
1 Introduction

1.1 What Is Machine Learning?

With advances in computer technology, we currently have the ability
to store and process large amounts of data, as well as to access it from
physically distant locations over a computer network. Most data acquisi-
tion devices are digital now and record reliable data. Think, for example,
of a supermarket chain that has hundreds of stores all over a country
selling thousands of goods to millions of customers. The point of sale
terminals record the details of each transaction: date, customer identifi-
cation code, goods bought and their amount, total money spent, and so
forth. This typically amounts to gigabytes of data every day. This stored
data becomes useful only when it is analyzed and turned into information
that we can make use of, for example, to make predictions.

We do not know exactly which people are likely to buy a particular
product, or which author to suggest to people who enjoy reading Hem-
ingway. If we knew, we would not need any analysis of the data; we would
just go ahead and write down the code. But because we do not, we can
only collect data and hope to extract the answers to these and similar
questions from data.

We do believe that there is a process that explains the data we observe.
Though we do not know the details of the process underlying the gener-
ation of data—for example, consumer behavior—we know that it is not
completely random. People do not go to supermarkets and buy things
at random. When they buy beer, they buy chips; they buy ice cream in
summer and spices for Glühwein in winter. There are certain patterns in
the data.

We may not be able to identify the process completely, but we believe
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we can construct a good and useful approximation. That approximation
may not explain everything, but may still be able to account for some part
of the data. We believe that though identifying the complete process may
not be possible, we can still detect certain patterns or regularities. This
is the niche of machine learning. Such patterns may help us understand
the process, or we can use those patterns to make predictions: Assuming
that the future, at least the near future, will not be much different from
the past when the sample data was collected, the future predictions can
also be expected to be right.

Application of machine learning methods to large databases is called
data mining. The analogy is that a large volume of earth and raw ma-
terial is extracted from a mine, which when processed leads to a small
amount of very precious material; similarly in data mining, a large vol-
ume of data is processed to construct a simple model with valuable use,
for example, having high predictive accuracy. Its application areas are
abundant: In addition to retail, in finance banks analyze their past data
to build models to use in credit applications, fraud detection, and the
stock market. In manufacturing, learning models are used for optimiza-
tion, control, and troubleshooting. In medicine, learning programs are
used for medical diagnosis. In telecommunications, call patterns are an-
alyzed for network optimization and maximizing the quality of service.
In science, large amounts of data in physics, astronomy, and biology can
only be analyzed fast enough by computers. The World Wide Web is huge;
it is constantly growing and searching for relevant information cannot be
done manually.

But machine learning is not just a database problem; it is also a part
of artificial intelligence. To be intelligent, a system that is in a changing
environment should have the ability to learn. If the system can learn and
adapt to such changes, the system designer need not foresee and provide
solutions for all possible situations.

Machine learning also helps us find solutions to many problems in vi-
sion, speech recognition, and robotics. Let us take the example of rec-
ognizing faces: This is a task we do effortlessly; every day we recognize
family members and friends by looking at their faces or from their pho-
tographs, despite differences in pose, lighting, hair style, and so forth.
But we do it unconsciously and are unable to explain how we do it. Be-
cause we are not able to explain our expertise, we cannot write the com-
puter program. At the same time, we know that a face image is not just a
random collection of pixels; a face has structure. It is symmetric. There
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are the eyes, the nose, the mouth, located in certain places on the face.
Each person’s face is a pattern composed of a particular combination
of these. By analyzing sample face images of a person, a learning pro-
gram captures the pattern specific to that person and then recognizes by
checking for this pattern in a given image. This is one example of pattern
recognition.

Machine learning is programming computers to optimize a performance
criterion using example data or past experience. We have a model defined
up to some parameters, and learning is the execution of a computer pro-
gram to optimize the parameters of the model using the training data or
past experience. The model may be predictive to make predictions in the
future, or descriptive to gain knowledge from data, or both.

Machine learning uses the theory of statistics in building mathematical
models, because the core task is making inference from a sample. The
role of computer science is twofold: First, in training, we need efficient
algorithms to solve the optimization problem, as well as to store and pro-
cess the massive amount of data we generally have. Second, once a model
is learned, its representation and algorithmic solution for inference needs
to be efficient as well. In certain applications, the efficiency of the learn-
ing or inference algorithm, namely, its space and time complexity, may
be as important as its predictive accuracy.

