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Preface

Knowledge Discovery and Data mining (KDD) emerged as a rapidly growing interdisciplinary field that merges together databases, statistics, machine learning and related areas in order to extract valuable information and knowledge in large volumes of data. 

With the rapid computerization in the past two decades, almost all organizations have collected huge amounts of data in their databases. These organizations need to understand their data and/or to discover useful knowledge as patterns and/or models from their data. 

This course aims at providing fundamental techniques of KDD as well as issues in practical use of KDD tools. It will show how to achieve success in understanding and exploiting large databases by: uncovering valuable information hidden in data; learn what data has real meaning and what data simply takes up space; examining which data methods and tools are most effective for the practical needs; and how to analyze and evaluate obtained results. 

The course is designed for the target audience such as specialists, trainers and IT users. It does not assume any special knowledge as background. Understanding of computer use, databases and statistics will be helpful.
The main KDD resource can be found from http://www.kdnutggets.com. The selected books and papers used to design this course are followings: Chapter 1 is with material from [7] and [5], Chapter 2 is with [6], [8] and [14], Chapter 3 is with [11] and [12], Chapters 4 and 5 are with [4], Chapter 6 is with [3], and Chapter 7 is with [13].

Chapter 1

Overview of knowledge discovery 

and data mining
1.1 What is Knowledge Discovery and Data Mining?
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Just as electrons and waves became the substance of classical electrical engineering, we see data, information, and knowledge as being the focus of a new field of research and application(knowledge discovery and data mining (KDD) (that we will study in this course. 

In general, we often see data as a string of bits, or numbers and symbols, or “objects” which are meaningful when sent to a program in a given format (but still un-interpreted). We use bits to measure information, and see it as data stripped of redundancy, and reduced to the minimum necessary to make the binary decisions that essentially characterize the data (interpreted data). We can see knowledge as integrated information, including facts and their relations, which have been perceived, discovered, or learned as our “mental pictures”. In other words, knowledge can be considered data at a high level of abstraction and generalization.
Knowledge discovery and data mining (KDD)(the rapidly growing interdisciplinary field which merges together database management, statistics, machine learning and related areas(aims at extracting useful knowledge from large collections of data. 

There is a difference in understanding the terms “knowledge discovery” and “data mining” between people from different areas contributing to this new field. In this chapter we adopt the following definition of these terms [7]:

Knowledge discovery in databases is the process of identifying valid, novel, potentially useful, and ultimately understandable patterns/models in data. Data mining is a step in the knowledge discovery process consisting of particular data mining algorithms that, under some acceptable computational efficiency limitations, finds patterns or models in data.

In other words, the goal of knowledge discovery and data mining is to find interesting patterns and/or models that exist in databases but are hidden among the volumes of data. 

	Category
	Type of Attributes
	# Attributes

	Present History

Physical Examination

Laboratory Examination

Diagnosis

Therapy

Clinical Course

Final Status

Risk Factor

Total
	Numerical and Categorical

Numerical and Categorical

Numerical

Categorical

Categorical

Categorical

Categorical

Categorical
	07

08

11

02

02

04

02

02

38


Table 1.1:  Attributes in the meningitis database

Throughout this chapter we will illustrate the different notions with a real-world database on meningitis collected at the Medical Research Institute, Tokyo Medical and Dental University from 1979 to 1993. This database contains data of patients who suffered from meningitis and who were admitted to the department of emergency and neurology in several hospitals. Table 1.1 presents attributes used in this database. Below are two data records of patients in this database that have mixed numerical and categorical data, as well as missing values (denoted by “?”):

       10, M, ABSCESS, BACTERIA, 0, 10, 10, 0, 0, 0, SUBACUTE, 37,2, 1, 0, 15, -, -6000, 2, 0, abnormal, abnormal, -, 2852, 2148, 712, 97, 49, F, -, multiple, ?, 2137, negative, n, n, n

       12, M, BACTERIA, VIRUS, 0, 5, 5, 0, 0, 0, ACUTE, 38.5, 2,1, 0, 15, -, -, 10700, 4, 0, normal, abnormal, +, 1080, 680, 400, 71, 59, F, -, ABPC+CZX, ?, 70, negative, n, n, n 

A pattern discovered from this database in the language of IF-THEN rules is given below where the pattern’s quality is measured by the confidence  (87.5%):

IF               Poly-nuclear cell count in CFS <= 220 

        and     Risk factor = n

        and     Loss of consciousness = positive

        and     When nausea starts > 15

THEN        Prediction = Virus [Confidence = 87.5%]

Concerning the above definition of knowledge discovery, the ‘degree of interest’ is characterized by several criteria: Evidence indicates the significance of a finding measured by a statistical criterion. Redundancy amounts to the similarity of a finding with respect to other findings and measures to what degree a finding follows from another one. Usefulness relates a finding to the goal of the users. Novelty includes the deviation from prior knowledge of the user or system. Simplicity refers to the syntactical complexity of the presentation of a finding, and generality is determined. Let us examine these terms in more detail [7].
· Data comprises a set of facts F (e.g., cases in a database). 

· Pattern is an expression E in some language L describing a subset FE of the data F (or a model applicable to that subset). The term pattern goes beyond its traditional sense to include models or structure in data (relations between facts), e.g., “If (Poly-nuclear cell count in CFS <= 220) and (Risk factor = n) and (Loss of consciousness = positive) and (When nausea starts > 15) Then (Prediction = Virus)”.
· Process: Usually in KDD process is a multi-step process, which involves data preparation, search for patterns, knowledge evaluation, and refinement involving iteration after modification. The process is assumed to be non-trivial, that is, to have some degree of search autonomy. 
· Validity: The discovered patterns should be valid on new data with some degree of certainty. A measure of certainty is a function C mapping expressions in L to a partially or totally ordered measurement space MC. An expression E in L about a subset 
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 can be assigned a certainty measure c = C(E, F). 

· Novel: The patterns are novel (at least to the system). Novelty can be measured with respect to changes in data (by comparing current values to previous or expected values) or knowledge (how a new finding is related to old ones). In general, we assume this can be measured by a function N(E, F), which can be a Boolean function or a measure of degree of novelty or unexpectedness.

· Potentially Useful: The patterns should potentially lead to some useful actions, as measured by some utility function. Such a function U maps expressions in L to a partially or totally ordered measure space MU: hence, u = U(E, F). 
· Ultimately Understandable: A goal of KDD is to make patterns understandable to humans in order to facilitate a better understanding of the underlying data. While this is difficult to measure precisely, one frequent substitute is the simplicity measure. Several measures of simplicity exist, and they range from the purely syntactic (e.g., the size of a pattern in bits) to the semantic (e.g., easy for humans to comprehend in some setting). We assume this is measured, if possible, by a function S mapping expressions E in L to a partially or totally ordered measure space MS: hence, s = S(E,F).

An important notion, called interestingness, is usually taken as an overall measure of pattern value, combining validity, novelty, usefulness, and simplicity. Interestingness functions can be explicitly defined or can be manifested implicitly through an ordering placed by the KDD system on the discovered patterns or models. Some KDD systems have an explicit interestingness function i = I(E, F, C, N, U, S) which maps expressions in L to a measure space MI. Given the notions listed above, we may state our definition of knowledge as viewed from the narrow perspective of KDD as used in this book. This is by no means an attempt to define “knowledge” in the philosophical or even the popular view. The purpose of this definition is to specify what an algorithm used in a KDD process may consider knowledge. 

A pattern 
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 is called knowledge if for some user-specified threshold i(MI, I(E, F, C, N, U, S) > i
Note that this definition of knowledge is by no means absolute. As a matter of fact, it is purely user-oriented, and determined by whatever functions and thresholds the user chooses. For example, one instantiation of this definition is to select some thresholds c(MC, s(MS, and u(MU, and calling a pattern E knowledge if and only if 

C(E, F) > c and S(E, F) > s and U(S, F) > u
By appropriate settings of thresholds, one can emphasize accurate predictors or useful (by some cost measure) patterns over others. Clearly, there is an infinite space of how the mapping I can be defined. Such decisions are left to the user and the specifics of the domain. 

1.2   The Process of Knowledge Discovery
The process of knowledge discovery inherently consists of several steps as shown in Figure 1.1.

The first step is to understand the application domain and to formulate the problem. This step is clearly a prerequisite for extracting useful knowledge and for choosing appropriate data mining methods in the third step according to the application target and the nature of data.

The second step is to collect and preprocess the data, including the selection of the data sources, the removal of noise or　outliers, the treatment of missing data, the transformation (discretization if necessary) and reduction of data, etc. This step usually takes the most time needed for the whole KDD process.

The third step is data mining that extracts patterns and/or models hidden in data. A model can be viewed “a global representation of a structure that summarizes the systematic component underlying the data or that describes how the data may have arisen”. In contrast, “a pattern is a local structure, perhaps relating to just a handful of variables and a few cases”. The major classes of data mining methods are predictive modeling such as classification and regression; segmentation (clustering); dependency modeling such as graphical models or density estimation; summarization such as finding the relations between fields, associations, visualization; and change and deviation detection/modeling in data and knowledge.
[image: image44.wmf]           

 

Income

Debt

Figure 1.1: the KDD process

The fourth step is to interpret (post-process) discovered knowledge, especially the interpretation in terms of description and prediction(the two primary goals of discovery systems in practice. Experiments show that discovered patterns or models from data are not always of interest or direct use, and the KDD process is necessarily iterative with the judgment of discovered knowledge. One standard way to evaluate induced rules is to divide the data into two sets, training on the first set and testing on the second. One can repeat this process a number of times with different splits, then average the results to estimate the rules performance.

The final step is to put discovered knowledge in practical use. In some cases, one can use discovered knowledge without embedding it in a computer system. Otherwise, the user may expect that discovered knowledge can be put on computers and exploited by some programs. Putting the results into practical use is certainly the ultimate goal of knowledge discovery.

Note that the space of patterns is often infinite, and the enumeration of patterns involves some form of search in this space. The computational efficiency constraints place severe limits on the subspace that can be explored by the algorithm. The data mining component of the KDD process is mainly concerned with means by which patterns are extracted and enumerated from the data. Knowledge discovery involves the evaluation and possibly interpretation of the patterns to make the decision of what constitutes knowledge and what does not. It also includes the choice of encoding schemes, preprocessing, sampling, and projections of the data prior to the data mining step. 

Alternative names used in the pass: data mining, data archaeology, data dredging, functional dependency analysis, and data harvesting. We consider the KDD process shown in Figure 1.2 in more details with the following tasks:

· Develop understanding of application domain: relevant prior knowledge, goals of end user, etc.

· Create target data set: selecting a data set, or focusing on a subset of variables or data samples, on which discovery is to be performed.

· Data cleaning preprocessing: basic operations such as the removal of noise or outliers if appropriate, collecting the necessary information to model or account for noise, deciding on strategies for handling missing data fields, accounting for time sequence in-formation and known changes.

· Data reduction and projection: finding useful features to represent the data depending on the goal of the task. Using dimensionality reduction or transformation methods to reduce the effective number of variables under consideration or to find invariant representations for the data.

· Choose data mining task: deciding whether the goal of the KDD process is classification, regression, clustering, etc. The various possible tasks of a data mining algorithm are described in more detail in the next lectures.

· Choose data mining method(s): selecting method(s) to be used for searching for patterns in the data. This includes deciding which models and parameters may be appropriate (e.g., models for categorical data are different than models on vectors over the real numbers) and matching a particular data mining method with the overall criteria of the KDD process (e.g., the end-user may be more interested in understanding the model than its predictive capabilities).
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Figure 1.2: Tasks in the KDD process
· Data mining to extract patterns/models: searching for patterns of interest in a particular representational form or a set of such representations: classification rules or trees, regression, clustering, and so forth. The user can significantly aid the data mining method by correctly performing the preceding steps.

· Interpretation and evaluation of pattern/models

· Consolidating discovered knowledge: incorporating this knowledge into the performance system, or simply documenting it and reporting it to interested parties. This also includes checking for and resolving potential conflicts with previously believed (or extracted) knowledge.
Iterations can occur practically between any step and any preceding one. 

1.3 KDD and Related Fields

KDD is an interdisciplinary field that relates to statistics, machine learning, databases, algorithmics, visualization, high-performance and parallel computation, knowledge acquisition for expert systems, and data visualization. KDD systems typically draw upon methods, algorithms, and techniques from these diverse fields. The unifying goal is extracting knowledge from data in the context of large databases. 

The fields of machine learning and pattern recognition overlap with KDD in the study of theories and algorithms for systems that extract patterns and models from data (mainly data mining methods). KDD focuses on the extension of these theories and algorithms to the problem of finding special patterns (ones that may be interpreted as useful or interesting knowledge) in large sets of real-world data. 

KDD also has much in common with statistics, particularly exploratory data analysis (EDA). KDD systems often embed particular statistical procedures for modeling data and handling noise within an overall knowledge discovery framework. 

Another related area is data warehousing, which refers to the recently popular MIS trend for collecting and cleaning transactional data and making them available for on-line retrieval. A popular approach for analysis of data warehouses has been called OLAP (on-line analytical processing). OLAP tools focus on providing multi-dimensional data analysis, which is superior to SQL (standard query language) in computing summaries and breakdowns along many dimensions. We view both knowledge discovery and OLAP as related facets of a new generation of intelligent information extraction and management tools. 

1.4 Data Mining Methods

Figure 1.3 shows a two-dimensional artificial dataset consisting 23 cases. Each point on the figure presents a person who has been given a loan by a particular bank at some time in the past. The data has been classified into two classes: persons who have defaulted on their loan and persons whose loans are in good status with the bank. 

The two primary goals of data mining in practice tend to be prediction and description. Prediction involves using some variables or fields in the database to predict unknown or future values of other variables of interest. Description focuses on finding human interpretable patterns describing the data. The relative importance of prediction and description for particular data mining applications can vary considerably. 
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Figure 1.3: A simple data set with two classes used for illustrative purpose

· Classification is learning a function that maps a data item into one of several predefined classes. Examples of classification methods used as part of knowledge discovery applications include classifying trends in financial markets and automated identification of objects of interest in large image databases. Figure 1.4 and Figure 1.5 show classifications of the loan data into two class regions. Note that it is not possible to separate the classes perfectly using a linear decision boundary. The bank might wish to use the classification regions to automatically decide whether future loan applicants will be given a loan or not. 
Figure 1.4: Classification boundaries for a nearest neighbor [image: image46.wmf]           
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Figure 1.5: An example of classification boundaries learned by a non-linear classifier (such as a neural network) for the loan data set 
· Regression is learning a function that maps a data item to a real-valued prediction variable. Regression applications are many, e.g., predicting the amount of bio-mass present in a forest given remotely-sensed microwave measurements, estimating the probability that a patient will die given the results of a set of diagnostic tests, predicting consumer demand for a new product as a function of advertising expenditure, and time series prediction where the input variables can be time-lagged versions of the prediction variable. Figure 1.6 shows the result of simple linear regression where “total debt” is fitted as a linear function of “income”: the fit is poor since there is only a weak correlation between the two variables.
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Clustering is a common descriptive task where one seeks to identify a finite set of categories or clusters to describe the data. The categories may be mutually exclusive and exhaustive, or consist of a richer representation such as hierarchical or overlapping categories. Examples of clustering in a knowledge discovery context include discovering homogeneous sub-populations for consumers in marketing databases and identification of sub-categories of spectra from infrared sky measurements. Figure 1.7 shows a possible clustering of the loan data set into 3 clusters: note that the clusters overlap allowing data points to belong to more than one cluster. The original class labels (denoted by two different colors) have been replaced by “no color” to indicate that the class membership is no longer assumed.
Figure 1.6: A simple linear regression for the loan data set  
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Figure 1.7: A simple clustering of the loan data set into three clusters
· Summarization involves methods for finding a compact description for a subset of data. A simple example would be tabulating the mean and standard deviations for all fields. More sophisticated methods involve the derivation of summary rules, multivariate visualization techniques, and the discovery of functional relationships between variables. Summarization techniques are often applied to interactive exploratory data analysis and automated report generation.

· Dependency Modeling consists of finding a model that describes significant dependencies between variables. Dependency models exist at two levels: the structural level of the model specifies (often in graphical form) which variables are locally dependent on each other, whereas the quantitative level of the model specifies the strengths of the dependencies using some numerical scale. For example, probabilistic dependency networks use conditional independence to specify the structural aspect of the model and probabilities or correlation to specify the strengths of the dependencies. Probabilistic dependency networks are increasingly finding applications in areas as diverse as the development of probabilistic medical expert systems from databases, information retrieval, and modeling of the human genome. 
· Change and Deviation Detection focuses on discovering the most significant changes in the data from previously measured values.
· Model Representation is the language L for describing discoverable patterns. If the representation is too limited, then no amount of training time or examples will produce an accurate model for the data. For example, a decision tree representation, using univariate (single-field) node-splits, partitions the input space into hyperplanes that are parallel to the attribute axes. Such a decision-tree method cannot discover from data the formula x = y no matter how much training data it is given. Thus, it is important that a data analyst fully comprehend the representational assumptions that may be inherent to a particular method. It is equally important that an algorithm designer clearly state which representational assumptions are being made by a particular algorithm. 
· Model Evaluation estimates how well a particular pattern (a model and its parameters) meets the criteria of the KDD process. Evaluation of predictive accuracy (validity) is based on cross validation. Evaluation of descriptive quality involves predictive accuracy, novelty, utility, and understandability of the fitted model. Both logical and statistical criteria can be used for model evaluation. For example, the maximum likelihood principle chooses the parameters for the model that yield the best fit to the training data. 
· Search Method consists of two components: Parameter Search and Model Search. In parameter search the algorithm must search for the parameters that optimize the model evaluation criteria given observed data and a fixed model representation. Model Search occurs as a loop over the parameter search method: the model representation is changed so that a family of models is considered. For each specific model representation, the parameter search method is instantiated to evaluate the quality of that particular model. Implementations of model search methods tend to use heuristic search techniques since the size of the space of possible models often prohibits exhaustive search and closed form solutions are not easily obtainable. 

1.5  Why is KDD Necessary?

There are many reasons that explain the need of KDD, typically

· Many organizations gathered so much data, what do they do with it?
· People store data because they think some valuable assets are implicitly coded within it. In scientific endeavors, data represents observations carefully collected about some phenomenon under study. 
· In business, data captures information about critical markets, competitors, and customers. In manufacturing, data captures performance and optimization opportunities, as well as the keys to improving processes and troubleshooting problems.

· Only a small portion (typically 5%-10%) of the collected data is ever analyzed)

· Data that may never be analyzed continues to be collected, at great expense, out of   fear that something which may prove important in the future is missed

· Growth rate of data precludes traditional “manual intensive” approach if one is to keep up.

· Data volume is too large for classical analysis regime. We may never see them entirety or cannot hold all in memory.
· high number of records too large (108-1012  bytes)

· high dimensional data (many database fields: 102-104)

· “how do you explore millions of records, ten or hundreds of fields, and finds patterns?”

· Networking, increased opportunity for access
· Web navigation on-line product catalogs, travel and services information, ...

· End user is not a statistician
· Need to quickly identify and respond to emerging opportunities before the competition

· Special financial instruments, target marketing campaigns, etc.

· As databases grow, ability to support analysis and decision making using traditional (SQL) queries infeasible:

· Many queries of interest (to humans) are difficult to state in a query language

· e.g., “find me all records indicating frauds”

· e.g., “find me individuals likely to buy product x ?”

· e.g., “find all records that are similar to records in table X”

· The query formulation problem


· It is not solvable via query optimization

· Has not received much attention in the database field or in traditional statistical approaches

· Natural solution is via train-by-example approach (e.g., in machine learning, pattern recognition)
1.6 KDD Applications

KDD techniques can be applied in many domains, typically

· Business information

· Marketing and sales data analysis

· Investment analysis

· Loan approval

· Fraud detection

· Manufactoring information

· Controlling and scheduling

· Network management

· Experiment result analysis

· etc.

· Scientific information

· Sky survey cataloging

· Biosequence Databases

· Geosciences: Quakefinder

· etc.
· Personal information
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1.7   Challenges for KDD

· Larger databases. Databases with hundreds of fields and tables, millions of records, and multi-gigabyte size are quite commonplace, and terabyte (1012 bytes) databases are beginning to appear.

· High dimensionality. Not only is there often a very large number of records in the database, but there can also be a very large number of fields (attributes, variables) so that the dimensionality of the problem is high. A high dimensional data set creates problems in terms of increasing the size of the search space for model induction in a combinatorial explosion manner. In addition, it increases the chances that a data mining algorithm will find spurious patterns that are not valid in general. Approaches to this problem include methods to reduce the effective dimensionality of the problem and the use of prior knowledge to identify irrelevant variables. 

· Over-fitting. When the algorithm searches for the best parameters for one particular model using a limited set of data, it may over-fit the data, resulting in poor performance of the model on test data. Possible solutions include cross-validation, regularization, and other sophisticated statistical strategies.

· Assessing statistical significance. A problem (related to over-fitting) occurs when the system is searching over many possible models. For example, if a system tests N models at the 0.001 significance level then on average with purely random data,  N/1000 of these models will be accepted as significant. This point is frequently missed by many initial attempts at KDD. One way to deal with this problem is to use methods that adjust the test statistic as a function of the search.
· Changing data and knowledge. Rapidly changing (non-stationary) data may make previously discovered patterns invalid. In addition, the variables measured in a given application database may be modified, deleted, or augmented with new measurements over time. Possible solutions include incremental methods for updating the patterns and treating change as an opportunity for discovery by using it to cue the search for patterns of change only.

· Missing and noisy data. This problem is especially acute in business databases. U.S. census data reportedly has error rates of up to 20%. Important attributes may be missing if the database was not designed with discovery in mind. Possible solutions include more sophisticated statistical strategies to identify hidden variables and dependencies. 

· Complex relationships between fields. Hierarchically structured attributes or values, relations between attributes, and more sophisticated means for representing knowledge about the contents of a database will require algorithms that can effectively utilize such information. Historically, data mining algorithms have been developed for simple attribute-value records, although new techniques for deriving relations between variables are being developed. 

· Understandability of patterns. In many applications it is important to make the discoveries more understandable by humans. Possible solutions include graphical representations, rule structuring with directed a-cyclic graphs, natural language generation, and techniques for visualization of data and knowledge. 

· User interaction and prior knowledge. Many current KDD methods and tools are not truly interactive and cannot easily incorporate prior knowledge about a problem except in simple ways: The use of domain knowledge is important in all of the steps of the KDD process. 

· Integration with other systems. A stand-alone discovery system may not be very useful. Typical integration issues include integration with a DBMS (e.g., via a query interface), integration with spreadsheets and visualization tools, and accommodating real-time sensor readings. 

