). In both cases, we have to
devise a strategy for our possible moves, our opponents’ countermoves, and the
decision criteria for choosing one move over another. Furthermore, the process of
learning is also based on trial and error in both cases.

To answer the question “how can we learn the best strategy?” let us refer to
some co-evolutionary processes that exist in the natural environment. Most ani-
mals constantly face the crucial problem of survival. Many of their defensive and
offensive survival strategies are genetically hardwired as instinctual behaviors.
But how did these strategies emerge? Some species use coloration to blend into
their background; their strategy is simply to be not noticed. Other species have
developed a strategy based on “safety in numbers.” Other species have learned to
seek out high elevations and position themselves in a ring looking outwards, thus
providing the earliest possible sighting of a potential predator. These complex
strategies emerged over many generations of trial and error ...

These examples illustrate the process of co-evolution, which is not the case of one
individual against its environment, but rather individuals against other individuals,
each competing for resources in an environment that poses its own hostile conditions
but does not care which individuals win or lose in the struggle for existence. Com-
peting individuals use random variation and selection to seek out superior survival
strategies that will give them an edge over their opposition. Each innovation from
one side may lead to an innovation from another, which is similar to an “arms race”
of inventions.

For some problems, it is possible to develop a strategy by modeling co-
evolutionary processes in the following way: There are several populations of
solutions, where each population represents a “player” in the “game.” For a two-
person game, there are two competing populations. For some real-world cases, the
number of populations would correspond to the number of competitors, with each
of them seeking the best possible strategy. The key question is: how do we evalu-
ate a strategy? The answer lies in running a strategy against the strategies of other
“players,” carefully evaluating the outcome of each “game.” Better strategies are
then selected, modified (with mutation and crossover operators — as described in
Chap. 6), and, after some number of generations, the best strategy would emerge.
This strategy would enjoy the property of robustness, as it would score well
against the best opponent strategy!

Let us illustrate some co-evolutionary concepts by continuing the car distribution
example. In the used car marketplace, many competing leasing companies face very
similar problems. In particular, they face the problem of finding the best distribution
of their off-lease cars. Of course, the distribution strategies of other leasing compa-
nies are not well known, and the decision process is complicated by the fact that used
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cars from many leasing companies are sold “together” at the same auction sites.”
And because we do not know the distribution decisions made by other leasing com-
panies, we cannot accurately measure the volume effect (see Sect. 3.5). For instance,
say we decide to send 20 identical cars to a particular auction, and one of our com-
petitors sends 40 similar cars to the same auction site (e. g., 20 white Toyota Camry
cars and 40 white Mitsubishi Galant cars). The result may bias the volume effect and
our sale price prediction would not be accurate.

As an example, say we are concerned with the distribution strategies of two
very large competitors. We know the number of cars they lease each year (this is
usually public information), and how these cars break down into different
makes/models. Using this information, we can construct a “similarity matrix” that
would provide us with information on which makes/models (“our” makes/models
and “their” makes/models) should be clustered into one category for calculating
the volume effect. If we grouped all the cars into 20 distinct categories (e. g.,
2-door compact, 4-door compact, mid-sized), we can model a competitor’s strat-
egy in the following way: Each auction site they send cars to can be modeled as
a vector of 20 numbers (expressed as a percentage). This vector can represent
a particular auction site X:

43% | 0.0% | 5.9% 39% | 4.1%

The interpretation of this vector is that auction site X receives 4.3% of the cars
from the first category, zero cars from the second category, 5.9% of the cars from
the third category, etc. Since we know the total volume of cars in each category
(e. g., a competitor would sell altogether 580 cars from the first category), we can
easily convert these percentages into numbers (e. g., auction site X would receive
25 cars — 4.3% of 580 — from the first category). Thus, when we estimate the pre-
dicted sale price of a car, we can also count the number of additional cars in each
category to calculate the volume effect.

Of course, the above vector of numbers represents just one hypothetical distri-
bution of cars by this competitor, but we can use it as a starting point. Now we can
model the overall situation using three separate populations of solutions. The first
population represents a detailed distribution of the cars owned by our company.
Note that we use the same representation of a solution as we did in Chap. 6: each
individual solution in this population is a vector of auction site numbers, and the
length of each vector corresponds to the number of processed cars. For example,
the vector:

11 15 22 20 17

52 This is not always the case. Closed auctions sell cars that belong to only one leasing
company or automaker.
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indicates that the first car should be sent to auction site 11, the second car to the
auction site 15, etc., with the last car going to auction site 17. In other words,
a single individual solution represents a complete, detailed distribution of all cars.

The two other populations, however, represent the distribution strategies of our
two competitors. Individual solutions in these populations are very different to the
individuals in the first population, as they have much shorter vectors of only 20
values each (corresponding to the 20 different categories). The total number of
vectors corresponds to the total number of auctions sites. For example, an indivi-
dual solution might be:

Auction 1 43% | 0.0% | 5.9% 39% | 4.1%
Auction 2 25% | 2.1% | 1.9% 0.4% | 0.3%
Auction 3 0.0% | 29% | 3.3% 09% | 1.2%

Auction50 | 1.1% | 09% | 1.3% 1.2% | 1.4%

indicating the percentage of cars in each category (column) to be sent to a particu-
lar auction site (row). For example, 2.9% of cars from the second category are sent
to auction site 3. The total of all percentages in one column (. e., for one category)
is 100%.

The co-evolutionary process of running these three evolutionary algorithms —
each processing its own population — now becomes quite meaningful. Note that
the connector between these three evolutionary processes is the evaluation func-
tion: To evaluate any individual in one population, we need to know the proposed
distribution of cars in the other two other populations. Consider the following
individual solution from “our” population:

11 15 22 20 17

To evaluate this individual solution, we take the best individuals from the sec-
ond and third populations, as these individuals represent the best current strategies
of our competitors. The combined distribution of cars from all three sources (i. e.,
our cars plus those of our two competitors) would allow us to measure the volume
effect more precisely, thus we can better estimate the quality of our proposed
distribution. The same can be done for each individual solution of each competi-
tor: because we know our best distribution (at the moment) and the best distribu-
tion of the other competitor, we can precisely evaluate the quality of the first com-



9.5 Recommended Reading 173

petitor’s proposed distribution. In other words, we take into account the best dis-
tributions made by our competitors in evaluating our own distribution strategy.

Once we define the evaluation function (which serves as the main connector be-
tween three separate evolutionary processes), we are ready to start the co-
evolutionary process. The initialization is simple, as the individual solutions in all
three populations can be randomly generated. Once all the initial solutions for all
three populations are evaluated, the other steps of the evolutionary algorithms are
executed separately in each population: selection of parent solutions, application of
crossover and mutation operators, replacement of some (inferior) individual solu-
tions by newly generated offspring, and so on. The new populations are evaluated
again at each generation, and the co-evolutionary process is responsible for finding
superior distribution strategies for all three populations. This means that our distri-
bution strategies become better over time, against the superior strategies of our com-
petitors! Thus, the co-evolutionary process may give us the best solution for our
distribution, as well as an insight into the likely behavior of our competitors!

Note also that we have some flexibility in the way we evaluate our solutions
(i. e., distributions). It need not be the case that “our” distribution is combined
with the best distributions of our competitors (at the particular generation of evo-
lutionary process). To gain more robustness for our solution (after all, we cannot
be certain that our competitors would select the best distributions), we can com-
bine our solution with several — possibly randomly selected — solutions of our
competitors and average the quality measure score. This way our distribution
strategy that would emerge at the end of the co-evolutionary process would be
scored against a variety of different strategies of our opponents!

9.5 Recommended Reading

In this chapter we explained a variety of additional prediction methods and opti-
mization techniques, beginning with genetic programming, a special type of evo-
lutionary algorithm where each individual solution is a function (i.e., a set of
instructions) rather than a vector of numbers. We then looked at ant systems, whe-
re each artificial “ant” can be considered an intelligent agent that uses some com-
munication medium (i. e., the pheromone trail) to leave messages for the other
agents. This was followed by swarm intelligence systems, which assume the pres-
ence of a number of simple agents (e. g., ants, bees, wasps, termites) with direct or
indirect interactions/communications. Next we provided an overview of the well-
known Monte Carlo method and compared it with the relatively new agent-based
modeling method, which can be used to model complex, dynamic, and open appli-
cations. And finally, we concluded the chapter with a section on co-evolutionary
methods, explaining how they could be used to discover optimal “strategies.”
Some of these methods and techniques are inherently adaptive, and they allow the
model or algorithm to change as the environment changes. As a result, these in-
herent characteristics can facilitate the construction of an Adaptive Business Intel-
ligence system.
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An excellent overview of genetic programming and related topics is given in
the book Genetic Programming: An Introduction: On the Automatic Evolution of
Computer Programs and Its Applications by Wolfgang Banzhaf, Peter Nordin,
Robert E. Keller, and Frank D. Francone (Morgan Kaufmann, San Francisco,
1997). The text begins with a basic introduction and then progresses into more
advanced topics.

Ant Colony Optimization by Marco Dorigo and Thomas Stiitzle (MIT Press,
Cambridge, MA, 2004) provides a great introduction to ant system heuristics
(from real to artificial ants), and it also contains some chapters on theory, as well
as a few applications.

An earlier book, Swarm Intelligence: From Natural to Artificial Systems by
Eric Bonabeau, Marco Dorigo, and Guy Theraulaz (Oxford University Press, New
York, 1999) discusses the social insect metaphor for solving many problems in
optimization, communication networks, and robotics. Another book, Swarm Intel-
ligence, by James Kennedy and Russell C. Eberhart (Morgan Kaufmann, San
Francisco, 2001), talks about similar issues from the perspective of particle swarm
optimization.

A recent book, Introductory Econometrics: Using Monte Carlo Simulation with
Microsoft Excel, by Humberto Barreto and Frank Howland (Cambridge University
Press, 2006) provides a clear undergraduate introduction to data analysis and
Monte Carlo simulations.

The book Growing Artificial Societies by Joshua M. Epstein and Robert Axtell
(MIT Press, Cambridge, MA, 1996) explains concepts behind the construction of
artificial society models: agents, environment, and rules. The book introduces an
artificial “sugarscape” model with more and more “advanced” agents, who live,
trade, and die in their world, experience sex, culture, conflicts, and diseases ...

The Evolution of Cooperation by Robert Axelrod (Basic Books, New York,
1984) was an early book describing co-evolutionary systems for game playing
(iterated prisoner dilemma), and it examines the emergence of cooperation.
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10 Hybrid Systems and Adaptability

“He was wrapped in some sort of dark ulster or blanket, which left
only his face exposed, but that face was enough to give a man a sleep-
less night.”

The Sign of Four

“Quite so! You have not observed! And yet you have seen. This is just
my point.”
A Scandal in Bohemia

In Part II of this book, we presented a variety of prediction methods and optimiza-
tion techniques that can be viewed as being “hardware tools,” in that each of them
has different characteristics, strengths and weaknesses, and applications. Let us
illustrate this point with the following analogy: Imagine that we have a hammer —
which is a very handy tool for solving problems that involve nails — but we come
across a problem that involves screws. What should we do? Well, if the hammer is
our only tool then we might be tempted to “hammer” the screws. This, of course,
is the wrong approach. A much better approach would be to find a better tool
(e. g., a screwdriver) for solving the problem at hand.

The point of this analogy is that the right technique (i. e., tool) should be se-
lected for the right problem. Unfortunately, many technology companies special-
ize in a single technique (e.g., evolutionary algorithms), and they apply this
same technique to each and every problem they encounter. This is similar to
having a hammer as the only tool and seeing all problems as nails. This approach
is clearly wrong, as the technique should be selected for the problem at hand, not
the other way around!

In general, there are several limitations of using a single prediction method or op-
timization technique. First, and most obvious, is the fact that it may perform superbly
on some problem types and abysmally on others. Second, even if we limit ourselves
to a single problem, remember that each problem type includes billions of possible
“problem instances.” In the car distribution example, we have to deal with a different
instance of the same problem every day, as different cars have to be distributed. It is
very important to understand the distinction between a problem (such as the car dis-
tribution example) and a particular instance of the problem (e. g., a particular input of
cars to be distributed). It is often the case that different techniques are better or worse
for different instances of the same problem. Although it would be great to claim that
a particular technique is the best for a given problem, it is usually impossible to guar-
antee that this “best” technique would give the best results on each instance of the
problem. Lastly, since the problem variables (e. g., weather, interest rates, consumer
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behavior) change over time, a single technique that performs well in the beginning
may deteriorate over time.

In this chapter, we will discuss how the limitations of the single-technique ap-
proach can be overcome by packaging several techniques together into a hybrid
system (i. e., a team of techniques). Specifically, we will look at hybrid systems for
prediction and optimization, and then conclude the chapter with a discussion on
the adaptability module.

10.1 Hybrid Systems for Prediction

Most companies and government organizations make decisions that are based on
predictions of the future. These predictions may involve future demand, effects of
a marketing campaign, competitor actions, and so forth. As a simple example,
imagine that we need a temperature prediction for an outdoor marketing event our
company is planning. To predict the temperature, we could look at the last few
days of temperature measurements and make a linear extrapolation, visit a weather
website to obtain a forecast, watch the evening weather report, and so on. There
are many ways to make a prediction, so the question is: Which method should we
use to predict the temperature?

One possibility would be to use a forecast from our favorite weather channel.
However, no prediction is perfect, and so we might get an inaccurate temperature
prediction. Another possibility would be to calculate the average predicted tem-
perature from many different sources, thereby minimizing the impact of any sig-
nificant errors made by a single source. However, some sources may be biased
(e. g., several channels may always predict toward the monthly average tempera-
ture). Hence, taking a simple average of all the predictions is sometimes not the
best approach.

The safest way to make consistently good predictions is based on the concept
of hybrid systems. Because response time, justification, model compactness, etc.
are also important considerations (besides the prediction error, as discussed in
Sect. 5.2.5), it may be difficult to select “the best” prediction method for the
problem at hand (whether it be a prediction for temperature or something else).
Different prediction methods have different properties, and so some of them may
perform better or worse when trained on different data sets. Hence, instead of
using a single prediction method to build a single model, it might be worthwhile
to use a few methods to build a few models, and then use all the models to reach
a consensus. This consensus might be achieved through voting or averaging, with
the final prediction being the one with the largest number of votes (for classifica-
tion problems) or some weighted average (for regression/time series problems).
After all, this is commonly done within most organizations, where several people
in a team express their opinions on “what may happen,” and then the boss makes
the final decision (i. e., the final prediction).

The general idea is presented in the following diagram:
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This diagram illustrates four models that produce a “prediction” for each new
case (either indicating a class for classification problems, or generating a number
for regression/time series problems). These four predictions are then sent to
a voting/averaging system that produces the final prediction. The arrows illustrate
the weights for each prediction model, as the voting/averaging system learns (dur-
ing the training session) that some models are more accurate than others and gives
more weight to their output. Besides being simple and elegant, this approach has
an intuitive advantage over a single prediction model: after all, “two heads are
better than one”!

There are two primary ways of implementing this multi-model approach. The
first way is to use models of the same type (e. g., linear regression, decision, tree,
neural network). These models are then trained on different data sets, thereby
ensuring that each prediction model is unique. The two most well-known tech-
niques for this approach are called bagging and boosting:

e Bagging. Several prediction models of the same type are used together, and
some voting (or averaging) is applied. The final prediction is either a weighted
combination of predictions (for time series problems), or the prediction with the
largest number of votes (for classification problems). Experimental evidence
indicates that several prediction models built from one data set perform better
than any single model built from the same data set.

e Boosting. This technique creates models through an iterative process that ap-
plies higher weights to the cases that are the most difficult to predict. Repetition
of this process will produce a sequence of prediction models, where each new
model focuses on the cases that were not accurately predicted in the previous
model. This iterative process is the main difference between bagging (where all
the models are developed separately) and boosting (where each new model is
influenced by the performance of the previous model). This technique allows us
to cover many “hard” cases, and develop many models. As with bagging, sev-
eral prediction models of the same type are used together.
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Recall from Sect. 5.3 that the bootstrap technique selects cases for the training
data set with repetition. Moreover, the bootstrap technique uses the entire data set
for training. This is also what happens in the early stages of the bagging tech-
nique: the size of the training data set is the same as the original size of the data
set, and the sampling is performed with repetition.'

To illustrate the bagging technique, suppose we have selected several training
data sets of the same size and decided to apply a neural network. For each training
data set, we will get a different neural network model. Once we have created these
different neural network models, we can use them together by taking an average of
their predictions (if they are predicting numbers) or by counting the number of
votes they produce (if they are voting for a class in a classification problem). Note
that the number of neural network models is unlimited — as a matter of fact, the
more “voters” the better! Because each “voter” has the same “power” — it is a pure
democracy where every model influences the final outcome with the same weight.

Ideally, an effective prediction module consists of several complementary mod-
els that cover the vast majority of all possible cases. While bagging assumes that
the “appropriate” type of prediction model has been selected, boosting addresses
this issue directly by seeking models that complement each other. Unlike bagging,
where each model is developed independently from one another, boosting takes
advantage of pre-existing models. This makes it easier to find a model that “ad-
dresses” cases the earlier models did not handle well. This is usually accomplished
by assigning weights to cases, so that the misclassification of a case with a high
weight would have a more serious consequence than the misclassification of a case
with low weight. Thus, each new prediction model would “concentrate” on the
cases with higher weights (i. e., the cases that were the most difficult to predict).

Keeping this in mind, the iterative process of boosting can be explained as fol-
lows: The first prediction model is built on the original data set, where all cases
have the same weight. Then the weights are modified: the cases that were “easy”
(i. e., those that the model classified correctly, or where the numerical prediction
was accurate) would have their weights decreased; and the “hard” cases (i.e.,
those that the model misclassified or where the numerical prediction was inaccu-
rate) would have their weights increased. Then the second prediction model is
built using the original data set, but the cases now have modified weights so the
new model would concentrate on the more difficult cases. Note that the weights
are adjusted at the end of each iteration, so that each subsequent iteration produces
a prediction model that “concentrates” on the harder cases.

Although there are many similarities between bagging and boosting — as both
techniques require prediction models of the same type, and both techniques use
voting or averaging — bagging creates a democracy of “equal” voters, while boost-
ing uses weights to influence the model’s performance. This is a major point of
differentiation between the two techniques, and one that is particularly relevant to
our discussion on adaptability in Sect. 10.3.