Let us now discuss some example applications in more detail to gain
more insight into the types and uses of machine learning.

1.2 Examples of Machine Learning Applications

1.2.1 Learning Associations

In the case of retail—for example, a supermarket chain—one application
of machine learning is basket analysis, which is finding associations be-
tween products bought by customers: If people who buy X typically also
buy Y , and if there is a customer who buys X and does not buy Y , he
or she is a potential Y customer. Once we find such customers, we can
target them for cross-selling.

In finding an association rule, we are interested in learning a conditionalassociation rule

probability of the form P(Y |X) where Y is the product we would like to
condition on X, which is the product or the set of products which we
know that the customer has already purchased.
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Let us say, going over our data, we calculate that P(chips|beer) = 0.7.
Then, we can define the rule:

70 percent of customers who buy beer also buy chips.

We may want to make a distinction among customers and toward this,
estimate P(Y |X,D) where D is the set of customer attributes, for exam-
ple, gender, age, marital status, and so on, assuming that we have access
to this information. If this is a bookseller instead of a supermarket, prod-
ucts can be books or authors. In the case of a Web portal, items corre-
spond to links to Web pages, and we can estimate the links a user is likely
to click and use this information to download such pages in advance for
faster access.

1.2.2 Classification

A credit is an amount of money loaned by a financial institution, for
example, a bank, to be paid back with interest, generally in installments.
It is important for the bank to be able to predict in advance the risk
associated with a loan, which is the probability that the customer will
default and not pay the whole amount back. This is both to make sure
that the bank will make a profit and also to not inconvenience a customer
with a loan over his or her financial capacity.

In credit scoring (Hand 1998), the bank calculates the risk given the
amount of credit and the information about the customer. The informa-
tion about the customer includes data we have access to and is relevant in
calculating his or her financial capacity—namely, income, savings, collat-
erals, profession, age, past financial history, and so forth. The bank has
a record of past loans containing such customer data and whether the
loan was paid back or not. From this data of particular applications, the
aim is to infer a general rule coding the association between a customer’s
attributes and his risk. That is, the machine learning system fits a model
to the past data to be able to calculate the risk for a new application and
then decides to accept or refuse it accordingly.

This is an example of a classification problem where there are twoclassification

classes: low-risk and high-risk customers. The information about a cus-
tomer makes up the input to the classifier whose task is to assign the
input to one of the two classes.



1.2 Examples of Machine Learning Applications 5

S
av

in
g
s

Income

Low-Risk

High-Risk
θ2

θ1

Figure 1.1 Example of a training dataset where each circle corresponds to one
data instance with input values in the corresponding axes and its sign indicates
the class. For simplicity, only two customer attributes, income and savings,
are taken as input and the two classes are low-risk (‘+’) and high-risk (‘−’). An
example discriminant that separates the two types of examples is also shown.

After training with the past data, a classification rule learned may be
of the form

IF income> θ1 AND savings> θ2 THEN low-risk ELSE high-risk

for suitable values of θ1 and θ2 (see figure 1.1). This is an example of
a discriminant; it is a function that separates the examples of differentdiscriminant

classes.
Having a rule like this, the main application is prediction: Once we haveprediction

a rule that fits the past data, if the future is similar to the past, then we
can make correct predictions for novel instances. Given a new application
with a certain income and savings, we can easily decide whether it is low-
risk or high-risk.

In some cases, instead of making a 0/1 (low-risk/high-risk) type de-
cision, we may want to calculate a probability, namely, P(Y |X), where
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X are the customer attributes and Y is 0 or 1 respectively for low-risk
and high-risk. From this perspective, we can see classification as learn-
ing an association from X to Y . Then for a given X = x, if we have
P(Y = 1|X = x) = 0.8, we say that the customer has an 80 percent proba-
bility of being high-risk, or equivalently a 20 percent probability of being
low-risk. We then decide whether to accept or refuse the loan depending
on the possible gain and loss.