The main resource of information on Knowledge Discovery and Data Mining is at the site http://www.kdnuggets.com
Chapter 2

Preprocessing Data

In the real world of data-mining applications, more effort is expended preparing data than applying a prediction program to data. Data mining methods are quite capable of finding valuable patterns in data. It is straightforward to apply a method to data and then judge the value of its results based on the estimated predictive performance. This does not diminish the role of careful attention to data preparation. While the prediction methods may have very strong theoretical capabilities, in practice all these methods may be limited by a shortage of data relative to the unlimited space of possibilities that they may search.
2.1 Data Quality 

To a large extent, the design and organization of data, including the setting of goals  and the composition of features, is done by humans. There are two central goals for the preparation of data: 

· To organize data into a standard form that is ready for processing by data mining programs. 

· To prepare features that lead to the best predictive performance. 

It’s easy to specify a standard form that is compatible with most prediction methods. It’s much harder to generalize concepts for composing the most predictive features.

A Standard Form. A standard form helps to understand the advantages and limitations of different prediction techniques and how they reason with data. The standard form model of data constrains our world’s view. To find the best set of features, it is important to examine the types of features that fit this model of data, so that they may be manipulated to increase predictive performance.

Most prediction methods require that data be in a standard form with standard types of measurements. The features must be encoded in a numerical format such as binary true-or-false features, numerical features, or possibly numeric codes. In addition, for classification a clear goal must be specified. 

Prediction methods may differ greatly, but they share a common perspective. Their view of the world is cases organized in a spreadsheet format.

Standard Measurements. The spreadsheet format becomes a standard form when the features are restricted to certain types. Individual measurements for cases must conform to the specified feature type. There are two standard feature types; both are encoded in a numerical format, so that all values Vij are numbers.

· True-or-false variables: These values are encoded as 1 for true and 0 for false. For example, feature j is assigned 1 if the business is current in supplier payments and 0 if not. 

· Ordered variables: These are numerical measurements where the order is important, and X > Y has meaning. A variable could be a naturally occurring, real-valued measurement such as the number of years in business, or it could be an artificial measurement such as an index reflecting the banker’s subjective assessment of the chances that a business plan may fail. 

A true-or-false variable describes an event where one of two mutually exclusive events occurs. Some events have more than two possibilities. Such a code, some time called a categorical variable, could be represented as a single number. In standard form, a categorical variable is represented as m individual true-or-false variables, where m is the number of possible values for the code. While databases are sometimes accessible in spreadsheet format, or can readily be converted into this format, they often may not be easily mapped into standard form. For example, these can be free text or replicated fields (multiple instances of the same feature recorded in different data fields).

Depending on the type of solution, a data mining method may have a clear preference for either categorical or ordered features. In addition to data mining methods supplementary techniques work with the same prepared data to select an interesting subset of features. 

Many methods readily reason with ordered numerical variables. Difficulties may arise with unordered numerical variables, the categorical features. Because a specific code is arbitrary, it is not suitable for many data mining methods. For example, a method cannot compute appropriate weights or means based on a set of arbitrary codes. A distance method cannot effectively compute distance based on arbitrary codes. The standard-form model is a data presentation that is uniform and effective across a wide spectrum of data mining methods and supplementary data-reduction techniques. Its model of data makes explicit the constraints faced by most data mining methods in searching for good solutions.
2.2 Data Transformations

A central objective of data preparation for data mining is to transform the raw data into a standard spreadsheet form. 

In general, two additional tasks are associated with producing the standard-form spreadsheet:

· Feature selection 

· Feature composition 

Once the data are in standard form, there are a number of effective automated procedures for feature selection. In terms of the standard spreadsheet form, feature selection will delete some of the features, represented by columns in the spreadsheet. Automated feature selection is usually effective, much more so than composing and extracting new features. The computer is smart about deleting weak features, but relatively dumb in the more demanding task of composing new features or transforming raw data into more predictive forms.

2.2.1  Normalization

Some methods, typically those using mathematical formulas and distance measures, may need normalized data for best results. The measured values can be scaled to a specified range, for example, -1 to +1. For example, neural nets generally train better when the measured values are small. If they are not normalized, distance measures for nearest-neighbor methods will overweight those features that have larger values. A binary 0 or 1 value should not compute distance on the same scale as age in years. There are many ways of normalizing data. Here are two simple and effective normalization techniques: 

· Decimal scaling 

· Standard deviation normalization 

Decimal scaling. Decimal scaling moves the decimal point, but still preserves most of the original character of the value. Equation (2.1) describes decimal scaling, where v(i) is the value of feature v for case i. The typical scale maintains the values in a range of -1 to 1. The maximum absolute v(i) is found in the training data, and then the decimal point is moved until the new, scaled maximum absolute value is less than 1. This divisor is then applied to all other v(i). For example, if the largest value is 903, then the maximum value of the feature becomes .903, and the divisor for all v(i) is 1,000. 
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Standard deviation normalization. Normalization by standard deviations often works well with distance measures, but transforms the data into a form unrecognizable from the original data. For a feature v, the mean value, mean(v), and the standard deviation, sd(v), are computed from the training data. Then for a case i, the feature value is transformed as shown in Equation (2.2). 
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Why not treat normalization as an implicit part of a data mining method? The simple answer is that normalizations are useful for several diverse prediction methods. More importantly, though, normalization is not a “one-shot” event. If a method normalizes training data, the identical normalizations must be applied to future data. The normalization parameters must be saved along with a solution. If decimal scaling is used, the divisors derived from the training data are saved for each feature. If standard-error normalizations are used, the means and standard errors for each feature are saved for application to new data. 

2.2.2 Data Smoothing

Data smoothing can be understood as doing the same kind of smoothing on the features themselves with the same objective of removing noise in the features. From the perspective of generalization to new cases, even features that are expected to have little error in their values may benefit from smoothing of their values to reduce random variation. The primary focus of regression methods is to smooth the predicted output variable, but complex regression smoothing cannot be done for every feature in the spreadsheet. Some methods, such as neural nets with sigmoid functions, or regression trees that use the mean value of a partition, have smoothers implicit in their representation. Smoothing the original data, particularly real-valued numerical features, may have beneficial predictive consequences. Many simple smoothers can be specified that average similar measured values. However, our emphasis is not solely on enhancing prediction but also on reducing dimensions, reducing the number of distinct values for a feature that is particularly useful for logic-based methods. These same techniques can be used to “discretize” continuous features into a set of discrete features, each covering a fixed range of values. 

2.3   Missing Data

What happen when some data values are missing? Future cases may also present themselves with missing values. Most data mining methods do not manage missing values very well.

If the missing values can be isolated to only a few features, the prediction program can find several solutions: one solution using all features, other solutions not using the features with many expected missing values. Sufficient cases may remain when rows or columns in the spreadsheet are ignored. Logic methods may have an advantage with surrogate approaches for missing values. A substitute feature is found that approximately mimics the performance of the missing feature. In effect, a sub-problem is posed with a goal of predicting the missing value. The relatively complex surrogate approach is perhaps the best of a weak group of methods that compensate for missing values. The surrogate techniques are generally associated with decision trees. The most natural prediction method for missing values may be the decision rules. They can readily be induced with missing data and applied to cases with missing data because the rules are not mutually exclusive. 

An obvious question is whether these missing values can be filled in during data preparation prior to the application of the prediction methods. The complexity of the surrogate approach would seem to imply that these are individual sub-problems that cannot be solved by simple transformations. This is generally true. Consider the failings of some of these simple extrapolations. 

· Replace all missing values with a single global constant. 

· Replace a missing value with its feature mean. 

· Replace a missing value with its feature and class mean. 

These simple solutions are tempting. Their main flaw is that the substituted value is not the correct value. By replacing the missing feature values with a constant or a few values, the data are biased. For example, if the missing values for a feature are replaced by the feature means of the correct class, an equivalent label may have been implicitly substituted for the hidden class label. Clearly, using the label is circular, but replacing missing values with a constant will homogenize the missing value cases into a uniform subset directed toward the class label of the largest group of cases with missing values. If missing values are replaced with a single global constant for all features, an unknown value may be implicitly made into a positive factor that is not objectively justified. For example, in medicine, an expensive test may not be ordered because the diagnosis has already been confirmed. This should not lead us to always conclude that same diagnosis when this expensive test is missing. 

In general, it is speculative and often misleading to replace missing values using a simple scheme of data preparation. It is best to generate multiple solutions with and without features that have missing values or to rely on prediction methods that have surrogate schemes, such as some of the logic methods. 

2.4   Data Reduction

There are a number of reasons why reduction of big data, shrinking the size of the spreadsheet by eliminating both rows and columns, may be helpful: 

· The data may be too big for some data mining programs. In an age when people talk of terabytes of data for a single application, it is easy to exceed the processing capacity of a data mining program. 

· The expected time for inducing a solution may be too long. Some programs can take quite a while to train, particularly when a number of variations are considered. 

The main theme for simplifying the data is dimension reduction. Figure 2.1 illustrates the revised process of data mining with an intermediate step for dimension reduction. Dimension-reduction methods are applied to data in standard form. Prediction methods are then applied to the reduced data. 
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Figure 2.1: The role of dimension reduction in data mining

In terms of the spreadsheet, a number of deletion or smoothing operations can reduce the dimensions of the data to a subset of the original spreadsheet. The three main dimensions of the spreadsheet are columns, rows, and values. Among the operations to the spreadsheet are the following: 

· Delete a column (feature) 

· Delete a row (case) 

· Reduce the number of values in a column (smooth a feature) 

These operations attempt to preserve the character of the original data by deleting data that are nonessential or mildly smoothing some features. There are other transformations that reduce dimensions, but the new data are unrecognizable when compared to the original data. Instead of selecting a subset of features from the original set, new blended features are created. The method of principal components, which replaces the features with composite features, will be reviewed. However, the main emphasis is on techniques that are simple to implement and preserve the character of the original data.
The perspective on dimension reduction is independent of the data mining methods. The reduction methods are general, but their usefulness will vary with the dimensions of the application data and the data mining methods. Some data mining methods are much faster than others. Some have embedded feature selection techniques that are inseparable from the prediction method. The techniques for data reduction are usually quite effective, but in practice are imperfect. Careful attention must be paid to the evaluation of intermediate experimental results so that wise selections can be made from the many alternative approaches. The first step for dimension reduction is to examine the features and consider their predictive potential. Should some be discarded as being poor predictors or redundant relative to other good predictors? This topic is a classical problem in pattern recognition whose historical roots are in times when computers were slow and most practical problems were considered big problems

2.4.1   Selecting the Best Features 

The objective of feature selection is to find a subset of features with predictive performance comparable to the full set of features. Given a set of m features, the number of subsets to be evaluated is finite, and a procedure that does exhaustive search can find an optimal solution. Subsets of the original feature set are enumerated and passed to the prediction program. The results are evaluated and the feature subset with the best result is selected. However, there are obvious difficulties with this approach: 

· For large numbers of features, the number of subsets that can be enumerated is unmanageable. 
· The standard of evaluation is error. For big data, most data mining methods take substantial amounts of time to find a solution and estimate error. 

For practical prediction methods, an optimal search is not feasible for each feature subset and the solution’s error. It takes far too long for the method to process the data. Moreover, feature selection should be a fast preprocessing task, invoked only once prior to the application of data mining methods. Simplifications are made to produce acceptable and timely practical results. Among the approximations to the optimal approach that can be made are the following:

· Examine only promising subsets. 

· Substitute computationally simple distance measures for the error measures. 

· Use only training measures of performance, not test measures. 

Promising subsets are usually obtained heuristically. This leaves plenty of room for exploration of competing alternatives. By substituting a relatively simple distance measure for the error, the prediction program can be completely bypassed. In theory, the full feature set includes all information of a subset. In practice, estimates of true error rates for subsets versus supersets can be different and occasionally better for a subset of features. This is a practical limitation of prediction methods and their capabilities to explore a complex solution space. However, training error is almost exclusively used in feature selection. These simplifications of the optimal feature selection process should not alarm us. Feature selection must be put in perspective. The techniques reduce dimensions and pass the reduced data to the prediction programs. It’s nice to describe techniques that are optimal. However, the prediction programs are not without resources. They are usually quite capable of dealing with many extra features, but they cannot make up for features that have been discarded. The practical objective is to remove clearly extraneous features(leaving the spreadsheet reduced to manageable dimensions(not necessarily to select the optimal subset. It’s much safer to include more features than necessary, rather than fewer. The result of feature selection should be data having potential for good solutions. The prediction programs are responsible for inducing solutions from the data. 

2.4.2   Feature Selection from Means and Variances 

In the classical statistical model, the cases are a sample from some distribution. The data can be used to summarize the key characteristics of the distribution in terms of means and variance. If the true distribution is known, the cases could be dismissed, and these summary measures could be substituted for the cases.

We review the most intuitive methods for feature selection based on means and variances.

Independent Features. We compare the feature means of the classes for a given classification problem. Equations (2.3) and (2.4) summarize the test, where se is the standard error and significance sig is typically set to 2, A and B are the same feature measured for class 1 and class 2, respectively, and nl and n2 are the corresponding numbers of cases. If Equation (2.4) is satisfied, the difference of feature means is considered significant.
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The mean of a feature is compared in both classes without worrying about its relationship to other features. With big data and a significance level of two standard errors, it’s not asking very much to pass a statistical test indicating that the differences are unlikely to be random variation. If the comparison fails this test, the feature can be deleted. What about the 5% of the time that the test is significant but doesn’t show up? These slight differences in means are rarely enough to help in a prediction problem with big data. It could be argued that even a higher significance level is justified in a large feature space. Surprisingly, many features may fail this simple test.

For k classes, k pair-wise comparisons can be made, comparing each class to its complement. A feature is retained if it is significant for any of the pair-wise comparisons. A comparison of means is a natural fit to classification problems. It is more cumbersome for regression problems, but the same approach can be taken. For the purposes of feature selection, a regression problem can be considered a pseudo-classification problem, where the objective is to separate clusters of values from each other. A sim- ple screen can be performed by grouping the highest 50% of the goal values in one class, and the lower half in the second class.
Distance-Based Optimal Feature Selection.  If the features are examined collectively, instead of independently, additional information can be obtained about the characteristics of the features. A method that looks at independent features can delete columns from a spreadsheet because it concludes that the features are not useful. 

Several features may be useful when considered separately, but they may be redundant in their predictive ability. For example, the same feature could be repeated many times in a spreadsheet. If the repeated features are reviewed independently they all would be retained even though only one is necessary to maintain the same predictive capability

Under assumptions of normality or linearity, it is possible to describe an elegant solution to feature subset selection, where more complex relationships are implicit in the search space and the eventual solution. In many real-world situations the normality assumption will be violated, and the normal model is an ideal model that cannot be considered an exact statistical model for feature subset selection, Normal distributions are the ideal world for using means to select features. However, even without normality, the concept of distance between means, normalized by variance, is very useful for selecting features. The subset analysis is a filter but one that augments the independent analysis to include checking for redundancy. 

A multivariate normal distribution is characterized by two descriptors: M, a vector of the m feature means, and C, an m x m covariance matrix of the means. Each term in C is a paired relationship of features, summarized in Equation (2.5), where m(i) is the mean of the i-th feature, v(k, i) is the value of feature i for case k and n is the number of cases. The diagonal terms of C, Ci,i are simply the variance of each feature, and the non-diagonal terms are correlations between each pair of features. 
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In addition to the means and variances that are used for independent features, correlations between features are summarized. This provides a basis for detecting redundancies in a set of features. In practice, feature selection methods that use this type of information almost always select a smaller subset of features than the independent feature analysis. 

Consider the distance measure of Equation (2.6) for the difference of feature means between two classes. M1 is the vector of feature means for class 1, and 
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 is the inverse of the covariance matrix for class 1.  This distance measure is a multivariate analog to the independent significance test. As a heuristic that relies completely on sample data without knowledge of a distribution, DM is a good measure for filtering features that separate two classes.
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We now have a general measure of distance based on means and covariance. The problem of finding a subset of features can be posed as the search for the best k features measured by DM. If the features are independent, then all non-diagonal components of the inverse covariance matrix are zero, and the diagonal values of C-1 are 1/var(i) for feature i. The best set of k independent features are the k features with the largest values of 
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, where ml(i) is the mean of feature i in class 1, and varl(i) is its variance. As a feature filter, this is a slight variation from the significance test with the independent features method.

2.4.3    Principal Components 

To reduce feature dimensions, the simplest operation on a spreadsheet is to delete a column. Deletion preserves the original values of the remaining data, which is particularly important for the logic methods that hope to present the most intuitive solutions. Deletion operators are filters; they leave the combinations of features for the prediction methods, which are more closely tied to measuring the real error and are more comprehensive in their search for solutions. 

An alternative view is to reduce feature dimensions by merging features, resulting in a new set of fewer columns with new values. One well-known approach is merging by principal components. Until now, class goals, and their means and variances, have been used to filter features. With the merging approach of principal components, class goals are not used. Instead, the features are examined collectively, merged and transformed into a new set of features that hopefully retain the original information content in a reduced form. The most obvious transformation is linear, and that’s the basis of principal components. Given m features, they can be transformed into a single new feature, f’, by the simple application of weights as in Equation (2.7).
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A single set of weights would be a drastic reduction in feature dimensions. Should a single set of weights be adequate? Most likely it will not be adequate, and up to m transformations are generated, where each vector of m weights is called a principal component. The first vector of m weights is expected to be the strongest, and the remaining vectors are ranked according to their expected usefulness in reconstructing the original data. With m transformations, ordered by their potential, the objective of reduced dimensions is met by eliminating the bottom-ranked transformations. 

In Equation (2.8), the new spreadsheet, S’, is produced by multiplying the original spreadsheet S, by matrix P, in which each column is a principal component, a set of m weights. When case Si is multiplied by principal component j, the result is the value of the new feature j for newly transformed case Si’

S = SP                                                                                                            (2.8)

The weights matrix P, with all components, is an m x m matrix: m sets of m weights. If P is the identity matrix, with ones on the diagonal and zeros elsewhere, then the transformed S’ is identical to S. The main expectation is that only the first k components, the principal components, are needed, resulting in a new spreadsheet, S’, having only k columns. 

How are the weights of the principal components found? The data are prepared by normalizing all features values in terms of standard errors. This scales all features similarly. The first principal component is the line that fits the data best. “Best” is generally defined as minimum Euclidean distance from the line, w, as described in Equation (2.9)
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The new feature produced by the best-fitting line is the feature with the greatest variance. Intuitively, a feature with a large variance has excellent chances for separation of classes or groups of case values. Once the first principal component is determined, other principal component features are obtained similarly, with the additional constraint that each new line is uncorrelated with the previously found principal components. Mathematically, this means that the inner product of any two vectors(i.e., the sum of the products of corresponding weights - is zero: The results of this process of fitting lines are Pall, the matrix of all principal components, and a rating of each principal component, indicating the variance of each line. The variance ratings decrease in magnitude, and an indicator of coverage of a set of principal components is the percent of cumulative variance for all components covered by a subset of components. Typical selection criteria are 75% to 95% of the total variance. If very few principal components can account for 75% of the total variance, considerable data reduction can be achieved. This criterion sometime results in too drastic a reduction, and an alternative selection criterion is to select those principal components that account for a higher than average variance. 

Chapter 3

Data Mining with Decision Trees
Decision trees are powerful and popular tools for classification and prediction. The attractiveness of tree-based methods is due in large part to the fact that, in contrast to neural networks, decision trees represent rules. Rules can readily be expressed so that we humans can understand them or in a database access language like SQL so that records falling into a particular category may be retrieved. 
In some applications, the accuracy of a classification or prediction is the only thing that matters; if a direct mail firm obtains a model that can accurately predict which members of a prospect pool are most likely to respond to a certain solicitation, they may not care how or why the model works. In other situations, the ability to explain the reason for a decision is crucial. In health insurance underwriting, for example, there are legal prohibitions against discrimination based on certain variables. An insurance company could find itself in the position of having to demonstrate to the satisfaction of a court of law that it has not used illegal discriminatory practices in granting or denying coverage. There are a variety of algorithms for building decision trees that share the desirable trait of explicability. Most notably are two methods and systems CART and C4.5 (See5/C5.0) that are gaining popularity and are now available as commercial software. 

3.1   How a decision tree works
Decision tree is a classifier in the form of a tree structure where each node is either: 

· a leaf node, indicating a class of instances, or

· a decision node that specifies some test to be carried out on a single attribute　value, with one branch and sub-tree for each possible outcome of the test.

A decision tree can be used to classify an instance by starting at the root of the tree and moving through it until a leaf node, which provides the classification of the instance. 
Example: Decision making in the London stock market
Suppose that the major factors affecting the London stock market are:

· what it did yesterday; 
· what the New York market is doing today; 
· bank interest rate; 
· unemployment rate; 
· England’s prospect at cricket.
Table 3.1 is a small illustrative dataset of six days about the London stock market. The lower part contains data of each day according to five questions, and the second row shows the observed result (Yes (Y) or No (N) for “It rises today”). Figure 3.1 illustrates a typical learned decision tree from the data in Table 3.1.  

	Instance No.
It rises today                  
	 　1

Y
	2

Y
	 3

Y
	 4

N
	 5

N
	 6

N

	It rose yesterday             
NY rises today               
Bank rate high                

Unemployment high      
England is losing                       
	  Y

  Y

  N

  N

  Y
	Y

N

Y

Y

Y
	N

N

N

Y

Y
	Y

N

Y

N

Y
	N

N

N

N

Y
	N

N

Y

N

Y


Table 3.1: Examples of a small dataset on the London stock market 


[image: image16.wmf]is unemployment high?

 

  YES                               NO

 

The London market 

 

will rise today {2,3}

 

is the New York market

 

rising today?

 

  YES                               NO

 

The London market 

 

will rise today {1}

 

The London market 

 

will not rise today {4, 5, 6}

 


Figure 3.1: A decision tree for the London stock market

The process of predicting an instance by this decision tree can also be expressed by answering the questions in the following order:

Is unemployment high?

    YES: The London market will rise today 

    NO:   Is the New York market rising today? 

YES: The London market will rise today 

NO:  The London market will not rise today.

Decision tree induction is a typical inductive approach to learn knowledge on classification. The key requirements to do mining with decision trees are:

· Attribute-value description: object or case must be expressible in terms of a fixed collection of properties or attributes.

· Predefined classes: The categories to which cases are to be assigned must have been established beforehand (supervised data). 

· Discrete classes: A case does or does not belong to a particular class, and there must be for more cases than classes. 
· Sufficient data: Usually hundreds or even thousands of training cases.