' This is not surprising, as bagging stands for bootstrap aggregating.
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The second way of implementing the multi-model approach is to use different
types of models. A well-known technique for this is stacking, where one predic-
tion model uses the outputs (i. e., predictions) of several other models to come up
with the final prediction. The best example of stacking is where the outputs from
several prediction models constitute the input to a neural network model, which
then produces the final prediction. Note that this final prediction is not the result
of a vote or weighted average (as is the case in bagging and boosting), but rather
of a “higher-level” prediction model that takes the outcome of the “lower-level”
prediction models as inputs! Therefore, this higher-level prediction model makes
the final prediction, on the basis of the preliminary, lower-level prediction models.

In the car distribution example, the different prediction models would try to
predict the sale prices of the off-lease cars that need to be sold at auction. Each of
the different models could be based on a different prediction method, such as
linear regression, decision trees, fuzzy logic, etc. The “high-level” prediction mo-
del (e. g., a neural network) would take all of these predicted sale prices and pro-
duce the final prediction. Such a hybrid system based on stacking can be illus-
trated by the figure below, where four different prediction models independently
predict the sale prices for cars sold at auction at some point in the future. These
predictions, plus the original input data about the cars, are then fed into the neural
network model for final processing:

decision tree

fuzzy Zogic \

linear
regression

final
prediction

neural
network

decision
table

When implementing the stacking technique, there are several issues to consider.
These include:

e Selecting the most appropriate prediction methods.

e Dividing the training data set into subsets for the lower-level prediction models
and the main, higher-level prediction model.

e Performing cross-validation for the lower-level prediction models.
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In addition to stacking, another popular technique for combining different pre-
diction models is gating. In this method, a quick, upfront decision is made on
which individual is most appropriate to process the input data and produce the
final prediction. The major benefit of the gating technique is the speed of process-
ing, as only the selected model is used to process a given input and the remaining
models remain inactive.

The figure below shows a rule base that acts as a gate:

decision tree > ﬁl.lal_
prediction
fuzzy logic > ﬁl_lal.
/ prediction
rule base
\ linear q final
. Ll . .
regression prediction
decision . final
table prediction

Based on the rules in the rule base, a decision tree, fuzzy logic system, linear
regression model, or decision table is used to make the final prediction. Such se-
lective processing speeds up the total classification/prediction time, which is im-
portant in time-critical applications. Consider a credit card fraud detection system
that has to decide whether a transaction is fraudulent or not within a fraction of
a second. Since large banks have tens of thousands of almost simultaneous trans-
actions, the system has to produce a prediction almost instantly. In such situations,
a gating method would be very appropriate.

In practice, the performance of a hybrid system is usually superior to any single
technique that is used. Furthermore, the use of hybrid systems has become more
attractive with the advent of affordable multi-processor servers, as the prediction
models can be run in parallel using different processors. This would provide all
the benefits of a hybrid system (including improved prediction accuracy) at virtu-
ally no extra computation time (as all the prediction models would perform their
calculations in parallel).



10.2 Hybrid Systems for Optimization 183

10.2 Hybrid Systems for Optimization

For a moment, let us consider a problem that requires an optimal decision each
day. This problem could involve the daily scheduling of tasks, distribution of
assets, management of inventory, creation of transportation plans, etc. Note that
different instances of this problem have to be solved every day, as a transportation
plan for Monday might be very different from a transportation plan for Tuesday,
due to different demands, availability of trucks and drivers, weather conditions,
and so on.

The car distribution example is such a problem, as every day presents a new
challenge. On Monday, for example, most of the 3,000 off-lease cars might be
Ford Taurus models that are white, gray, and black because a large government
organization returned these cars at the end of its fleet lease. Moreover, most of
these cars were returned to two primary locations: Arlington, Virginia, and At-
lanta, Georgia. The following day, however, the set of 3,000 off-lease cars may
look very different, as many individual consumers may return different
makes/models to various locations across the country. For this reason, each daily
instance of the car distribution problem might different, because the distribution of
makes/models and their location might be different from one day to the next. On
top of this, the problem is set in a non-stationary environment, where things in the
marketplace may change on a daily basis (e. g., a car manufacturer might offer
regional incentives for certain makes/models, which will influence the wholesale
price of these makes/models in some regions of the country).

The question is: Which optimization technique should be used to provide the
best distribution of cars on a particular day? Is there any single technique that can
provide us with the best recommendation across all possible instances? Or, rather,
is one technique better for some instances, whereas another technique is better for
other instances?

To answer this question, let us consider the following experiment: Say we
have seven particular instances of the car distribution problem (i. e., we have seven
sets of approximately 3,000 off-lease cars over seven consecutive days). As-
sume also that we have at our disposal seven different optimization techniques
that were discussed in previous chapters. Each technique takes an input of 3,000
cars and produces the best possible distribution of these cars to the various auction
sites. We can then measure the performance of each technique for each parti-
cular day by evaluating the “net profit gain” for each recommended distribution.”

2 “Net profit gain” is calculated as difference in profit between the optimized solution and
the standard solution that is based on expert rules developed by business managers over
the years. Thus, if a technique provides a net profit gain of $100 on a particular day, it
means that the recommended solution provides an average gain of $100 per car with
respect to the standard solution (thus the total gain is of the order of 3,000 x $100 =
$300,000).
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Assume further that the following table summarizes the results of these seven dif-
ferent optimization techniques® over seven consecutive days:*

AS ES EP GA SA SI TS
Day 1 $99 $129 $131 $139 $102 $110 $122
Day 2 $97 $89 $103 $91 $95 $91 $92
Day 3 $119 $104 $97 $101 $108 $93 $105
Day 4 $112 $94 $104 $109 $113 $129 $120
Day 5 $120 $126 $116 $119 $109 $110 $101
Day 6 $90 $101 $98 $102 $96 $95 $108
Day 7 $96 $102 $106 $105 $113 $92 $101
Average $105 $106 $108 $109 $105 $103 $107

This table illustrates some very interesting points. First of all, it is obvious that
no single technique had the best performance every day. As discussed earlier, each
day is different and a different technique may provide the best solution for the
given instance of the problem. For example, on Day 1, genetic algorithms pro-
duced the highest net profit gain of $139 per car, while on Day 6 it was tabu
search with a net profit gain of $108 per car. Furthermore, if we had access to
a fortune-teller and knew that on average the genetic algorithm would perform the
best in the coming week, then we could use only that technique and achieve an
average gain of $109 per car (the last row of the table shows the average net profit
gain for each technique). However, by applying all the techniques in parallel,
a hybrid system for optimization would generate an average gain of almost $120
per car (the average of the best results over seven days), which is approximately
10% better than using the single best-performing technique! And in the case of
distributing 3,000 off-lease cars, this 10% extra improvement corresponds to an
additional gain of $33,000 per day ...

As with hybrid systems for prediction, we can run several optimization tech-
niques in parallel and then select the best result. Thus, different optimization tech-
niques can compete with one another and the best result is implemented. We can
also “enhance” this competition by controlling the execution time allowed for
each optimization technique, so that the technique with the best progress rate (i. e.,
improvement over the best solution found so far) gets more execution cycles.

3 The following abbreviations are used: AS, ant systems; ES, evolution strategies; EP, evolu-
tionary programming; GA, genetic algorithms; SA, simulated annealing; SI, swarm intelli-
gence; TS, tabu search. Note that genetic algorithms, evolution strategies, and evolutionary
programming are particular instances of evolutionary algorithms; see Footnote 38.

The results presented in this table are based on a real experiment. However, we have
changed the numbers slightly, as well as the order of presented algorithms. Note that
each of the seven algorithms is a winner on exactly one of the seven consecutive days.
This was done on purpose to: (1) point out the potential of hybrid systems, and (2) to
avoid an unproductive discussion on “which technique is really the best?”
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Hybrid systems for optimization also offer some additional possibilities. For
example, by introducing mechanisms for exchanging information, the different
optimization techniques can cooperate with one another to identify the best solu-
tion in the shortest possible time. Hence, the final gains are often much higher
than by simply running all the techniques in parallel or sequentially.

The above figure illustrates how two optimization algorithms could cooperate
with each other. The graph illustrates a quality measure score landscape (as dis-
cussed in Sect. 6.2) where the goal is to search for the highest peak (located in the
left side of the landscape). The thick arrow illustrates how one technique (e. g.,
simulated annealing) searches up the hill to the right. Meanwhile another tech-
nique (e. g., genetic algorithms) also searches for the highest peak to the left. If the
genetic algorithm finds a better solution in some other promising area of the
search space then the appropriate “information” is passed to the competing tech-
nique (i. e., simulated annealing), which may “jump” to the new area to continue
its search.

Of course, such information exchange can occur among any number of differ-
ent optimization techniques, and herein lies the fundamental strength of coopera-
tion: Due to this exchange of search information, more optimization techniques
can explore the most promising areas of the search space. Consequently, such
hybrid systems for optimization allow both competition and cooperation at the
same time: competition, in that each technique tries to be “the best” by finding the
best solution; and cooperation, in that all the techniques cooperate by exchanging
their search information. Such hybrid systems for optimization often outperform
any single optimization technique (especially when the set of problem instances is
quite diverse) and, if properly implemented, this guarantees that the hybrid system
never performs worse than any single technique.

Although the adaptability module (discussed in the next section) is responsible
for adapting the prediction module in an Adaptive Business Intelligence system,
the optimization module can also contain its own features of adaptability. Consider
the fact that most optimization techniques have several parameters. For example:
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e In genetic algorithms, the parameters include population size, probability of
operators (crossover and mutation), and selection and replacement pressures.

e In simulated annealing, the parameters include the size of the neighborhood and
the speed of the cooling scheme.

e In ant systems, the parameters include the number of ants, and the balance
between attractiveness and pheromone levels.

Typically, an optimization technique is selected for the problem at hand, and
then its parameters are tuned by experimenting with a variety of instances of the
same problem. The question is: How can we tune the parameters of the algorithm
to get the best performance across a wide gamut of various instances? One option
might be to adapt the parameter values during the optimization run (and not in
between runs). For instance, at some stages of the optimization process a small
population of solutions may perform better, whereas at some other stages a larger
population may do well. Thus, changing the population size parameter during the
run might be beneficial, as a better solution could be found in a shorter time.

How can we use parameters that change values over time? Well, the methods
for changing the parameter values can usually be classified into one of three cate-
gories:

e Deterministic parameter control uses deterministic rules to change the value of
a strategy parameter (i.e., a parameter that controls how the search is made).
This rule modifies the strategy parameter deterministically without using any
feedback from the search. A time-varying schedule is often used, where a rule
is applied when a set number of iterations have elapsed since the last time the
rule was activated.

e Adaptive parameter control uses feedback from the search to determine the
direction and/or magnitude of change in a strategy parameter value. In general,
new values are assigned on the basis of the current state of the search.

e Self-adaptive parameter control uses “evolution” to determine the values for
strategy parameters. The parameters are encoded into the data structure of the
individual solutions and undergo variation (mutation and crossover). The “bet-
ter” values of these encoded parameters lead to “better” solutions, which in turn
are more likely to survive and produce offspring solutions, and hence propagate
these “better” parameter values.

In summary, there are many ways to adapt the parameters of any single tech-
nique. In the case of using multiple techniques within the optimization module
(i. e., the hybrid system approach), some additional parameters may undergo adap-
tation during the run. These parameters include:

e Parameters for controlling the type of information that is exchanged between
the techniques. (For example: Should the optimization techniques exchange
complete solutions or only partial solutions?)

e Parameters for controlling the frequency of the information exchange.
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e Parameters for controlling the transmission of the information. (For example:
Should the information be transmitted “across the board” to all techniques, or to
only a few techniques? In the latter case, which ones?)

e Parameters for controlling how the information sent from one technique to
another is used. (For example: Should the existing solution be replaced or re-
combined with an existing solution?)

e Parameters for controlling the execution time allocated to each technique dur-
ing the run.

While all these issues can be parameterized and adapted during a run, most hy-
brid systems for optimization use both adaptive and static settings: Adaptive set-
tings for the technique parameters (e. g., population size, probability of operators)
and static settings for the hybrid system parameters (e. g., type and frequency of
information exchange, the way a new solution is transferred and used by another
optimization technique, run time, etc.).

10.3 Adaptability

New data are constantly entering the information systems of almost all organiza-
tions. In the car distribution example, these data would take the form of new cases
containing the sale price, make, model, body style, etc. for each car sold at auc-
tion. Note that the prediction module (consisting of one or more models) has al-
ready predicted the sale price for these cars, and now we are getting back the ac-
tual sale prices! These data will tell us the error rate of our prediction module,
and whether or not the underlying prediction model requires some adjustment.
Because it is inevitable that some adjustments will be required over time (after all,
the marketplace is constantly changing), we can do one of two things:

e Repeat the process of updating the prediction module at regular intervals. For
example, we might update the parameters of the underlying prediction model
(or models) every three to six months. However, the process of analyzing new
data and updating the parameters accordingly might be expensive, so there is an
incentive to repeat the process at longer intervals (e. g., once a year, instead of
every quarter). This approach often causes a problematic tradeoff, as shorter in-
tervals would be better from a prediction standpoint, but worse from a cost
standpoint.

e Develop an adaptability module that is responsible for updating the parameters
of the prediction model to fit new data. By automating this process, new data
can be fed in quite frequently (i. e., at the end of each business day). If a new
pattern emerges, an updated model can capture it almost immediately.
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Clearly, there are several powerful advantages of the latter approach (i.e., de-
veloping an adaptability module):

e There is no time delay connected with building and implementing new models
inside in the prediction module.

e The process is automatic.

e The frequency of updates can be much higher.

e There is a good chance of discovering a new, emerging pattern almost immedi-
ately.

Probably the most important consideration here is that the optimization module
relies on accurate predictions. Consequently, if the predictions are inaccurate, then
the optimization process may do more harm than good! For example, say the op-
timization module makes a recommendation of sending a car to an auction site
thousands of miles away (e. g., from New York to California) because the pre-
dicted profit on this car (after deducting transportation costs, depreciation, etc.) is
highest in California. However, if the actual sale price turns out to be considerably
less than the predicted price, then the total loss might be hundreds of dollars (be-
sides receiving a poor price for the car, additional costs were incurred for transpor-
tation and depreciation). Who is to blame? A poor prediction module ...

Given the importance of keeping the prediction module current, developing an
adaptability module that can automatically update the model’s parameters is
clearly the preferred approach. In the case of a prediction module that is based on
multiple prediction models, it is usually feasible to update both the parameters of
the individual models and the voting/averaging system. However, let us first dis-
cuss a prediction module that is based on a single model.

For example, in Sect. 5.2.1 we covered exponential smoothing methods (which
generalize the moving average method, where the mean of past k observations is
used as a prediction). Note that all exponential smoothing methods assign weights
to past observations in such a way that recent observations are given more weight
than older observations. They also require at least one parameter a, which plays an
important role. A prediction for the time interval #+1 is calculated as:

Prediction (t+1) = (a x Actual (t)) + ((1-a) x Prediction (t))

which simply means that the prediction for the next (future) case is calculated as
a total of two values: the last actual case (Acrual(t)) with weight a, and the last pre-
diction (Prediction(t)) with weight /—a. The performance of a prediction model
based on this method depends on the selection of the parameter a, as the prediction
would always be the last actual value if @ = 1. Because different values of @ may be
required at different times, it might be reasonable to develop an adaptability module
that would be responsible for adjusting this parameter. In other words, the adapta-
bility module would systematically change the values of parameter a from interval
to interval to allow for changes in the data. The fixed parameter a would be replaced
by a(t) and the adaptability module would assign a new value for a(z) at every inter-
val 7 (e. g., using a function that is based on the most recent prediction errors).

In this particular case, developing an adaptability module that systematically
changes the values of parameter a has the following benefits: (1) it is automatic,
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so the administrative overhead connected with frequent adjustments is reduced,
(2) even if the performance is slightly inferior to the “optimal” fixed value for
parameter « it reduces the risk of serious errors, and (3) there is no need to specify
the initial value of parameter a — even if it takes a few intervals for a() to catch up
with the changes in the data, it will eventually do so.

Let us consider another example that is based on a single prediction model, but
this time for a classification problem. The adaptability module could observe and
record the performance of the prediction model over time. As cases of incorrect
classification are determined, the adaptability module would store them (along
with the correct response) for eventual processing. Once a critical mass of incor-
rect classifications has been saved, the adaptability module would “clone” and
modify the prediction model so that it does a better job of handling these incor-
rectly classified cases. The adaptability module would then test the prediction
model offline to ensure that it provides an advantage over the existing model.
Once the adaptability module has adequately tested and verified the performance
of the new model, it would be deployed (effectively replacing the existing model).

Regardless of whether we use exponential smoothing or some other prediction
method (like fuzzy logic), we can develop an adaptability module that uses an
optimization technique to search for best parameter values. The objective of the
optimization technique would be to search for the parameter values that minimize
the prediction error. After making an update, the adaptability module can measure
the prediction error by comparing the predicted sale price of recently sold cars to
the actual sale price. If we get better predictions, then our update was good; other-
wise, the adaptability module should undo the changes.

For a prediction module that is based on a single prediction model, the devel-
opment of an adaptability module that changes the parameters of the model usu-
ally works well in most cases. However, it is important to point out that very large
changes in the marketplace might require an overhaul of the underlying prediction
model, as any tuning of the model would probably be insufficient. The need for
such massive adaptation often shows up in a sudden and significant increase in the
prediction error, which cannot be reduced by simply updating the parameters.
However, this is quite rare, as most changes are gradual. Furthermore, in practice
the adaptability module would have a threshold that defines what prediction error
is acceptable.’

In the case of a prediction module that is based on many models (i. e., a hybrid
system), the adaptability module could:

e Update each individual prediction model.
e Update the voting/averaging system.
e Update both the individual models and the voting/averaging system.