There are many applications of machine learning in pattern recognition.pattern
recognition One is optical character recognition, which is recognizing character codes

from their images. This is an example where there are multiple classes,
as many as there are characters we would like to recognize. Especially
interesting is the case when the characters are handwritten. People have
different handwriting styles; characters may be written small or large,
slanted, with a pen or pencil, and there are many possible images corre-
sponding to the same character. Though writing is a human invention,
we do not have any system that is as accurate as a human reader. We do
not have a formal description of ‘A’ that covers all ‘A’s and none of the
non-‘A’s. Not having it, we take samples from writers and learn a defini-
tion of A-ness from these examples. But though we do not know what it
is that makes an image an ‘A’, we are certain that all those distinct ‘A’s
have something in common, which is what we want to extract from the
examples. We know that a character image is not just a collection of ran-
dom dots; it is a collection of strokes and has a regularity that we can
capture by a learning program.

If we are reading a text, one factor we can make use of is the redun-
dancy in human languages. A word is a sequence of characters and suc-
cessive characters are not independent but are constrained by the words
of the language. This has the advantage that even if we cannot recognize
a character, we can still read t?e word. Such contextual dependencies
may also occur in higher levels, between words and sentences, through
the syntax and semantics of the language. There are machine learning
algorithms to learn sequences and model such dependencies.

In the case of face recognition, the input is an image, the classes are
people to be recognized, and the learning program should learn to asso-
ciate the face images to identities. This problem is more difficult than
optical character recognition because there are more classes, input im-
age is larger, and a face is three-dimensional and differences in pose and
lighting cause significant changes in the image. There may also be oc-
clusion of certain inputs; for example, glasses may hide the eyes and
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eyebrows, and a beard may hide the chin.
In medical diagnosis, the inputs are the relevant information we have

about the patient and the classes are the illnesses. The inputs contain the
patient’s age, gender, past medical history, and current symptoms. Some
tests may not have been applied to the patient, and thus these inputs
would be missing. Tests take time, may be costly, and may inconvience
the patient so we do not want to apply them unless we believe that they
will give us valuable information. In the case of a medical diagnosis, a
wrong decision may lead to a wrong or no treatment, and in cases of
doubt it is preferable that the classifier reject and defer decision to a
human expert.

In speech recognition, the input is acoustic and the classes are words
that can be uttered. This time the association to be learned is from an
acoustic signal to a word of some language. Different people, because
of differences in age, gender, or accent, pronounce the same word dif-
ferently, which makes this task rather difficult. Another difference of
speech is that the input is temporal; words are uttered in time as a se-
quence of speech phonemes and some words are longer than others. A
recent approach in speech recognition involves the use of lip movements
as recorded by a camera as a second source of information in recogniz-
ing speech. This requires sensor fusion, which is the integration of inputs
from different modalities, namely, acoustic and visual.

Learning a rule from data also allows knowledge extraction. The rule isknowledge
extraction a simple model that explains the data, and looking at this model we have

an explanation about the process underlying the data. For example, once
we learn the discriminant separating low-risk and high-risk customers,
we have the knowledge of the properties of low-risk customers. We can
then use this information to target potential low-risk customers more
efficiently, for example, through advertising.

Learning also performs compression in that by fitting a rule to the data,compression

we get an explanation that is simpler than the data, requiring less mem-
ory to store and less computation to process. Once you have the rules of
addition, you do not need to remember the sum of every possible pair of
numbers.

Another use of machine learning is outlier detection, which is findingoutlier detection

the instances that do not obey the rule and are exceptions. In this case,
after learning the rule, we are not interested in the rule but the exceptions
not covered by the rule, which may imply anomalies requiring attention—
for example, fraud.
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1.2.3 Regression

Let us say we want to have a system that can predict the price of a used
car. Inputs are the car attributes—brand, year, engine capacity, milage,
and other information—that we believe affect a car’s worth. The output
is the price of the car. Such problems where the output is a number are
regression problems.regression

Let X denote the car attributes and Y be the price of the car. Again
surveying the past transactions, we can collect a training data and the
machine learning program fits a function to this data to learn Y as a
function of X. An example is given in figure 1.2 where the fitted function
is of the form

y = wx+w0

for suitable values of w and w0.
Both regression and classification are supervised learning problemssupervised learning

where there is an input, X, an output, Y , and the task is to learn the map-
ping from the input to the output. The approach in machine learning is
that we assume a model defined up to a set of parameters:

y = g(x|θ)
where g(·) is the model and θ are its parameters. Y is a number in re-
gression and is a class code (e.g., 0/1) in the case of classification. g(·)
is the regression function or in classification, it is the discriminant func-
tion separating the instances of different classes. The machine learning
program optimizes the parameters, θ, such that the approximation error
is minimized, that is, our estimates are as close as possible to the cor-
rect values given in the training set. For example in figure 1.2, the model
is linear and w and w0 are the parameters optimized for best fit to the
training data. In cases where the linear model is too restrictive, one can
use for example a quadratic

y = w2x2 +w1x+w0

or a higher-order polynomial, or any other nonlinear function of the in-
put, this time optimizing its parameters for best fit.