· “Logical” classification model: Classifier that can be only expressed as decision trees or set of production rules 

3.2   Constructing decision trees
3.2.1   The basic decision tree learning algorithm

Most algorithms that have been developed for learning decision trees are variations on a core algorithm that employs a top-down, greedy search through the space of possible decision trees. Decision tree programs construct a decision tree T from a set of training cases. The original idea of construction of decision trees goes back to the work of Hoveland and Hunt on concept learning systems (CLS) in the late 1950s. Table 3.2 briefly describes this CLS scheme that is in fact a recursive top-down divide-and-conquer algorithm. The algorithm consists of five steps.

	1. T ( the whole training set. Create a T node.

2. If all examples in T are positive, create a ‘P’ node with T as its parent and stop. 

3. If all examples in T are negative, create a ‘N’ node with T as its parent and stop. 

4. Select an attribute X with values v1, v2, …, vN  and partition T into subsets T1, T2, …, TN  according their values on X. Create N nodes Ti  (i = 1,..., N) with T as their parent and X = vi as the label of the branch from T to Ti.

5. For each Ti do: T ( Ti and goto step 2.


Table 3.2: CLS algorithm
We present here the basic algorithm for decision tree learning, corresponding approximately to the ID3 algorithm of Quinlan, and its successors C4.5, See5/C5.0 [12]. To illustrate the operation of ID3, consider the learning task represented by training examples of Table 3.3. Here the target attribute PlayTennis (also called class attribute), which can have values yes or no for different Saturday mornings, is to be predicted based on other attributes of the morning in question.

	Day
	Outlook
	Temperature
	Humidity
	Wind
	PlayTennis?

	D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

D11

D12

D13

D14
	Sunny

Sunny

Overcast

Rain

Rain

Rain

Overcast

Sunny

Sunny

Rain

Sunny

Overcast

Overcast

Rain
	Hot

Hot

Hot

Mild

Cool

Cool

Cool

Mild

Cool

Mild

Mild

Mild

Hot

Mild 
	High

High

High

High

Normal

Normal

Normal

High

Normal

Normal

Normal

High

Normal

High
	Weak

Strong

Weak

Weak

Weak

Strong

Strong

Weak

Weak

Weak

Strong

Strong

Weak

Strong
	No

No

Yes

Yes

Yes

No

Yes

No

Yes

Yes

Yes

Yes

Yes

No


Table 3.3: Training examples for the target concept PlayTennis
3.2.1   Which attribute is the best classifier?
The central choice in the ID3 algorithm is selecting which attribute to test at each node in the tree, according to the first task in step 4 of the CLS algorithm. We would like to select the attribute that is most useful for classifying examples. What is a good quantitative measure of the worth of an attribute? We will define a statistical property called information gain that measures how well a given attribute separates the training examples according to their target classification. ID3 uses this information gain measure to select among the candidate attributes at each step while growing the tree. 
Entropy measures homogeneity of examples. In order to define information gain precisely, we begin by defining a measure commonly used in information theory, called entropy, that characterizes the (im)purity of an arbitrary collection of examples. Given a collection S, containing positive and negative examples of some target concept, the entropy of S relative to this Boolean classification is 
Entropy(S) =  - p⊕log2 p⊕ - p⊖log2 p⊖                                                             (3.1) 
where p⊕is the proportion of positive examples in S and p⊖is the proportion of negative examples in S. In all calculations involving entropy we define 0log0 to be 0. 
To illustrate, suppose S is a collection of 14 examples of some Boolean concept, including 9 positive and 5 negative examples (we adopt the notation [9+, 5-] to summarize such a sample of data). Then the entropy of S relative to this Boolean classification is 
Entropy([9+, 5-]) = - (9/14) log2 (9/14) - (5/14) log2 (5/14) = 0.940              (3.2)
Notice that the entropy is 0 if all members of S belong to the same class. For example, if all members are positive (p⊕= 1 ), then p⊖is 0, and Entropy(S) = -1( log2(1) - 0(log20 = -1(0 - 0(log20 = 0. Note the entropy is 1 when the collection contains an equal number of positive and negative examples. If the collection contains unequal numbers of positive and negative examples, the entropy is between 0 and 1. Figure 3.1 shows the form of the entropy function relative to a Boolean classification, as p⊕ varies between 0 and 1. 
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Figure 3.1: The entropy function relative to a Boolean classification, as the proportion of positive examples p⊕varies between 0 and 1.

One interpretation of entropy from information theory is that it specifies the minimum number of bits of information needed to encode the classification of an arbitrary member of S (i.e., a member of S drawn at random with uniform probability). For example, if p⊕is 1, the receiver knows the drawn example will be positive, so no message need be sent, and the entropy is 0.  On the other hand, if p⊕is 0.5, one bit is required to indicate whether the drawn example is positive or negative. If p⊕is 0.8, then a collection of messages can be encoded using on average less than 1 bit per message by assigning shorter codes to collections of positive examples and longer codes to less likely negative examples. 
Thus far we have discussed entropy in the special case where the target classification is Boolean. More generally, if the target attribute can take on c different values, then the entropy of S relative to this c-wise classification is defined as 
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where pi is the proportion of S belonging to class i. Note the logarithm is still base 2 because entropy is a measure of the expected encoding length measured in bits. Note also that if the target attribute can take on c possible values, the entropy can be as large as log2c. 
Information gain measures the expected reduction in entropy. Given entropy as a measure of the impurity in a collection of training examples, we can now define a measure of the effectiveness of an attribute in classifying the training data. The measure we will use, called information gain, is simply the expected reduction in entropy caused by partitioning the examples according to this attribute. More precisely, the information gain, Gain (S, A) of an attribute A, relative to a collection of examples S, is defined as 
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where Values(A) is the set of all possible values for attribute A, and Sv is the subset of S for which attribute A has value v (i.e., Sv = {s ∊S |A(s) = v}). Note the first term in Equation (3.4) is just the entropy of the original collection S and the second term is the expected value of the entropy after S is partitioned using attribute A. The expected entropy described by this second term is simply the sum of the entropies of each subset Sv, weighted by the fraction of examples |Sv|/|S| that belong to Sv. Gain (S,A) is therefore the expected reduction in entropy caused by knowing the value of attribute A. Put another way, Gain(S,A) is the information provided about the target function value, given the value of some other attribute A. The value of Gain(S,A) is the number of bits saved when encoding the target value of an arbitrary member of S, by knowing the value of attribute A. 

For example, suppose S is a collection of training-example days described in Table 3.3 by attributes including Wind, which can have the values Weak or Strong. As before, assume S is a collection containing 14 examples ([9+, 5-]). Of these 14 examples, 6 of the positive and 2 of the negative examples have Wind = Weak, and the remainder have Wind = Strong. The information gain due to sorting the original 14 examples by the attribute Wind may then be calculated as
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Information gain is precisely the measure used by ID3 to select the best attribute at each step in growing the tree.

An Illustrative Example.  Consider the first step through the algorithm, in which the topmost node of the decision tree is created. Which attribute should be tested first in the tree? ID3 determines the information gain for each candidate attribute (i.e., Outlook, Temperature, Humidity, and Wind), then selects the one with highest information gain. The information gain values for all four attributes are 

Gain(S, Outlook) = 0.246 

Gain(S, Humidity) = 0.151 

Gain(S, Wind) = 0.048 

Gain(S, Temperature) = 0.029 

where S denotes the collection of training examples from Table 3.3.

According to the information gain measure, the Outlook attribute provides the best prediction of the target attribute, PlayTennis, over the training examples. Therefore, Outlook is selected as the decision attribute for the root node, and branches are created below the root for each of its possible values (i.e., Sunny, Overcast, and Rain). The final tree is shown in Figure 3.2.
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Figure 3.2.  A decision tree for the concept PlayTennis
The process of selecting a new attribute and partitioning the training examples is now repeated for each non-terminal descendant node, this time using only the training examples associated with that node. Attributes that have been incorporated higher in the tree are excluded, so that any given attribute can appear at most once along any path through the tree. This process continues for each new leaf node until either of two conditions is met: 

1. every attribute has already been included along this path through the tree, or 

2. the training examples associated with this leaf node all have the same target attribute value (i.e., their entropy is zero). 

3.3    Issues in data mining with decision trees

Practical issues in learning decision trees include determining how deeply to grow the decision tree, handling continuous attributes, choosing an appropriate attribute selection measure, handling training data with missing attribute values, handing attributes with differing costs, and improving computational efficiency. Below we discuss each of these issues and extensions to the basic ID3 algorithm that address them. ID3 has itself been extended to address most of these issues, with the resulting system renamed C4.5 and See5/C5.0 [12]. 

3.3.1   Avoiding over-fitting the data 

The CLS algorithm described in Table 3.2 grows each branch of the tree just deeply enough to perfectly classify the training examples. While this is sometimes a reasonable strategy, in fact it can lead to difficulties when there is noise in the data, or when the number of training examples is too small to produce a representative sample of the true target function. In either of these cases, this simple algorithm can produce trees that over-fit the training examples. 

Over-fitting is a significant practical difficulty for decision tree learning and many other learning methods. For example, in one experimental study of ID3 involving five different learning tasks with noisy, non-deterministic data, over-fitting was found to decrease the accuracy of learned decision trees by l0-25% on most problems. 
There are several approaches to avoiding over-fitting in decision tree learning. These can be grouped into two classes:

· approaches that stop growing the tree earlier, before it reaches the point where it perfectly classifies the training data,

· approaches that allow the tree to over-fit the data, and then post prune the tree. 

Although the first of these approaches might seem more direct, the second approach of post-pruning over-fit trees has been found to be more successful in practice. This is due to the difficulty in the first approach of estimating precisely when to stop growing the tree. 
Regardless of whether the correct tree size is found by stopping early or by post-pruning, a key question is what criterion is to be used to determine the correct final tree size. Approaches include:
· Use a separate set of examples, distinct from the training examples, to evaluate the utility of post-pruning nodes from the tree. 

· Use all the available data for training, but apply a statistical test to estimate whether expanding (or pruning) a particular node is likely to produce an improvement beyond the training set. For example, Quinlan [12] uses a chi-square test to estimate whether further expanding a node is likely to improve performance over the entire instance distribution, or only on the current sample of training data. 

· Use an explicit measure of the complexity for encoding the training examples and the decision tree, halting growth of the tree when this encoding size is minimized. This approach, based on a heuristic called the Minimum Description Length principle.

The first of the above approaches is the most common and is often referred to as a training and validation set approach. We discuss the two main variants of this approach below. In this approach, the available data are separated into two sets of examples: a training set, which is used to form the learned hypothesis, and a separate validation set, which is used to evaluate the accuracy of this hypothesis over subsequent data and, in particular, to evaluate the impact of pruning this hypothesis. 
Reduced error pruning. How exactly might we use a validation set to prevent over-fitting? One approach, called reduced-error pruning (Quinlan, 1987), is to consider each of the decision nodes in the tree to be candidates for pruning. Pruning a decision node consists of removing the sub-tree rooted at that node, making it a leaf node, and assigning it the most common classification of the training examples affiliated with that node. Nodes are removed only if the resulting pruned tree performs no worse than the original over the validation set. This has the effect that any leaf node added due to coincidental regularities in the training set is likely to be pruned because these same coincidences are unlikely to occur in the validation set. Nodes are pruned iteratively, always choosing the node whose removal most increases the decision tree accuracy over the validation set. Pruning of nodes continues until further pruning is harmful (i.e., decreases accuracy of the tree over the validation set). 

3.3.2   Rule post-pruning

In practice, one quite successful method for finding high accuracy hypotheses is a technique we shall call rule post-pruning. A variant of this pruning method is used by C4.5 [15]4]. Rule post-pruning involves the following steps: 

1. Infer the decision tree from the training set, growing the tree until the training data is fit as well as possible and allowing over-fitting to occur. 

2. Convert the learned tree into an equivalent set of rules by creating one rule for each path from the root node to a leaf node. 

3. Prune (generalize) each rule by removing any preconditions that result in improving its estimated accuracy. 

4. Sort the pruned rules by their estimated accuracy, and consider them in this sequence when classifying subsequent instances. 

To illustrate, consider again the decision tree in Figure 3.2. In rule post-pruning, one rule is generated for each leaf node in the tree. Each attribute test along the path from the root to the leaf becomes a rule antecedent (precondition) and the classification at the leaf node becomes the rule consequent (post-condition). For example, the leftmost path of the tree in Figure 3.2 is translated into the rule 

IF  (Outlook = Sunny) ∧ (Humidity = High) 

THEN PlayTennis = No 

Next, each such rule is pruned by removing any antecedent, or precondition, whose removal does not worsen its estimated accuracy. Given the above rule, for example, rule post-pruning would consider removing the preconditions (Outlook = Sunny) and (Humidity = High). It would select whichever of these pruning steps produced the greatest improvement in estimated rule accuracy, then consider pruning the second precondition as a further pruning step. No pruning step is performed if it reduces the estimated rule accuracy. 

Why convert the decision tree to rules before pruning? There are three main advantages. 

· Converting to rules allows distinguishing among the different contexts in which a decision node is used. Because each distinct path through the decision tree node produces a distinct rule, the pruning decision regarding that attribute test can be made differently for each path. In contrast, if the tree itself were pruned, the only two choices would be to remove the decision node completely, or to retain it in its original form. 

· Converting to rules removes the distinction between attribute tests that occur near the root of the tree and those that occur near the leaves. Thus, we avoid messy bookkeeping issues such as how to reorganize the tree if the root node is pruned while retaining part of the sub-tree below this test. 

· Converting to rules improves readability. Rules are often easier for people to understand. 
3.3.3   Incorporating Continuous-Valued Attributes 
The initial definition of ID3 is restricted to attributes that take on a discrete set of values. First, the target attribute whose value is predicted by the learned tree must be discrete valued. Second, the attributes tested in the decision nodes of the tree must also be discrete valued. This second restriction can easily be removed so that continuous-valued decision attributes can be incorporated into the learned tree. This can be accomplished by dynamically defining new discrete-valued attributes that partition the continuous attribute value into a discrete set of intervals. In particular, for an attribute A that is continuous-valued, the algorithm can dynamically create a new Boolean attribute Ac that is true if A < c and false otherwise. The only question is how to select the best value for the threshold c. As an example, suppose we wish to include the continuous-valued attribute Temperature in describing the training example days in Table 3.3. Suppose further that the training examples associated with a particular node in the decision tree have the following values for Temperature and the target attribute PlayTennis. 
Temperature:

40
48
60
72
80
90

PlayTennis:

No
No 
Yes 
Yes 
Yes 
No

What threshold-based Boolean attribute should be defined based on Temperature? Clearly, we would like to pick a threshold, c, that produces the greatest information gain. By sorting the examples according to the continuous attribute A, then identifying adjacent examples that differ in their target classification, we can generate a set of candidate thresholds midway between the corresponding values of A. It can be shown that the value of c that maximizes information gain must always lie at such a boundary. These candidate thresholds can then be evaluated by computing the information gain associated with each. In the current example, there are two candidate thresholds, corresponding to the values of Temperature at which the value of PlayTennis changes: (48 + 60)/2 and (80 + 90)/2. The information gain can then be computed for each of the candidate attributes, Temperature>54 and Temperature>85, and the best can t selected (Temperature>54). This dynamically created Boolean attribute can then compete with the other discrete-valued candidate attributes available for growing the decision tree. 
3.3.4   Handling Training Examples with Missing Attribute Values 

In certain cases, the available data may be missing values for some attributes. For example, in a medical domain in which we wish to predict patient outcome based on various laboratory tests, it may be that the lab test Blood-Test-Result is available only for a subset of the patients. In such cases, it is common to estimate the missing attribute value based on other examples for which this attribute has a known value. 

Consider the situation in which Gain(S, A) is to be calculated at node n in the decision tree to evaluate whether the attribute A is the best attribute to test at this decision node. Suppose that <x, c(x)> is one of the training examples in S and that the value A(x) is unknown, where c(x) is the class label of x.

One strategy for dealing with the missing attribute value is to assign it the value that is most common among training examples at node n. Alternatively, we might assign it the most common value among examples at node n that have the classification c(x). The elaborated training example using this estimated value for A(x) can then be used directly by the existing decision tree learning algorithm. 

A second, more complex procedure is to assign a probability to each of the possible values of A rather than simply assigning the most common value to A(x). These probabilities can be estimated again based on the observed frequencies of the various values for A among the examples at node n. For example, given a Boolean attribute A, if node n contains six known examples with A = 1 and four with A = 0, then we would say the probability that A(x) = 1 is 0.6, and the probability that A(x) = 0 is 0.4. A fractional 0.6 of instance x is now distributed down the branch for A = 1 and a fractional 0.4 of x down the other tree branch. These fractional examples are used for the purpose of computing information Gain and can be further subdivided at subsequent branches of the tree if a second missing attribute value must be tested. This same fractioning of examples can also be applied after learning, to classify new instances whose attribute values are unknown. In this case, the classification of the new instance is simply the most probable classification, computed by summing the weights of the instance fragments classified in different ways at the leaf nodes of the tree. This method for handling missing attribute values is used in C4.5.

3.4   Visualization of decision trees in system CABRO

In this section we briefly describe system CABRO for mining decision trees that focuses on visualization and model selection techniques in decision tree learning [11].

Though decision trees are a simple notion it is not easy to understand and analyze large decision trees generated from huge data sets. For example, the widely used program C4.5 produces a decision tree of nearly 18,500 nodes with 2624 leaf nodes from the census bureau database given recently to the KDD community that consists of 199,523 instances described by 40 numeric and symbolic attributes (103 Mbytes). It is extremely difficult for the user to understand and use that big tree in its text form. In such cases, a graphic visualization of discovered decision trees with different ways of accessing and viewing trees is of great support and recently it receives much attention from the KDD researcher and user. System MineSet of Silicon Graphics provides a 3D visualization of decision trees. System CART (Salfort Systems) provides a tree map that can be used to navigate the large decision trees. The interactive visualization system CABRO, associated with a new proposed technique called T2.5D (stands for Tree 2.5 Dimensions) offers an alternative efficient way that allows the user to manipulate graphically and interactively large trees in data mining.
In CABRO, a mining process concerns with model selection in which the user try different settings of decision tree induction to attain most appropriate decision trees. To help the user to understand the effects of settings on result trees, the tree visualizer is capable of handling multiple views of different trees at any stage in the induction. There are several modes of view: zoomed, tiny, tightly-coupled, fish-eyed, and T2.5D, in each mode the user can interactively change the layout of the structure to fit the current interests.

The tree visualizer helps the user to understand decision trees by providing different views; each is convenient to use in different situations. The available views are

· Standard: The tree is drawn in proportion, the size of a node is up to the length of its label, a father is vertically located at the middle of its children, and sibling are horizontally aligned. 

· Tightly-coupled: The window is divided into two panels, one displays the tree in a tiny size, another displays it in a normal size. The first panel is a map to navigate the tree, the second displays the corresponding area of the tree.

· Fish-eyes: This view distorts the magnified image so that nodes around the center of interest is displayed at high magnification, and the rest of the tree is progressively compressed.

· T2.5D: In this view, Z-order of tree nodes are used to make an 3D effects, nodes and links may be overlapped. The focused path of the tree is drawn in the front and by highlighted colors. 
The tree visualizer allows the user to customize above views by several operations that include: zoom, collapse/expand, and view node content.
· Zoom: The user can zoom in or zoom out the drawn tree.

· Collapse/expand: The user can choose to view some parts of the tree by collapsing and expanding paths.

· View node content: The user can see the content of a node such as: attribute/value, class, population, etc.

In model selection, the tree visualization has an important role in assisting the user to understand and interpret generated decision trees. Without its help, the user cannot decide to favor which decision trees more than the others. Moreover, if the mining process is set to run interactively, the system allows the user to be able to take part at every step of the induction. He/she can manually choose which attribute will be used to branch at the considering node. The tree visualizer then can display several hypothetical decision trees side by side to help user to decide which ones are worth to further develop. We can say that an interactive tree visualizer integrated with the system allows the user to use domain knowledge by actively taking part in mining processes.
Very large hierarchical structures are still difficult to navigate and view even with tightly-coupled and fish-eye views. To address the problem, we have been developing a special technique called T2.5D (Tree 2.5 Dimensions). The 3D browsers usually can display more nodes in a compact area of the screen but require currently expensive 3D animation support and visualized structures are difficult to navigate, while 2D browsers have limitation in display many nodes in one view. The T2.5D technique combines the advantages of both 2D and 3D drawing techniques to provides the user with cheap processing cost a browser which can display more than 1000 nodes in one view; a large number of them may be partially overlapped but they all are in full size. In T2.5D, a node can be highlighted or dim. The highlighted nodes are that the user currently interested in and they are displayed in 2D to be viewed and navigated with ease. The dim nodes are displayed in 3D and they allow the user to get an idea about overall structure of the hierarchy (Figure 3.3).
[image: image54.jpg]



     Figure 3.3. T2.5 Visualization of large decision trees

3.5   Strengths and Weakness of Decision Tree Methods
3.5.1  The strengths of decision tree methods 

The strengths of decision tree methods are:
· Decision trees are able to generate understandable rules. 

· Decision trees perform classification without requiring much computation. 

· Decision trees are able to handle both continuous and categorical variables. 

· Decision trees provide a clear indication of which fields are most important for prediction or classification. 

Ability to Generate Understandable Rules. The ability of decision trees to generate rules that can be translated into comprehensible English or SQL is the greatest strength of this technique. Even when a complex domain or a domain that does decompose easily into rectangular regions causes the decision tree to be large and complex, it is generally fairly easy to follow any one path through the tree. So the explanation for any particular classification or prediction is relatively straightforward. 

Ability to Perform in Rule-Oriented Domains. It may sound obvious, but rule induction in general, and decision trees in particular, are an excellent choice in domains where there really are rules to be found. The authors had this fact driven home to them by an experience at Caterpillar. Caterpillar called upon MRJ to help design and oversee some experiments in data mining. One of the areas where we felt that data mining might prove useful was in the automatic approval of warranty repair claims. Many domains, ranging from genetics to industrial processes really do have underlying rules, though these may be quite complex and obscured by noisy data. Decision trees are a natural choice when you suspect the existence of underlying rules. 

Ease of Calculation at Classification Time.  Although, as we have seen, a decision tree can take many forms, in practice, the algorithms used to produce decision trees generally yield trees with a low branching factor and simple tests at each node. Typical tests include numeric comparisons, set membership, and simple conjunctions. When implemented on a computer, these tests translate into simple Boolean and integer operations that are fast and inexpensive. This is an important point because in a commercial environment, a predictive model is likely to be used to classify many millions or even billions of records. 