Adapting each individual prediction model typically involves updating its pa-
rameters, while keeping the overall structure unchanged. As an example, imagine
updating a neural network. As discussed in Chap. 8, a neural network consists of

> If the prediction error exceeds this threshold, then the adaptability module would indi-
cate that an overhaul of the prediction model is required.
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input nodes, hidden nodes, output nodes, and connection weights in between them.
In order to update a neural network, an adaptability module could simply add new
data to the training set and then update the weights, without changing the overall
structure of the network (i. e., without adding or removing any nodes). If consider-
able data are available in short time intervals and the Adaptive Business Intelli-
gence system operates in a dynamic environment, then the training data set is
often like a sliding window (e. g., we would discard the old data, and only use the
most recent data to update the neural network).

Another possibility is to update the voting/averaging system, while leaving the
individual prediction models unchanged. This is usually straightforward, as it
requires rewarding (i.e., increasing the weights) of the more accurate models,
while punishing (i. e., decreasing the weights) of the less accurate models. In other
words, we pay more attention to the models that produce the most accurate predic-
tions for the given period of time. For example, consider a hybrid system based on
the bagging technique, where each individual prediction model has a weight asso-
ciated with it (i. e., each prediction model is weighted more or less heavily). These
weights can be updated on the basis of new (recent) data, just like the weights of
a neural network with no hidden layer.

The third possibility is to update both the individual models and the vot-
ing/averaging system, i. e., update the whole hybrid system. Usually this is done in
two stages. Once the individual prediction models are updated, the weights that
the hybrid system has assigned to the various prediction models are then modified
on the basis of recent data. Of course, it is always possible to rebuild the entire
hybrid system, but this is beyond the scope of the adaptability module.

Clearly, many possibilities exist for developing an adaptability module for an
Adaptive Business Intelligence system. However, many decisions on the adapta-
bility (e. g., what and when to adapt) are problem specific, and can be determined
only after transactional data files are carefully examined.
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“We’re not jealous of you at Scotland Yard. No, sir, we are very proud
of you, and if you come down tomorrow, there’s not a man, from the
oldest inspector to the youngest constable, who wouldn’t be glad to
shake you by the hand.”

The Adventure of the Six Napoleons

“When you follow two separate chains of thought, Watson, you will
find some point of intersection which should approximate the truth.”
The Disappearance of Lady Frances Carfax

The car distribution example, introduced in Chap. 3, is a real business problem
that many leasing companies struggle with on a daily basis. To address this prob-
lem, the authors of this book designed and developed an Adaptive Business Intel-
ligence system for optimizing the distribution of off-lease cars. In this chapter we
discuss this system’s core functionality, and take a closer look at how it was inte-
grated into a particular company’s computing environment.

To begin our discussion, recall from Sect. 4.5 that the overall structure of an
Adaptive Business Intelligence system resembles the following diagram:

Graphical user interface

Optimization
Database module Reporting
Input Prediction Predicted
data module output
Recent Adaptability Recent
input module output
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This diagram illustrates that the graphical user interface (which is what the end-
user would see) is “in charge” of the remaining modules. The graphical user inter-
face is also responsible for input/output data handling, which typically means
either integrating or interfacing with existing data systems.’ The input data are
then processed via an internal database, and then passed on to the prediction and
optimization modules.

In the case of the Adaptive Business Intelligence system for distributing cars:

e The graphical user interface is the user-facing screen that controls the import
and export of data, as well as the functionality of other modules.

e The prediction module consists of several different models to generate the most
accurate price prediction for each car.

e The optimization module consists of several competing and cooperating tech-
niques that adapt during the optimization process (and possibly between opti-
mization runs) to find the best distribution of cars.

e The adaptability module uses the actual car sale prices to update the prediction
module, thereby keeping the entire system “in tune” with the time-changing
environment.

In the following sections of this chapter, we will take a closer look at each of
these components.

11.1 Overview

The Adaptive Business Intelligence system described in this chapter was designed
to run with minimal human supervision. Consequently, the system receives the
inventory of cars to be distributed from the company’s Inventory Management
System, generates a recommended distribution of cars, and then provides this solu-
tion to the Car Transportation System. The optimization process takes approxi-
mately 90 minutes, with additional time needed for loading all the required input
files.

S Integration refers to a direct-programmed access from one system to another, while inter-
facing refers to a data exchange via an agreed data structure between two separate systems.
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Each morning, the Adaptive Business Intelligence system automatically down-
loads the input files from the server and processes them. The input files contain
data about:

e The cars that need to be distributed that day.

e The current, up-to-date inventory levels of all cars already at auction.

e The cars that have been sold recently. This information is used by the adapta-
bility module to tune the prediction module.

The optimization process starts automatically once the input files have been
loaded. By the start of the business day, the process is complete and the recom-
mended distribution is ready for review. However, the final solution is imple-
mented only after a business manager checks the results and (possibly) makes
some small adjustments. Less than 1% of the cars from the recommended distribu-
tion are changed manually, and these changes are last-minute decisions based on
new information (e.g., an upcoming snowstorm has blocked some major high-
ways). The final output file is then sent to the system that manages the transporta-
tion of the cars to the auction sites.

Because this Adaptive Business Intelligence system was designed to run with
as little human intervention as possible, all of its functions can be executed auto-
matically. The user specifies when the loading of input files should start, whether
or not the optimization process should begin automatically, and if the generation
of output files should be done with or without human intervention. These features
allow the system to start processing files early in the morning, so that the recom-
mended distribution is ready at the start of the business day (which is important
for the efficiency of the overall business process).
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11.2 Graphical User Interface

One of the functions of the graphical user interface is to allow business managers
to “visualize” a particular distribution solution. In the sample screen below, there
is a map of the United States with icons for each distribution center and each auc-
tion site, and four performance graphs on the left-hand side of the screen. The
“car” icons represent distribution centers, where cars are collected, cleaned, and
conditioned for eventual sale at an auction site.” The “hammer” icons represent
auction sites, and the lines between the distribution centers and auction sites rep-
resent the volume of cars transported between these points (the thicker the line, the
more cars are transported):

Car Distribution System B@ﬁ
Fle Edt ‘iew Configuration Opbimizstion Service Reports Help
Fd BRI »OD

ion : Dictribut Coréig
Average Transportation Cost Distribution Map
$102

Average Volume Effect

$53

Average Sale Price

o

(‘_,\,,-*' $13,857
Average LIt
—
al $152
Optimization complated.

Only the largest leasing companies have such distribution centers. For leasing compa-
nies that do have them, an off-lease car is dropped off at a dealership, then shipped to
the closest distribution center for cleaning and conditioning, and then the Adaptive Busi-
ness Intelligence system ships the car to the best auction site. For leasing companies that
do not have them, the car is cleaned and conditioned at the dealership, and the Adaptive
Business Intelligence system ships the car to the best auction site directly from the deal-
ership.
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The four graphs on the left-hand side of the screen display the optimization ob-
jectives during the run:

e Average Transportation Cost. The system calculates the total transportation
cost, and the graph displays the average cost per car.

e Average Volume Effect. The system calculates the total amount of lost revenue
due to sending too many similar cars to the same auction sites, and the graph
displays the average value lost per car.

e Average Sale Price. The system calculates the expected sale price for all the
cars, and the graph displays the average value per car.

e Average (Net Sale Price) Lift. This corresponds to the average “profit im-
provement” per car. The system calculates this as the difference between the
predicted average net sale price (i.e., sale price after subtracting all auction
fees, transportation costs, etc.) for the optimized solution, and the predicted net
sale price for the standard solution (which is based on expert rules that were
developed by business managers over the years).

In the sample screen above, the average transportation cost per car (first graph)
has steadily decreased during the optimization run, while the average volume
effect per car (second graph) has increased. The Adaptive Business Intelligence
system has chosen a solution with a higher average volume effect, because it was
more than offset by a lower average transportation cost and higher average sale
price per car. This in turn has resulted in a higher average (net sale price) lift per
car (fourth graph).

Once the optimization process is complete, the Adaptive Business Intelligence
system generates an output file with the recommended distribution of cars. How-
ever, as mentioned earlier, sometimes a business manager modifies this distribu-
tion before the final output file is generated. To assist the business manager in this
task, the graphical user interface provides an easy way to find specific cars or to
select cars on the basis of distribution center location, make/model, year, color,
etc. Furthermore, it is easy to “undo” any changes, as the system “remembers” the
recommended distribution and can easily revert to it.

11.2.1 Constraint Handling

Another important function of the graphical user interface is to provide business
managers with the ability to modify, add, or delete various constraints (i. e., busi-
ness rules). Constraints that are applied to all the auction sites are regarded as
global constraints. An example of this is the “maximal transportation distance
constraint” (which limits the transportation distance of all cars), as shown in the
following configuration sample screen:
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There is also a large set of local, auction-specific constraints, such as:

e Mileage constraint, which defines the upper and lower mileage of cars that can
be shipped to specific auction sites. An example of this constraint would be:
“Only ship cars that have between 30,000 and 70,000 miles to auction site
ADESA Atlanta.”

e Model year constraint, which specifies a range of model years that can be sent
to specific auction sites. For example, we could specify that a particular auction
site only accepts cars built between 1997 and 2002.

e Make/model exclusion constraint, which specifies certain makes/models that
are to be excluded from specific auction sites.

e Color exclusion constraint, which specifies certain colors that are to be ex-
cluded from specific auction sites.

e [nventory constraint, which specifies a desired inventory level at each auction
site. For example, a business manager can specific an inventory level between
600 and 800 cars at a particular auction site at any particular time.
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The sample screen below shows the local constraints for the “ADESA Boston”
auction site:
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Each auction site may have a different set of constraints, expressing its own lo-
cal set of business rules. For the ADESA Boston auction, the constraints express
the following business rules:

e “Send only cars with 25,000 to 50,000 miles.”
e “Send only 2001, 2002, or 2003 year models.”
e “Do not send any Honda or Toyota Camry cars.”
[ )
[ )

“Do not send any yellow or black cars.”
“Keep the inventory between 300 and 400 cars.”
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We should be careful in specifying these business rules, because it is possible to
specify such a collection of rules (constraints) for which there is no feasible solu-
tion! As an example, imagine a yellow car arriving at a distribution center that has
only two auction sites within a 300-mile radius. Now, if a global constraint limits
the maximum transportation distance to 300 miles, and the local constraints for
these two auction sites are such that neither accepts yellow cars, then the Adaptive
Business Intelligence system has to violate at least one of these constraints to dis-
tribute this yellow car. This situation raises an interesting question, namely: How
does the system deal with a situation where a car cannot be sent to any auction site
without violating a constraint?

Except for the inventory constraint, all the constraints described above are
“hard” constraints. If the Adaptive Business Intelligence system has to break a hard
constraint, then it would send the car to the closest auction site and mark this rec-
ommendation as “violating a constraint.” The inventory constraint, on the other
hand, is a “soft” constraint. A penalty is assigned to solutions that violate a soft
constraint, making them less competitive than other solutions. However, a solution
that violates a soft constraint (and has a penalty) may be chosen over a solution that
does not violate any soft constraints if its overall quality measure score is higher.
For instance, let us assume that a specific auction site has a maximum inventory
constraint of 500 cars. The system may generate a solution where this auction
would accumulate an inventory of 510 cars. This solution would be penalized for
having an extra inventory of 10 cars, but the price difference and transportation
savings may overcome the cost of having 10 additional cars at this auction.

The penalty for violating a “soft” constraint grows exponentially for any auc-
tion site, and instances where the constraint is violated in a significant way are
extremely rare. However, if the Adaptive Business Intelligence system has to
process a very large number of cars on a single day, then the inventory constraint
might be violated at almost every auction site. In such cases, the exponential pen-
alty function would make these violations uniform. As an example, imagine a case
where all the auction sites have a maximum inventory constraint of 300 cars, but
the current number of cars to be distributed would inevitably increase the inven-
tory to an average of 400 cars per auction. Under such circumstances, we could
expect that the penalty for violating this “soft” constraint would be evenly distri-
buted across all auctions (so that they have the same degree of violation).

As discussed earlier, constraints allow business managers to express various
business rules (e. g., ““do not send any red cars to Florida”), and the configuration
screen serves as a communication link between a business manager and the Adap-
tive Business Intelligence system. Using the configuration screen, a business man-
ager can investigate various “what-if” scenarios, such as “what would be the distri-
bution of cars if I set the maximum transportation limit to 500 miles?”” Note also that
approximately 200 auction sites are present in the system, but only 50 of them are
“active.” A business manager can activate or deactivate any auction site, thus ex-
ploring various “what-if”” scenarios such as “what would be the implication (e. g., in
terms of the average lift) if the system uses 60 auction sites rather than 507

Different “what-if scenarios can also be investigated for different transportation
cost options available from different suppliers. The Adaptive Business Intelligence
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system calculates the transportation cost from any distribution center to any auc-
tion site for any number of cars, and there are two factors that influence this cost:
(1) the distance between a distribution center and an auction site, and (2) the num-
ber of cars being shipped. The sample screen below shows the transportation cost
functions for the ADESA Boston auction:
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In this sample screen, the transportation cost function is defined for shipping
cars to the ADESA Boston auction from five different locations.® The first two

The transportation cost may be defined in terms of how much it would cost to transport

a car (or group of cars) from a particular ZIP code, city, state, or region to the auction
site. Another way to define the transportation cost would be through the mileage (i.e.,
the distance from the distribution center to the auction site).
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locations are defined by the cities: Boston, MA and Somerville, MA. The third
location is defined by a region containing the states Georgia, South Carolina, and
North Carolina. And the fourth and fifth locations are defined by the states Florida
and Washington, respectively. According to the definitions given above, it would
cost $250 to send a truck to Boston, MA, plus an additional $25 for each car that
is picked up. If we wanted to pick up 6 cars, then the transportation cost would be
$400 ($250 + $25 x 6 = $400).”

Note also that row no. 9 in the sample screen above defines the transportation
cost between the ADESA Boston auction and the state of Washington. Because of
the long distance (approximately 3000 miles), it would cost $2,500 to send a truck
to Washington, plus an additional $60 for each car that is picked up. Although the
cost of shipping one car would be $2,560, the cost of shipping 14 cars would be
$3,340 ($2,500 + $60 x 14 = $3,340), or about $239 per car (which is 10 times
less!). As the following graph illustrates, the more cars transported from the same
location, the smaller the transportation cost per car (in this particular case, cars
that are transported from Boston, MA to the ADESA Boston auction):
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In this graph, the average transportation cost per car decreases from $275 for one
car to just $47 for 14 cars. The graph also illustrates that the average transportation
cost increases to about $62 when we need to transport 15 cars (because an addi-
tional truck is needed for the extra car). After the 15th car, the average transporta-
tion cost goes down again, with smaller spikes when additional trucks are needed.

° If we wanted to transport more than 6 cars, then the cost would be $400 for the first
6 cars ($250 plus $150 for 6 cars), plus $30 for each additional car. Hence, to transport
8 cars, the cost would be $400 for the first 6 cars, plus $60 for 2 additional cars, for a to-
tal of $460. Another price break occurs at the 11th car, and the incremental cost changes
to $35 per car.
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Besides the various transportation cost functions, the Adaptive Business Intelli-
gence system also uses the inventory levels for each auction site to calculate sev-
eral important parameters that are required for the optimization process. One of
these parameters is the volume effect, which is based on how many similar ma-
kes/models (or cars of the same color) are present at a specific auction site. An-
other important parameter is the anticipated sale date. If we have 1,200 cars at
a particular auction site (or in transit), and we know that about 500 are sold at each
weekly auction session, then we can assume that a car shipped today will be sold
in the third auction session. Therefore, we need to adjust the predicted sale price to
take into account the depreciation and seasonality effect for these three weeks.
Once the distribution solution has been approved, the auction inventory is updated
with the new cars that have been assigned to each auction. Lastly, the cars that
have been recently sold at these auction sites are removed from the inventory."

11.2.2 Reporting

The graphical user interface also provides a set of reports that can be used to ana-
lyze a particular solution, or the efficiency of the Adaptive Business Intelligence
system over some period of time. There are reports on the configuration settings,
distribution of cars with different groupings, and auction inventory prognoses. The
sample report below shows the distribution of cars grouped by auction site:

Car Distribution System EEE
B &
-
Car Distribution System - Recommended Solution
11 May 2005
No. Make  Model Trim  Year Disibutionlocation  Auction  Sales Price fppre Distance "W POTHON noypce 1ife
1 Ford F150 Base 2001 Augusta, ME ADESA Buffalo $9.452 %0 445 $180 §9.272 $113
2 Jesp  Grand Charckes Limited 2003 Albany, HY ADESA Buffale $17.786 $0 241 $123 §17.663 §225
3 Toyota Land Cruisar vE 2002 Annapolis, MD ADESA Buffalo 31682 0 300 $132 §31.509 §218
Total 3 $10.633 40 328 $152 410481 4218
4 Dodge Durango Base 2002 Boise, ID ADESA Seattle $15.548 $94 8% $68 §15.480 4§74
S Dodge Grand Caravan SE 2002 Belse, ID ADESA Seamle $10,02%5 $61 88 $68  §9.957 f48
& Ford  Expadition Eddie Baver 2003 Boise, ID ADESA Seattle $25.502 $154 es $68 §25.434 $122
7 Ford  Expadition Eddia Baver 2003 Boise. ID ADESA Saamle §24.958 $150 es 468 §24.730 119
8 Ford  Mustang 6T 2002 Boise, ID ADESA Seattle §16.351 99 aes %68 §16,293 478
9 Ford  Mustang Base 2001 Boise, ID ADESA Seatle  §11,082  $£7 385 $e2 11,015 §52
10 Honda Accord EX 1997 Boise, ID ADESA Seattle $5,334  $32 385 68 §5,266 §26
11 Honda Accord Lx 2003 Boise, ID ADESA Seawtle  $12,082  §73 385 468 $12,015 §58
12 Honda Accord EX 2002 Boize, ID ADESA Sesmtle  $12,054  §73 385 $68 $11,986 $§58
13 Jeep  Grand Cherokee Limited 2001 Boise, ID ADESA Seatle  $12,373  §75 385 $68 §12,305 §59
Tatal i 414,522 487 IBS $68 414454 460
14 Dodge Durango Base 2003 Saint Paul, MN ADESA St Louis 18,574 $0 478 $205 $18,359 $199
19 Dodge Durange Base 2003 Springfisld, IL ADESA St Lovis  §16,969 T 1092 $35 §1o.014 §07
16 Dodge Maen HIGHLINE 2002 Springfisld, IL ADESA 5t Lovis $7.437 $30 109 $35 §T.442 $22 »

The data about sold cars are also used to tune the prediction module (which is explained
later in this chapter).
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This sample screen shows all the cars that are to be distributed on the 11th of
May, 2005, specifying the distribution center, recommended auction site, pre-
dicted sale price, transportation cost, and other data.