Another example of regression is navigation of a mobile robot, for ex-
ample, an autonomous car, where the output is the angle by which the
steering wheel should be turned at each time, to advance without hitting
obstacles and deviating from the route. Inputs in such a case are pro-
vided by sensors on the car, for example, a video camera, GPS, and so
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Figure 1.2 A training dataset of used cars and the function fitted. For simplic-
ity, milage is taken as the only input attribute and a linear model is used.

forth. Training data can be collected by monitoring and recording the
actions of a human driver.

One can envisage other applications of regression where one is trying
to optimize a function.1 Let us say we want to build a machine that roasts
coffee. The machine has many inputs that affect the quality: various
settings of temperatures, times, coffee bean type, and so forth. We make
a number of experiments and for different settings of these inputs, we
measure the quality of the coffee, for example, as consumer satisfaction.
To find the optimal setting, we fit a regression model linking these inputs
to coffee quality and choose new points to sample near the optimum of
the current model to look for a better configuration. We sample these
points, check quality, and add these to the data and fit a new model. This
is generally called response surface design.

1. I would like to thank Michael Jordan for this example.
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1.2.4 Unsupervised Learning

In supervised learning, the aim is to learn a mapping from the input to
an output whose correct values are provided by a supervisor. In unsuper-
vised learning, there is no such supervisor and we only have input data.
The aim is to find the regularities in the input. There is a structure to the
input space such that certain patterns occur more often than others, and
we want to see what generally happens and what does not. In statistics,
this is called density estimation.density estimation

One method for density estimation is clustering where the aim is toclustering

find clusters or groupings of input. In the case of a company with a data
of past customers, the customer data contains the demographic informa-
tion as well as the past transactions with the company, and the company
may want to see the distribution of the profile of its customers, to see
what type of customers frequently occur. In such a case, a clustering
model allocates customers similar in their attributes to the same group,
providing the company with natural groupings of its customers. Once
such groups are found, the company may decide strategies, for example,
services and products, specific to different groups. Such a grouping also
allows identifying those who are outliers, namely, those who are different
from other customers, which may imply a niche in the market that can
be further exploited by the company.

An interesting application of clustering is in image compression. In
this case, the input instances are image pixels represented as RGB val-
ues. A clustering program groups pixels with similar colors in the same
group, and such groups correspond to the colors occurring frequently in
the image. If in an image, there are only shades of a small number of
colors and if we code those belonging to the same group with one color,
for example, their average, then the image is quantized. Let us say the
pixels are 24 bits to represent 16 million colors, but if there are shades
of only 64 main colors, for each pixel, we need 6 bits instead of 24. For
example, if the scene has various shades of blue in different parts of the
image, and if we use the same average blue for all of them, we lose the
details in the image but gain space in storage and transmission. Ideally,
one would like to identify higher-level regularities by analyzing repeated
image patterns, for example, texture, objects, and so forth. This allows a
higher-level, simpler, and more useful description of the scene, and for
example, achieves better compression than compressing at the pixel level.
If we have scanned document pages, we do not have random on/off pix-
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els but bitmap images of characters. There is structure in the data, and
we make use of this redundancy by finding a shorter description of the
data: 16× 16 bitmap of ‘A’ takes 32 bytes; its ASCII code is only 1 byte.

Machine learning methods are also used in bioinformatics. DNA in our
genome is the “blueprint of life” and is a sequence of bases, namely, A, G,
C, and T. RNA is transcribed from DNA, and proteins are translated from
the RNA. Proteins are what the living body is and does. Just as a DNA is
a sequence of bases, a protein is a sequence of amino acids (as defined
by bases). One application area of computer science in molecular biology
is alignment, which is matching one sequence to another. This is a dif-
ficult string matching problem because strings may be quite long, there
are many template strings to match against, and there may be deletions,
insertions, and substitutions. Clustering is used in learning motifs, which
are sequences of amino acids that occur repeatedly in proteins. Motifs
are of interest because they may correspond to structural or functional
elements within the sequences they characterize. The analogy is that if
the amino acids are letters and proteins are sentences, motifs are like
words, namely, a string of letters with a particular meaning occurring
frequently in different sentences.