Ability to Handle Both Continuous and Categorical Variables. Decision-tree methods are equally adept at handling continuous and categorical variables. Categorical variables, which pose problems for neural networks and statistical techniques, come ready-made with their own splitting criteria: one branch for each category. Continuous variables are equally easy to split by picking a number somewhere in their range of values. 

Ability to Clearly Indicate Best Fields.  Decision-tree building algorithms put the field that does the best job of splitting the training records at the root node of the tree. 

3.5.2   The weaknesses of decision tree methods 
Decision trees are less appropriate for estimation tasks where the goal is to predict the value of a continuous variable such as income, blood pressure, or interest rate. Decision trees are also problematic for time-series data unless a lot of effort is put into presenting the data in such a way that trends and sequential patterns are made visible. 

Error-Prone with Too Many Classes. Some decision-tree algorithms can only deal with binary-valued target classes (yes/no, accept/reject). Others are able to assign records to an arbitrary number of classes, but are error-prone when the number of training examples per class gets small. This can happen rather quickly in a tree with many levels and/or many branches per node. 

Computationally Expensive to Train. The process of growing a decision tree is computationally expensive. At each node, each candidate splitting field must be sorted before its best split can be found. In some algorithms, combinations of fields are used and a search must be made for optimal combining weights. Pruning algorithms can also be expensive since many candidate sub-trees must be formed and compared. 

Trouble with Non-Rectangular Regions. Most decision-tree algorithms only examine a single field at a time. This leads to rectangular classification boxes that may not correspond well with the actual distribution of records in the decision space. 
Chapter 4

Data Mining with Association Rules 

4.1 When is association rule analysis useful?

An appeal of market analysis comes from the clarity and utility of its results, which are in the form of association rules. There is an intuitive appeal to a market analysis because it expresses how tangible products and services relate to each other, how they tend to group together. A rule like, “if a customer purchases three way calling, then that customer will also purchase call waiting” is clear. Even better, it suggests a specific course of action, like bundling three-way calling with call waiting into a single service package. While association rules are easy to understand, they are not always useful. The following three rules are examples of real rules generated from real data: 

· On Thursdays, grocery store consumers often purchase diapers and beer together. 

· Customers who purchase maintenance agreements are very likely to purchase large appliances. 

· When a new hardware store opens, one of the most commonly sold items is toilet rings. 

These three examples illustrate the three common types of rules produced by association rule analysis: the useful, the trivial, and the inexplicable.

The useful rule contains high quality, actionable information. In fact, once the pattern is found, it is often not hard to justify. The rule about diapers and beer on Thursdays suggests that on Thursday evenings, young couples prepare for the weekend by stocking up on diapers for the infants and beer for dad (who, for the sake of argument, we stereotypically assume is watching football on Sunday with a six-pack). By locating their own brand of diapers near the aisle containing the beer, they can increase sales of a high-margin product. Because the rule is easily understood, it suggests plausible causes, leading to other interventions: placing other baby products within sight of the beer so customers do not “forget” anything and putting other leisure foods, like potato chips and pretzels, near the baby products.

Trivial results are already known by anyone at all familiar with the business. The  second example “Customers who purchase maintenance agreements are very likely to purchase large appliances” is an example of a trivial rule. In fact, we already know that customers purchase maintenance agreements and large appliances at the same time. Why else would they purchase maintenance agreements? The maintenance agreements are advertised with large appliances and rarely sold separately. This rule, though, was based on analyzing hundreds of thousands of point-of-sale transactions from Sears. Although it is valid and well-supported in the data, it is still useless. Similar results abound: People who buy 2-by-4s also purchase nails; customers who purchase paint buy paint brushes; oil and oil filters are purchased together as are hamburgers and hamburger buns, and charcoal and lighter fluid.
A subtler problem falls into the same category. A seemingly interesting result(like the fact that people who buy the three-way calling option on their local telephone service almost always buy call waiting-may be the result of marketing programs and product bundles. In the case of telephone service options, three-way calling is typically bundled with call waiting, so it is difficult to order it separately. In this case, the analysis is not producing actionable results; it is producing already acted-upon results. Although a danger for any data mining technique, association rule analysis is particularly susceptible to reproducing the success of previous marketing campaigns because of its dependence on un-summarized point-of-sale data(exactly the same data that defines the success of the campaign. Results from association rule analysis may simply be measuring the success of previous marketing campaigns.
Inexplicable results seem to have no explanation and do not suggest a course of action. The third pattern (“When a new hardware store opens, one of the most commonly sold items is toilet rings”) is intriguing, tempting us with a new fact but providing information that does not give insight into consumer behavior or the merchandise, or suggest further actions. In this case, a large hardware company discovered the pattern for new store openings, but did not figure out how to profit from it. Many items are on sale during the store openings, but the toilet rings stand out. More investigation might give some explanation: Is the discount on toilet rings much larger than for other products? Are they consistently placed in a high-traffic area for store openings but hidden at other times? Is the result an anomaly from a handful of stores? Are they difficult to find at other times? Whatever the cause, it is doubtful that further analysis of just the association rule data can give a credible explanation. 

4.2    How does association rule analysis work
Association rule analysis starts with transactions containing one or more products or service offerings and some rudimentary information about the transaction. For the purpose of analysis, we call the products and service offerings items. Table 4.1 illustrates five transactions in a grocery store that carries five products. These transactions are simplified to include only the items purchased. How to use information like the date and time and whether the customer used cash will be discussed later in this chapter. Each of these transactions gives us information about which products are purchased with which other products. Using this data, we can create a co-occurrence table that tells the number of times that any pair of products was purchased together (see Table 4.2). For instance, by looking at the box where the “Soda” row intersects the “OJ” column, we see that two transactions contain both soda and orange juice. The values along the diagonal (for instance, the value in the “OJ” column and the “OJ” row) represent the number of transactions containing just that item. 
Customer



   Items

1 orange juice, soda

2 milk, orange juice, window cleaner 

3 orange juice, detergent, 

4 orange juice, detergent, soda

5 window cleaner, soda

Table 4.1: Grocery point-of-sale transactions
The co-occurrence table contains some simple patterns: 

· OJ and soda are likely to be purchased together than any other two items. 

· Detergent is never purchased with window cleaner or milk. 

· Milk is never purchased with soda or detergent. 

These simple observations are examples of associations and may suggest a formal rule like: “If a customer purchases soda, then the customer also purchases milk”. For now, we defer discussion of how we find this rule automatically. Instead, we ask the question: How good is this rule? In the data, two of the five transactions include both soda and orange juice. These two transactions support the rule. Another way of expressing this is as a percentage. The support for the rule is two out of five or 40 percent.
Items        
         


OJ      Cleaner
Milk
Soda  Detergent  
OJ

         


4
1
1
2
1

Window Cleaner


1
2
1
1
0

Milk




1
1
1
0
0

Soda




2
1
0
3
1

Detergent



1
0
0
1
2

Table 4.2: Co-occurrence of products

Since both the transactions that contain soda also contain orange juice, there is a high degree of confidence in the rule as well. In fact, every transaction that contains soda also contains orange juice, so the rule “if soda, then orange juice” has a confidence of 100 percent. We are less confident about the inverse rule, “if orange juice then soda”, because of the four transactions with orange juice, only two also have soda. Its confidence, then, is just 50 percent. More formally, confidence is the ratio of the number of the transactions supporting the rule to the number of transactions where the conditional part of the rule holds. Another way of saying this is that confidence is the ratio of the number of transactions with all the items to the number of transactions with just the “if” items. 

4.3    The basic process of mining association rules 
This basic process for association rules analysis consist of three important concerns 

· Choosing the right set of items 

· Generating rules by deciphering the counts in the co-occurrence matrix 

· Overcoming the practical limits imposed by thousands or tens of thousands of items appearing in combinations large enough to be interesting 
Choosing the Right Set of Items. The data used for association rule analysis is typically the detailed transaction data captured at the point of sale. Gathering and using this data is a critical part of applying association rule analysis, depending crucially on the items chosen for analysis. What constitutes a particular item depends on the business need. Within a grocery store where there are tens of thousands of products on the shelves, a frozen pizza might be considered an item for analysis purposes(regardless of its toppings (extra cheese, pepperoni, or mushrooms), its crust (extra thick, whole wheat, or white), or its size. So, the purchase of a large whole wheat vegetarian pizza contains the same “frozen pizza” item as the purchase of a single-serving, pepperoni with extra cheese. A sample of such transactions at this summarized level might look like Table 4.3. 
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Table 4.3: Transactions with more summarized items
On the other hand, the manager of frozen foods or a chain of pizza restaurants may be very interested in the particular combinations of toppings that are ordered. He or she might decompose a pizza order into constituent parts, as shown in Table 4.4.
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Table 4.4:  Transactions with more detailed items
At some later point in time, the grocery store may become interested in more detail in its transactions, so the single “frozen pizza” item would no longer be sufficient. Or, the pizza restaurants might broaden their menu choices and become less interested in all the different toppings. The items of interest may change over time. This can pose a problem when trying to use historical data if the transaction data has been summarized. 

Choosing the right level of detail is a critical consideration for the analysis. If the transaction data in the grocery store keeps track of every type, brand, and size of frozen pizza-which probably account for several dozen products(then all these items need to map down to the “frozen pizza” item for analysis. 

Taxonomies Help to Generalize Items. In the real world, items have product codes and stock-keeping unit codes (SKUs) that fall into hierarchical categories, called taxonomy. When approaching a problem with association rule analysis, what level of the taxonomy is the right one to use? This brings up issues such as 

· Are large fries and small fries the same product?

· Is the brand of ice cream more relevant than its flavor? 

· Which is more important: the size, style, pattern, or designer of clothing? 

· Is the energy-saving option on a large appliance indicative of customer behavior? 

The number of combinations to consider grows very fast as the number of items used in the analysis increases This suggests using items from higher levels of the taxonomy, “frozen desserts” instead of “ice cream”. On the other hand, the more specific the items are, the more likely the results are actionable. Knowing what sells with a particular brand of frozen pizza, for instance, can help in managing the relationship with the producer. One compromise is to use more general items initially, then to repeat the rule generation to hone in on more specific items. As the analysis focuses on more specific items, use only the subset of transactions containing those items.

The complexity of a rule refers to the number of items it contains The more items in the transactions, the longer it takes to generate rules of a given complexity. So, the desired complexity of the rules also determines how specific or general the items should be In some circumstances, customers do not make large purchases. For instance, customers purchase relatively few items at any one time at a convenience store or through some catalogs, so looking for rules containing four or more items may apply to very few transactions and be a wasted effort. In other cases, like in a supermarket, the average transaction is larger, so more complex rules are useful.

Moving up the taxonomy hierarchy reduces the number of items. Dozens or hundreds of items may be reduced to a single generalized item, often corresponding to a single department or product line. An item like a pint of Ben & Jerry’s Cherry Garcia gets generalized to “ice cream” or “frozen desserts “ Instead of investigating “orange juice”, investigate “fruit juices”. Instead of looking at 2 percent milk, map it to “dairy products”. Often, the appropriate level of the hierarchy ends up matching a department with a product-line manager, so using generalized items has the practical effect of finding interdepartmental relationships, because the structure of the organization is likely to hide relationships between departments, these relationships are more likely to be actionable Generalized items also help find rules with sufficient support. There will be many times as many transactions sup-ported by higher levels of the taxonomy than lower levels.

Just because some items are generalized does not mean that all items need to move up to the same level. The appropriate level depends on the item, on its importance for producing actionable results, and on its frequency in the data. For instance, in a department store big-ticket items (like appliances) might stay at a low level in the hierarchy while less expensive items (such as books) might be higher. This hybrid approach is also useful when looking at individual products. Since there are often thousands of products in the data, generalize everything else except for the product or products of interest. 

Association rule analysis produces the best results when the items occur in roughly the same number of transactions in the data. This helps prevent rules from being dominated by the most common items Taxonomies can help here. Roll up rare items to higher levels in the taxonomy; so they become more frequent. More common items may not have to be rolled up at all.

Generating Rules from All This Data. Calculating the number of times that a given combination of items appears in the transaction data is well and good, but a combination of items is not a rule. Sometimes, just the combination is interesting in itself, as in the diaper, beer, and Thursday example. But in other circumstances, it makes more sense to find an underlying rule. What is a rule? A rule has two parts, a condition and a result, and is usually represented as a statement: 

If condition then result.
If the rule says, 

If 3-way calling then call-waiting 

we read it as: “if a customer has 3-way calling, then the customer also has call-waiting”. In practice, the most actionable rules have just one item as the result. So, a rule like 

If diapers and Thursday, then beer 

is more useful than 

If Thursday, then diapers and beer. 

Constructs like the co-occurrence table provide the information about which combination of items occur most commonly in the trans-actions. For the sake of illustration, let’s say the most common combination has three items, A, B, and C. The only rules to consider are those with all three items in the rule and with exactly one item in the result: 

If A and B, then C 

If A and C, then B 

If B and C, then A 

What about their confidence level? Confidence is the ratio of the number of transactions with all the items in the rule to the number of transactions with just the items in the condition. What is confidence really saying? Saying that the rule “if B and C then A” has a confidence of 0.33 is equivalent to saying that when B and C appear in a transaction, there is a 33 percent chance that A also appears in it. That is, one time in three A occurs with B and C, and the other two times, A does not. 

The most confident rule is the best rule, so we are tempted to choose “if B and C then A”. But there is a problem. This rule is actually worse than if just randomly saying that A appears in the transaction. A occurs in 45 percent of the transactions but the rule only gives 33 percent confidence. The rule does worse than just randomly guessing. This suggests another measure called improvement. Improvement tells how much better a rule is at predicting the result than just assuming the result in the first place. It is given by the following formula: 
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When improvement is greater than 1, then the resulting rule is better at predicting the result than random chance. When it is less than 1, it is worse. The rule “if A then B” is 1.31 times better at predicting when B is in a transaction than randomly guessing. In this case, as in many cases, the best rule actually contains fewer items than other rules being considered. When improvement is less than 1, negating the result produces a better rule. If the rule 

If B and C then A 

has a confidence of 0.33, then the rule

If B and C then NOT A 

has a confidence of 0.67. Since A appears in 45 percent of the transactions, it does NOT occur in 55 percent of them. Applying the same improvement measure shows that the improvement of this new rule is 1.22 (0.67/0.55). The negative rule is useful. The rule “If A and B then NOT C” has an improvement of 1.33, better than any of the other rules. Rules are generated from the basic probabilities available in the co-occurrence table. Useful rules have an improvement that is greater than 1. When the improvement scores are low, you can increase them by negating the rules. However, you may find that negated rules are not as useful as the original association rules when it comes to acting on the results. 

Overcoming Practical Limits. Generating association rules is a multi-step process. The general algorithm is:

· Generate the co-occurrence matrix for single items. 

· Generate the co-occurrence matrix for two items. Use this to find rules with two items. 

· Generate the co-occurrence matrix for three items. Use this to find rules with three items. 

· And so on. 

For instance, in the grocery store that sells orange juice, milk, detergent, soda, and window cleaner, the first step calculates the counts for each of these items. During the second step, the following counts are created: 

· OJ and milk, OJ and detergent, OJ and soda, OJ and cleaner 

· Milk and detergent, milk and soda, milk and cleaner 

· Detergent and soda, detergent and cleaner 

· Soda and cleaner 

This is a total of 10 counts. The third pass takes all combinations of three items and so on. Of course, each of these stages may require a separate pass through the data or multiple stages can be combined into a single pass by considering different numbers of combinations at the same time. 

Although it is not obvious when there are just five items, increasing the number of items in the combinations requires exponentially more computation. This results in exponentially growing run times-and long, long waits when considering combinations with more than three or four items. The solution is pruning. Pruning is a technique for reducing the number of items and combinations of items being considered at each step. At each stage, the algorithm throws out a certain number of combinations that do not meet some threshold criterion. 

The most common pruning mechanism is called minimum support pruning. Recall that support refers to the number of transactions in the database where the rule holds. Minimum support pruning requires that a rule hold on a minimum number of transactions. For instance, if there are 1 million transactions and the minimum support is 1 percent, then only rules supported by 10,000 transactions are of interest. This makes sense, because the purpose of generating these rules is to pursue some sort of action-such as putting own-brand diapers in the same aisle as beer-and the action must affect enough transactions to be worthwhile. 

The minimum support constraint has a cascading effect. Say we are considering a rule with four items in it, like 

If A, B, and C, then D. 

Using minimum support pruning, this rule has to be true on at least 10,000 transactions in the data. It follows that: 

A must appear in at least 10,000 transactions; and, 

B must appear in at least 10,000 transactions; and, 

C must appear in at least 10,000 transactions; and, 

D must appear in at least 10,000 transactions. 

In other words, minimum support pruning eliminates items that do not appear in enough transactions! There are two ways to do this. The first way is to eliminate the items from consideration. The second way is to use the taxonomy to generalize the items so the resulting generalized items meet the threshold criterion. 

The threshold criterion applies to each step in the algorithm. The minimum threshold also implies that: 

A and B must appear together in at least 10,000 transactions; and, 

A and C must appear together in at least 10,000 transactions; and, 

A and D must appear together in at least 10,000 transactions; 

And so on. 

Each step of the calculation of the co-occurrence table can eliminate combinations of items that do not meet the threshold, reducing its size and the number of combinations to consider during the next pass. The best choice for minimum support depends on the data and the situation. It is also possible to vary the minimum support as the algorithm progresses. For instance, using different levels at different stages you can find uncommon combinations of common items (by decreasing the support level for successive steps) or relatively common combinations of uncommon items (by increasing the support level). Varying the minimum support helps to find actionable rules, so the rules generated are not all like finding that peanut butter and jelly are often purchased together. 

4.4    The problem of large datasets 
A typical fast-food restaurant offers several dozen items on its menu, says there are a 100. To use probabilities to generate association rules, counts have to be calculated for each combination of items. The number of combinations of a given size tends to grow exponentially. A combination with three items might be a small fries, cheeseburger, and medium diet Coke. On a menu with 100 items, how many combinations are there with three menu items? There are 161,700! (This is based on the binomial formula from mathematics). On the other hand, a typical supermarket has at least 10,000 different items in stock, and more typically 20,000 or 30,000. 

Calculating the support, confidence, and improvement quickly gets out of hand as the number of items in the combinations grows. There are almost 50 million possible combinations of two items in the grocery store and over 100 billion combinations of three items. Although computers are getting faster and cheaper, it is still very expen-  sive to calculate the counts for this number of combinations. Calculating the counts for five or more items is prohibitively expensive. The use of taxonomies reduces the number of items to a manageable size. 

The number of transactions is also very large. In the course of a year, a decent-size chain of supermarkets will generate tens of millions of transactions. Each of these transactions consists of one or more items, often several dozen at a time. So, determining if a particular combination of items is present in a particular transaction may re-quire a bit of effort-multiplied a million-fold for all the transactions. 
4.5   Strengths and Weaknesses of Association Rules Analysis
4.5.1   The strengths of association rule analysis 
The strengths of association rule analysis are: 

· It produces clear and understandable results. 

· It supports undirected data mining. 

· It works on variable-length data. 

· The computations it uses are simple to understandable.

Results Are Clearly Understood. The results of association rule analysis are association rules; these are readily expressed as English or as a statement in a query language such as SQL. The expression of patterns in the data as “if-then” rules makes the results easy to understand and facilitates turning the results into action. In some circumstances, merely the set of related items is of interest and rules do not even need to be produced. 
Association rule Analysis Is Strong for Undirected Data Mining. Undirected data mining is very important when approaching a large set of data and you do not know where to begin. Association rule analysis is an appropriate technique, when it can be applied, to analyze data and to get a start. Most data mining techniques are not primarily used for undirected data mining. Association rule analysis, on the other hand, is used in this case and provides clear results. 

Association rule Analysis Works on Variable-Length Data. Association rule analysis can handle variable-length data without the need for summarization. Other techniques tend to require records in a fixed format, which is not a natural way to represent items in a transaction. Association rule analysis can handle transactions without any loss of information. 

Computationally Simple. The computations needed to apply association rule analysis are rather simple, although the number of computations grows very quickly with the number of transactions and the number of different items in the analysis. Smaller problems can be set up on the desktop using a spreadsheet. This makes the technique more comfortable to use than complex techniques, like genetic algorithms or neural networks. 
5.5.2    The weaknesses of association rule analysis
The weaknesses of association rule analysis are: 

· It requires exponentially more computational effort as the problem size grows. 

· It has a limited support for attributes on the data. 

· It is difficult to determine the right number of items. 

· It discounts rare items. 

Exponential Growth as Problem Size Increases. The computations required to generate association rules grow exponentially with the number of items and the complexity of the rules being considered. The solution is to reduce the number of items by generalizing them. However, more general items are usually less actionable. Methods to control the number of computations, such as minimum support pruning, may eliminate important rules from consideration. 

Limited Support for Data Attributes. Association rule analysis is a technique specialized for items in a transaction. Items are assumed to be identical except for one identifying characteristic, such as the product type. When applicable, association rule analysis is very powerful. However, not all problems fit this description. The use of item taxonomies and virtual items helps make rules more expressive. 

Determining the Right Items. Probably the most difficult problem when applying association rule analysis is determining the right set of items to use in the analysis. By generalizing items up their taxonomy, you can ensure that the frequencies of the items used in the analysis are about the same. Although this generalization process loses some information, virtual items can then be reinserted into the analysis to capture information that spans generalized items. 

Association rule Analysis Has Trouble with Rare Items. Association rule analysis works best when all items have approximately the same frequency in the data. Items that rarely occur are in very few transactions and will be pruned. Modifying minimum support thresh-old to take into account product value is one way to ensure that expensive items remain in consideration, even though they may be rare in the data. The use of item taxonomies can ensure that rare items are rolled up and included in the analysis in some form.

Chapter 5
Automatic Clustering Detection 
When human beings try to make sense of complex questions, our natural tendency is to break the subject into smaller pieces, each of which can be explained more simply. Clustering is a technique used for combining observed objects into groups or clusters such that:

· Each group or cluster is homogeneous or compact with respect to certain characteristics. That is, objects in each group are similar to each other.

· Each group should be different from other groups with respect to the same characteristics; that is, objects of one group should be different from the objects of other groups.

5.1    Searching for Clusters 

For most data mining tasks, we start out with a pre-classified training set and attempt to develop a model capable of predicting how a new record will be classified. In clustering, there is no pre-classified data and no distinction between independent and dependent variables. Instead, we are searching for groups of records(the clusters(that are similar to one another, in the expectation that similar records represent similar customers or suppliers or products that will behave in similar ways. 

Automatic cluster detection is rarely used in isolation because finding clusters is not an end in itself. Once clusters have been detected, other methods must be applied in order to figure out what the clusters mean. When clustering is successful, the results can be dramatic: One famous early application of cluster detection led to our current understanding of stellar evolution. 