The projected auction inventory report below shows the inventory at each auc-
tion, the number of cars being sent to each auction, the projected number of cars at
each auction, and whether or not the inventory constraints are violated:

-
Car Distribution System B@E
HE& &
Car Distribution System - Projected Auction Inventory
11 May 2005
No. Auction I tory Distrik d Projected Imhinn?m lm::::ry ?J::!i:(:(?:l/
1 ADESA Atlanta 261 33 294 200 300 o
2 ADESA Birmingham 254 7 261 is0 200 ]
3 ADESA Boston 390 7 397 300 400 o
4 ADESA Buffalo 39 3 102 100 150 (]
S ADESA Charlotte 120 13 139 100 200 o
& ADESA Cincinnati Dayton 123 8 131 100 200 o
7 ADESA Colorado Springs 297 1] 297 150 200 u]
8 ADESA Dallas 289 3 292 200 300 ]
9 ADESA Des Moines 103 1 104 100 150 o
10 ADESA Golden Gate 141 10 151 100 150 +1
11 ADESA Houston 213 0 213 150 300 o
12 ADESA Indianapolis 135 2 137 100 150 o
13 ADESA Jacksonville 120 3 199 200 200 -1
14 ADESA Kansas City 185 16 201 150 200 (]
15 ADESA Knoxville 204 2 206 150 200 o
16 ADESA Lansing 258 2 260 150 200 (]
17 ADESA Lexington 103 1 104 100 200 o
18 ADESA Little Rock 207 3 210 150 200 ]
19 ADESA Los Angeles 257 0 257 150 300 o
20 ADESA New Jersey 154 3 160 150 200 ]
21 ADESA Phosnix 154 10 164 150 200 o
22 ADESA Pittsburgh 156 0 156 150 300 (]
23 ADESA San Antonio 226 1 287 150 200 o
24 ADESA Seattls 224 10 234 150 300 (]
25 ADESA Shreveport 162 13 168 150 300 o
26 ADESA St Louis 182 3 188 100 200 ]
27 ADESA Tampa 214 5 219 150 200 o
28 ADESA Wisconsin 173 2 175 100 200 ]
_ Total 5,534 172 3,706

The graphical user interface is capable of generating many other reports, and
can be customized to provide business managers with the exact knowledge they
need.
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11.3 Prediction Module

Although many data sources report the auction sale prices of cars, each of these
sources has some inherent advantages and disadvantages. For instance, the Black
Book data provides “regional” sale prices, and each region usually contains sev-
eral states and more than a dozen auction sites. Consequently, the actual sale price
in certain states and auction sites is likely to differ from the average regional sale
price. As an example of this, consider a car rental company that periodically
dumps large numbers of rental cars at one specific auction site. Because of the
volume effect, the sale price for some cars at this auction would be substantially
different from the Black Book regional sale price.

Another important data source is the Manheim Market Report, as it tells us the
sale prices of all cars sold at the auction sites owned by Manheim. Although these
data are quite detailed (unlike the Black Book data), it would be quite difficult to
make accurate predictions using only these data. For example, imagine that we
want to sell a blue 2004 Toyota Camry with 23,000 miles at a specific auction site,
but the closest matches in the most recent Manheim Market Report are:

e A blue 2004 Toyota Camry with 30,000 miles that sold for $9,500.
e A white 2004 Toyota Camry with 22,000 miles that sold for $9,000.

It looks like blue Toyota Camry cars sell for a premium at this auction site, and
we should get more than $9,500 because our car has fewer miles. However, how
much more can we expect to get? Also, what if the blue Toyota that sold for
$9,500 had some fancy wheels that increased the price by $800, and the color
really had very little to do with the sale price?

In addition to these external data sources, the sales data collected by the leasing
company are also very important. Even though these data are usually quite sparse
(e. g., the historical records for some makes/models might be limited to only a few
cases), it can be analyzed to see if the sale prices of the company’s off-lease cars
deviate from the sale prices that are published by the external data sources. Such
deviations may happen if a leasing company handles many ex-rental cars, which
sell for substantially less than identical off-lease cars that were not used as rentals.
Also, some deviations can be more prominent at certain auction sites than others.

On their own, each of these sources is somewhat limited, but together they pro-
vide an excellent data set for building and training various prediction models.
During the data mining and model construction process, the goal is to identify the
most important variables that influence the price of the car. If we start with the
general data (such as the Black Book), we will discover that the most important
factors influencing the car price are model year, make, and model. Consequently,
the general data provide a convenient starting point, because it covers all the vari-
ables and regions. The auction-specific data (such as the Manheim Market Report)
are then ideal for tuning the various prediction models, and the company’s sales
data are useful for detecting price deviations for certain cars at certain auction
sites.
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The resulting prediction module used in this Adaptive Business Intelligence

system is based on decision trees (see Sect. 5.2.3), and generates sale price predic-
tions in the following sequence of steps:

1.

2.

Base price. The prediction module generates a predicted “base price” for a car
based on its make, model, body style, and year.

ZIP-based make/model adjustment. Some makes/models may sell for a pre-
mium or discount in certain regions, so the prediction module adjusts the base
price for specific makes/models in specific regions (e. g., Chevrolet Corvettes
might sell for a $300 premium in Florida and California, and a $600 discount in
Montana and Idaho).

. Car group/color adjustment. Some car groups/colors may sell for a premium or

discount irrespective of the region, so the prediction module adjusts the base
price for specific car groups and colors (e. g., yellow Chevrolet Corvettes might
sell for a $500 premium, while a green one sells for a $1,000 discount).

. Mileage adjustment. The prediction module adjusts the base price for mileage

and model-year-age. The “model-year-age” is the age of a car according to its
model year (i.e., when the 2005 Chevrolet Corvette became available in Au-
gust 2004, the model-year-age of the 2004 Chevrolet Corvette became 1).

. Depreciation adjustment. The prediction module adjusts the base price for daily

depreciation, which is calculated from the day a car was returned to the pre-
dicted sale day. The daily depreciation rate is higher in the summer months
preceding the introduction of new models. Consequently, the depreciation rate
starts increasing from June, reaches its highest value in August, and then de-
creases to lower than average values for October, November, and December.

. Seasonality adjustment. Some makes/models may sell for a premium or dis-

count in certain regions at different times of the year, so the prediction module
adjusts the base price for specific makes/models during certain seasons (e. g.,
convertible Chevrolet Corvettes may sell for a $1,800 discount in the northern
states during the wintertime).

. UVC adjustment. The Universal Car Code (UVC) component provides a more

detailed car specification than the VIN. In the cases where the UVC is avail-
able, the prediction module adjusts the base price for additional options (e. g.,
the UVC might reveal that a specific Chevrolet Corvette is equipped with an
upgraded suspension package).

As discussed in Sect. 5.2.3, there is no need to build a decision tree with every

variable present at some level and a single, numeric value at each terminal node.
Instead, the decision tree determines a car’s “base price” by its make, model, body
style, and year, and then a linear model makes the abovementioned adjustments to
the base price to come up with the final predicted sale price. Hence, to predict the
price of a 2005 (“year””) Toyota (“make”) Camry (“model”) 4-door sedan (“body
style”), the prediction module first finds the appropriate terminal node in the deci-
sion tree:
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Make
Toyota

Model

Camry

Body Style
4-door sedan
Year
2005

Sale price = Base price + ZIP-based make/model adjustment +
Car group/color adjustment +
Mileage adjustment + ...

and then the linear model makes the necessary adjustments. It is quite possible that
the base price is $18,500, but after making all adjustments the final predicted sale
price is only $17,250. Note that the values for the different adjustments (e. g.,
mileage adjustment) might be different at each terminal node.

For an average load of cars, the prediction module follows the above steps to
predict the final sale prices. However, if a company receives a large number of
cars within one or more categories on a particular day, then the predicted sale
prices are adjusted further to compensate for the volume effect. This additional
adjustment is based on four factors:

e [nventory. A large inventory at any particular auction site would negatively
affect the sale price of all cars sold at that particular auction.

e Group. Sending too many cars of the same group to a particular auction site
would negatively affect the sale price of all cars within that particular group.
For example, if we send an average number of 2002 Toyota Camry cars to an
auction site but an excessive number of 2002 Honda Accord cars, then we can
expect that the excess supply of Honda Accord cars would negatively affect the
sale price of Toyota Camry cars. An excessive number of 2001 or 2003 Honda
Accord cars would also negatively affect the sale price of 2002 Toyota Camry
cars, but the effect would be less than that of having too many 2002 Honda Ac-
cord cars.
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e Make/model. Sending too many cars of the same make/model to a particular
auction site would negatively affect the sale price of these cars. For example,
we would drive down the price of Chevrolet Corvettes by sending several
truckloads to an auction site that already has plenty of Chevrolet Corvettes in
inventory.

e Color. Sending too many cars of the same color (within a car group or
make/model category) to a particular auction site would negatively affect the
sale price of these cars. For example, sending an excessive amount of white
mid-size cars to a particular auction site would drive down the sale price of all
white mid-size cars, irrespective of make, model, or year.

The prediction module contains numerous parameters (different values for
various adjustments at different terminal nodes), which are automatically updated
by the adaptability module (discussed in Sect. 11.5) to capture changing trends in
the used car marketplace.

11.4 Optimization Module

As we discussed in Sect. 4.3, the optimization module generates a possible solu-
tion that serves as input data for the prediction module. This input data provide
a destination assignment (i.e., auction site) for each car, which the prediction
module uses to generate the predicted sale prices. The optimization module then
uses the sum of all the predicted sale prices (i.e., the output data) to gauge the
quality of the input data: The higher the sum of the predicted sale prices, the better
the distribution solution. Hence, there is a strong relationship between the predic-
tion and optimization modules.

In this Adaptive Business Intelligence system for distributing cars, the optimi-
zation module employs several different techniques (i.e., the hybrid system ap-
proach discussed in Sect. 10.2) that use different solution representations. For
instance, the evolutionary algorithms represent a solution based on indirect repre-
sentation and some preprocessing (see Sect. 6.1), where all the available auction
sites are sorted by distance from a particular car. In other words, auction 1 is the
closest (distance-wise), auction 2 is the second closest, and so forth. Hence, each
solution is represented by a vector of auction site indices (relative to a particular
car), and the length of the vector is equal to the number of cars to be distributed:

This vector represents a solution where the first car is shipped to the third clos-
est auction site (for this particular car), the second car is shipped to the fourth
closest auction site (for this particular car), the third car is shipped also to the
fourth closest auction site (note, however, that the second and third car are most



11.4 Optimization Module 207

likely shipped to different auction sites, as the fourth closest auction sites for the
second and third car need not be the same), and so on, with the last two cars being
shipped to the closest auction sites. In this particular implementation of evolution-
ary algorithms, the optimization module applies the elitist strategy, which forces
the best solution from one generation to the next, as well as various mutation and
crossover operators that were discovered after many experiments.

Furthermore, to make sure that only feasible solutions are generated (in terms
of hard constraints), the mutation operator in the evolutionary algorithm is limited
to using vector values that do not violate any constraints. For example, if the first
car can only be sent to five auction sites, then the value for this position in the
vector would be limited to those five auction sites. If the mutation operator de-
cides to change this position in the vector to a value outside of these five auction
sites, then the mutation will skip this position and leave its value unchanged. Such
simple rules guarantee that infeasible solutions will not be created from feasible
parents. As for the crossover operator, it cannot produce an infeasible solution
from a feasible parent solution, because if the vector values in both parent solu-
tions represent feasible auction sites for each car then the offspring solution will
also have feasible vector values. Of course, both the mutation and crossover op-
erators can create offspring solutions that violate an inventory constraint, but this
constraint is considered to be soft and can be addressed by using penalties.

As we discussed in Sect. 10.2, each day brings a different “instance” of the
same car distribution problem, as changes occur in the number and type of cars to
be distributed. For this reason, the optimization module is based on the hybrid
system approach, and the module itself contains a few features of adaptability. For
instance, because the effectiveness of the mutation and crossover operators used
within the evolutionary algorithm vary as the problem instance varies, the optimi-
zation module can adapt the execution frequency of these operators. To accom-
plish this, the optimization module records the outcome of each operator and
counts its “effectiveness” rate. The optimization module then increases the execu-
tion frequency of the more effective operators, and decreases the execution fre-
quency of the less effective ones. This approach provides the optimization module
with some adaptability to better handle different problem instances.

In any real-world implementation of an Adaptive Business Intelligence system,
while implementing the optimization module, we have also to consider two addi-
tional issues:

e “Run-time” performance.
e Finding a solution that is close to the global optimum, rather than an inferior
local optimum.

From a software point of view, the issue of run-time performance is related to
the fact that the various techniques inside the optimization module are exploring
a vast number of possible solutions to avoid being guided to a local optimum. In
light of this, a very common approach to increasing run-time performance is to pair
up a global optimization technique with a hill climber that takes over when there is
no longer any significant improvement in the quality measure score. Hence, the
evolutionary algorithm might generate 3,000 initial solutions that correspond to the
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total number of cars being processed on a particular day. These 3,000 individual
solutions are evaluated, the parents are selected, crossover and mutation operators
are applied, the next generation of solutions is created, and so on. This process is
repeated until the improvement in the quality measure score of the best solutions in
subsequent generations becomes stagnant, at which point the hill climber is applied
to find the best individual solution within the neighborhood of the best solutions
found thus far.

From a hardware point of view, a distributed computing environment can de-
crease the run-time of the optimization module. By spreading the different tech-
niques or evaluations over many processors, the optimization module can gain an
almost linear speedup of execution. Note that many population-based optimization
techniques (discussed in Chap. 6) are especially well suited for parallelization, as
each solution in the population can be assigned to a dedicated processor. Also, to
maximize the run-time performance of this type of implementation, the optimiza-
tion module can control the amount of run time allocated to each technique.

The second issue — that of finding a solution that is close to the global opti-
mum, rather than a local optimum — may arise if a large number of hard con-
straints are used. In such cases, the global optimum may be surrounded by a wall
of infeasible solutions, which may prevent an optimization technique from explor-
ing that area of the search space. The hybrid systems approach overcomes this
problem, because even though the evolutionary algorithm (in this particular im-
plementation) cannot process infeasible solutions, there are several other tech-
niques running in parallel that can. By sharing this information during the search
(i. e., cooperating), the evolutionary algorithm can “jump” over this wall of infea-
sible solutions if it gets information from another technique that higher-quality
solutions exist on the other side.

In summary, the optimization module used in this Adaptive Business Intelli-
gence system can produce a solution that is close to the global optimum in a rea-
sonable running time. By using certain features of adaptability, the optimization
module can also handle a wide variety of different instances of the car distribution
problem. Lastly, the usage of several optimization techniques together generates
a solution that is better than the result of any single technique.

11.5 Adaptability Module

Besides making regular (daily) recommendations on where to ship cars, the Adap-
tive Business Intelligence system also provides a detailed sale price prediction for
each car. These sale price predictions are recorded in the system’s database, along
with the actual sale prices when the cars are eventually sold at auction. These
actual sale prices constitute the recent output, and the auction sites, dates, and
detailed information about each car constitute the recent input. Thus, for each car,
the Adaptive Business Intelligence system can compare the predicted sale price
with the actual sale price. Such comparisons are very useful for detecting pricing
trends in the used car marketplace.
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For example, a new report that shows gray-colored cars to be involved in more
accidents than other colors in the Midwest (because gray cars “blur” with the road
during hot weather) may cause the price of used gray colors to fall in this region of
the United States. If this happened, the system would need to identify the trend,
and then adapt the parameters of the prediction module so that fewer gray cars are
shipped to the auction sites located in Midwest states. To accomplish this, the
adaptability module would take the recent output and input, and adapt the parame-
ters of the prediction module to decrease the prediction error. In other words, the
adaptability module would “update” the prediction module so it makes better
predictions in light of the changes that have occurred in the environment.

Recall from Sect. 11.3 that the prediction module generates a predicted base
price for each car, which is based on its make, model, body style, and year. The
prediction module then “adjusts” this base price to come up with the final pre-
dicted sale price for each car. Let us illustrate this process with an example: Say
the prediction module predicts that the base price for a 2005 Toyota Camry 4-door
sedan is $18,500. Because the system considers shipping this car to an auction site
in Florida, the following adjustments are made: ZIP-based make/model adjustment
($320 premium on this type of car), car group/color adjustment ($120 premium on
silver cars), mileage adjustment ($750 penalty for exceeding the average mileage),
depreciation adjustment ($280 penalty for depreciation, as the car will probably be
sold in 3 weeks' time), and so forth.

The adaptation is done on the basis of actual car prices obtained at the auction
sites and is done in two stages. First, the value of the base price is adapted. For
each make, model, body style, and year (i. e., for each branch leading to the termi-
nal node of the decision tree), the adaptability module determines a new value for
the base price. The applied technique is similar to exponential smoothing
(Sect. 5.2.1), as it assigns weights to past cases to distinguish between recent and
older cases. Hence, a prediction for the time 7+ is calculated as:"'

Base price (t+1) = (o x Recent (t)) + ((1—a) x Base price (t))

so the prediction for the next (future) case is calculated as a total of two values:
the recent cases (Recent (t)) with parameter a, and the last prediction of the base
price (Base price(t) with the weight /— a). Note that parameter a assigns the sig-
nificance of the recent cases in making the prediction. If a is close to I, then the
older cases would be ignored to a large extent. If a is close to 0, then the most
recent cases would be ignored to a large extent. This is important, as the value of
the parameter a depends on the number of cars sold in the appropriate category
(e. g., the number of 2004 Toyota Camry 4-door cars): the smaller the number of
sold cars, the smaller the value of a. The adaptability module updates the base
price every three months.