1.2.5 Reinforcement Learning

In some applications, the output of the system is a sequence of actions.
In such a case, a single action is not important; what is important is the
policy that is the sequence of correct actions to reach the goal. There is
no such thing as the best action in any intermediate state; an action is
good if it is part of a good policy. In such a case, the machine learning
program should be able to assess the goodness of policies and learn from
past good action sequences to be able to generate a policy. Such learning
methods are called reinforcement learning algorithms.reinforcement

learning A good example is game playing where a single move by itself is not
that important; it is the sequence of right moves that is good. A move is
good if it is part of a good game playing policy. Game playing is an im-
portant research area in both artificial intelligence and machine learning.
This is because games are easy to describe and at the same time, they are
quite difficult to play well. A game like chess has a small number of rules
but it is very complex because of the large number of possible moves at
each state and the large number of moves that a game contains. Once
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we have good algorithms that can learn to play games well, we can also
apply them to applications with more evident economic utility.

A robot navigating in an environment in search of a goal location is an-
other application area of reinforcement learning. At any time, the robot
can move in one of a number of directions. After a number of trial runs,
it should learn the correct sequence of actions to reach to the goal state
from an initial state, doing this as quickly as possible and without hit-
ting any of the obstacles. One factor that makes reinforcement learning
harder is when the system has unreliable and partial sensory informa-
tion. For example, a robot equipped with a video camera has incomplete
information and thus at any time is in a partially observable state and
should decide taking into account this uncertainty. A task may also re-
quire a concurrent operation of multiple agents that should interact and
cooperate to accomplish a common goal. An example is a team of robots
playing soccer.

1.3 Notes

Evolution is the major force that defines our bodily shape as well as our
built-in instincts and reflexes. We also learn to change our behavior dur-
ing our lifetime. This helps us cope with changes in the environment
that cannot be predicted by evolution. Organisms that have a short life
in a well-defined environment may have all their behavior built-in, but
instead of hardwiring into us all sorts of behavior for any circumstance
that we could encounter in our life, evolution gave us a large brain and a
mechanism to learn, such that we could update ourselves with experience
and adapt to different environments. When we learn the best strategy in
a certain situation, that knowledge is stored in our brain, and when the
situation arises again, when we re-cognize (“cognize” means to know) the
situation, we can recall the suitable strategy and act accordingly. Learn-
ing has its limits though; there may be things that we can never learn with
the limited capacity of our brains, just like we can never “learn” to grow
a third arm, or an eye on the back of our head, even if either would be
useful. See Leahey and Harris 1997 for learning and cognition from the
point of view of psychology. Note that unlike in psychology, cognitive sci-
ence, or neuroscience, our aim in machine learning is not to understand
the processes underlying learning in humans and animals, but to build
useful systems, as in any domain of engineering.



1.3 Notes 13

Almost all of science is fitting models to data. Scientists design exper-
iments and make observations and collect data. They then try to extract
knowledge by finding out simple models that explain the data they ob-
served. This is called induction and is the process of extracting general
rules from a set of particular cases.

We are now at a point that such analysis of data can no longer be done
by people, both because the amount of data is huge and because people
who can do such analysis are rare and manual analysis is costly. There
is thus a growing interest in computer models that can analyze data and
extract information automatically from them, that is, learn.

The methods we are going to discuss in the coming chapters have their
origins in different scientific domains. Sometimes the same algorithm
was independently invented in more than one field, following a different
historical path.

In statistics, going from particular observations to general descriptions
is called inference and learning is called estimation. Classification is
called discriminant analysis in statistics (McLachlan 1992; Hastie, Tib-
shirani, and Friedman 2001). Before computers were cheap and abun-
dant, statisticians could only work with small samples. Statisticians, be-
ing mathematicians, worked mostly with simple parametric models that
could be analyzed mathematically. In engineering, classification is called
pattern recognition and the approach is nonparametric and much more
empirical (Duda, Hart, and Stork 2001; Webb 1999). Machine learning is
related to artificial intelligence (Russell and Norvig 1995) because an in-
telligent system should be able to adapt to changes in its environment.
Application areas like vision, speech, and robotics are also tasks that
are best learned from sample data. In electrical engineering, research in
signal processing resulted in adaptive computer vision and speech pro-
grams. Among these, the development of hidden Markov models (HMM)
for speech recognition is especially important.