Star Light, Star Bright. Early in this century, astronomers trying to understand the relationship between the luminosity (brightness) of stars and their temperatures, made scatter plots like the one in Figure 5.1. The vertical scale measures luminosity in multiples of the brightness of our own sun. The horizontal scale measures surface temperature in degrees Kelvin (degrees centigrade above absolute 0, the theoretical coldest possible temperature where molecular motion ceases). As you can see, the stars plotted by astronomers, Hertzsprung and Russell, fall into three clusters.  We now understand that these three clusters represent stars in very different phases in the stellar life cycle.
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Figure 5.1 The Hertzsprung-Russell diagram clusters stars.

The relationship between luminosity and temperature is consistent within each cluster, but the relationship is different in each cluster because a fundamentally different process is generating the heat and light. The 80 percent of stars that fall on the main sequence are generating energy by converting hydrogen to helium through nuclear fusion. This is how all stars spend most of their life. 

But after 10 billion years or so, the hydrogen gets used up. Depending on the star’s mass, it then begins fusing helium or the fusion stops. In the latter case, the core of the star begins to collapse, generating a great deal of heat in the process. At the same time, the outer layer of gasses expands away from the core. A red giant is formed. Eventually, the outer layer of gasses is stripped away and the remaining core begins to cool. The star is now a white dwarf. A recent query of the Alta Vista web index using the search terms “HR diagram” and “main sequence” returned many pages of links to current astronomical research based on cluster detection of this kind. This simple, two-variable cluster diagram is being used today to hunt for new kinds of stars like “brown dwarfs” and to understand main sequence stellar evolution. 

Fitting the Troops. We chose the Hertzsprung-Russell diagram as our introductory example of clustering because with only two variables, it is easy to spot the clusters visually. Even in three dimensions, it is easy to pick out clusters by eye from a scatter plot cube. If all problems had so few dimensions, there would be no need for automatic cluster detection algorithms. As the number of dimensions (independent variables) increases, our ability to visualize clusters and our intuition about the distance between two points quickly break down. 

When we speak of a problem as having many dimensions, we are making a geometric analogy. We consider each of the things that must be measured independently in order to describe something to be a dimension. In other words, if there are N variables, we imagine a space in which the value of each variable represents a distance along the corresponding axis in an N-dimensional space. A single record containing a value for each of the N variables can be thought of as the vector that defines a particular point in that space.

5.2    The K-means method 
The K-means method of cluster detection is the most commonly used in practice. It has many variations, but the form described here was first published by J.B. MacQueen in 1967. For ease of drawing, we illustrate the process using two-dimensional diagrams, but bear in mind that in practice we will usually be working in a space of many more dimensions. That means that instead of points described by a two-element vector (x1, x2), we work with points described by an n-element vector (x1, x2, ..., xn). The procedure itself is unchanged.

In the first step, we select K data points to be the seeds. MacQueen’s algorithm simply takes the first K records. In cases where the records have some meaningful order, it may be desirable to choose widely spaced records instead. Each of the seeds is an embryonic cluster with only one element. In this example, we use outside information about the data to set the number of clusters to 3. 

In the second step, we assign each record to the cluster whose centroid is nearest. In Figure 5.2 we have done the first two steps. Drawing the boundaries between the clusters is easy if you recall that given two points, X and Y, all points that are equidistant from X and Y fall along a line that is half way along the line segment that joins X and Y and perpendicular to it. In Figure 5.2, the initial seeds are joined by dashed lines and the cluster boundaries constructed from them are solid lines. Of course, in three dimensions, these boundaries would be planes and in N dimensions they would be hyper-planes of dimension N-1.
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Figure 5.2: The initial sets determine the initial cluster boundaries
As we continue to work through the K-means algorithm, pay particular attention to the fate of the point with the box drawn around it. On the basis of the initial seeds, it is assigned to the cluster controlled by seed number 2 because it is closer to that seed than to either of the others. 

At this point, every point has been assigned to one or another of the three clusters centered about the original seeds. The next step is to calculate the centroids of the new clusters. This is simply a matter of averaging the positions of each point in the cluster along each dimension. If there are 200 records assigned to a cluster and we are clustering based on four fields from those records, then geometrically we have 200 points in a 4-dimensional space. The location of each point is described by a vector of the values of the four fields. The vectors have the form (X1, X2, X3, X4). The value of X1 for the new centroid is the mean of all 200 Xls and similarly for X2, X3 and X4. 
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Figure 5.3: Calculating the centroids of the new clusters
In Figure 5.3 the new centroids are marked with a cross. The arrows show the motion from the position of the original seeds to the new centroids of the clusters formed from those seeds. Once the new clusters have been found, each point is once again assigned to the cluster with the closest centroid. Figure 5.4 shows the new cluster boundaries(formed, as before, by drawing lines equidistant between each pair of centroids. Notice that the point with the box around it, which was originally assigned to cluster number 2, has now been assigned to cluster number 1. The process of assigning points to cluster and then recalculating centroids continues until the cluster boundaries stop changing. 

5.2.1   Similarity, Association, and Distance
After reading the preceding description of the K-means algorithm, we hope you agree that once the records in a database have been mapped to points in space, automatic cluster detection is really quite simple(a little geometry, some vector means, and that’s all! The problem, of course, is that the databases we encounter in marketing, sales, and customer support are not about points in space. They are about purchases, phone calls, airplane trips, car registrations, and a thousand other things that have no obvious connection to the dots in a cluster diagram. When we speak of clustering records of this sort, we have an intuitive notion that members of a cluster have some kind of natural association; that they are more similar to each other than to records in another cluster. Since it is difficult to convey intuitive notions to a computer, we must translate the vague concept of association into some sort of numeric measure of the degree of similarity. The most common method, but by no means the only one, is to translate all fields into numeric values so that the records may be treated as points in space. Then, if two points are close in the geometric sense, we assume that they represent similar records in the database. Two main problems with this approach are: 

1. Many variable types, including all categorical variables and many numeric variables such as rankings, do not have the right behavior to properly be treated as components of a position vector. 

2. In geometry, the contributions of each dimension are of equal importance, but in our databases, a small change in one field may be much more important than a large change in another field. 
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Figure 5.4:  At each iteration all cluster assignments are reevaluated
A Variety of Variables. Variables can be categorized in various ways—by mathematical properties (continuous, discrete), by storage type (character, integer, floating point), and by other properties (quantitative, qualitative). For this discussion, however, the most important classification is how much the variable can tell us about its placement along the axis that corresponds to it in our geometric model. For this purpose, we can divide variables into four classes, listed here in increasing order of suitability for the geometric model: Categories, Ranks, Intervals, True measures. 

Categorical variables only tell us to which of several unordered categories a thing belongs. We can say that this ice cream is pistachio while that one is mint-cookie, but we cannot say that one is greater than the other or judge which one is closer to black cherry. In mathematical terms, we can tell that X ( Y, but not whether X > Y or Y < X. 

Ranks allow us to put things in order, but don’t tell us how much bigger one thing is than another. The valedictorian has better grades than the salutatorian, but we don’t know by how much. If X, Y, and Z are ranked 1, 2, and 3, we know that X > Y > Z, but not whether (X-Y) > (Y- Z). 

Intervals allow us to measure the distance between two observations. If we are told that it is 56( in San Francisco and 78( in San Jose, we know that it is 22 degrees warmer at one end of the bay than the other. 

True measures are interval variables that measure from a meaningful zero point. This trait is important because it means that the ratio of two values of the variable is meaningful. The Fahrenheit temperature scale used in the United States and the Celsius scale used in most of the rest of the world do not have this property. In neither system does it make sense to say that a 30( day is twice as warm as a 15( day.  Similarly, a size 12 dress is not twice as large as a size 6 and gypsum is not twice as hard as talc though they are 2 and 1 on the hardness scale. It does make perfect sense, however, to say that a 50-year-old is twice as old as a 25-year-old or that a 10-pound bag of sugar is twice as heavy as a 5-pound one. Age, weight, length, and volume are examples of true measures. 

Geometric distance metrics are well-defined for interval variables and true measures. In order to use categorical variables and rankings, it is necessary to transform them into interval variables. Unfortunately, these transformations add spurious information. If we number ice cream flavors 1 through 28, it will appear that flavors 5 and 6 are closely related while flavors 1 and 28 are far apart. The inverse problem arises when we transform interval variables and true measures into ranks or categories. As we go from age (true measure) to seniority (position on a list) to broad categories like “veteran” and “new hire”, we lose information at each step. 

5.2.2  Formal Measures of Association

There are dozens if not hundreds of published techniques for measuring the similarity of two records. Some have been developed for specialized applications such as comparing passages of text. Others are designed especially for use with certain types of data such as binary variables or categorical variables. Of the three we present here, the first two are suitable for use with interval variables and true measures while the third is suitable for categorical variables. 

The Distance between Two Points. Each field in a record becomes one element in a vector describing a point in space. The distance between two points is used as the measure of association. If two points are close in distance, the corresponding records are considered similar. There are actually a number of metrics that can be used to measure the distance between two points (see aside), but the most common one is the Euclidean distance we all learned in high school. To find the Euclidean distance between X and Y, we first find the differences between the corresponding elements of X and Y (the distance along each axis) and square them. 
Distance Metrics. Any function that takes two points and produces a single number describing a relationship between them is a candidate measure of association, but to be a true distance metric, it must meet the following criteria: 
Distance(X,Y) = 0 if and only if X = Y 

Distance(X,Y) ( 0 for all X and all Y 

Distance(X,Y) = Distance(Y,X) 

Distance(X,Y) ( Distance(X,Z) + Distance(X,Y) 

The Angle between Two Vectors. Sometimes we would like to consider two records to be closely associated because of similarities in the way the fields within each record are related. We would like to cluster minnows with sardines, cod, and tuna, while clustering kittens with cougars, lions, and tigers even though in a database of body-part lengths, the sardine is closer to the kitten than it is to the tuna. 

The solution is to use a different geometric interpretation of the same data. Instead of thinking of X and Y as points in space and measuring the distance between them, we think of them as vectors and measure the angle between them. In this context, a vector is the line segment connecting the origin of our coordinate system to the point described by the vector values. A vector has both magnitude (the distance from the origin to the point) and direction. For our purposes, it is the direction that matters. 

If we take the values for length of whiskers, length of tail, overall body length, length of teeth, and length of claws for a lion and a house cat and plot them as single points, they will be very far apart. But if the ratios of lengths of these body parts to one another are similar in the two species, than the vectors will be nearly parallel. The angle between vectors provides a measure of association that is not influenced by differences in magnitude between the two things being compared (see Figure 5.5). Actually, the sine of the angle is a better measure since it will range from 0 when the vectors are closest (most nearly parallel) to 1 when they are perpendicular without our having to worry about the actual angles or their signs. 
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Figure 5.5: The angle between vectors as a measure of association
The Number of Features in Common. When the variables in the records we wish to compare are categorical ones, we abandon geometric measures and turn instead to measures based on the degree of overlap between records. As with the geometric measures, there are many variations on this idea. In all variations, we compare two records field by field and count the number of fields that match and the number of fields that don’t match. The simplest measure is the ratio of matches to the total number of fields. In its simplest form, this measure counts two null fields as matching with the result that everything we don’t know much about ends up in the same cluster. A simple improvement is to not include matches of this sort in the match count. If, on the other hand, the usual degree of overlap is low, you can give extra weight to matches to make sure that even a small overlap is rewarded. 
5.2.3   What K-Means 
Clusters form some subset of the field variables tend to vary together. If all the variables are truly independent, no clusters will form. At the opposite extreme, if all the variables are dependent on the same thing (in other words, if they are co-linear), then all the records will form a single cluster. In between these extremes, we don’t really know how many clusters to expect. If we go looking for a certain number of clusters, we may find them. But that doesn’t mean that there aren’t other perfectly good clusters lurking in the data where we could find them by trying a different value of K. In his excellent 1973 book, Cluster Analysis for Applications, M. Anderberg uses a deck of playing cards to illustrate many aspects of clustering. We have borrowed his idea to illustrate the way that the initial choice of K, the number of cluster seeds, can have a large effect on the kinds of clusters that will be found. In descriptions of K-means and related algorithms, the selection of K is often glossed over. But since, in many cases, there is no a priori reason to select a particular value, we always need to perform automatic cluster detection using one value of K, evaluating the results, then trying again with another value of K.
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Figure 5.6: K=2 clustered by color
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Figure 5.7: K=2 clustered by Old Maid rules

After each trial, the strength of the resulting clusters can be evaluated by comparing the average distance between records in a cluster with the average distance between clusters, and by other procedures described later in this chapter. But the clusters must also be evaluated on a more subjective basis to determine their usefulness for a given application. 

As shown in Figures 5.6, 5.7, 5.8, 5.9, and 5.10, it is easy to create very good clusters from a deck of playing cards using various values for K and various distance measures. In the case of playing cards, the distance measures are dictated by the rules of various games. The distance from Ace to King, for example, might be 1 or 12 depending on the game.
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Figure 5.8. K=2 clustered by rules for War, Beggar My Neighbor, and other games
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Figure 5.9: K=3 clustered by rules of Hearts

K = N?. Even with playing cards, some values of K don’t lead to good clusters(at least not with distance measures suggested by the card games known to the authors. There are obvious clustering rules for K = 1, 2, 3, 4, 8, 13, 26, and 52. For these values we can come up with “perfect” clusters where each element of a cluster is equidistant from every other member of the cluster, and equally far away from the members of some other cluster. For other values of K, we have the more familiar situation that some cards do not seem to fit particularly well in any cluster.
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Figure 5.10: K=4 clustered by suit
5.2.4   The Importance of Weights
It is important to differentiate between the notions of scaling and weighting. They are not the same, but they are often confused. Scaling deals with the problem that different variables are measured in different units. Weighting deals with the problem that we care about some variables more than others. 

In geometry, all dimensions are equally important. Two points that differ by 2 in dimensions X and Y and by 1 in dimension Z are the same distance from one another as two other points that differ by 1in dimension X and by 2 in dimensions Y and Z. We don’t even ask what units X, Y, and Z are measured in; it doesn’t matter, so long as they are the same. 

But what if X is measured in yards, Y is measured in centimeters, and Z is measured in nautical miles? A difference of 1 in Z is now equivalent to a difference of 185,200 in Y or 2,025 in X. Clearly, they must all be converted to a common scale before distances will make any sense. Unfortunately, in commercial data mining there is usually no common scale available because the different units being used are measuring quite different things. If we are looking at plot size, house-hold size, car ownership, and family income, we cannot convert all of them to acres or dollars. On the other hand, it seems bothersome that a difference of 20 acres in plot size is indistinguishable from a change of $20 in income. The solution is to map all the variables to a common range (often 0 to 1 or -1 to 1). That way, at least the ratios of change become comparable(doubling plot size will have the same effect as doubling income. We refer to this re-mapping to a common range as scaling. But what if we think that two families with the same income have more in common than two families on the same size plot, and we want that to be taken into consideration during clustering? That is where weighting comes in. 
There are three common ways of scaling variables to bring them all into comparable ranges: 

1. Divide each variable by the mean of all the values it takes on. 

2. Divide each variable by the range (the difference between the lowest and highest value it takes on) after subtracting the lowest value. 

3. Subtract the mean value from each variable and then divide by the standard deviation. This is often called “converting to z scores.”

Use Weights to Encode Outside Information. Scaling takes care of the problem that changes in one variable appear more significant than changes in another simply because of differences in the speed with which the units they are measured in get incremented. Many books recommend scaling all variables to a normal form with a mean of zero and a variance of one. That way, all fields contribute equally when the distance between two records is computed. We suggest going farther. The whole point of automatic cluster detection is to find clusters that make sense to you. If, for your purposes, whether people have children is much more important than the number of credit cards they carry, there is no reason not to bias the outcome of the clustering by multiplying the number of children field by a higher weight than the number of credit cards field. 
After scaling to get rid of bias that is due to the units, you should use weights to introduce bias based on your knowledge of the business context. Of course, if you want to evaluate the effects of different weighting strategies, you will have to add yet another outer loop to the clustering process. In fact, choosing weights is one of the optimization problems that can be addressed with genetic algorithms.
5.2.5   Variations on the K-Means Method 

The basic K-means algorithm has many variations. It is likely that the commercial software tools you find to do automatic clustering will incorporate some of these variations. Among the differences you are likely to encounter are: 

· Alternate methods of choosing the initial seeds 

· Alternate methods of computing the next centroid 

· Using probability density rather than distance to associate records with clusters. 

Of these, only the last is important enough to merit further discussion here. 

Gaussian Mixture Models. The K-means method as we have described it has some drawbacks. 

· It does not do well with overlapping clusters. 

· The clusters are easily pulled off center by outliers. 
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Figure 5.11: In the estimation step, each Gaussian is assigned some responsibility for each point. Thicker indicate greater responsibility.
· Each record is either in or out of a cluster; there is no notion of some records being more or less likely than others to really belong to the cluster to which they have been assigned. 

Gaussian mixture models are a probabilistic variant of K-means. Their name comes from the Gaussian distribution, a probability distribution often assumed for high-dimensional problems. As before, we start by choosing K seeds. This time, however, we regard the seeds as means of Gaussian distributions. We then iterate over two steps called the estimation step and the maximization step. In the estimation step, we calculate the responsibility that each Gaussian has for each data point (see Figure 5.11). Each Gaussian has strong responsibility for points that are close to it and weak responsibility for points that are distant. The responsibilities will be used as weights in the next step. In the maximization step, the mean of each Gaussian is moved towards the centroid of the entire data set, weighted by the responsibilities as illustrated in Figure 5.12.
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Figure 5.12: Each Gaussian mean is moved to the centroid of all the data points weighted by the responsibilities for each point. Thicker arrows indicate higher weights
These steps are repeated until the Gaussians are no longer moving. The Gaussians themselves can grow as well as move, but since the distribution must always integrate to one, a Gaussian gets weaker as it gets bigger. Responsibility is calculated in such a way that a given point may get equal responsibility from a nearby Gaussian with low variance and from a more distant one with higher variance. The reason this is called a “mixture model” is that the probability at each data point is the sum of a mixture of several distributions. At the end of the process, each point is tied to the various clusters with higher or lower probability. This is sometimes called soft clustering. 
5. 3   Agglomerative Methods 

In the K-means approach to clustering, we start out with a fixed number of clusters and gather all records into them. There is another class of methods that work by agglomeration. In these methods, we start out with each data point forming its own cluster and gradually merge clusters until all points have been gathered together in one big cluster. Towards the beginning of the process, the clusters are very small and very pure(the members of each cluster are few, but very closely related. Towards the end of the process, the clusters are large and less well-defined. The entire history is preserved so you can choose the level of clustering that works best for your application. 

5.3.1   The Agglomerative Algorithm 

The first step is to create a similarity matrix. The similarity matrix is a table of all the pair-wise distances or degrees of association between points. As before, we can use any of a large number of measures of association between records, including the Euclidean distance, the angle between vectors, and the ratio of matching to non-matching categorical fields. The issues raised by the choice of distance measures are exactly the same as previously discussed in relation to the K-means approach. 
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Figure 5.13: Three methods of measuring the distance between clusters
At first glance you might think that if we have N data points we will need to make N2 measurements to create the distance table, but if we assume that our association measure is a true distance metric, we actually only need half that because all true distance metrics follow the rule that Distance (X,Y) = Distance(Y,X). In the vocabulary of mathematics, the similarity matrix is lower triangular. At the beginning of the process there are N rows in the table, one for each record. 

Next, we find the smallest value in the similarity matrix. This identifies the two clusters that are most similar to one another. We merge these two clusters and update the similarity matrix by replacing the two rows that described the parent cluster with a new row that describes the distance between the merged cluster and the remaining clusters. There are now N-1 clusters and N-1 rows in the similarity matrix. 

We repeat the merge step N-1 times, after which all records belong to the same large cluster. At each iteration we make a record of which clusters were merged and how far apart they were. This information will be helpful in deciding which level of clustering to make use of. 

Distance between Clusters.  We need to say a little more about how to measure distance between clusters. On the first trip through the merge step, the clusters to be merged consist of single records so the distance between clusters is the same as the distance between records, a subject we may already have said too much about. But on the second and subsequent trips around the loop, we need to update the similarity matrix with the distances from the new, multi-record cluster to all the others. How do we measure this distance? As usual, there is a choice of approaches. Three common ones are: 

· Single linkage 

· Complete linkage 

· Comparison of centroids 

In the single linkage method, the distance between two clusters is given by the distance between their closest members. This method produces clusters with the property that every member of a cluster is more closely related to at least one member of its cluster than to any point outside it. 

In the complete linkage method, the distance between two clusters is given by the distance between their most distant members. This method produces clusters with the property that all members lie within some known maximum distance of one another. 

In the third method, the distance between two clusters is measured between the centroids of each. The centroid of a cluster is its average element. Figure 5.13 gives a pictorial representation of all three methods. 

Clusters and Trees. The agglomeration algorithm creates hierarchical clusters. At each level in the hierarchy, clusters are formed from the union of two clusters at the next level down. Another way of looking at this is as a tree, much like the decision trees except that cluster trees are built by starting from the leaves and working towards the root. 

Clustering People by Age: An Example of Agglomerative Clustering.  To illustrate agglomerative clustering, we have chosen an example of clustering in one dimension using the single linkage measure for distance between clusters. These choices should enable you to follow the algorithm through all its iterations in your head without having to worry about squares and square roots. 

The data consists of the ages of people at a family gathering. Our goal is to cluster the participants by age. Our metric for the distance between two people is simply the difference in their ages. Our metric for the distance between two clusters of people is the difference in age between the oldest member of the younger cluster and the youngest member of the older cluster. (The one dimensional version of the single linkage measure.) 

Because the distances are so easy to calculate, we dispense with the similarity matrix. Our procedure is to sort the participants by age, then begin clustering by first merging clusters that are 1 year apart, then 2 years, and so on until there is only one big cluster. Figure 5.14 shows the state of the clusters after six iterations, with three clusters remaining. This is the level of clustering that seems the most useful. The algorithm appears to have clustered the population into three generations. 

5.4    Evaluating Clusters 
When using the K-means approach to cluster detection, we need a way to determine what value of K finds the best clusters. Similarly, when using a hierarchical approach, we need a test for which level in the hierarchy contains the best clusters. But what does it mean to say that a cluster is good? 

In general terms, we want clusters whose members have a high degree of similarity(or in geometric terns, are close to each other(and we want the clusters themselves to be widely spaced. 

A standard measure of the within-cluster similarity is the variance(the sum of the squared differences of each element from the mean, so we might simply look for the solutions that produce the clusters with the lowest variance. But for hierarchical clustering, this does not make sense since we always start out with clusters of one that have no variance at all.  
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Figure 5.14: Single linkage clustering by age.