""" Note that recent cases provide us with sale prices, so additional transformations (based
on the current values of appropriate adjustments) are necessary to estimate their base
prices.
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The adaptability module updates the other adjustments in a similar way. For
example, to tune the value of the ZIP-based make/model adjustment (for a particu-
lar category of a car) in the linear model:

Sale price = Base price + ZIP-based make/model adjustment
+ Car group/color adjustment + Mileage adjustment + ...

the adaptability module compares the national sales records with ZIP-specific
sales records. To tune the car group/color adjustment, the adaptability module
compares national sales records of a particular car with the sales records of a spe-
cific color of the same car, and so on.

As with the updates to the base price, a new value of an adjustment is based on
its current value and the recent cases. For example

ZIP-based make/model adjustment (t+1) = (B x Recent (t))
+ ((1- B) x ZIP-based make/model adjustment (t))

so the prediction for the next (future) case is calculated as a total of two values:
the recent cases (Recent(t)) with parameter f, and the last prediction of the ZIP-
based make/model adjustment (ZIP-based make/model adjustment(t) with the
weight /— /). As for parameter a, parameter 5 assigns the significance of the re-
cent cases in making the prediction. Again, the value of parameter § depends on
the number of cars sold in a category: the smaller the number of cars sold, the
smaller the value of . The adaptability module updates each adjustment at differ-
ent intervals, which usually range from one to six months. Although the adaptabil-
ity module determines the values of parameters a, j, etc. on the basis of a lookup
table in this particular implementation, it is also possible for the adaptability mod-
ule to adapt these values.

As we indicated in Sect. 3.5, we might inadvertently trigger the “volume effect”
by sending too many similar cars to the same auction site. In such cases, the sale
price determined by the prediction module is adjusted further to compensate for
the volume effect. This additional adjustment is very different from the previous
ones, and is based on four factors: inventory, group, make/model, and color. Here
the prediction module has to take into account the distribution of all cars before
making any adjustments. Thus, the sale price of each car is adjusted further to
reflect the number of similar cars sold at each auction site. Recall the volume
effect illustration from Sect. 3.5:
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Volume Effect lllustration
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The shape of the curve in this figure is defined by the parameters p and g,
which define the decay rate of the price as a function of the number of cars sold.
These parameters are adjusted on a quarterly basis, which means that the shape of
the volume effect curve changes every three months. As with the other adjust-
ments, the updates for parameters p and g are based on their current values and the
recent cases.

In summary, this particular implementation of the adaptability module required
a significant effort in identifying and adapting all the relevant parameters. This is
not surprising, given that the functionality of the adaptability module depends on
the availability and the amount of new data, the frequency of their arrival, and
many other problem-specific details (e. g., the importance of mileage, color, and
volume effect in making adjustments).

11.6 Validation

The Adaptive Business Intelligence system discussed in this chapter was designed
and developed by the authors of this book to help leasing companies make near-
optimal decisions on the distribution of off-lease cars. As discussed earlier, the car
distribution problem is extremely complex and the system addresses the issues of
transportation, volume effect, price depreciation, inventory levels, risk factors, and
dynamic market changes.

When used in a high-volume production setting — where thousands of cars are
returned each day — the Adaptive Business Intelligence system can generate a net
profit lift of hundreds of millions of dollars per year. There are a few ways of
validating this lift. One way is to divide the daily load of cars into two equal sets
with an almost identical division of makes/models. One set would be distributed
using the “old” method, whereas the other set would be distributed using the
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Adaptive Business Intelligence system, and then the results can be compared when
all the cars are sold. Another way would be to use the old method on selected days
of the week (e. g., Mondays, Wednesdays, and Fridays) and the Adaptive Business
Intelligence system on the remaining days (e. g., Tuesdays and Thursdays). Again,
the results can be compared later, when all the cars are sold.

Another way to estimate the lift (in cases where a company may not want to use
two methods simultaneously) is to use the Adaptive Business Intelligence system
for one year and then compare the average sale prices with those of the previous
year (which were distributed using the old method). The comparison should use
a trusted pricing source as a benchmark. For example, if we have data about the
cars sold by a company in 2003 (before the implementation of an Adaptive Busi-
ness Intelligence system), we can select a set of cars that have the same mix of
makes/models, year, trim, etc. and compare the average sale price of these cars
with the average Black Book sale price. A chart depicting this comparison is pre-
sented below:

Soted) $9,724
$9.700 1 g9,587 $9,620
$9,600 -
$9,500 -
9,400 -
29 300 - $9,259 $9,291
$9,200 -
$9,100 -
$9,000
Black Book | Actual Sale | Black Book |Projected Sale| Actual Sale
Price Price (old Price (new
model) system)
2003 2004

In this example, the average Black Book sale price for a particular mix of
makes/models, year, trim, etc. in 2003 was $9,587 per car, and the company sold
these cars for an average of $9,620 per car, or 0.344% higher than the Black Book
sale price. The next step would be to compare the sale prices in 2004 (when the
Adaptive Business Intelligence system replaced the old method of distributing
cars) against the Black Book sale prices for that year. In this example, the average
Black Book sale price was $9,259 per car in 2004, and the average actual sale
price obtained by the system was $9,724. If the cars had been distributed using the
old method in 2004, then the company would have attained similar results to those
attained in the previous year (i.e., a 0.344% improvement over the Black Book
benchmark, or an average of $9,291 per car). We can attribute an increase in aver-
age sale price to the Adaptive Business Intelligence system of $9,724 minus
$9,291, or $433 per car.
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In Sect. 5.3, we covered the difficulties in validating various prediction models
on historic data. In particular, we discussed splitting the available data set into
a training set (for building a prediction model), validation set (for tuning the pa-
rameters of the model), and test set (for evaluating the performance of the model).
In this section, we discussed how the whole system could be validated using real-
time data. There is an enormous difference between these two validations, the
most important being that real-time data can only be processed once (e. g., if a car
is sold at auction X, we will never know what price the car would have fetched at
auction Y). Consequently, different validation techniques are necessary.



12 Applying Adaptive Business Intelligence

“I knew not what wild beast we were about to hunt down in the dark
jungle of criminal London, but I was well assured, from the bearing of
this master huntsman, that the adventure was a most grave one.”

The Adventure of the Empty House

“There’s money in this case, Watson, if there is nothing else.”
A Scandal in Bohemia

The car distribution example that we have used throughout this book has served
its purpose in underscoring the importance of Adaptive Business Intelligence.
Without a doubt, software systems that can make decisions and adapt to changes
in the marketplace are the future of the business intelligence industry! As dis-
cussed in Chap. 2, many real-world business problems have similar characteristics
to the car distribution problem: an enormous number of possible solutions, many
complex constraints, and a time-changing environment. Therefore, we will discuss
several other business problems in this chapter — ranging from production-line
optimization to fraud detection — and look at possible solutions from the viewpoint
of Adaptive Business Intelligence.

12.1 Marketing Campaigns

Many large corporations spend millions of dollars each year to advertise their
products and services on different television channels. However, rather than buy-
ing airtime directly from the media stations, most of these companies use special-
ized advertising firms to handle their marketing campaigns. These campaigns have
to achieve several objectives, the most important of which is to reach the target
market while complying with predefined business rules and limitations.'” Because
advertising firms first purchase airtime from media stations and then later allocate
this time to different brands (clients), they face a major optimization problem:
How to allocate the purchased airtime among the various brands? This optimiza-
tion task (of allocating purchased airtime among different brands) has two objec-
tives: The first is to maximize the number of target rating points for the primary
target, and the second is to maximize the audience reach.

12 Examples of such rules and limitations may include budget constraints, or restrictions on
the use of advertisements within certain time intervals.
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Before delving into this problem, let us first define what target rating points
and audience reach mean in the context of “reaching the target audience”:

e The rarget rating points is the percentage of the target audience that is watching
a specific program at a specific point in time. Let us say that the primary target
audience is “22- to 29-year-old males,” which consists of 607,500 people.'” If the
advertisement broadcast during Program A is viewed by 12,000 of these people,
then Program A receives 2 Target Rating Points (12,000 /607,500 = 2%).

e Audience reach is the percentage of the target audience that will see the adver-
tisement at least once. For example, if the advertisement is aired during Pro-
gram A twice, then the total number of target rating points will be 4. However,
it does not mean that the advertisement will be seen by 4% of the target audi-
ence, as it is very likely that some people will see the advertisement twice. If
the target audience is 607,500 people and Program A is watched by 12,000 of
these people, then 5,000 people might see the advertisement twice, 7,000 might
see the first broadcast but not the second, and the remaining 7,000 might miss
the first broadcast but catch the second. In this case, the percentage of the target
audience that will see the advertisement at least once is 3.13% (5,000 + 7,000 +
7,000 = 19,000 / 607,500), so the audience reach'* is 3.13.

The target rating points for each program are obtained by researching the popu-
larity of different programs among various consumer groups. The target rating
points are readily available for programs that aired in the past. However, because
the task of allocating airtime is performed before the programs are aired, it is nec-
essary to predict what their target rating points will be. This is the responsibility of
the prediction module of the Adaptive Business Intelligence system.

The prediction module needs to take into consideration all the factors that in-
fluence the target rating points for different programs. Seasonality is a significant
factor (among others), because the number of target rating points generated by
a program during Christmas week might be very different from the number of
points generated during a regular week in September. To identify the impact that
factors such as seasonality have on different programs, it is necessary to analyze
the available data (i. e., conduct some data mining activity). During this process,
the programs are classified into groups that have similar characteristics, and the
appropriate adjustments are calculated for each day of the year. Additional things
to consider during the data mining process include program trends (e. g., certain
programs steadily gain or lose popularity over time) and the calendar of events

The audience is the number of people that can see the advertisement. For example, if an
advertisement is aired on five paid channels, and those channels have 4,500,000 subscri-
bed households with an average of 2.7 people per household, then the audience is
12,150,000 people (4,500,000 x 2.7). If the target audience is ‘“22- to 29-year-old males”
and they constitute 5% of the total audience, then the size of the target audience is
= 607,500 people (12,150,000 x 5%).

Many marketing and advertising theories state that an advertisement needs to be viewed
by the target audience several times to be effective.
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(e. g., Super Bowl Sunday, election day). In such cases, the predicted target rating
points will require further adjustment.

Note that predicting the target rating points is a typical time series problem (see
Sect. 5.2.1). The problem might be expressed as follows:

Given v[1], v[2], ..., v[t], predict the value of v[t+1]

where v is the target rating points and ¢ is the time of the most recent market re-
search data. Note also that because other variables are available (e. g., calendar of
events) beside the target rating points from earlier time intervals, we are talking
about a composite forecasting model, which consists of past time series values,
past variables, and past errors.

As with the other applications of Adaptive Business Intelligence, an adaptabil-
ity module is required to make the system capable of learning and recognizing
new trends in the marketplace. This module is responsible for adapting the pa-
rameters of the prediction module. Each day brings a new set of program ratings
for recently aired shows, and these ratings need to be taken into account when
making future predictions. Thus, the adaptability module adjusts the appropriate
coefficients in the model to accommodate the new data, so that future predictions
are more accurate.

Before we turn our attention to the optimization process, note that each day
many programs are broadcast on a multitude of different channels. If there are
a few dozen brands to be advertised during different programs on different chan-
nels, then the number of possible advertising schedules can be extremely large.
A typical scenario might involve 5,000 time slots to be filled by advertisements of
50 brands (so each brand would require 100 advertisement slots on average). In
this case, there are more than 10°*° ways to allocate the 100 slots of just the first
brand! This number is already much larger than the estimated number of atoms in
the Universe, so for 50 brands the number of possible allocations is truly over-
whelming!

To find the best allocation of airtime for the different brands, the optimization
module takes into account the predicted target rating points for each program, as
well as various brand-specific constraints. The most important of these is the bud-
get constraint, which is the advertising campaign budget that should not be ex-
ceeded for each brand. Another important constraint is that some (competing)
brands should not be aired too closely (e. g., broadcasting an advertisement from
Coca Cola followed by one from Pepsi Cola on the same channel). Some compa-
nies might impose additional requirements that would become constraints for their
particular brands. For example, they might require that a portion of their adver-
tisement campaign be aired on certain weekdays and weekends, or during prime
time.

Before the optimization process can begin, the optimization module loads sev-
eral input data files, which are summarized in the following configuration screens.
The first configuration screen (presented in the sample screen below) provides
information on purchased slots:
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Marketing Campaign Optimizer

=Jokd

Eile Edit Wiew Optimization Service Reports Help

Optimization | Configuration |

] Configuration
= __| Programs
# Channel CBN

# Channel TNT
& Brands
@ Competing Brands

Channel PES - Programs

Day Time Slots Purchased Cost per 15 sec.
Tue, 7 Jun 2005 23:00-23:30 0 $10,100,00( A
Tue, 7 Jun 2005 23:30-00:00 1 200,00
Tue, 7 Jun 2005 00:00-00:30 1) 45,000, 00
Tue, 7 Jun 2005 00:30-01:00 1 3, 600,00
Tue, 7 Jun 2005 01:00-01:30 2 7,200,00
Tue, 7 Jun 2005 01:30-02:00 1 b6, 200,00
Tue, 7 Jun 2005 02:00-02:30 1 b6, 100,00
Tue, 7 Jun 2005 02:30-03:00 1 $4,700,00
Tue, 7 Jun 2005 03:00-03:30 1 $3,700,00
Tue, 7 Jun 2005 03:30-04:00 0 42,700,00
Tue, 7 Jun 2005 04:00-04:30 1 $1,500,00
Tue, 7 Jun 2005 04:30-05:00 1 2,000,00
Tue, 7 Jun 2005 05:00-05:30 0 b2, 100,00
Tue, 7 Jun 2005 05:30-06:00 1] b3, 000,00
Tue, 7 Jun 2005 06:00-06:30 1 5, 200,00
Tue, 7 Jun 2005 06:30-07:00 1 $6,800,00
Tue, 7 Jun 2005 07:00-07:30 1 $8,500,00
Tue, 7 Jun 2005 07:30-08;00 1 $9,600,00
‘Wed, 8 Jun 2005 08:00-08:30 1 $11,400,00
Wed, 8 Jun 2005 08:30-09:00 1 $12,500.00
Wed, 8 Jun 2005 09:00-09:30 1 $12,600,00
Wed, 8 Jun 2005 09:30-10:00 a0 $13,000,00
Wed, 8 Jun 2005 10:00-10:30 1 $8,500,00
Wed, 8 Jun 2005 10:30-11:00 1 $7,500,00
Wed, 8 Jun 2005 11:00-11:30 1 $6,800.00)
Wed, 8 Jun 2005 11:30-12:00 1 $8,200,00) v

Rating Points, Wed, & Jun 2005 08:30-09:00

Target Group Rating Points
Male 15-21 years 15a
Female 15-21 years 1.5] 7
Male 22-29 years 35
Female 22-29 years 3.7
Male 30-45 years 2.8
Female 30-45 years 2.9
Male 46-65 years 1.2
Female 46-65 years 1.2
Male 66+ years 0.9 ™

For each channel on the left-hand side of this screen, it is possible to define the
available programs and their corresponding target rating points. The screen dis-
plays the number of purchased slots and their cost for the PBS channel. The target
rating points are defined for each program and each target group. For example, the
program running on 8 June from 8:30 am to 9:00 am (highlighted) costs $12,500
per 15-second time slot, and fetches 1.5 target rating points for 15- to 21-year-old
males, 3.5 target rating points for 22- to 29-year-old males, and so on. These target
rating points for each target group are generated by the prediction module.

The second configuration screen (presented below) summarizes the information
related to different brands:
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Marketing Campaign Optimizer ~Jo&d
File Edit Wiew Optimization Service Reports Help
Optimization | Configuration
Configuration EBrand Configuration
r —I P;Dg;‘r:ml B Brand Advertisements Budget Primary Target
e Channel PBS Toyota |155ec. | 30sec, $141,000,00 Male 30-45 years :i
# Channel CTH Honda |15sec. | 30sec. $140,000.00 Male 22-29 years
@ cChannel TNT Mazda ‘1559c. $129,IIIJ.DD_FemdB 22-29 years
= Nissan [15sec. $128,000.00 Male 22-29 years
: Brands Audi 15sec, f 30sec, $139,000.00 Female 22-29 years
B 15sec. § 30sec, 147,000,00 Male 30-45 years
Ford 15sec, 131,000,00 Male 15-21 years
GM .15525' 128,UUJ.DDIMaIe 22-29 years
Chrysler |15sec. $133,000.00 Male 66+ years
Hyundai 15sec, § 30sec, $143,IIIJ.DD:Ma[e 15-21 years £
ATET :lssec. 1 30sec, $147,000.00 Female 66+ years
Sprint 15sec, $133,000.00 Male 22-29 years
Werizon 15sec. § 30sec, 142,000,00 Female 22-29 years
BellSouth 15sec, 131,000,00 Female 30-45 years
Coca-Cola 15sec, 125,000,00 Male 15-21 years
Pepsi-Cola 15sec, § 30sec, 137,000,00 Male 15-21 years
Damino 15sec. 126,000,00 Mals 22-29 years
Pizza Hut 15sec, § 30sec, 144,000,00 Mals 15-21 years
Mestle [15sec. $125,000.00 Female 15-21 years | w

The total budget, primary target group, and the length of airtime (15 seconds

only, 30 seconds only, or both) are defined for each brand. In this particular ex-
ample, Honda has a total budget of $140,000, uses both 15- and 30-second time
slots, and the primary target group is 22- to 29-year-old males.

Finally, we are ready to optimize. A solution to this marketing problem might
be represented as a multi-dimensional table where the first dimension represents
possible channels, the second dimension represents the available programs, and
the third dimension represents all the days of the month. Many different optimiza-
tion techniques can be applied to this problem (e.g., evolutionary algorithms,
simulated annealing, tabu search), and some of the problem-specific constraints
might be best dealt with by using a decoder (a sort-of repair algorithm, which
would “repair” the current solution to make it feasible). Furthermore, a hill clim-
ber can be used to improve the current solution by searching its neighborhood.