In the late 1980s with advances in VLSI technology and the possibil-
ity of building parallel hardware containing thousands of processors,
the field of artificial neural networks was reinvented as a possible the-
ory to distribute computation over a large number of processing units
(Bishop, 1995). Over time, it has been realized in the neural network
community that most neural network learning algorithms have their ba-
sis in statistics—for example, the multilayer perceptron is another class
of nonparametric estimator—and claims of brain-like computation have
started to fade.
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Data mining is the name coined in the business world for the appli-
cation of machine learning algorithms to large amounts of data (Weiss
and Indurkhya 1998). In computer science, it is also called knowledge
discovery in databases (KDD).

Research in these different communities (statistics, pattern recogni-
tion, neural networks, signal processing, control, artificial intelligence,
and data mining) followed different paths in the past with different em-
phases. In this book, the aim is to incorporate these emphases together
to give a unified treatment of the problems and the proposed solutions
to them.

1.4 Relevant Resources

The latest research on machine learning is distributed over journals and
conferences from different fields. Dedicated journals are Machine Learn-
ing and Journal of Machine Learning Research. Journals with a neural
network emphasis are Neural Computation, Neural Networks, and the
IEEE Transactions on Neural Networks. Statistics journals like Annals of
Statistics and Journal of the American Statistical Association also publish
machine learning papers. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence is another source.

Journals on artificial intelligence, pattern recognition, fuzzy logic, and
signal processing also contain machine learning papers. Journals with an
emphasis on data mining are Data Mining and Knowledge Discovery, IEEE
Transactions on Knowledge and Data Engineering, and ACM Special Inter-
est Group on Knowledge Discovery and Data Mining Explorations Journal.

The major conferences on machine learning are Neural Information
Processing Systems (NIPS), Uncertainty in Artificial Intelligence (UAI), In-
ternational Conference on Machine Learning (ICML), European Conference
on Machine Learning (ECML), and Computational Learning Theory (COLT).
International Joint Conference on Artificial Intelligence (IJCAI), as well as
conferences on neural networks, pattern recognition, fuzzy logic, and ge-
netic algorithms, have sessions on machine learning and conferences on
application areas like computer vision, speech technology, robotics, and
data mining.

There are a number of dataset repositories on the Internet that are used
frequently by machine learning researchers for benchmarking purposes:
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� UCI Repository for machine learning is the most popular repository:
http://www.ics.uci.edu/∼mlearn/MLRepository.html

� UCI KDD Archive:
http://kdd.ics.uci.edu/summary.data.application.html

� Statlib: http://lib.stat.cmu.edu

� Delve: http://www.cs.utoronto.ca/∼delve/

Most recent papers by machine learning researchers are accessible over
the Internet, and a good place to start searching is the NEC Research
Index at http://citeseer.nj.nec.com/cs

1.5 Exercises

1. Imagine you have two possibilities: You can fax a document, that is, send the
image, or you can use an optical character reader (OCR) and send the text
file. Discuss the advantage and disadvantages of the two approaches in a
comparative manner. When would one be preferable over the other?

2. Let us say we are building an OCR and for each character, we store the bitmap
of that character as a template that we match with the read character pixel by
pixel. Explain when such a system would fail. Why are barcode readers still
used?

3. Assume we are given the task to build a system that can distinguish junk e-
mail. What is in a junk e-mail that lets us know that it is junk? How can the
computer detect junk through a syntactic analysis? What would you like the
computer to do if it detects a junk e-mail—delete it automatically, move it to
a different file, or just highlight it on the screen?

4. Let us say you are given the task of building an automated taxi. Define the
constraints. What are the inputs? What is the output? How can you com-
municate with the passenger? Do you need to communicate with the other
automated taxis, that is, do you need a “language”?

5. In basket analysis, we want to find the dependence between two items X
and Y . Given a database of customer transactions, how can you find these
dependencies? How would you generalize this to more than two items?

6. How can you predict the next command to be typed by the user? Or the
next page to be downloaded over the Web? When would such a prediction be
useful? When would it be annoying?
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