A good measure to use with hierarchical clusters is the difference between the distance value at which it was formed and the distance value at which it is merged into the next level. Strong clusters, like the one linking 1 to 13-year-olds at distance 3 in Figure 5.14, last a long time. 

A general-purpose measure that works with any form of cluster detection is to take whatever similarity measure or distance metric you used to form the clusters and use it to compare the average distance within clusters to the average distance between clusters. This can be done for each cluster individually and for the entire collection of clusters. 

If you find that there are one or two good clusters along with a number of weaker ones, you may be able to improve your results by removing all members of the strong clusters. You will want to isolate the strong clusters for further analysis anyway, and removing their strong pull may allow new clusters to be detected in the records left behind. 

Inside the Cluster.  Once you have found a strong cluster, you will want to analyze what makes it special. What is it about the records in this cluster that causes them to be lumped together? Even more importantly, is it possible to find rules and patterns within this cluster now that the noise from the rest of the database has been eliminated? 

The easiest way to approach the first question is to take the mean of each variable within the cluster and compare it to the mean of the same variable in the parent population. Rank order the variables by the magnitude of the difference. Looking at the variables that show the largest difference between the cluster and the rest of the database will go a long way towards explaining what makes the cluster special. As for the second question, that is what all the other data mining techniques are for! 

Outside the Cluster.  Clustering can be useful even when only a single cluster is found. When screening for a very rare defect, there may not be enough examples to train a directed data mining model to detect it. One example is testing electric motors at the factory where they are made. Cluster detection methods can be used on a sample containing only good motors to determine the shape and size of the “normal” cluster. When a motor comes along that falls outside the cluster for any reason, it is suspect. This approach has been used in medicine to detect the presence of abnormal cells in tissue samples. 

5. 5   Other Approaches to Cluster Detection 

In addition to the two approaches to automatic cluster detection described in this chapter, there are two other approaches that make use of variations of techniques of decision trees and neural networks. 

Divisive Methods.  We have already noted the similarity between the tree formed by the agglomerative clustering techniques and the ones formed by decision tree algorithms such as C4.5. Although the agglomerative methods work from the leaves to the root, while the decision tree algorithms work from the root to the leaves, they both create a similar hierarchical structure. The hierarchical structure reflects another similarity between the methods. Decisions made early on in the process are never revisited, which means that some fairly simple clusters will not be detected if an early split or agglomeration destroys the structure. 

Seeing the similarity between the trees produced by the two methods, it is natural to ask whether the algorithms used for decision trees may also be used for clustering. The answer is yes. A decision tree algorithm starts with the entire collection of records and looks for a way to spit it into clusters that are purer, in some sense defined by a diversity function. All that is required to turn this into a clustering algorithm is to supply a diversity function chosen to either minimize the average intra-cluster distance or maximize the inter-cluster distances. 

Self-Organizing Maps.  Self-organizing maps are a variant of neural networks that have been used for many years in applications such as feature detection in two-dimensional images. More recently, they have been applied successfully for more general clustering applications. There is a discussion of self-organizing neural networks. 

5.6   Strengths and Weaknesses of Automatic Cluster Detection 
5.6.1  The strengths of automatic cluster detection 

The main strengths of automatic cluster detection are:

· Automatic cluster detection is an unsupervised knowledge discovery 

· Automatic cluster detection works well with categorical, numeric, and textual data

· Easy to apply. 

Automatic Cluster Detection Is Unsupervised. The chief strength of automatic cluster detection is that it is undirected. This means that it can be applied even when you have no prior knowledge of the internal structure of a database. Automatic cluster detection can be used to uncover hidden structure that can be used to improve the performance of more directed techniques. 

Clustering Can Be Performed on Diverse Data Types.  By choosing different distance measures, automatic clustering can be a plied to almost any kind of data. It is as easy to find clusters in collections of new stories or insurance claims as in astronomical or financial data. 

Automatic Cluster Detection Is Easy to Apply.  Most cluster detection techniques require very little massaging of the input data and there is no need to identify particular fields as inputs and others as outputs. 

5.6.2   The weaknesses of automatic cluster detection 
The main weaknesses of automatic cluster detection are:

· It can be difficult to choose the right distance measures and weights. 

· Sensitivity to initial parameters. 

· It can be hard to interpret the resulting clusters. 

Difficulty with Weights and Measures. The performance of automatic cluster detection algorithms is highly dependent on the choice of a distance metric or other similarity measure. It is sometimes quite difficult to devise distance metrics for data that contains a mixture of variable types. It can also be difficult to determine a proper weighting scheme for disparate variable types. 

Sensitivity to Initial Parameters.  In the K-means method, the original choice of a value for K determines the number of clusters that will be found. If this number does not match the natural structure of the data, the technique will not obtain good results. 

Difficulty Interpreting Results.  A strength of automatic cluster detection is that it is an unsupervised knowledge discovery technique. The flip side is that when you don’t know what you are looking for, you may not recognize it when you find it! The clusters you discover are not guaranteed to have any practical value. 
Chapter 6
Data Mining with Neural Networks

Artificial neural networks are popular because they have a proven track record in many data mining and decision-support applications. They have been applied across a broad range of industries, from identifying financial series to diagnosing medical conditions, from identifying clusters of valuable customers to identifying fraudulent credit card transactions, from recognizing numbers written on checks to predicting the failure rates of engines.

Whereas people are good at generalizing from experience computers usually excel at following explicit instructions over and over. The appeal of neural networks is that they bridge this gap by modeling, on a digital computer, the neural connections in human brains. When used in well-defined domains, their ability to generalize and learn from data mimics our own ability to learn from experience. This ability is useful for data mining and it also makes neural networks an exciting area for research, promising new and better results in the future. 
6.1    Neural Networks for Data Mining 
A neural processing element receives inputs from other connected processing elements. These input signals or values pass through weighted connections, which either amplify or diminish the signals. Inside the neural processing element, all of these input signals are summed together to give the total input to the unit. This total input value is then passed through a mathematical function to produce an output or decision value ranging from 0 to 1. Notice that this is a real valued (analog) output, not a digital 0/1 output. If the input signal matches the connection weights exactly, then the output is close to 1. If the input signal totally mismatches the connection weights then the output is close to 0. Varying degrees of similarity are represented by the intermediate values. Now, of course, we can force the neural processing element to make a binary (1/0) decision, but by using analog values ranging between 0.0 and 1.0 as the outputs, we are retaining more information to pass on to the next layer of neural processing units. In a very real sense, neural networks are analog computers. 

Each neural processing element acts as a simple pattern recognition machine. It checks the input signals against its memory traces (connection weights) and produces an output signal that corresponds to the degree of match between those patterns. In typical neural networks, there are hundreds of neural processing elements whose pattern recognition and decision making abilities are harnessed together to solve problems. 

6.2   Neural Network Topologies

The arrangement of neural processing units and their interconnections can have a profound impact on the processing capabilities of the neural networks. In general, all neural networks have some set of processing units that receive inputs from the outside world, which we refer to appropriately as the “input units.” Many neural networks also have one or more layers of “hidden” processing units that receive inputs only from other processing units. A layer or “slab” of processing units receives a vector of data or the outputs of a previous layer of units and processes them in parallel. The set of processing units that represents the final result of the neural network computation is designated as the “output units”. There are three major connection topologies that define how data flows between the input, hidden, and output processing units. These main categories─feed forward, limited recurrent, and fully recurrent networks─are described in detail in the next sections. 

6.2.1   Feed-Forward Networks

Feed-forward networks are used in situations when we can bring all of the information to bear on a problem at once, and we can present it to the neural network. It is like a pop quiz, where the teacher walks in, writes a set of facts on the board, and says, “OK, tell me the answer.” You must take the data, process it, and “jump to a conclusion.” In this type of neural network, the data flows through the network in one direction, and the answer is based solely on the current set of inputs. 

In Figure 6.1, we see a typical feed-forward neural network topology. Data enters the neural network through the input units on the left. The input values are assigned to the input units as the unit activation values. The output values of the units are modulated by the connection weights, either being magnified if the connection weight is positive and greater than 1.0, or being diminished if the connection weight is between 0.0 and 1.0. If the connection weight is negative, the signal is magnified or diminished in the opposite direction.
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Figure 6.1: Feed-forward neural networks.

Each processing unit combines all of the input signals corning into the unit along with a threshold value. This total input signal is then passed through an activation function to determine the actual output of the processing unit, which in turn becomes the input to another layer of units in a multi-layer network. The most typical activation function used in neural networks is the S-shaped or sigmoid (also called the logistic) function. This function converts an input value to an output ranging from 0 to 1. The effect of the threshold weights is to shift the curve right or left, thereby making the output value higher or lower, depending on the sign of the threshold weight. As shown in Figure 6.1, the data flows from the input layer through zero, one, or more succeeding hidden layers and then to the output layer. In most networks, the units from one layer are fully connected to the units in the next layer. However, this is not a requirement of feed-forward neural networks. In some cases, especially when the neural network connections and weights are constructed from a rule or predicate form, there could be less connection weights than in a fully connected network. There are also techniques for pruning unnecessary weights from a neural network after it is trained. In general, the less weights there are, the faster the network will be able to process data and the better it will generalize to unseen inputs. It is important to remember that “feed-forward” is a definition of connection topology and data flow. It does not imply any specific type of activation function or training paradigm. 

6.2.2   Limited Recurrent Networks 

Recurrent networks are used in situations when we have current information to give the network, but the sequence of inputs is important, and we need the neural network to somehow store a record of the prior inputs and factor them in with the current data to produce an answer. In recurrent networks, information about past inputs is fed back into and mixed with the inputs through recurrent or feedback connections for hidden or output units. In this way, the neural network contains a memory of the past inputs via the activations (see Figure 6.2). 
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Figure 6.1: Partial recurrent neural networks

Two major architectures for limited recurrent networks are widely used. Elman (1990) suggested allowing feedback from the hidden units to a set of additional inputs called context units. Earlier, Jordan (1986) described a network with feedback from the output units back to a set of context units. This form of recurrence is a compromise between the simplicity of a feed-forward network and the complexity of a fully recurrent neural network because it still allows the popular back propagation training algorithm (described in the following) to be used.

6.2.3    Fully Recurrent Networks 

Fully recurrent networks, as their name suggests, provide two-way connections between all processors in the neural network. A subset of the units is designated as the input processors, and they are assigned or clamped to the specified input values. The data then flows to all adjacent connected units and circulates back and forth until the activation of the units stabilizes. Figure 6.3 shows the input units feeding into both the hidden units (if any) and the output units. The activations of the hidden and output units then are recomputed until the neural network stabilizes. At this point, the output values can be read from the output layer of processing units. 
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Figure 6.3: Fully recurrent neural networks

Fully recurrent networks are complex, dynamical systems, and they exhibit all of the power and instability associated with limit cycles and chaotic behavior of such systems. Unlike feed-forward network variants, which have a deterministic time to produce an output value (based on the time for the data to flow through the network), fully recurrent networks can take an in-determinate amount of time. 

In the best case, the neural network will reverberate a few times and quickly settle into a stable, minimal energy state. At this time, the output values can be read from the output units. In less optimal circumstances, the network might cycle quite a few times before it settles into an answer. In worst cases, the network will fall into a limit cycle, visiting the same set of answer states over and over without ever settling down. Another possibility is that the network will enter a chaotic pattern and never visit the same output state. 

By placing some constraints on the connection weights, we can ensure that the network will enter a stable state. The connections between units must be symmetrical. Fully recurrent networks are used primarily for optimization problems and as associative memories. A nice attribute with optimization problems is that depending on the time available, you can choose to get the recurrent network’s current answer or wait a longer time for it to settle into a better one. This behavior is similar to the performance of people in certain tasks.
6.3    Neural Network Models 
The combination of topology, learning paradigm (supervised or non-supervised learning), and learning algorithm define a neural network model. There is a wide selection of popular neural network models. For data mining, perhaps the back propagation network and the Kohonen feature map are the most popular. However, there are many different types of neural networks in use. Some are optimized for fast training, others for fast recall of stored memories, others for computing the best possible answer regardless of training or recall time. But the best model for a given application or data mining function depends on the data and the function required. 
The discussion that follows is intended to provide an intuitive understanding of the differences between the major types of neural networks. No details of the mathematics behind these models are provided. 
6.3.1    Back Propagation Networks
A back propagation neural network uses a feed-forward topology, supervised learning, and the (what else) back propagation learning algorithm. This algorithm was responsible in large part for the reemergence of neural networks in the mid1980s. 
Back propagation is a general purpose learning algorithm. It is powerful but also expensive in terms of computational requirements for training. A back propagation network with a single hidden layer of processing elements can model any continuous function to any degree of accuracy (given enough processing elements in the hidden layer). There are literally hundreds of variations of back propagation in the neural network literature, and all claim to be superior to “basic” back propagation in one way or the other. Indeed, since back propagation is based on a relatively simple form of optimization known as gradient descent, mathematically astute observers soon proposed modifications using more powerful techniques such as conjugate gradient and Newton’s methods. However, “basic” back propagation is still the most widely used variant. Its two primary virtues are that it is simple and easy to understand, and it works for a wide range of problems.
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Figure 6.4: Back propagation networks

The basic back propagation algorithm consists of three steps (see Figure 6.4). The input pattern is presented to the input layer of the network. These inputs are propagated through the network until they reach the output units. This forward pass produces the actual or predicted output pattern. Because back propagation is a supervised learning algorithm, the desired outputs are given as part of the training vector. The actual network outputs are subtracted from the desired outputs and an error signal is produced. This error signal is then the basis for the back propagation step, whereby the errors are passed back through the neural network by computing the contribution of each hidden processing unit and deriving the corresponding adjustment needed to produce the correct output. The connection weights are then adjusted and the neural network has just “learned” from an experience. 
As mentioned earlier, back propagation is a powerful and flexible tool for data modeling and analysis. Suppose you want to do linear regression. A back propagation network with no hidden units can be easily used to build a regression model relating multiple input parameters to multiple outputs or dependent variables. This type of back propagation network actually uses an algorithm called the delta rule, first proposed by Widrow and Hoff (1960). 
Adding a single layer of hidden units turns the linear neural network into a nonlinear one, capable of performing multivariate logistic regression, but with some distinct advantages over the traditional statistical technique. Using a back propagation network to do logistic regression allows you to model multiple outputs at the same time. Confounding effects from multiple input parameters can be captured in a single back propagation network model. Back propagation neural networks can be used for classification, modeling, and time-series forecasting. For classification problems, the input attributes are mapped to the desired classification categories. The training of the neural network amounts to setting up the correct set of discriminant functions to correctly classify the inputs. For building models or function approximation, the input attributes are mapped to the function output. This could be a single output such as a pricing model, or it could be complex models with multiple outputs such as trying to predict two or more functions at once. ¦
Two major learning parameters are used to control the training process of a back propagation network. The learn rate is used to specify whether the neural network is going to make major adjustments after each learning trial or if it is only going to make minor adjustments. Momentum is used to control possible oscillations in the weights, which could be caused by alternately signed error signals. While most commercial back propagation tools provide anywhere from 1 to 10 or more parameters for you to set, these two will usually produce the most impact on the neural network training time and performance. 
6.3.2    Kohonen Feature Maps 
Kohonen feature maps are feed-forward networks that use an unsupervised training algorithm, and through a process called self-organization, configure the output units into a topological or spatial map. Kohonen (1988) was one of the few researchers who continued working on neural networks and associative memory even after they lost their cachet as a research topic in the 1960s. His work was reevaluated during the late 1980s, and the utility of the self-organizing feature map was recognized. Kohonen has presented several enhancements to this model, including a supervised learning variant known as Learning Vector Quantization (LVQ). 
A feature map neural network consists of two layers of processing units an input layer fully connected to a competitive output layer. There are no hidden units. When an input pattern is presented to the feature map, the units in the output layer compete with each other for the right to be declared the winner. The winning output unit is typically the unit whose incoming connection weights are the closest to the input pattern (in terms of Euclidean distance). Thus the input is presented and each output unit computes its closeness or match score to the input pattern. The output that is deemed closest to the input pattern is declared the winner and so earns the right to have its connection weights adjusted. The connection weights are moved in the direction of the input pattern by a factor determined by a learning rate parameter. This is the basic nature of competitive neural networks. 
The Kohonen feature map creates a topological mapping by adjusting not only the winner’s weights, but also adjusting the weights of the adjacent output units in close proximity or in the neighborhood of the winner. So not only does the winner get adjusted, but the whole neighborhood of output units gets moved closer to the input pattern. Starting from randomized weight values, the output units slowly align themselves such that when an input pattern is presented, a neighborhood of units responds to the input pattern. As training progresses, the size of the neighborhood radiating out from the winning unit is decreased. Initially large numbers of output units will be updated, and later on smaller and smaller numbers are updated until at the end of training only the winning unit is adjusted. Similarly, the learning rate will decrease as training progresses, and in some implementations, the learn rate decays with the distance from the winning output unit.
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Figure 6.4: Kohonen self-organizing feature maps

Looking at the feature map from the perspective of the connection weights, the Kohonen map has performed a process called vector quantization or code book generation in the engineering literature. The connection weights represent a typical or prototype input pattern for the subset of inputs that fall into that cluster. The process of taking a set of high dimensional data and reducing it to a set of clusters is called segmentation. The high-dimensional input space is reduced to a two-dimensional map. If the index of the winning output unit is used, it essentially partitions the input patterns into a set of categories or clusters. 

From a data mining perspective, two sets of useful information are available from a trained feature map. Similar customers, products, or behaviors are automatically clustered together or segmented so that marketing messages can be targeted at homogeneous groups. The information in the connection weights of each cluster defines the typical attributes of an item that falls into that segment. This information lends itself to immediate use for evaluating what the clusters mean. When combined with appropriate visualization tools and/or analysis of both the population and segment statistics, the makeup of the segments identified by the feature map can be analyzed and turned into valuable business intelligence. 

6.3.3    Recurrent Back Propagation 

Recurrent back propagation is, as the name suggests, a back propagation network with feedback or recurrent connections. Typically, the feedback is limited to either the hidden layer units or the output units. In either configuration, adding feedback from the activation of outputs from the prior pattern introduces a kind of memory to the process. Thus adding recurrent connections to a back propagation network enhances its ability to learn temporal sequences without fundamentally changing the training process. Recurrent back propagation networks will, in general, perform better than regular back propagation networks on time-series prediction problems. 

6.3.4    Radial Basis Function 

Radial basis function (RBF) networks are feed-forward networks trained using a supervised training algorithm. They are typically configured with a single hidden layer of units whose activation function is selected from a class of functions called basis functions. While similar to back propagation in many respects, radial basis function networks have several advantages. They usually train much faster than back propagation networks. They are less susceptible to problems with non-stationary inputs because of the behavior of the radial basis function hidden units. Radial basis function networks are similar to the probabilistic neural networks in many respects (Wasserrnan 1993). Popularized by Moody and Darken (1989), radial basis function networks have proven to be a useful neural network architecture. The major difference between radial basis function networks and back propagation networks is the behavior of the single hidden layer. Rather than using the sigmoidal or S-shaped activation function as in back propagation, the hidden units in RBF networks use a Gaussian or some other basis kernel function. Each hidden unit acts as a locally tuned processor that computes a score for the match between the input vector and its connection weights or centers. In effect, the basis units are highly specialized pattern detectors. The weights connecting the basis units to the outputs are used to take linear combinations of the hidden units to product the final classification or output. 
Remember that in a back propagation network, all weights in all of the layers are adjusted at the same time. In radial basis function networks, however, the weights into the hidden layer basis units are usually set before the second layer of weights is adjusted. As the input moves away from the connection weights, the activation value falls off. This behavior leads to the use of the term “center” for the first-layer weights. These center weights can be computed using Kohonen feature maps, statistical methods such as K-Means clustering, or some other means. In any case, they are then used to set the areas of sensitivity for the RBF hidden units, which then remain fixed. Once the hidden layer weights are set, a second phase of training is used to adjust the output weights. This process typically uses the standard back propagation training rule. 
In its simplest form, all hidden units in the RBF network have the same width or degree of sensitivity to inputs. However, in portions of the input space where there are few patterns, it is sometime desirable to have hidden units with a wide area of reception. Likewise, in portions of the input space, which are crowded, it might be desirable to have very highly tuned processors with narrow reception fields. Computing these individual widths increases the performance of the RBF network at the expense of a more complicated training process. 
6.3.5   Adaptive Resonance Theory
Adaptive resonance theory (ART) networks are a family of recurrent networks that can be used for clustering. Based on the work of researcher Stephen Grossberg (1987), the ART models are designed to be biologically plausible. Input patterns are presented to the network, and an output unit is declared a winner in a process similar to the Kohonen feature maps. However, the feedback connections from the winner output encode the expected input pattern template. If the actual input pattern does not match the expected connection weights to a sufficient degree, then the winner output is shut off, and the next closest output unit is declared as the winner. This process continues until one of the output unit’s expectation is satisfied to within the required tolerance. If none of the out put units wins, then a new output unit is committed with the initial expected pattern set to the current input pattern. 
The ART family of networks has been expanded through the addition of fuzzy logic, which allows real-valued inputs, and through the ARTMAP architecture, which allows supervised training. The ARTMAP architecture uses back-to-back ART networks, one to classify the input patterns and one to encode the matching output patterns. The MAP part of ARTMAP is a field of units (or indexes, depending on the implementation) that serves as an index between the input ART network and the output ART network. While the details of the training algorithm are quite complex, the basic operation for recall is surprisingly simple. The input pattern is presented to the input ART network, which comes up with a winner output. This winner output is mapped to a corresponding output unit in the output ART network. The expected pattern is read out of the output ART network, which provides the overall output or prediction pattern. 
6.3.6   Probabilistic Neural Networks 
Probabilistic neural networks (PNN) feature a feed-forward architecture and supervised training algorithm similar to back propagation (Specht, 1990). Instead of adjusting the input layer weights using the generalized delta rule, each training input pattern is used as the connection weights to a new hidden unit. In effect, each input pattern is incorporated into the PNN architecture. This technique is extremely fast, since only one pass through the network is required to set the input connection weights. Additional passes might be used to adjust the output weights to fine-tune the network outputs. 
Several researchers have recognized that adding a hidden unit for each input pattern might be overkill. Various clustering schemes have been proposed to cut down on the number of hidden units when input patterns are close in input space and can be represented by a single hidden unit. Probabilistic neural networks offer several advantages over back propagation networks (Wasserman, 1993). Training is much faster, usually a single pass. Given enough input data, the PNN will converge to a Bayesian (optimum) classifier. Probabilistic neural networks allow true incremental learning where new training data can be added at any time without requiring retraining of the entire network. And because of the statistical basis for the PNN, it can give an indication of the amount of evidence it has for basing its decision.