The sample screen below displays a possible solution:
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Marketing Campaign Optimizer Q@E

File Edit Wiew Optimization Service Reports Help

Optimization | Configuration

Optimization Results

| Channel CBN | Channel PBS | Channel CTN | Channel TNT |

Time 6/06/2005 7/06{2005 8/06/2005 9/06/2005 10/06/2005 | 11j06/2005 @ 12/06/2005
’ ’ =
e Honda Nissan Hyundai ATET ; .
19:00-19:30 Verizon GM Missan BMW Hyundai
19:30.20:00  Col0uth ety 8ellSouth ot M
Toyota Dioming Hyundai
" Coca-Cola ATET .
20:00-20:30 Missan Pizza Hut M BMW Sprink
20:30-21:00 Malt-0-Meal Bellsouth ;":“"‘ Verizon 3
Yy ey Pepsi-Cola Nissan
21:00-21:30 Mestle Malt-O-Meal Hyundai Pizza Hut
e Verizon . Chrysler . Doming .
21302200 oo s Pizza Hut Malt-O-Maal  [-TrYSler Coming Pepsi-Cola Coca-Cola
N . . BMW
22:00-22:30 Pepsi-Cola Pepsi-Cola  [verizon ATET fuac had

Assignment Details

Day | 10{06/2005 | Time 20:30-21:00  Time (sec.) 45 | Cost (per 15sec.) $12,500

Erand Advertised Time Main Target Rating Points
BellSouth 15 sec, Femals 30-45 years | 2.9 |
_Audi | 30 sec, _Femala 22-29 years | 3.7 ]

Target Rating Points Audience Reach Budget Violation Total Penalty

/,_,—o—'—" I
~
/. 20,134 ___/ 0.854 . 23.09 ", 36.799

In this sample screen, there are four tabs corresponding to the four different
channels (which represent the first dimension of the solution). The table in the
middle of the screen shows the allocation of airtime to the different brands, and
the rows and columns in this table represent the second and third dimensions of
the solution. In this particular example, it is recommended to broadcast BellSouth
and Audi advertisements on 10 June from 20:30 to 21:30. In total, 45 seconds of
advertisement time should be allocated for that time period at a cost of $12,500
per 15 seconds. The BellSouth advertisement has 2.9 target rating points for 30- to
45-year-old females, while the Audi advertisement has 3.7 target rating points for
22- to 29-year-old females.
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The four graphs in the lower part of the screen show the progress of the optimi-
zation objectives during the optimization run. The current value of each graph is
displayed in the corresponding window:

e The Target Rating Points window shows the total number of target rating
points accumulated for all brands. Maximizing this number is an important ob-
jective of the optimization module.

e The Audience Reach window shows what percentage of the target audience is
reached by the marketing campaign. As discussed earlier, this is another impor-
tant objective of the optimization process, and a value of 85.4% is achieved in
this particular example.

e The Budget Violation window shows if the current allocation exceeds the al-
lowed budget (and by how much, in thousands of dollars). Another objective of
the optimization module is to minimize this number, which the system can view
as a soft constraint.

e The Total Penalty window shows the “general level” of constraint violation.
This number includes the budget violation penalties plus penalties for violating
other brand-specific constraints.

These four graphs show the optimization module in action, allowing the busi-
ness manager to observe the progress made during the run (increases in target
rating points, increases in audience reach, etc.).

Using an Adaptive Business Intelligence system to optimize marketing cam-
paigns can result in better predictions and better allocations of television airtime.
Such benefits translate into a reduction in marketing spend, as the same objectives
can be achieved with a smaller budget. Companies that do not outsource their
marketing campaigns could also use Adaptive Business Intelligence to decide
what airtime to buy from what media stations, which is another (related) predic-
tion and optimization problem.

12.2 Manufacturing

The optimization of production lines is a very challenging manufacturing problem,
which involves elements of demand forecasting, scheduling of labor, and sequenc-
ing of production orders. Although the production process at many manufacturing
companies might be conceptually straightforward, it contains many details that
make scheduling quite complex. For example, an iron foundry that operates sev-
eral furnaces and production lines has to schedule many independent processes,
such as the preparation of cores and molds, pouring the molds, finishing the cast-
ings, and so forth. Furthermore, there are relationships between the “base-grades”
and metal grades, as well as transition times for changing the melting process (on
a furnace) from one iron base-grade to another. Because of these complexities, the
efficient coordination of the overall operation can be quite difficult.

Using the iron foundry as an example, many production constraints have to be
taken into account during the scheduling process. Some of these constraints repre-
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sent physical limitations (e. g., melting time, the capacity of each furnace), while
others may represent operational/business rules. The set of constraints and busi-
ness rules may include:

1. Production lines that only operate on particular days of the week (e. g., from
Monday morning to Thursday evening).

2. Products that may only be produced during the day or night shift.

3. Production deadlines that have to be satisfied."

4. Earliest “start date” for each order (e.g., cores and molds need to be prepared
before the order can be produced).

5. Products that cannot be produced in parallel (e. g., some products are very simi-
lar in appearance, which makes it difficult to separate them at the end of a pro-
duction run).

6. Production limits, such as furnace tons per hour, furnace min/max tons per
hour, molds per hour per production line, etc.

7. Some additional business rules can also include the avoidance of overproduc-
tion (for some orders it might be necessary to overproduce), the avoidance of
deviating from production-line recommendations for processing “heavy” jobs,
and so on.

In the application of Adaptive Business Intelligence to this problem, the predic-
tion module is responsible for accurately forecasting the production orders.
A prediction module based on several models of the same type (e. g., neural net-
works) can be used,'® with the final prediction being a weighted average of the
individual models. As with the other business problems we discussed, each day
brings a new set of data that needs to be taken into account for making future
predictions. Again, the adaptability module is responsible for adapting the parame-
ters (weights) of the prediction module.

While the prediction module works on forecasting new orders, the optimization
module is responsible for optimizing the interplay between the furnaces and pro-
duction lines. After all, this interplay represents the core scheduling issue. The
primary objective is to optimize — in terms of the utilization of furnaces and
throughput of production lines — the distribution of production orders over some
period of time. Because the furnaces and production lines work together in the
production process, the maximization of furnace utilization and production-line
throughput have to be considered jointly. Secondary objectives might include the
maximization of yield, or the minimization of labor costs, electricity costs, storage
costs, the fettling process, etc.

The approach for handling constraints can be based on decoders, which separate
between objectives and constraints. Using this approach, the optimization module
can use the constraints to “guide” the optimization process toward feasible solu-
tions of high quality. This constraint-handling approach also allows for easy and
“at will” modification of the constraints to fit the current situation. Furthermore, to

15" Although the production deadline is often viewed as the objective, this is in fact a con-
straint that should not be violated.
'® Tn other words, a bagging technique is used (as discussed in Sect. 10.1).
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generate valid scheduling solutions right from the start of the run, the optimization
module can use a combination of evolutionary algorithms and simulated annealing
(plus a decoder responsible for generating near-feasible solutions). Although the
scheduling solution will increase in quality as the optimization run progresses, a
business manager can stop the run at any given moment and use the best available
solution rather than wait to the end. This allows for very flexible usage and pro-
vides a business manager with ultimate control over the optimization process.
The sample screen below shows a scheduling solution for a particular week:

-

Production Line Optimizer M[grw
File Edit “iew Optimization Service Reports Help
plimi; i Configuration
Optimization Results
Schedule Optimization Results
| Mon | Tue . Sat X
Line 1 I N I .-
1 1 1} 1 1
Line 2 | L L] U/
Line 3 W1 : | ' ) L1 [
1 1 1 1
Line 4 ! . I_ . )
Line S I NN . . | .
Line & I . N —— [ |
I 1 I | 1 1 I
Line 1 |Line2 | Line 3| Line 4 | Line S | Line 6.
Mo. Start Time Caompany Part Na IMetal Parts
1 Mon 06:00  'Steel Products, Inc. 7 1001 1,569
2 Mon12:00  Business Air Jets, Inc. 14 | 1003 38
3 Man 16:00 Railway Parts Inc. 16 1009 1,869
4 Man 22:00 Steel Frames, Inc. 12 1009 186§
S Tue 04:00 Truck Parts Inc, 8 1006 2,481
& Tue 10:00 Business Air Jats, Inc. 11 | 1004 212
7 Tue 18:00 Household Products, Inc. 15 1003 360
8 ‘Wed 04:00 :Railway Parts Inc. 7 1006 3,138}
9] wed16:00  Raiway Parts Inc. 13 1007 132)
10 ‘Wed 20:00 Steel Products, Inc. i7 1005 1,868'
11 Thu 00:00 Truck Parts Inc. 8 1003 2?9'
12 Thu 06:00 Truck Parts Inc. 17 | 100z 1,868
13 Thu 10:00 Household Praducts, Inc. 8 | 1006 4,962
14 Thu 22:00 Steel Products, Inc. 18 | 1002 735
15 Fri 04:00 Truck Parts Inc. 10 1006 3,138
16 Fri 16:00 {Raihvav Parts Inc. S | 1002 465
17 Sat 02:00 [Eusiness Air Jets, Inc. 1 1004 1,404
18 Sat 14:00 :Railway Parts Inc. 1 1004 F02!
19 Sat 20:00 iSteel Frames, Inc. 13 1007 132
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Each bar represents a production order, and in the lower part of the screen we
can view the details of each order. Separate screens illustrate the different furnaces
and iron base-grades. Obviously, each base-grade is aligned with the production
orders that require that base-grade (to produce a particular product).

Although there are many advantages of this graphical user interface, the most
important is that it allows a business manager to carry out numerous “what-if”
scenarios, including:

e Examining the effect of moving a production order forward or backward in
time, or from one production line to another.

e Splitting a production order into smaller pieces and examining the effect of
such a modification.

e Examining the effect of constraining certain orders so they cannot run in parallel.

e Visually examining what effect changes to the production calendar, furnaces,
and production lines would have.

The final output of the Adaptive Business Intelligence system is an ordered list
of production orders to be processed each day on each production line. The sched-
ule may contain both confirmed and forecasted orders, as determined by the pre-
diction module, scheduled in such a way that they maximize the utilization and
throughput of the production lines. Some additional reports can be used to display
various utilization ratios, throughputs, and other key performance indicators in
graphical and/or numerical form. Such reporting would allow a business manager
to evaluate the performance of the production schedules.

12.3 Investment Strategies

Most fund managers who oversee large pools of money (such as pension funds,
mutual funds, hedge funds, etc.) use a stock ranking system based on fundamental
analysis to decide what to buy. They execute their orders over a two- to three-day
period, depending on the size of the order and the liquidity of the stock. Although
the overall objective is to maximize profit, there are usually many business rules
that must be taken into account when making buy/sell decisions. In addition to
various risk factors that have to be considered, there are also maximum and mini-
mum limits to the amount that can be invested in any one sector or country, the
turnover for any particular period, etc.

In this setting, an Adaptive Business Intelligence system could provide a com-
plementary technical trading rule component to the fundamental analysis, thereby
helping to determine whether there are technical “trade signals” for buying or sell-
ing specific stocks. As with the other Adaptive Business Intelligence systems dis-
cussed in this chapter, the general goal is to develop a dynamic and adaptive system
that can consider changing market conditions (rather than just a static environment).
Thus, in this particular problem, the system must continuously adapt the short- to
mid-term trading rules to changes in the market.
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Using past stock market data, a prediction module based on fuzzy trading rules
can be used. For each linguistic variable (e. g., price change, volume change, single
moving average buy signal, single moving average sell signal, plus many additional
trend, volume, and momentum indicators) we can define seven fuzzy logic mem-
bership functions: Extremely Low, Very Low, Low, Medium, High, Very High, and
Extremely High. The prediction module automatically calculates these membership
functions, which are adaptive in the sense that each membership function covers the
same number of input data (thus the shape of each membership function changes
slightly at the arrival of new data).

The fuzzy rule base consists of a variable number of trading rules, which are
optimized by the optimization module. For example, one of the initial solutions
(i. e., a rule base, which is a member of the initial population of solutions) might
be:

o If Single Moving Average Buy Signal is Extremely Low, then rating = 0.7.

e If Volume Change is Medium and Single Moving Average Buy Signal is Ex-
tremely Low, then rating = 0.9.

e If Price Change is High and Volume Change is Very High, then rating = 0.4.

e If Price Change is High and Single Moving Average Buy Signal is Very Low,
then rating = 0.6.

e If Price Change is Extremely High and Volume Change is Very High, then
rating = 0.3.

e If Price Change is Medium and Volume Change is Extremely High and Single
Moving Average Buy Signal is Medium and Single Moving Average Buy Signal
is Medium, then rating = 0.5.

A population of such rule bases'’ undergoes an evolutionary process (as dis-
cussed in Chap. 6). During each generation, all the solutions (rule bases) are eva-
luated on the basis of some historical time window (e. g., the last 3 years). In the
search for optimal trading rules, various evaluation functions are used (such as
excess return or risk-adjusted return), whereas transaction costs and market impact
serve as constraints. Once each rule base is evaluated, the standard steps of the
evolutionary algorithm are executed (e. g., crossover, mutation). After some num-
ber of generations, the best rule base in the population might be:

e If Volume Change is Medium and Single Moving Average Buy Signal is Ex-
tremely Low, then rating = 0.9.

If Single Moving Average Buy Signal is Extremely Low, then rating = 0.6.

If Price Change is High, then rating = 0.2.

If Price Change is High and Volume Change is High, then rating = 0.4.

If Single Moving Average Buy Signal is Low and Single Moving Average Buy
Signal is Medium, then rating = 0.3.

o If Volume Change is High, then rating = 0.3.

Note that each rule base may have a different number of rules, and each individual rule
may have a different number of conditions.
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The resulting rule base is then used by the prediction module to create a technical
ranking, which is the final output of the system. Each end of the technical ranking
list represents the stocks with the strongest buy and sell signals, and this list can be
used in conjunction with fundamental analysis to make buy/sell decisions. To gen-
erate a ranking from the rule base, the stocks are rated according to the rules of the
best rule base. Note that each individual rule assigns a rating for all the stocks that
satisfy the “if” part of the rule. For example, the rule

If Price Change is High, then rating = 0.2.

would assign a rating of 0.2 to all stocks for which Price Change is High. The
defuzzifier (see Sect. 7.4) then assigns the final rating to each stock by creating
a weighted average of all the recommended ratings for each stock (the weights
correspond to the “degree” to which the “if” part of the rule is satisfied), divided
by the total of all weights. Finally, these rating numbers are used to create a tech-
nical ranking of all the stocks.

For this particular problem, the optimization module is responsible for evolving
the “optimal” set of technical trading rules (i. e., rule base). One way of speeding up
the optimization process is to initialize the population with some classic trading
rules, which might be based on time series forecasting, price/volume momentum,
etc. Although the actual trading rules that are evolved would be very different, these
initial rules allow the optimization module to begin with “something” (i. e., a set of
previously tested rules) rather than “nothing” (i. e., completely in the dark).

Lastly, the adaptability module is responsible for taking into account new in-
formation and continuously re-evaluating the rules. The time-window of informa-
tion is actively managed so that outdated information is discarded and critical
information is retained (new regimes are registered, yet repeated past regimes are
also recognized). The adaptability module might also be extended with the ability
to generate and test new market indicators to see what kind of impact they would
have on the existing trading rules. These indicators can be introduced into the rule
bases during the optimization process.

The outcome of the combined fundamental analysis and the technical buy/sell
recommendations made by the Adaptive Business Intelligence system are reported
in a series of profit/loss screens. For example, the sample screen below shows the
profit/loss result for a particular time period:



12.3 Investment Strategies 227

Investment Optimizer M= %)
Ele ot Yew Cptmiatin Hep
S Rid rO0»
| ek || Graphs | Ingut Dt
Reemesining Eudget $57,318.50 Portfoko Amourt $666,907,734.54  Total Amount. 666,965, 053,04

Fuesults per Stock | Resuls by Date

Trwvastant Cptimization Resuks by Date

Mo Cate Pasid for Remairing | Portfolo Totsl Sell Bury Open “Shod* Close “Short™ Feshized Compound
Forticko Bucot Wlue Amourt Asngunt Asrourt Fostion Amourt | Postion Amount Proft FReskzed Froft
145| 12/03/2000| $353,383,742) $99) 585,009,369 583,035,487) 420,587,869 420,608,312 458,633,256 $65,865,112 45,400,545 4253,333,841 A

459 $573,246,903) 570,246,962 $20,012,737| $2LE7S514) 450,300,718 456,970,522 $8,056,995| 8261, 440,535
27 §563,546,907| §553,596,435] $15,816,272) $17,365,959  §56,356,805 459,777,564 $4,132,500) $265,573,339)
$34] §606,126,042) $606,126,076| $21,261,513) 420,122,527)  $60,375,521) 457,496,005  §11,103,763 $276,677,102
$24] $595,514,445 599,514,469 $20,912,009) $23,159,060]  $59.962,101  $58,127,711  $14,729,651 $291,406,753
§575,271,733 $16,426,291| 420,524,962 57,533,991 457,863,425 $382,571|  $262,289,763
430 $606,062,891) $606,062,904 $22,216,212) $22,099,200)  §60,562,116)  §57,410,9%  §14,090,622

146 SI4/2000| $361,440,777
147] 7[06[2001| $34€,573,311
148 4f06/20010| $376,677,068

149 2/07(2001| $791,406,765
150] 30/07/2001| $392,259,735|

151] 27/08/2001|_ $406,373,352 ! | i | $306,373,396)
162 24[05(2001|_$415,883,067 28 §544,271,085) 544,270, 118] $15,545,108] 430,443,858  §54435,042 451,763,370 13,285,700 415,563,086
$51,303,485 461,143,677 44500500 315,141,112

153 ZZf10/2001| $406,057,669) $9,073,423
154 191112001 $424,237,578) 5

$23| $675,652,195) $675,652,218
$391,265] §TI6,673,211 §717,064,476

$54, 666, 332 $65, 930,204 $324,237,613,

434,346,066
$331,510,279)
5| $19,424,445  §57,555,008 473,079,798 | %325, 960,556,
24,299,400 | 68,050,506 $340,190,514|
$72,308,252  $14,733,067|  $354,924,001
425,022,131 474,133,773 $13,098,567_$368,022,567
28,245, 188 §65,980,178 $15,392,208  $353,414,773 =

162

Transaction Detals - 17]12/2001

Mo Transaction  Transaclion Stock Compny Compourd Shares Prica Porticko
Date Type Code Narne: Shares Price Amcunt Praft Proft | inPotfoo | perShare  Amourt
1| 17/12/2000) SHORT_CLOSE 065445 TELEWEST €O... 645,879 $0.63 $118,067 $0.62/4655,667,074
2| 1712/2001) SHORT_CLOSE eSO A $2.40 $119,915 $2.35(8659,667,074
3 17/12/2001| SHORT_CLOSE 89711 TTFL- TV FRAN... | 15,351 ] $2.64 $203,378| $28.50/3659,667,074)
I [ | 4205, 120 $38.34/§655,667,074|

$32.70/365%,667,074

ieleelele sl clae

5
5 17/12/2001| SHORT ¢ $16.45(3685,567,074.
7| 17/12/2001 SHORT_CLOSE [SAT970 TIETCENATOR ... $30.00/8655,557,074
8 17/12/2001 SHORT_CLOSE | TEcATEA | | $10.75/$655,667,074
3| 171212001 SHORT_CLOSE BOIMAT TITAN CEMENT.. $19.29(86559,667,074
[ S [=3 L] oy
[Optimization completed.

In this report, the columns of the table display the:

Remaining budget: The cash not used for buying stocks.

Total amount: The total of the Portfolio Value and Remaining Budget.

Sell/buy: The amount sold or bought on a particular date.

Open “short” position: The amount used to open a short position.

Close “short” position: The profit or loss realized on the closing of a short

position.

e Realized profit: The total net profit realized on a particular day (including
transaction costs).

e Compounded realized profit: The cumulative net profit since the inception of

the fund.

The Transaction Details table on the lower part of the screen shows what was
sold/bought/shorted on the selected date (highlighted on the upper part of the
screen).

Several additional reports, such as the following sample screen, are used to
summarize the profit and loss result for particular stocks:
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| Investment Dptimizer EE
Els Edt Yew Optimzation Help
= R:a »roepr
Fesuts | Graphs | Ingat Data
Femaining Budget §57,318.50 Portfolo Amount $£65,907,734 54 Total Amcurt $656,965,053.04
Resuls per Stock | Results by Date
Trviestraart Cptirization Resuks per Stock
Sock Country Sector MNumberof  Friceper  Tolaishare  Proft from | Profl from Porticka
o Comparry Norms o Courtry Name Code Sachor Name shares sharn comt selrg g on Total Proft
76006734 [BAA | 20unked ngdom | 20/Industrials o 4545 $0| 37,509 5,515 0 415990 A
TTOPEIT  BAE SYSTEMS 20 United Kingdom 20[Trchustriais [ 1343 0] 126,736 0 ¥5, 74
THO0R616  BALFOUR BEATTY 20 Linited Kingdom 20[Trcustris [ $3.40 0 w7, 78 0
FIST2ITS  PANCO BP1 SA 42 Portugsl 40 Financisis 0| $3.73 $0) $9 0
BOAI6IZ9  BANG & OLFSENE | S Dermark. | 35 Cansumer Dtse...| 0 $611.00] 0] | o
BLIMEE  PARCLATS | 20 Linkted Eirgdom | 40jFrancia | 6 §547 0| )
B2AT0409  BARCO | 3 Beigum | 45 [rfcemation Tec... | 0§08 0| 0 §2,401 0 §3, %01
BI470000 BARCCNET Y | 3 Beigum | s{mkoemation Tec... | o 9| $0| §RE0 W $REN
B4008118 BARRATTCEVEL | ZUnited Kingdem | 25 Consumer Dsare .| o ez $0|  $828,212 510764 $0 $720,567
BS50RG5T  BASF AG | 8 Germany | 15 Maerisls o 323 0| 82,685,523 -4rm 0 $2,610,219
B650GAZ1 BAYER AG & Germany 15 Materisls o $3470 0| 96,706,581 $21,219 046,728,200
8743541 [BAYER HIPO-VEREINS & Germany. | s0Fnencs | o 253 0| 462595 4a3,185 0| 4545780
BE00E774 EBA GROUP 20 Urited tirgdees 20{Idustriais o 4315 $0| 4523048 4 $0  $493,542
G9462173 BRAG DT BRALEET | ZRustria | S0/ Cansumes Stagies | o | 3] N W
SOSE0I90  BENAJEILE-VIZ-ARG) | 175080 [ 40Fnncias o §1477] 0| E I = #5514
174081 [BCA ANTONVENETA | [ [ 40Fnancs o #2623 39| | $ deaam
52407963 _BOA FIDELRAM SPA_| 10 Traly [ s0Fnancs o 445 30| $14,575 I
G3407EAT  BCA INTESA 10 Tealy 0 Francisis [} $4.16 0 0,270 ® $23,972
aarmias e n niTEes . W rrinie T o - " 8
Trarmaction Detes - 432541 BAVER HYPO-VEREINS
o Transaction Trargacton Transacton Transaction Transsction Trargscton e Price Portfolo
Date Ty Shares Price Bancurt Froft Profl per Share Arourt
1 U0 BUY 26,580 $15.00| $403,212| $0 $14.53) $401,206
z ZEME[1950| BuUY 7,000 $14.05( $58,424| 0 $13.99| $4r.002) |
3 205190 BUY 10,500 $14.74| $154,741 $0 $14.56) $650,784
4 w0 BN 11,626 $13.53| $160,845 0 $13.77) $770,954
5 LBDE/1970) By 15,349 $14.74] $226, 202 1 $14.66] $1,046,343
& L305/1990] By 17,21 1455 $256,474| 0 $14.78| 41,309,547
7 LO03/1950| By 14,447 $14.21] $2us, 305 10 a4 1457473
8 &J10/1550) By 23,203 $13.08] §303,547) $0 $13.02] 41,643,861
9 By A $11.57] §428,357) $0 $11.51 41,930,729
10 Y 4,402 $14.23 $343,007 | $0 $14.22| $2,650,842
k=

In this screen, the upper part of the table contains information about each stock,
such as the country, sector, number of shares owned, price paid per share, amount
bought or sold, and total profit. The lower part of the table shows the detailed
transaction history for the highlighted stock in the upper part of the table.

In summary, it is important to highlight that such an Adaptive Business Intelli-
gence system is not based on a fixed set of technical trading rules. Rather, the
adaptability module updates these rules as new information becomes available. As
mentioned earlier, the output of the Adaptive Business Intelligence system is
a technical ranking of stocks, with each end of the list representing the stocks with
the strongest buy and sell signals. When used in conjunction with fundamental
analysis, such an investment optimization system could provide fund managers
with an edge in performance.

12.4 Emergency Response Services

The emergency response service in any major city has a number of ambulance and
police cars that respond to calls. The problem faced by these organizations is “where
should these cars be located so that the response time is minimized?” The ambu-
lances usually stay and wait for a call, while police cars patrol some predefined zone.
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An Adaptive Business Intelligence system can be applied to this problem, as predic-
tion, optimization, and adaptability are all required components.
The prediction module for this problem is based on three sets of historical data:

1. The frequencies and types of emergencies and their locations.
2. The calendar (weekdays, weekends, national and local holidays, etc.).
3. Weather conditions.

By analyzing these data sets for a specific city, we might discover that more
emergencies occur on weekdays than weekends, or that more cases occur in resi-
dential areas during the weekends. Also, by taking into account weather condi-
tions, we might also discover that more traffic accidents occur during periods of
rain, snow, and ice. This knowledge is used to develop a prediction module cap-
able of identifying the places (and frequencies) where emergencies are most likely
to occur.

To make the prediction task easier, we can divide the city into a number of
zones, with the size and the shape of each zone depending on the geographical
topology and some constraints. One constraint, for instance, might be that the
travel time between any two internal points of a zone cannot exceed 15 minutes.
Thus, the zones would be smaller in urban areas and larger in rural areas (espe-
cially in the presence of highways intersecting the zones). It is also possible to
have different zones for different days of the week, time of the day (e. g., during
peak hours), and weather conditions.

For this type of problem, the prediction module can be based on two models:

1. The first model is responsible for predicting the total number of emergencies
during any block of time.

2. The second model is responsible for predicting the distribution of these emer-
gencies across the different zones.

For example, a prediction model based on artificial neural networks could esti-
mate the total number of emergencies (together with their type) for Friday morn-
ing between 6 am and noon on a rainy day, and a second model based on expert
rules could predict where these emergencies will occur (i.e., in which zone). By
combining the weighted “recommendations” of the individual rules in the second
model (which are normalized to match the average number of emergencies pre-
dicted by the neural network model), the rule base would act as a voting system.
The final output of the prediction module is the predicted number of emergencies
in each zone during a six-hour block.

Note, however, that whatever the output of the prediction module, we must
usually satisfy a “maximum response time” constraint: For example, the distribu-
tion of emergency response cars should be such that any accident can be reached
within 15 minutes. Also note that each day brings a new set of cases, and some
rules may gain or lose accuracy over time. Consequently, the adaptability module
must accommodate the new data by adjusting the weights of the individual rules.

The optimization module for this problem is responsible for recommending the
best locations for the emergency response cars. This recommendation is made on
the basis of the number of available cars, their current positions, and the output of



230 12 Applying Adaptive Business Intelligence

the prediction module (i. e., the number and distribution of the predicted emergen-
cies). We could use a vector of integers for the solution representation, with each
integer representing a zone for a specific car (i. e., the first number represents the
zone for the first car, the second number represents the zone for the second car,
and so forth). As an example, the vector:

32 14 9 91 57

represents a solution where the first ambulance is assigned to zone 32, the second
ambulance is assigned to zone 14, and so on, with the last two ambulances as-
signed to zones 91 and 57, respectively. A similar vector may represent the as-
signment of police cars. By using evolutionary algorithms (discussed in Chap. 6),
the optimization module can evolve solutions that find better and better locations
for the emergency cars. To evaluate a solution vector, the evaluation function must
take into account the average response time, maximum response time, etc.

The sample screen below shows the current location of several emergency cars.
The table in the lower part of the screen contains the status and recommended
zone of each car:
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Location Optimizer f;][g]ﬁﬁ

Eile Edit View Configuration Optimization Service Reports Help
Fd RIE »ODb

Location Map

Na. Car Currenk Location Status Recommended Location

23. |Police N217 Zone 4 iChanging location one 5 [u Status A
24, Pobce N183 Zone 17 Changing location one 21 Status

25. Pokice NOZ8 Zore 25 Servicing call Change Status

26. Police NOZ9 Zone 26 |Patrolling Change Status

27. Ambulance N15  [Zone 23 \waiting Zone 21 Change Status =
8. eNzE  |Zone 4 lwaiting |
29,_Amhl.la\l:e MNid4  [Zone 28 |Servicing call | [sl Status |
30, Ambulance N39  |Zone 19 hanging location Zone 16 [& Status w

In this screen, police car N217 is changing locations from zone 4 to zone 5.
Once this car arrives at zone 5, its status will change to “Patrolling.” Police car
NO028 is servicing a call. Once the call is serviced, the system will recommend the
best zone for patrolling.

Another important task for the system is to recommend the minimum number
of ambulances and police cars needed to meet some service level criteria. The user
specifies the desired response time for different types of emergencies, and the
system finds the minimum number of cars that should be kept on duty to achieve
this criteria. In the sample screen below, the system recommends the minimum
number of cars for a specific day:
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Location Optimizer g@

HE& S

Optimal Location System - Recommended number of cars on duty

24 May 2005
24:00-06:00 06:00-12:00 12:00-1%:00 18:00-24:00 Max

P2 police Ambu- police AMbU- pojce AmMbUT popice AMbUT pofice Ambu-
Monday 22 25 27 22 29 23 36 23 36 25
WA, 30 24 25 23 23 24 35 23 35 24
Wednesday 32 25 26 22 31 z25 33 25 33 25
Thursday 30 26 25 20 27 21 22 28 32 28
Fridal,- 28 24 23 17 24 24 37 26 37 26
Saturday 37 29 28 23 36 27 39 28 39 29
Sunda-,r 32 28 25 ig 29 21 33 22 33 28
FEEEE a3s a0 26 18 34 28 38 27 38 30
Max 37 30 28 23 36 28 39 28 39 30

In this report, the maximum number of police cars required for any six-hour pe-
riod is 39, while the maximum number of ambulances is 30 (the 6 pm—midnight
time block requires 39 police cars, and the midnight—6 am time block requires 30
ambulances).

Note that this location optimization problem is set in a dynamic environment,
where different types of changes occur at different rates. Some of the more pre-
dictable and “regular” changes might occur on an hourly or weekly basis (e. g.,
changes in traffic patterns due to rush hour or holidays), while the less predictable
changes might include adverse weather conditions or roadwork. Some changes
might also be the result of the current operation: For example, a few cars servicing
a particular incident may leave some other zones of the city exposed. Furthermore,
as a city grows — with some areas growing faster than others — the distribution and
frequency of emergencies will inevitably change.

By recommending the best locations for emergency response cars and keeping
their number to a minimum, an Adaptive Business Intelligence system may pro-
vide significant savings over the current operation. Dynamically reassigning emer-
gency cars in time-changing environments is an additional benefit.

12.5 Credit Card Fraud

The purpose of fraud detection systems is to evaluate and classify financial trans-
actions. In the case of credit and debit cards, a system has to check thousands of
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transactions per second and flag those that are potentially fraudulent. Note that
a set of tested transactions can be divided into four groups:

1. True-positives. Transactions that were fraudulent and which the system cor-
rectly classified as fraudulent.

2. False-positives. Transactions that were legitimate, but which the system incor-
rectly classified as fraudulent.

3. True-negatives. Transactions that were legitimate and which the system cor-
rectly classified as legitimate.

4. False-negatives. Transactions that were fraudulent, but which the system incor-
rectly classified as legitimate.

In other words, a transaction that is classified as fraudulent is called positive,
while a transaction that is classified as legitimate is negative. If the classification
is correct then the transaction will be true (i.e., correctly classified), and if the
classification is incorrect then the transaction will be false (i. e., incorrectly classi-
fied). The table below summarizes these classification results:

Tested Transactions
Fraudulent Legitimate
(Positive) (Negative)
Fraudulent True-positive False-negative
Legitimate False-positive True-negative

The efficiency of a fraud detection system can be measured by the number of
correct classifications. Clearly, a bank would like to minimize the number of false-
positives and false-negatives (incorrect classifications); however, these two meas-
ures very often work against each other. For instance, we can reduce the number
of false-negatives by making a system more “suspicious” (i.e., thereby flagging
more transactions as fraudulent); but flagging a larger number of transactions
would increase the number of false-positives (as many of these transactions would
be legitimate). What is more, any change in these two measures might have sig-
nificant consequences for a bank.

To illustrate this point, let us consider the following example: A bank uses
a fraud detection system that flags “suspicious” transactions, and, later, a subset of
these transactions is classified as fraudulent. Now the bank can drastically reduce
fraud by flagging all suspicious transactions (i. e., reducing the number of false-
negatives), but this is not feasible for two reasons:

1. A battalion of fraud prevention officers would be needed to review all the
flagged transactions.

2. The bank would annoy its customers by blocking many legitimate transactions
(i. e., increasing the number of false-positives, as not all suspicious transactions
turn out to be fraudulent).
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Hence, the “suspicion threshold” cannot be set too high. However, although
there will be fewer transactions to review and less upset customers when the
threshold is lowered, this might result in an increased number of false-negatives
(which will increase the financial losses of the bank). This problem is com-
pounded by the fact that many new fraud patterns emerge each year, and a bank
might not recognize them until the fraud has already occurred. This problem of
minimizing the number of credit and debit card transactions to review, while
maximizing the number of fraudulent transactions detected (in an ever-changing
environment), is ideally suited for an Adaptive Business Intelligence system.

Clearly, the heart of the system is a prediction module that assigns a “suspicion
score” to each transaction. For this complex classification task, it might be prudent
to build and train several prediction models and then combine them together into
one module (as discussed in Sect. 10.1). Let us take a closer look at the possible
design of such a prediction module.

In order to make a decision, the prediction module can use several models that
are based on different prediction methods. Each model assigns a suspicion score in
the range of 0 to 1: the higher the score, the greater the probability that the transac-
tion is fraudulent. Once each of the models produces a score for the transaction, the
prediction module then combines the scores. Each model has a weight that repre-
sents the importance of its prediction, and the sum of all the weights equals 1; there-
fore, the combined suspicion score is also in the range of 0 to 1. The final decision
of “fraudulent” versus “legitimate” is based on whether the weighted score is higher
than the “suspicion threshold” parameter in the system.

The diagram below provides an example of the prediction process, which is
based on four models and a voting system (averaging of scores):

Transaction enters the pre-
diction module

A
Model 1 Model 2 Model 3 Model 4
Individual v v v v
scores 0.432 0.356 0.719 0.633
Final v v v v
score 0.432x0.3 + 0.356x0.2 + 0.719x0.15 + 0.633%x0.35 = 0.5302

In this example, the four models have weights equal to 0.3, 0.2, 0.15, and 0.35,
respectively. The individual scores are combined to come up with the final suspi-
cion score, which is a weighted average.
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Now, the prediction module may have different suspicion thresholds that define
how a transaction should be processed. For example, the thresholds may be:

e Not greater than 0.6 — grant authorization.

e Greater than 0.6, but not greater than 0.9 — grant authorization, but flag the
transaction for later review by a fraud prevention officer.

e Greater than 0.9 — deny authorization and call customer.

The sample screen below shows a list of all suspicious transactions (i. e., trans-
actions with the final score greater than 0.6)'® that have been assigned to a fraud
prevention officer for review. The suspicious transactions are sorted by decreasing
final score:

-]

Fraud Detection System u@m
File Edt Wiew Service Reports Help
FEH BRI
Fraud Suspected Transaction
Mo Account Trmm”m Date Tirne Amounk Score  Description
""""" 1.i5246670457029362  Boston, MA 24May 2005 | 19:3¢ | $35.72|  982|Mail Order/Telephone Order | Y|
2./307234308723523¢  |New York, MY [24 May 2005 18:53 $412.00 974 |Point of sale transaction Gl |
3.]1385562034204693  Washington, DC |24 May 2005 | 17:59 | $210.55) 973 Mail Order/Telephone Order I
4.0136392034729301  Raleigh, NC  [24May 2005 | 18:14 | $500.0  964/Cash advarce [
S5./0865268426496230  |Detroit, MI 24 May 2005 1829 | $29.99 $30|Poink of sale transaction @
6. 6246138626947348  Hampton, MN  [24 May 2005 | 1821 $129,95|  929Mail Order|Telephone Order
7./6023233402347934  [Kent, CT 24 May 2005 15142 $914.00]  912Point of sale transaction .
B. 6396043610402384 Clifton, M3 24 May 2005 158:12 $400.0 909/Cash advance .