	Model
	Training paradigm
	Topology
	Primary functions

	Adaptive Resonance Theory   

ARTMAP                  

Back propagation 

Radial basis function 

networks 
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Recurrent back propagation

Temporal difference learning 
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Supervised

Supervised

Supervised
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Supervised

Supervised

Reinforcement
	Recurrent

Recurrent

Feed-forward

Feed-forward

Feed-forward

Feed-forward

Feed-forward

Limited recurrent

Feed-forward           
	Clustering

Classification

Classification, modeling, time-series

Classification,

Modeling, time-series

Classification

Clustering

Classification

Modeling, time-series

Time-series


Table 6.1: Neural Network Models and Their Functions

6.3.7    Key Issues in Selecting Models and Architecture 

Selecting which neural network model to use for a particular application is straightforward if you use the following process. First, select the function you want to perform. This can include clustering, classification, modeling, or time-series approximation. Then look at the input data you have to train the network. If the data is all binary, or if it contains real-valued inputs, that might disqualify some of the network architectures. Next you should determine how much data you have and how fast you need to train the network. This might suggest using probabilistic neural networks or radial basis function networks rather than a back propagation network. Table 6.1 can be used to aid in this selection process. Most commercial neural network tools should support at least one variant of these algorithms. 

Our definition of architecture is the number of inputs, hidden, and output units. So in my view, you might select a back propagation model, but explore several different architectures having different numbers of hidden layers, and/or hidden units. 

Data type and quantity. In some cases, whether the data is all binary or contains some real numbers might help determine which neural network model to use. The standard ART network (called ART l) works only with binary data and is probably preferable to Kohonen maps for clustering if the data is all binary. If the input data has real values, then fuzzy ART or Kohonen maps should be used. 

Training requirements. Online or batch learning In general, whenever we want online learning, then training speed becomes the overriding factor in determining which neural network model to use. Back propagation and recurrent back propagation train quite slowly and so are almost never used in real-time or online learning situations. ART and radial basis function networks, however, train quite fast, usually in a few passes over the data. 

Functional requirements. Based on the function required, some models can be disqualified. For example, ART and Kohonen feature maps are clustering algorithms. They cannot be used for modeling or time-series forecasting. If you need to do clustering, then back propagation could be used, but it will be much slower training than using ART of Kohonen maps. 

6.4   Iterative Development Process 

Despite all of your selections, it is quite possible that the first or second time that you try to train it, the neural network will not be able to meet your acceptance criteria. When this happens you are then in a troubleshooting mode. What can be wrong and how can you fix it? 

The major steps of the interactive development process are data selection and representation, neural network model selection, architecture specification, training parameter selection, and choosing an appropriate acceptance criteria. If any of these decisions are off the mark, the neural network might not be able to learn what you are trying to teach it. In the following sections, I describe the major decision points and the recovery options when things go wrong during training. 

6.4.1   Network Convergence Issues 

How do you know when you are in trouble when training a neural network model? The first hint is that it takes a long, long time for the network to train, and you are monitoring the classification accuracy or the prediction accuracy of the neural network. If you are plotting the RMS error, you will see that it falls quickly and then stays flat, or that it oscillates up and down. Either of these two conditions might mean that the network is trapped in a local minima, while the objective is to reach the global minima. 

There are two primary ways around this problem. First, you can add some random noise to the neural network weights in order to try to break it free from the local minima. The other option is to reset the network weights to new random values and start training all over again. This might not be enough to get the neural network to converge on a solution. Any of the design decisions you made might be negatively impacting the ability of the neural network to learn the function you are trying to teach.

6.4.2    Model Selection

It is sometimes best to revisit your major choices in the same order as your original decisions. Did you select an inappropriate neural network model for the function you are trying to perform? If so, then picking a neural network model that can perform the function is the solution. If not, then it is most likely a simple matter of adding more hidden units or another layer of hidden units. In practice, one layer of hidden units usually wm suffice. Two layers are required only if you have added a large number of hidden units and the network still has not converged. If you do not provide enough hidden units, the neural network will not have the computational power to learn some complex nonlinear functions. 

Other factors besides the neural network architecture could be at work. Maybe the data has a strong temporal or time element embedded in it. Often a recurrent back propagation or a radial basis function network will perform better than regular back propagation. If the inputs are non-stationary, that is they change slowly over time, then radial basis function networks are definitely going to work best. 

6.4.3    Data Representation

If a neural network does not converge to a solution, and you are sure that your model architecture is appropriate for the problem, then the next thing to reevaluate is your data representation decisions. In some cases, a key input parameter is not being scaled or coded in a manner that lets the neural network learn its importance to the function at hand. One example is a continuous variable, which has a large range in the original domain and is scaled down to a 0 to 1value for presentation to the neural network. Perhaps a thermometer coding with one unit for each magnitude of 10 is in order. This would change the representation of the input parameter from a single input to 5, 6, or 7, depending on the range of the value. 

A more serious problem is when a key parameter is missing from the training data. In some ways, this is the most difficult problem to detect. You can easily spend much time playing around with the data representation trying to get the network to converge. Unfortunately, this is one area where experience is required to know what a normal training process feels like and what one that is doomed to failure feels like. This is also why it is important to have a domain expert involved who can provide ideas when things are not working. A domain expert might recognize that an important parameter is missing from the training data. 

6.4.4   Model Architectures

In some cases, we have done everything right, but the network just won’t converge. It could be that the problem is just too complex for the architecture you have specified. By adding additional hidden units, and even another hidden layer, you are enhancing the computational abilities of the neural network. Each new connection weight is another free variable, which can be adjusted. That is why it is good practice to start out with an abundant supply of hidden units when you first start working on a problem. Once you are sure that the neural network can learn the function, you can start reducing the number of hidden units until the generalization performance meets your requirements. But beware. Too much of a good thing can be bad, too! 

If some additional hidden units is good, is adding many more better? In most cases, no! Giving the neural network more hidden units (and the associated connection weights) can actually make it too easy for the network. In some cases, the neural network will simply learn to memorize the training patterns. The neural network has optimized to the training set’s particular patterns and has not extracted the important relationships in the data. You could have saved yourself time and money by just using a lookup table. The whole point is to get the neural network to detect key features in the data in order to generalize when presented with patterns it has not seen before. There is nothing worse than a fat, lazy neural network. By keeping the hidden layers as thin as possible, you usually get the best results. 

6.4.5    Avoiding Over-Training

When training a neural network, it is important to understand when to stop It is natural to think that if 100 epochs is good, then 1000 epochs will be much better. However, this intuitive idea of “more practice is better” doesn’t hold with neural networks. If the same training patterns or examples are given to the neural network over and over, and the weights are adjusted to match the desired outputs, we are essentially telling the network to memorize the patterns, rather than to extract the essence of the relationships. What happens is that the neural network performs extremely well on the training data. However, when it is presented with patterns it hasn’t seen before it cannot generalize and does not perform well. What is the problem? It is called over-training. 

Over-training a neural network is similar to when an athlete practices and practices for an event on his home court. When the actual competition starts and he or she is faced with an unfamiliar arena and circumstances it might be impossible for him or her to react and perform at the same levels as during training. 

It is important to remember that we are not trying to get the neural network to make the best predictions it can on the training data. We are trying to optimize its performance on the testing and validation data. Most commercial neural network tools provide the means to automatically switch between training and testing data. The idea is to check the network performance on the testing data while you are training. 

6.4.6   Automating the Process 

What has been described in the preceding sections is the manual process of building a neural network model. It requires some degree of skill and experience with neural networks and model building in order to be successful. Having to tweak many parameters and make somewhat arbitrary decisions concerning the neural network architecture does not seem like a great advantage to some application developers. Because of this, researchers have worked in a variety of ways to minimize these problems. 

Perhaps the first attempt was to automate the selection of the appropriate number of hidden layers and hidden units in the neural network. This was approached in a number of ways: a priori attempts to compute the required architecture by looking at the data, building arbitrary large networks and then pruning out nodes and connections until the smallest network that could do the job is produced, and starting with a small network and then growing it up until it can perform the task appropriately. 

Genetic algorithms are often used to optimize functions using parallel search methods based on the biological theory of natural. If we view the selection of the number of hidden layers and hidden units as an optimization problem, genetic algorithms can be used to help find the optimum architecture. 

The idea of pruning nodes and weights from neural networks in order to improve their generalization capabilities has been explored by several research groups (Sietsma and Dow, 1988). A network with an arbitrarily large number of hidden units is created and trained to perform some processing function. Then the weights connected to a node are analyzed to see if they contribute to the accurate prediction of the output pattern. If the weights are extremely small, or if they do not impact the prediction error when they are removed, then that node and its weights are pruned or removed from the network. This process continues until the removal of any additional node causes a decrease in the performance on the test set. 

Several researchers have also explored the opposite approach to pruning. That is, a small neural network is created, and additional hidden nodes and weights are added incrementally. The network prediction error is monitored, and as long as performance on the test data is improving, additional hidden units are added. The cascade correlation network allocates a whole set of potential new network nodes. These new nodes compete with each other and the one that reduces the prediction error the most is added to the network. Perhaps the highest level of automation of the neural network data mining process will come with the use of intelligent agents. 

6.5    Strengths and Weaknesses of Artificial Neural Networks  

6.5.1  Strengths of Artificial Neural Networks

Neural Networks Are Versatile. Neural networks provide a very general way of approaching problems. When the output of the network is continuous, such as the appraised value of a home, then it is performing prediction. When the output has discrete values, then it is doing classification. A simple re-arrangement of the neurons and the network becomes adept at detecting clusters. 

The fact that neural networks are so versatile definitely accounts for their popularity. The effort needed to learn how to use them and to learn how to massage data is not wasted, since the knowledge can be applied wherever neural networks would be appropriate. 

Neural Networks Can Produce Good Results in Complicated Domains. Neural networks produce good results. Across a large number of industries and a large number of applications, neural networks have proven themselves over and over again. These results come in complicated domains, such as analyzing time series and detecting fraud, that are not easily amenable to other techniques. The largest neural network in production use is probably the system that AT&T uses for reading numbers on checks. This neural network has hundreds of thousands of units organized into seven layers. 

As compared to standard statistics or to decision-tree approaches, neural networks are much more powerful. They incorporate non-linear combinations of features into their results, not limiting themselves to rectangular regions of the solution space. They are able to take advantage of all the possible combinations of features to arrive at the best solution. 

Neural Networks Can Handle Categorical and Continuous Data Types. Although the data has to be massaged, neural networks have proven themselves using both categorical and continuous data, both for inputs and outputs. Categorical data can be handled in two different ways, either by using a single unit with each category given a subset of the range from 0 to 1 or by using a separate unit for each category. Continuous data is easily mapped into the necessary range.

Neural Networks Are Available in Many Off-the-Shelf Packages. Because of the versatility of neural networks and their track record of good results, many software vendors provide off-the-shelf tools for neural networks. The competition between vendors makes these pack-ages easy to use and ensures that advances in the theory of neural networks are brought to market. 

6.5.2   Weaknesses of Artificial Neural Networks
All Inputs and Outputs Must Be Massaged to [0.1]. The inputs to a neural network must be massaged to be in a particular range, usually between 0 and 1. This requires additional transforms and manipulations of the input data that require additional time, CPU power, and disk space. In addition, the choice of transform can effect the results of the network. Fortunately tools try to make this massaging process as simple as possible. Good tools provide histograms for seeing categorical values and automatically transform numeric values into the range. Still, skewed distributions with a few outliers can result in poor neural network performance. The requirement to massage the data is actually a mixed blessing. It requires analyzing the training set to verify the data values and their ranges. Since data quality is the number one issue in data mining, this additional perusal of the data can actually forestall problems later in the analysis. 

Neural Networks Cannot Explain Results. This is the biggest criticism directed at neural networks. In domains where explaining rules may be critical, such as denying loan applications, neural networks are not the tool of choice. They are the tool of choice when acting on the results is more important than understanding them. Even though neural networks cannot produce explicit rules, sensitivity analysis does enable them to explain which inputs are more important than others. This analysis can be performed inside the network, by using the errors generated from backpropagation, or it can be performed externally by poking the network with specific inputs. 

Neural Networks May Converge on an Inferior Solution. Neural networks usually converge on some solution for any given training set. Unfortunately, there is no guarantee that this solution provides the best model of the data. Use the test set to determine when a model provides good enough performance to be used on unknown data. 
Chapter 7

Evaluation of discovered knowledge
The objective of learning classifications from sample data is to classify and predict successfully on new data. The most commonly used measure of success or failure is a classifier’s error rate.  Each time a classifier is presented with a case, it makes a decision about the appropriate class for a case. Sometimes it is right; sometimes it is wrong. The true error rate is statistically defined as the error rate of the classifier on an asymptotically large number of new cases that converge in the limit to the actual population distribution. As noted in Equation (7.1), an empirical error rate can be defined as the ratio of the number of errors to the number of cases examined. 
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If we were given an unlimited number of cases, the true error rate would be readily computed as the number of samples approached infinity. In the real world, the number of samples available is always finite, and typically relatively small. The major question is then whether it is possible to extrapolate from empirical error rates calculated from small sample results to the true error rate. It turns out that there are a number of ways of presenting sample cases to the classifier to get better estimates of the true error rate. Some techniques are much better than others. In statistical terms, some estimators of the true error rate are considered biased. They tend to estimate too low, i.e., on the optimistic side, or too high, i.e., on the pessimistic side. In this chapter, we will review the techniques that give the best estimates of the true error rate, and consider some of the factors that can produce poor estimates of performance.
7. 1   What Is an Error? 

An error is simply a misclassification: the classifier is presented a case, and it classifies the case incorrectly. If all errors are of equal importance, a single-error rate, calculated as in Equation (7.1), summarizes the overall performance of a classifier. However, for many applications, distinctions among different types of errors turn out to be important. For example, the error committed in tentatively diagnosing someone as healthy when one has a life-threatening illness (known as a false negative decision) is usually considered far more serious than the opposite type of error-of diagnosing someone as ill when one is in fact healthy (known as a false positive). Further tests and the passage of time will frequently correct the misdiagnosis of the healthy person without any permanent damage (except possibly to one’s pocket book), whereas an ill person sent home as mistakenly healthy will probably get sicker, and in the worst case even die, which would make the original error costly indeed. 

	
	True Class

	Predicted Class
	1
	2
	3

	1
	50
	0
	0

	2
	0
	48
	5

	3
	0
	2
	45


Table 7.1: Sample confusion matrix for three classes

If distinguishing among error types is important, then a confusion matrix can be used to lay out the different errors. Table 7.1 is an example of such a matrix for three classes. The confusion matrix lists the correct classification against the predicted classification for each class. The number of correct predictions for each class falls along the diagonal of the matrix. All other numbers are the number of errors for a particular type of misclassification error. For example, class 2 in Table 7.1 is correctly classified 48 times, but is erroneously classified as class 3 two times. Two-class classification problems are most common, if only because people tend to pose them that way for simplicity. With just two classes, the choices are structured to predict the occurrence or non-occurrence of a single event or hypothesis. For example, a patient is often conjectured to have a specific disease or not, or a stock price is predicted to rise or not. In this situation, the two possible errors are frequently given the names mentioned earlier from the medical context: false positives or false negatives. Table 7.2 lists the four possibilities, where a specific prediction rule is invoked.
	
	Class Positive (C+)
	Class Negative (C-)

	Prediction Positive (R+) 
	True Positives (TP)
	False Positives (FP) 

	Prediction Negative (R-)
	False Negatives (FN)
	True Negatives (TN)


Table 7.2: Two-class classification performance

In some fields, such as medicine, where statistical hypothesis testing techniques are frequently used, performance is usually measured by computing frequency ratios derived from the numbers in Table 7.2. These are illustrated in Table 7.3. For example, a lab test may have a high sensitivity in diagnosing AIDS (defined as its ability to correctly classify patients that actually have the disease), but may have poor specificity if many healthy people are also diagnosed as having AIDS (yielding a low ratio of true negatives to overall negative cases). These measures are technically correctness rates, so the error rates are one minus the correctness rates.
Accuracy reflects the overall correctness of the classifier and the overall error rate is (1 - accuracy). If both types of errors, i.e., false positives and false negatives, are not treated equally, a more detailed breakdown of the other error rates becomes necessary.
	Sensitivity
	TP / C+

	Specificity
	TN / C-

	Predictive value (+)
	TP / R+

	Predictive value (-)
	TN / R-

	Accuracy 
	(TP + TN) / ((C+) + (C-))


Table 7.3: Formal measures of classification performance

7.1.1   Cost, Risks, and Utility
The primary measure of performance we use will be error rates. There are, however, a number of alternatives, extensions, and variations possible on the error rate theme. 

A natural alternative to an error rate is a misclassification cost. Here, instead of designing a classifier to minimize error rates, the goal would be to minimize misclassification costs. A misclassification cost is simply a number that is assigned as a penalty for making a mistake. For example, in the two-class situation, a cost of one might be assigned to a false positive error, and a cost of two to a false negative error. An average cost of misclassification can be obtained by weighing each of the costs by the respective error rate. Computationally this means that errors are converted into costs by multiplying an error by its misclassification cost. In the medical example, the effect of having false negatives cost twice what false positives cost will be to tolerate many more false positive errors than false negative ones for a fixed classifier design. If full statistical knowledge of distributions is assumed and an optimal decision-making strategy followed, cost choices have a direct effect on decision thresholds and resulting error rates. 

Any confusion matrix will have n2 entries, where n is the number of classes. On the diagonal lie the correct classifications with the off-diagonal entries containing the various cross-classification errors. If we assign a cost to each type of error or misclassification as for example, in Table 7.4, which is a hypothetical misclassification cost matrix for Table 7.1, the total cost of misclassification is most directly computed as the sum of the costs for each error. If all misclassifications are assigned a cost of l then the total cost is given by the number of errors and the average cost per decision is the error rate. 
By raising or lowering the cost of a misclassification, we are biasing decisions in different directions, as if there were more or fewer cases in a given class. Formally for any confusion matrix, if Eij is the number of errors entered in the confusion matrix and Cij is the cost for that type misclassification, the total cost of misclassification is given in Equation (7.2), where the cost of a correct classification 
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	True Class

	Predicted Class
	1
	2
	3

	1
	0
	1
	1

	2
	2
	0
	1

	3
	5
	    0
	0


Table 7.4: Sample misclassification cost matrix for three classes

For example, in Table 7.5, if the cost of misclassifying a class l case is l, and the cost of misclassifying a class 2 case is 2, then the total cost of the classifier is (14*1)+(6*2) = 26 and the average cost per decision is 261106 = 0.25. This is quite different from the result if costs had been equal and set to 1, which would have yielded a total cost of merely 20, and an average cost per decision of 0.19. 

	
	True Class

	Predicted Class
	  1
	2

	1
	71
	    6

	2
	14
	 15


Table 7.5: Example for cost computation

We have so far considered the costs of misclassifications, but not the potential for expected gains arising from correct classification. In risk analysis or decision analysis, both costs (or losses) and benefits (gains) are used to evaluate the performance of a classifier. A rational objective of the classifier is to maximize gains. The expected gain or loss is the difference between the gains for correct classifications and losses for incorrect classifications.

 Instead of costs, we can call the numbers risks. If misclassification costs are assigned as negative numbers, and gains from correct decisions are assigned as positive numbers, then Equation (7.2) can be restated in terms of risks (i.e., gains or losses). In Equation (7.3), Rij is the risk of classifying a case that truly belongs in class j into class i: 
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In both the cost and risk forms of analysis, fixed numerical values (constants) have been used so far to measure costs. In a utility model of performance analysis, measures of risk can be modified by a function called a utility function. The nature of this function is part of the specification of the problem and is described before the classifier is derived. Utility theory is widely used in economic analysis. For example, a utility function based on wealth might be used to modify risk values of an uncertain investment decision, because the risk in investing $10,000 is so much greater for poor people than for rich people. In Equation (7.4), U is the specified utility function that will be used to modify the risks.  
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Costs, risks, and utilities can all be employed in conjunction with error rate analysis. In some ways they can be viewed as modified error rates. If conventionally agreed-upon units, such as monetary costs, are available to measure the value of a quantity, then a good case can be made for the usefulness of basing a decision system on these alternatives to one based directly on error rates. However, when no such objective measures are available, subjectively chosen costs for different types of misclassifications may prove quite difficult to justify, as they typically vary from one individual decision-maker to another, and even from one context of decision-making to another. Costs derived from “representative” users of a classifier may at best turn out to be useful heuristics, and at worst obscure “fudge factors” hidden inside the classifier. In either case they can at times overwhelm the more objectively derivable error rates or probabilities. 
7.1.2   Apparent Error Rate Estimates 

As stated earlier, the true error rate of a classifier is defined as the error rate of the classifier if it was tested on the true distribution of cases in the population-which can be empirically approximated by a very large number of new cases gathered independently from the cases, used to design the classifier. 

The apparent error rate of a classifier is the error rate of the classifier on the sample cases that were used to design or build the classifier. The apparent error rate is also known as the re-substitution or reclassification error rate. Figure 7.1 illustrates the relationship between the apparent error rate and the true error rate. 
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Figure 7.1: Apparent versus true error rate

Since we are trying to extrapolate performance from a finite sample of cases, the apparent error rate is the obvious starting point in estimating the performance of a classifier on new cases. With an unlimited design sample used for learning, the apparent error rate will itself become the true error rate eventually. However, in the real world, we usually have relatively modest sample sizes with which to design a classifier and extrapolate its performance to new cases. For most types of classifiers, the apparent error rate is a poor estimator of future performance. In general, apparent error rates tend to be biased optimistically. The true error rate is almost invariably higher than the apparent error rate. This happens when the classifier has been over-fitted (or overspecialized) to the particular characteristics of the sample data. 

7.1.3    Too Good to Be True: Overspecialization 

It is useless to design a classifier that does well on the design sample data, but does poorly on new cases. And unfortunately, as just mentioned, using solely the apparent error to estimate future performance can often lead to disastrous results on new data. If the apparent error rate were a good estimator of the true error, the problem of classification and prediction would be automatically solved. Any novice could design a classifier with a zero apparent error rate simply by using a direct table lookup approach as illustrated in Figure 7.2. The samples themselves become the classifier, and we merely look up the answer in the table. If we test on the original data, and no pattern is repeated for different classes, we never make a mistake. Unfortunately, when we bring in new data, the odds of finding the identical case in the table are extremely remote because of the enormous number of possible combinations of features. 
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Figure 7.2: Classification by table lookup

The nature of this problem, which is illustrated most easily with the table lookup approach, is called overspecialization or over-fitting of the classifier to the data. Basing our estimates of performance on the apparent error rate leads to similar problems. While the table lookup is an extreme example, the extent to which classification methods are susceptible to over-fitting varies. Many a learning system designer has been lulled into a false sense of security by the mirage of favorably low apparent errors. Fortunately, there are techniques for providing better estimates of the true error rate. 

Since at the limit with large numbers of cases, the apparent error rate does become the true error rate, we can raise the question of how many design cases are needed for one to be confident that the apparent error rate effectively becomes the true error rate. This is mostly a theoretical exercise and will be discussed briefly later. As we shall see, there are very effective techniques for guaranteeing good properties in the estimates of a true error rate even for a small sample. While these techniques measure the performance of a classifier, they do not guarantee that the apparent error rate is close to the true error rate for a given application. 

7.2    True Error Rate Estimation 

If the apparent error rate is usually misleading, some alternative means of error estimation must be found. While the term honest error rate estimation is sometimes used, it can be misinterpreted, in the sense that it might make people think that some types of estimates are somehow dishonest rather than inaccurate. Apparent error rates alone have sometimes been used to report classifier performance, but such reports can often be ascribed to factors such as a lack of familiarity with the appropriate statistical error rate estimation techniques or to the computational complexities of proper error estimation. 

Until now we have indicated that a learning system extracts decision-making information from sample data. The requirement for any model of honest error estimation, i.e., for estimating the true error rate, is that the sample data are a random sample. This means that the samples should not be pre-selected in any way, that the human investigator should not make any decisions about selecting representative samples. 

The concept of randomness is very important in obtaining a good estimate of the true error rate. A computer-based data mining system is always at the mercy of the design samples supplied to it. Without a random sample, the error rate estimates can be compromised, or alternatively they will apply to a different population than intended. 

Humans have difficulty doing things randomly. It's not necessarily true that we cheat, but we have memories that cannot readily be rid of experience. Thus, even though we may wish to do something randomly and not screen the cases, subconsciously we may be biased in certain directions because of our awareness of previous events. Computer-implemented methods face no such pitfalls: the computers memory can readily be purged. It is easy to hide data from the computer and make the computer “unaware” of data it has previously seen. Randomness, which is essential for almost all empirical techniques for error rate estimation, can therefore be produced most effectively by machine. 

7.2.1   The Idealized Model for Unlimited Samples 

We are given a data set consisting of patterns of features and their correct classifications. This data set is assumed to be a random sample from some larger population, and the task is to classify new cases correctly. The performance of a classifier is measured by its error rate. 
If unlimited cases for training and testing are available, the apparent error rate is the true error rate. This raises the question of how many cases are needed for one to be confident that the apparent error rate is effectively the true error rate? 

There have been some theoretical results on this topic. Specifically, the problem is posed in the following manner: Given a random sample drawn from a population, and a relatively small target error rate, how many cases must be in the sample to guarantee that the error rate on new cases will be approximately the same? Typically, the error rate on new cases is taken to be no more than twice the error rate on the sample cases. It is worth noting that this question is posed independently of any population distribution, so that we are not assumed to know any characteristics of the samples. 

This form of theoretical analysis has been given the name probably approximately correct (PAC) analysis, and several forms of classifiers, such as production rules and neural nets, have been examined using these analytical criteria. The PAC analysis is a worst-case analysis. For all possible distributions resulting in a sample set, it guarantees that classification results will be correct within a small margin of error. While it provides interesting theoretical bounds on error rates, for even simple classifiers the results indicate that huge numbers of cases are needed for a guarantee of performance. 

Based on these theoretical results, one might be discouraged from estimating the true error rate of a classifier. Yet, before these theoretical results were obtained, people had been estimating classifier performance quite successfully. The simple reason is that the PAC perspective on the sample can be readily modified, and a much more practical approach taken. 

For a real problem, one is given a sample from a single population, and the task is to estimate the true error rate for that population-not for all possible populations. This type of analysis requires far fewer cases, because only a single, albeit unknown, population distribution is considered. Moreover, instead of using all the cases to estimate the true error rate, the cases can be partitioned into two groups, some used for designing the classifier, and some for testing the classifier. While this form of analysis gives no guarantees of performance on all possible distributions, it yields an estimate of the true error rate for the population being considered. It may not guarantee that the error rate is small, but in contrast to the PAC analysis, the number of test cases needed is surprisingly small. In the next section, we consider this train-and-test paradigm for estimating the true error rate. 

7.2.2   Train-and-Test Error Rate Estimation 

It is not hard to see why, with a limited number of samples available for both learning and estimating performance, we should want to split our sample into two groups. One group is called the training set and the other the testing set. These are illustrated in Figure 7.3. The training set is used to design the classifier, and the testing set is used strictly for testing. If we “ride” or “hold out” the test cases and only look at them after the classifier design is completed, then we have a direct procedural correspondence to the task of determining the error rate on new cases. The error rate of the classifier on the test cases is called the test sample error rate. 
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Figure 7.3: Train-and-test samples 

As usual the two sets of cases should be random samples from some population. In addition, the cases in the two sample sets should be independent. By independent, we mean that there is no relationship among them other than that they are samples from the same population. To ensure that the samples are independent, they might be gathered at different times or by different investigators. A very broad question was posed regarding the number of cases that must be in the sample to guarantee equivalent performance in the future. No prior assumptions were made about the true population distribution. It turns out that the results are not very satisfying because huge numbers of cases are needed. However, if independent training and testing sets are used, very strong practical results are known. With this representation, we can pose the following question: “How many test cases are needed for accurate error rate estimation?” This can be restated as: “How many test cases are needed for the test sample error rate to be essentially the true error rate?”

The answer is: a surprisingly small number. Moreover, based on the test sample size, we know how far off the test sample estimate can be. Figure 7.4 plots the relationship between the predicted error rate, i.e., test sample error rate, and the likely highest possible true error rate for various test sample sizes. These are 95% confidence intervals, so that there is no more than a 5% chance that the error rate exceeds the stated limit. For example, for 50 test cases and a test sample error rate of 0%, there is still a good chance that the true error rate is as high as 10%, while for 1000 test cases the true error rate is almost certainly below 1%. These results are not conjectured, but were derived from basic probability and statistical considerations. Regardless of the true population distribution, the accuracy of error rate estimates for a specific classifier on independent, and randomly drawn, test samples is governed by the binomial distribution. Thus we see that the quality of the test sample estimate is directly dependent on the number of test cases. When the test sample size reaches 1000, the estimates are extremely accurate. At size 5000, the test sample estimate is virtually identical to the true error rate. There is no guarantee that a classifier with a low error rate on the training set will do well on the test set, but a sufficiently large test set will provide accurate performance measures.
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Figure 7.4: Number of test cases needed for prediction

While sufficient test cases are the key to accurate error estimation, adequate training cases in the design of a classifier are also of paramount importance. Given a sample set of cases, common practice is to randomly divide the cases into train-and-test sets. While humans would have a hard time randomly dividing the cases and excising their knowledge of the case characteristics, the computer can easily divide the cases (almost) completely randomly. 

The obvious question is how many cases should go into each group? Traditionally, for a single application of the train-and-test method─otherwise known as the holdout or H method─a fixed percentage of cases is used for training and the remainder for testing. The usual proportion is approximately a 2/3 and 1/3 split. Clearly, with insufficient cases, classifier design is futile, so the majority is usually used for training. 
Resampling methods provide better estimates of the true error rate. These methods are variations of the train-and-test method and will be discussed next. 

7.3   Resampling Techniques 

So far, we have seen that the apparent error rate can be highly misleading and is usually an overoptimistic estimate of performance. Inaccuracies are due to the overspecialization of a learning system to the data. 

The simplest technique for “honestly” estimating error rates, the holdout method, represents a single train-and-test experiment. However, a single random partition can be misleading for small or moderately-sized samples, and multiple train-and-test experiments can do better. 
7.3.1    Random Subsampling 

When multiple random test-and-train experiments are performed, a new classifier is learned from each training sample. The estimated error rate is the average of the error rates for classifiers derived for the independently and randomly generated test partitions. Random subsampling can produce better error estimates than a single train-and-test partition. 

Figure 7.10 compares the partitions of cases and the number of iterations for the holdout method vs. random subsampling. Random subsampling solves the problem of relying on a single and possibly uncharacteristic partition by averaging the results over many randomly generated train-and-test partitions. Here n stands for the total number of available cases, j represents the size of the subsample used in training (which can vary from one to n), and B stands for the total number of subsamples. 

	
	Holdout
	Random Subsampling

	Training cases
	j
	j

	Testing cases
	n - j
	n - j

	Iterations
	1
	B<<n


Figure 7.6: Comparison of holdout and random subsampling

Before we discuss what size partitions are necessary, we’ll examine some advantageous ways of partitioning the data. 

7.3.1  Cross Validation

A special case of resampling is known as leaving-one-out. Leaving-one-out is an elegant and straightforward technique for estimating classifier error rates. Because it is computationally expensive, it has often been reserved for problems where relatively small sample sizes are available. For a given method and sample size, n, a classifier is generated using (n - l) cases and tested on the single remaining case. This is repeated n times, each time designing a classifier by leaving-one-out. Thus, each case in the sample is used as a test case, and each time nearly all the cases are used to design a classifier. The error rate is the number of errors on the single test cases divided by n. 

Evidence for the superiority of the leaving-one-out approach is well documented. The leave-one-out error rate estimator is an almost unbiased estimator of the true error rate of a classifier. This means that over many different sample sets of size n, the leaving-one-out estimate will average out to the true error rate. Suppose you are given 100 sample sets with 50 cases in each. The average of the leave-one-out error rate estimates for each of the 100 sample sets will be very close to the true error rate. Because the leave-one-out estimator is unbiased, for even modest sample sizes of over 100, the estimate should be accurate. 

While leaving-one-out is a preferred technique, with large sample sizes it may be computationally quite expensive. However, as the sample size grows, other traditional train-and-test methods improve their accuracy in estimating error rates. 

The leaving-one-out error estimation technique is a special case of the general class of cross-validation error estimation methods. In k-fold cross-validation, the cases are randomly divided into k mutually exclusive test partitions of approximately equal size. The cases not found in each test partition are independently used for training, and the resulting classifier is tested on the corresponding test partition. The average error rate over all k partitions is the cross-validated error rate. The CART procedure was extensively tested with varying numbers of partitions, and 10-fold cross-validation seemed to be adequate and accurate, particularly for large samples where leaving-one-out is computationally expensive. Empirical results also support the stratification of cases in the train-and-test sets to approximate the percentage (prevalence) of each class in the overall sample. 

Table 7.7 compares the techniques of error estimation for a sample of n cases. The estimated error rate is the average of the error rates over the number of iterations. While these error estimation' techniques were known and published in the 1960s and early 1970s, the increase in computational speeds of computers makes these techniques much more practical today for larger samples and more complex learning systems. 

	
	Leaving-one-out
	10-fold CV

	Training cases
	n - 1
	90%

	Testing cases
	1
	10%

	Iterations
	n
	10


Table 7.7: Cross-validation estimators
The great advantage of cross-validation is that all the cases in the available sample are used for testing, and almost all the cases are also used for training the classifier. 

7.3.2   Bootstrapping 

The problem of finding the best estimator for small samples is particularly intriguing. It is not at all unusual to have a great shortage of samples. For example, medical studies are often initially done with few patients. Much attention has been given to the small-sample problem. 

Traditionally a small statistical sample has been considered to be around 30 or fewer cases. For many years, leaving-one-out was the recommended technique for evaluating classifier performance on small samples, and its use was confined to them. This was mostly due to the computational costs for applying leaving-one-out to larger samples. Because leave-one-out estimators are virtually unbiased, the leave-out-one estimator can be applied to much larger samples, yielding accurate results. 

For small samples, bootstrapping, a newer resampling method, has shown promise as an error rate estimator. This is an area of active research in applied statistics. 

Although the leave-one-out error rate estimator (cross-validation) is an almost unbiased estimator of the true error rate of a classifier, there are difficulties with this technique. Both the bias and variance of an error rate estimator contribute to the inaccuracy and imprecision of the error rate estimate. While leaving-one-out is nearly unbiased, its variance is high for small samples. Recall that unbiased means that the estimator will, over the long run, average to the true error rate. The leaving-one-out estimate also has a high variance for small samples. This situation is analogous to a drunk trying to walk a straight line. The person might average right down the center, even when wobbling to the right and left. 

The variance effect tends to dominate in small samples. Thus a low variance estimate that may even be somewhat biased has the potential of being superior to the leaving-one-out approach on small samples. While at one time leaving-one-out was considered computationally expensive, available computational power has increased dramatically over the years, and the accuracy of estimation can now become the overriding criterion of evaluation. 

There are numerous bootstrap estimators, but the two that so far have yielded the best results for classification are known as the e0 and the .632 bootstrap. For the e0 bootstrap estimator, a training group consists of n cases sampled with replacement from a size n sample. Sampled with replacement means that the training samples are drawn from the data set and placed back after they are used, so their repeated use is allowed. For example, if we have 100 cases, then we randomly draw one from the initial 100, put a copy of that case in the training set, and return the original to the data set. We continue to draw cases for the training set until we have the same number of cases as we had in the original data set. Cases not found in the training group form the test group. The error rate on the test group is the e0 estimator. For this technique, it turns out that the average or expected fraction of non-repeated cases in the training group is .632, and the expected fraction of such cases in the test group is .368. The .632 bootstrap, .632B, is the simple linear combination of .368*app + .632*e0, where app is the apparent error rate on all the cases (both training and testing cases). It should be noted that e0 is approximated by repeated 2-fold cross-validation, i.e., 50/50 splits of train-and-test cases. 

The estimated error rate is the average of the error rates over a number of iterations. About 200 iterations for bootstrap estimates are considered necessary to obtain a good estimate. Thus, this is computationally considerably more expensive than leaving-one-out. Table 7.8 summarizes the characteristics of these bootstrap estimators. 

Extensive Monte Carlo simulations have been used to determine the various effects of bias and variance on the estimators for small samples. The variance effect is most pronounced in quite small samples, 30 or fewer, but the effect continues somewhat up to 100 samples, decreasing with increased sample size. 

Both e0 and .632B are low variance estimators. For moderately sized sample sets, e0 is clearly biased pessimistically, because on the average the classifier trains on only 63.29 of the cases. However, e0 gives extremely strong results when the true error rate is high. As the sample size grows, .632B is overly optimistic, but it is very strong on small samples when the true error rate is relatively low. 

	
	Bootstrap

	Training cases
	n (j unique)

	Testing cases
	n - j

	Iterations
	200


Figure 7.8: Bootstrap estimators 

The bootstrap estimators are not always superior to leaving-one-out on small samples. However, low error rates for either the e0 bootstrap estimate or repeated 2-fold cross-validation (i.e., 50/50 train-and-test splits) are stronger indicators of good classifier performance than leaving-one-out estimates. 
7.4   Getting the Most Out of the Data 

Because our goal is to build a classifier with the lowest true error rate, we have reviewed the various techniques for error estimation. For many classification techniques, the goal can also be stated as finding the best fit to the sample data without overspecializing the learning system. We have yet to review specific classification methods, but the evaluation of performance of any method requires an estimate of the true error rate. Several other methods will also need to estimate an additional parameter that measures the complexity fit. The exact nature of the fit metric depends on the type of representation or general model, such as production rules or decision trees. 

The principles of classifier design and testing are quite general, and the error estimates are independent of a specific classification method. Based on the results and experiences reported in the literature, general guidelines can be given to extract the maximum amount of information from the samples. While there are many options for training and testing, we describe next those that have been found to be best and have been reported in the literature. 

Let's assume we are in a contest to design the best classifier on some sample data. The person running the contest may reserve test cases for judging the winner. These cases are not seen by any contest until the end of the contest, when the classifiers are compared. The classifier that makes the fewest mistakes, i.e., the classifier with the lowest error rate, is declared the winner. About 5000 cases are necessary to decide who the winner is in a fair and unquestionable manner. 

We note that these hidden test cases are a special group of test cases. They are used strictly for determining the exact true error rate. During the contest, the contestants must proceed with the classifier design as if these 5000 test cases didn’t exist. Having large numbers of hidden test cases is atypical of most real-world situations. Normally, one has a given set of samples, and one must estimate the true error rate of the classifier. Unless we have a huge number of samples, in a real-world situation, large numbers of cases will not be available for hiding. Setting aside cases for pure testing will reduce the number of cases for training. 

In the hypothetical contest situation, each contestant is given a set of samples. How do they get the most out of the data? For any classification method, the following steps should be taken for obtaining the best results: 

Using resampling, i.e., repeated train-and-test partitions, estimate the error rate. For some classification methods, the complexity fit must also be estimated. Select the classifier complexity fit with the lowest error rate. Apply the identical classification method to all the sample cases. If the method uses a complexity fit metric, apply that classification method using the complexity fit indicated by resampling. 

The particular resampling methods that should be used depends on the number of available samples. Here are the guidelines:
· For sample sizes greater than 100, use cross-validation. Either stratified l0-fold cross-validation or leaving-one-out is acceptable. 10-fold is far less expensive computationally than leaving-one-out and can be used with confidence for samples numbering in the hundreds. 
· For samples sizes less than 100, use leaving-one-out. 

· For very small samples (fewer than 50 cases) in addition to the leave-one-out estimator, the .632 bootstrap and 100 stratified 2-fold cross-validations can be computed, Use leaving-one-out except for the following two conditions: Use the .632 bootstrap estimate when the leave-one-out estimate of the error rate is less than .632B. Similarly use the repeated 2-fold cross-validation estimate when the leave-one-out estimate is greater than the repeated 2-fold cross-validation estimate. 

These resampling techniques provide reliable estimates of the true error rate. Nearly all the cases are used for training, and all cases are used for testing. Because the error estimates are for classifiers trained on nearly all cases, the identical classification method can be reapplied to all sample cases. Extensive theoretical analysis, simulations, and practical experience with numerous classification methods demonstrate that these estimates are nearly unbiased estimates of the error rates for new cases. 

For purposes of comparison of classifiers and methods, resampling provides an added advantage. Using the same data, researchers can readily duplicate analysis conditions and compare published error estimates with new results. Using only a single random train-and-test partition opens the “escape hatch” explanation that observed divergences from a published result could arise from the natural variability of the partitions.

7.5   Classifier Complexity and Feature Dimensionality 

Intuitively, one expects that the more information that is available, the better one should do. The more knowledge we have, the better we can make decisions. Similarly, one might expect that a theoretically more powerful method should work better in practice. For example, some classification methods have been shown to be capable of discriminating among certain types of populations, while other related methods may not. 

Perhaps surprisingly, in practice, both of these expectations are often wrong. These issues will be examined next. 

7.5.1   Expected Patterns of Classifier Behavior 

Most classification methods involve compromises. They make some assumptions about the population distribution, such as it being normally distributed, or about the decision process fitting a specific type of representation, such as a decision tree. The samples, however, are often treated as a somewhat mysterious collection. The features have been pre-selected (hopefully by an experienced person), but initially it is not known whether they are high-quality features or whether they are highly noisy or redundant. If the features all have good predictive capabilities, any one of many classification methods should do well. Otherwise, the situation is much less predictable. 

Suppose one was trying to make a prediction about the weather based on five features. Later two new features are added and samples are collected. Although no data have been deleted, and new information has been added, some methods may actually yield worse results on the new, more complete set of data than on the original smaller set. These results can be reflected in poorer apparent error rates, but more often in worse (estimated) true error rates. What causes this phenomenon of performance degradation with additional information? Some methods perform particularly well with good highly predictive features, but fall apart with noisy data. Other methods way overweight redundant features that measure the same thing by, in effect, counting them more than once. 

In practice, many features in an application are often poor, noisy, and redundant. Adding new information, in the form of weak features can actually degrade performance. This is particularly true of methods that are applied directly to the data without any estimate of complexity fit to the data. For these methods, the primary approach to minimize the effects of feature noise and redundancy is feature selection Given some initial set of features a feature selection procedure will throw out some of the features that are deemed to be noncontributory to classification. 
Those methods that employ a measure of complexity fit as estimated by resampling, can be viewed as combining feature selection with a basic classification method. When a classification method tries to find the single best production rule with no more than the observations, it must do feature selection. Similarly a method tries to finds the best decision tree with a fixed number of nodes combines feature selection with classification. 

Simple vs. Complex Models. Our goal is to fit a classification model to the data without overspecializing the learning system to the data. Thus we can consider the process of estimating the complexity fit metric of a model determining how well the data support an arbitrarily complex models Theoretically, we know that table lookup is optimal if sufficient data are available. But we almost never have sufficient samples and there is little hope of getting them. We can readily cover the sample completely with many different types of classifiers, such as decision trees, but except in the simplest of situations, the classifiers will be overspecialized to the cases. 

Thus, we must determine just how complex a classifier the data supports. In general, we do not know the answer to this question until we estimate the true error rate for different classifiers and classifier fits. In practice, though, simpler classifiers often do better than more complex or theoretically advantageous classifiers. For some classifiers, the underlying assumptions of the more complex classifier may be violated. For most classifiers the data are not strong enough to generalize beyond an indicated level of complexity fit. 

Intuitively, we can understand why a simpler solution often wins in practice. We have a limited set of empirical information, perhaps a small sample, and we are trying to generalize our decision rules. Given that situation, the expectation is that the simplest solution often will generalize better than the complicated one. As a rule of thumb, one is looking for the simplest solution that yields good results. For any set of samples, one need not make any assumptions about the best classification method, because they can readily be compared empirically. But, you should not be disappointed that even with all the sophisticated mathematics of a more complex classifier, it may lose to a seemingly trivial solution. 
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Appendix

Software used for the course
1. See5/C5.0

· Task: (Classification) constructs decision trees and rulesets. C5.0 efficiently processes large datasets (tens or even hundreds of thousands of records). 

· Price: 740 US$ (University price: 425 US$)

· Contact: http://www.rulequest.com or quinlan@rulequest.com

2. DMSK: Data-Miner Software Kit

· Task: Collection of tools for efficient mining of big data (Classification, Regression, Summarization, Deviation Detection multi-task tools)

· Price:  $24.95

· Contact: http://www.data-miner.com/

3. Kappa-PC

· Task: Exploiting discovered knowledge

· Price: 750 US$ ? (runtime system), 1450 US$ (development license)

· Contact: IntelliCorp, http://intllicorp.cm/toc.htm
4. CABRO 

· Task: (Classification) interactive-graphic system for discovering decision trees and rules from supervised data

· Price: 500 US$ 

· Contact: IOIT 

5. OSHAM

· Task: Task (Clustering) interactive-graphic system for discovering concept hierarchies from unsupervised data

· Price: 700 US$ 

· Contact: IOIT
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