9.[2033423402369923  [Pigecn, WY [24May2005 | 19:52 |  $52.53]  694Mal Order/Telephone Order
10.1038423429374920  |Linden, IN 24 May 2005 18:28 $124.31 892 Mail Order|Teleph Order

11./2093652042394859  |Canton, MA |24 May 2005 | 19:18 $92,88)  840/Point of sale transaction
12.[234701374209409%  |Cherokee, AL 24 May 2005 | 18:05 | $200.00| 832/Cash advance
13.|1250503434264239  [Eagle, CO 24 May 2005 | 18:25 | $93.49]  812/Mai Order/T Order
14, 2350301934293469  Albuguerque, ... 24 May 2005 | 1&:52  $122.21| 809 Mal Order/Telephone Order

15._2205423943?40623 |Bron:x, NY 24 May 2005 19115 $514.00 GﬂS_Po'nt of sale transaction
16./0236350242984728  |Greensboro, NC [24 May 2005 | 18:36 | $83.29] 04 |Mai Order/Telephone Order
17.3104760343949402 | Milwaukes, W1 24 May 2005 | 1846 | $300.00)  802/Cash advance
18.)6013498237402348  |Spokane, WA |24 May 2005 | 1&:11 $38.43) 799 Mail Order|Telephone Order
19./8123652334023603  |Davenport, 1A |24 May 2005 | 18:09 §41.12]  793|Point of sale transaction
20./2016502432434703  Detroit, M 24 May 2005 | 18:22 | $83.35 791 Mai Order/Telephone Order
21./5621293042304934  [Buffalo, NY  [24 May 2005 | 18:26 | $80.00)  789|Cash advance
22./0156234597492397  |Cincinnati, OH |24 May 2005 | 19:12 | $35.88| 785 Mail Order/Telephone Order
23.|4560134850150084  |Tulsa, OK 24May2005 | 18:53 | $82.00) 782 Point of sale transaction
24./3565603492396034  Houston, TX |24 May 2005 | 18:52 $76.00)  780|Mal Order|Telephone Order
5. D135926502394834  Austin, T le4May2005 | 19:12 | $300.00]  779|Cash advance

26, 5604203467203560  Arington, YA (24 May 2005 | 19:06 $49,90]  770/Point of sale transaction
27. DESDIZ6349218434  [Springfield, MA |24 May 2005 | 19:01 | $500.00| 765 Mal Order/Telephone Order )

-

To measure the effectiveness of the prediction module over some period of
time, the system can compute several performance ratios based on the measures
discussed earlier in this section:

'8 The screen shows only decimal digits, so the score 0.982 is displayed as 982.
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e True-positive ratio: Correctly classified fraudulent transactions / total number
of fraudulent transactions.

e True-negative ratio: Correctly classified legitimate transactions / total number
of legitimate transactions.

e Fualse-positive ratio: Incorrectly classified legitimate transactions / total number
of legitimate transactions.

e Fualse-negative ratio: Incorrectly classified fraudulent transactions / total num-
ber of fraudulent transactions

The sample report below displays these ratios (together with absolute numbers)
for the first quarter of the year:

Fraud Detection System M=%

HE S

Fraud Detection System - Performance Report
January 1, 2005 - March 31, 2005

Fraudu- Legitimate True Positive True Negative False Positive False Negative

Month Tral:::c- Transac-

tions tions Number Ratic Number Ratio Number Ratio Number Ratio
Jan. 9,276 2,363,893 2,375 45.02% 2,353,805 99.57% 10,088 0.43% 2,901 S54.98%
Feb. 5,128 2,263,725 2,788 54.37% 2,251,430 99.46% 12,295 0.54% 2,340 45,63%
Mar, 4,962 2,427,582 2,490 50,18% 2,415,800 99,51% 11,782 0.49% 2,472 49,82%

This report indicates that the true-positive ratio for January was 45.02%, which
means that during the month of January the system correctly classified 45.02% of
the fraudulent transactions (2,375 fraudulent transactions were correctly classified
from a total number of 5,276). During the same time period, the false-positive
ratio was 0.43%, which means that the system incorrectly classified 0.43% of the
legitimate transactions during the month of January (10,088 legitimate transac-
tions were incorrectly classified from a total number of 2,363,893).

As mentioned earlier, it might be desirable to use several prediction methods
for the problem of detecting fraudulent transactions. One of the more popular
prediction methods used for this type of problem is based on rules, which are
defined and maintained for classifying new transactions. Some other widely used
methods for fraud detection include artificial neural networks, fuzzy logic, and
decision trees — all of which have their own advantages and disadvantages. As
a case in point, a considerable deficiency of artificial neural networks is their in-
ability to provide a logical explanation for why a transaction was classified as
fraudulent. However, models based on artificial neural networks are computation-
ally very fast, and so the prediction is made in a fraction of a second.
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Because the models used for detecting fraudulent transactions are trained and
tested on historical data, the performance of these prediction models depends on
the quality and quantity of available data. As an example, a prediction model that
is based on credit card transaction data will detect fraud by looking at the amount,
frequency, and location of the transactions. If we also had additional cardholder
data, such as recent changes of address, age, etc., then we could improve the mo-
del’s performance.

To allow the prediction module to learn and recognize new fraud patterns as
they occur, an adaptability module is required. For example, the rule-base might
be modified at regular intervals (i. e., adjustment of weights for individual rules,
dropping existing rules, adding new rules), so that the number of false-positives
and false-negatives is reduced. The adaptability module is also responsible for
continuously adjusting the weights of the individual prediction models, thereby
ensuring that the more useful (i.e., precise) models exert more influence on the
final prediction. In our earlier example, these weights were equal to 0.3, 0.2, 0.15,
and 0.35, respectively.

For the problem of detecting fraudulent transactions, the optimization module is
responsible for recommending the best suspicion thresholds. Recall that the pre-
diction module has different thresholds for the final suspicion score, which define
various courses of action:

e [f the score is not greater than o — grant authorization.

o If the score is greater than o, but not greater than  — grant authorization, but
flag the transaction for later review by a fraud prevention officer.

o If the score is greater than B — deny authorization and call customer.

Now, what are the “best” suspicion thresholds? Well, this is not so straightfor-
ward, as many issues should be taken into account. It is important to minimize
losses (thus minimizing the number of false-negatives), but it is also very impor-
tant to take into account customer satisfaction (thus minimizing the number of
false-positives). As we indicated in Sect. 2.4, it is quite unusual for any real-world
business problem to have only one objective. This is precisely the case here, and
so fraud detection can be viewed as a multi-objective optimization problem. Hen-
ce, the optimization module should find the optimal values of o and B (assuming
two thresholds in the decision making process) to minimize false-negatives and
false-positives.

The task of the optimization module is to identify a set of non-dominated solu-
tions,' like A, B, and C below:

1 For a discussion on non-dominated solutions, see Sect. 2.4.
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False 5
positives
A

1.68% [ O B
1.49% '0)

C
1.03% Q

45.32% 47.98% 52.23% False negatives

Each of these solutions produces some percentage of false-positives and false-
negatives for threshold values o and 3. Solution A produces the lowest number of
false-negatives (45.32% versus 47.98% and 52.23% for solutions B and C, respec-
tively), whereas solution C produces the lowest number of false-positives (1.03%
versus 1.68% and 1.49% for solutions A and B, respectively). Based upon man-
agement’s priorities for customer satisfaction and loss prevention, the imple-
mented solution will determine the thresholds for o and B.

Using an Adaptive Business Intelligence system for fraud detection may pro-
duce significant savings over a static rule-based system. These savings can be
attributed to the system’s ability to recommend the best suspicion thresholds for
flagging transactions, as well as its capacity to adapt to the ever-changing envi-
ronment.
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“‘Come, Watson, come!’, he cried. “The game is afoot. Not a word!
Into your clothes and come!” ”’
The Adventure of the Abbey Grange

““You wish to employ me as a consulting detective?’

‘Not that only. I want your opinion as a judicious man — as a man of
the world. I want to know what I ought to do next.””

The Yellow Face

During the past few decades, organizations have strived to improve their decision-
making capability by collecting and storing more data. The need to convert this
raw data into useable knowledge has fueled the growth of the business intelligence
industry, which provides software tools for retrieving, summarizing, and interpret-
ing data for end users. Most of these business intelligence systems can: (a) access
data from a variety of sources, (b) facilitate the transformation of data into knowl-
edge, and (c) display this knowledge through a variety of graphical reports. But is
this enough?

Although the major goal of business intelligence is to help managers make
faster and smarter decisions, organizations now realize that a vast gulf exists be-
tween having the “right knowledge” and making the “right decision.” To answer
questions such as “What should be done to increase profits? reduce costs? and
increase market share?”’ business managers need more than graphs, charts, and
numerical reports. They need systems that can predict the future and recommend
the best course of action. For this reason, the future of the business intelligence
industry lies in systems that can predict, optimize, and adapt — put another way,
the future of the industry lies in Adaptive Business Intelligence.

The following diagram (copied from Chap. 1) illustrates this concept:
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The power and appeal of Adaptive Business Intelligence systems reside in their
ability to answer the two fundamental questions behind all business decisions:
What is likely to happen in the future? and What is the best decision right now?
Without a doubt, organizations that can accurately answer these questions on
a consistent basis will have a competitive advantage over those that cannot. By
combining prediction (What is likely to happen in the future?) and optimization
(What is the decision right now?) into one system, business managers can reach
new heights in their decision-making efficiency.

In addition to prediction and optimization, the concept of adaptability is also
central to Adaptive Business Intelligence. As we discussed in Chap. 1, adaptability
has already been introduced into many consumer products, such as car transmis-
sions, television sets, and running shoes. Because these mass-produced products
can adapt to the preferences of each unique owner, they are rapidly gaining popu-
larity with consumers around the world. The logical extension of this trend is
adaptive software: imagine a mass-produced software system that can adapt to the
daily operation of any organization!

Note that the whole concept of Adaptive Business Intelligence also mimics the
human brain, which constantly makes a variety of predictions (e. g., “the price of
technology-related stocks will go up” or “there will be less traffic on the roads
today”), decisions (e. g., “I will buy 10,000 shares of XYZ technology company”
or “I will do my shopping today”), and later modifications (e. g., “I bought too
many shares of XYZ technology” or “I should have done my shopping in the
morning, rather than the afternoon”). Thus, Adaptive Business Intelligence ad-
dresses the core issue of Artificial Intelligence, which is how to make computers
more useful and intelligent.

In this book, we discussed the prediction, optimization, and adaptability mod-
ules in detail, and illustrated how they can be integrated to create an Adaptive
Business Intelligence system. Besides explaining the working principles behind
Adaptive Business Intelligence, this book can also serve as a “high-level” guide
for solving specific business problems. To that end, Part II covered a variety of
prediction methods and modern optimization techniques (e. g., evolutionary algo-
rithms, simulated annealing, tabu search, ant systems), and Part III explained how
to combine these methods and techniques into an Adaptive Business Intelligence
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system. In addition to the real-world distribution example used throughout the
text, Chap. 12 also provided some additional problem domains to which Adaptive
Business Intelligence can be applied.

Although the functionality of Adaptive Business Intelligence systems will
evolve over time, the goal of these systems will remain the same: solving real-
world business problems that have complex constraints, multiple (possibly con-
flicting) objectives, an enormous number of possible solutions, and which are set
in a time-changing environment. Consequently, these systems will always depend
on modules for prediction, optimization, and adaptability.

So, what can we expect to see during the next decade?

First of all, the knowledge underpinning Adaptive Business Intelligence will
become “standard.” Business managers, IT practitioners, and students will need to
understand the methods and techniques used to create Adaptive Business Intelli-
gence systems. Many universities will institute courses on Adaptive Business
Intelligence, covering topics such as data mining, prediction methods, optimiza-
tion techniques, and modern heuristics. Until now, these topics were usually
taught in separate courses, often across different departments and schools (e. g.,
operations research, computer science, engineering, applied mathematics, statis-
tics).

Furthermore, we will see a continuation of topic-specific research related to
Adaptive Business Intelligence. For example, most of the research in machine
learning has been focused on using historical data to build prediction models.
Once the model is built and evaluated, the goal is accomplished. However, be-
cause new data arrive at regular intervals, building and evaluating a model is just
the first step in Adaptive Business Intelligence. Because these models need to be
updated regularly (something that the adaptability module is responsible for), we
expect to see more emphasis on this updating process in machine learning re-
search. The frequency of updating the prediction module is also a very important
research subject in Adaptive Business Intelligence. These frequencies can vary
from seconds (e. g., in currency trading systems), to hours (e. g., pollution control
system), to days (e. g., car distribution system), to weeks and months (e. g., fraud
detection systems). Different update frequencies require different techniques and
methodologies; thus, systems based on Adaptive Business Intelligence would
include the research results from control theory, statistics, operations research,
machine learning, and modern heuristic methods, to name a few. Recall also that
different prediction models (e. g., decision trees or neural networks) require differ-
ent methodologies for implementing adaptability.

We also expect that major advances will continue to be made in modern opti-
mization techniques. Some of these advances already include new techniques
based on the paradigm of adaptive memory and the concept of variable neighbor-
hoods. In the years to come, more and more research papers will be published on
constrained and multi-objective optimization problems, and on optimization prob-
lems set in dynamic environments. This is essential, as most (if not all) real-world
business problems are constrained, multi-objective, and set in a time-changing
environment.
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Without any doubt, the next decade will bring many advances in Adaptive
Business Intelligence and its related disciplines. These advances will be reported
(in detail) in future proceedings of international conferences on Adaptive Business
Intelligence. And in the words of Sherlock Holmes:

“If you care to smoke a cigar in our rooms, Colonel, I shall be happy to give
you any other details which might interest you.”

We could not have said it better ourselves.
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distance methods 56, 62

dynamic market changes see car
distribution

E

emergency response services see
ABI applications
error
false negative 70, 233
false positive 70, 233
least mean square (LMS) 142
measurement techniques 70
prediction 21, 41, 52, 58, 62, 68,
69, 124, 139, 142, 148
rate 71, 187
Euclidean distance 63
evaluation function 76
evolution strategy (ES) 102, 184
evolutionary algorithm (EA) 101
crossover 106
mutation 105
offspring 102
parent 102
population 102
tournament selection 105
evolutionary programming (EP)
102, 184
exponential smoothing 59, 74, 188,
209

F

false negative see error
false positive see error
forecasting model 59, 217
fuzzifier 119
fuzzy logic 117
fuzzy system 56, 119
crisp input and output numbers
119
degree of membership 121, 122
inference system 119, 123
membership function 119, 121

G

games 169

genetic algorithm (GA) 102, 184
genetic programming (GP) 56, 151
global optimum 76

graphical user interface (GUI) 194

H

hard constraint see constraint
hill climbing 83

iterated 84

stochastic 87
hybrid systems 177

for optimization 183

for prediction 178

I

inference system see fuzzy system

inventory see car distribution

investment strategies see ABI
applications

K
k nearest neighbor 62

L

layer see artificial neural network

learning methods see artificial
neural network

least mean square (LMS) error
see error

linear model 61

linear programming 19, 75

linear regression 27, 57, 65

linked-list representation 78

local optimization 77, 82

logic methods 64

lookup table 64

M

machine learning 68, 74, 241
Mamdani fuzzy system 119



Index 245

manufacturing see ABI
applications

marketing campaigns see ABI
applications

membership function see fuzzy
system

memory vector see tabu search

modeling the problem 16

modern heuristics 56, 68, 75

Monte Carlo method, simulation
164

multi-objective problems 14

mutation see evolutionary
algorithm

N

neighbor, neighborhood 62, 76, 77,
80, 81, 83,92
neural network
artificial (ANN) see artificial
neural network
biological 131, 132
neuron 131, 134
node see artificial neural network
nonlinearity 59, 61

O

objective 14,75
offspring see evolutionary
algorithm
optimization 5, 18
classic 75
modern 75
module 38, 206
optimization technique, search
technique 76
optimum
(global, local) 82
outlier 49
overfitting 59

P

parent see evolutionary algorithm
pollution control see ABI
applications

population see evolutionary
algorithm
prediction 5, 41, 49, 177, 203
error 21,41, 52, 58, 63, 69, 70,
128, 142, 145, 152
evaluation 51, 69
methods 27, 56
model 27, 51, 56, 69, 117, 131,
151
module 41, 204
problems 49
testing 72
training 72, 143
validation 72,211
price depreciation see car
distribution

Q

quality measure score 12, 76
landscape 82, 185
valleys 82

R

reporting 202

representation of the solution 75,
78,79, 80

rule base 123, 128

rule-based system 67

S

sampling 54

search space 11,75, 76,77

sigmoid function see artificial
neural network

simulated annealing 90
temperature 91, 93

Six Sigma 6

soft constraints see constraint

squashing function see artificial
neural network

swarm intelligence (SI) 158

T

tabu search 96
memory vector 97
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threshold
for constraints 113
in hill climbing 86
of anode see node
suspicion 235
time
dependency 54, 73
horizon 55,99
series 49, 55
time-changing environment 12, 20,
37,192
tournament selection see
evolutionary algorithm (EA)
transportation see car distribution
traveling salesman problem 10, 76

A%

validation see prediction
variable
binary or Boolean 10, 51
nominal 51

non-numeric 57
numerical 51
vehicle identification number (VIN)
see car distribution
volume effect see car distribution
voting 178, 179

w

weight

connection see artificial neural
network

of a model 234, 237

of arule 45,224, 228, 236

of a variable 25, 64

of an objective 16, 114

of past cases 60, 181, 189, 209

penalty for constraints 14, 108,
109

prediction model 179

update 141, 143, 187



	cover-image-large
	front-matter
	front-matter_001
	fulltext_001
	fulltext_002
	fulltext_003
	fulltext_004
	front-matter_002
	fulltext_005
	fulltext_006
	fulltext_007
	fulltext_008
	fulltext_009
	front-matter_003
	fulltext_010
	fulltext_011
	fulltext_012
	fulltext_013
	back-matter



