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NASD Rules

Relational

Models

Performance of NASD models

"One broker I was highly confident in ranking as 5… 

Not only did I have the pleasure of 
meeting him at a shady warehouse location, 
I also negotiated his bar from the industry...
This person actually used investors' funds 

to pay for personal expenses including his trip 
to attend a NASD compliance conference!

 …If the model predicted this person, 
it would be right on target."



Elements of 
Data Mining Algorithms
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Data Mining: Classification 
Schemes

• General functionality

– Descriptive data mining 

– Predictive data mining

• Different views, different classifications

– Kinds of data to be mined

– Kinds of knowledge to be discovered

– Kinds of techniques utilized

– Kinds of applications adapted

CS590D 13

adapted from:

U. Fayyad, et al. (1995), “From Knowledge Discovery to Data 

Mining:  An Overview,” Advances in Knowledge Discovery and 

Data Mining, U. Fayyad et al. (Eds.), AAAI/MIT Press

Data
Target

Data

Selection

Knowledge
Knowledge

Preprocessed

Data

Patterns

Data Mining

Interpretation/

Evaluation

Knowledge Discovery in 
Databases:  Process

Preprocessing
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Task specification

• Description of the characteristics of the analysis and desired result

• Examples:

• From a set of labeled examples, devise an understandable model that will 
accurately predict whether a stockbroker will commit fraud in the near 
future.

• From a set of unlabeled examples, cluster stockbrokers into a set of 
homogeneous groups based on their demographic information



Exploratory data analysis

• Goal

• Interact with data without 
clear objective

• Techniques

• Visualization, adhoc 
modeling



Descriptive modeling

• Goal

• Summarize the data 
or the underlying 
generative process

• Techniques

• Density estimation, 
cluster analysis and 
segmentation
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Predictive modeling

• Goal

• Learn model to predict 
unknown class label 
values given observed 
attribute values

• Techniques

• Classification, regression
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Pattern discovery

• Goal

• Detect patterns and rules 
that describe sets of 
examples

• Techniques

• Association rules, graph 
mining, anomaly detection

-

-

-

-

- - -

- - -

+

++

- -

+

-

-

+

-

-

- -

-

-

+

+

- +

+ +



Overview

• Task specification

• Data representation

• Knowledge representation

• Learning technique

• Search + scoring

• Inference and/or interpretation



Data representation

• Choice of data structure for representing individual and collections of 
measurements

• Individual measurements are single observations (e.g., person’s date of 
birth, product price)

• Collections of measurements are sets of observations that describe an 
instance (e.g., person, product)

• Choice of representation determines applicability of algorithms and can 
impact modeling effectiveness

• Additional issues: data sampling, data cleaning, feature construction 



Individual measurements

• Unit measurements:

• Discrete values — categorical or ordinal variables

• Continuous values — interval and ratio variables

• Compound measurements:

•  < x, y >

• < value, time >



Tabular data

Fraud Age Degree StartYr Series7

+ 22 Y 2005 N

- 25 N 2003 Y

- 31 Y 1995 Y

- 27 Y 1999 Y

+ 24 N 2006 N

- 29 N 2003 N

N instances X p attributes



Temporal data
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Relational/structured data
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Knowledge representation

• Description of the results of the data mining algorithm (i.e., model or patterns)

• Examples:

• Rules:  
If short closed car then toxic chemicals

• Conditional probability distributions
P( fraud | age, degree, series7, startYr )
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Each node corresponds to a feature; each leaf a class label or probability distribution

Classification tree



Regression model

• X are predictor variables

• Y is response variable

• Example:

• Predict number of disclosures given income and trading history

8

Linear equation

! 

CDR = 0.12MM1+ 0.34SBScore..." 0.34! 

y = "
1
x
1

+ "
2
x
2
...+ "

0

Generic form is:

An example for the Alzheimer’s data would be:

Rules

• Examples
IF (cheese) THEN chocolate  [Conf=0.10, Supp=0.04]

IF (cheese & Sterno) THEN chocolate [Conf=0.95, Supp=0.01]

• These can be written as probabilities
P(chocolate|cheese) = 0.10

P(chocolate|cheese,Sterno) = 0.95

• As rules get more specific (by including additional
attributes), support decreases, but confidence
may increase.
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Learning technique

• Method to construct model or patterns from data

• Knowledge representation defines a set of possible models or patterns

• Scoring function associates a numerical score with each member of that set 

• Search technique defines a method for generating members of that set and 
optimizing their score



Parameter estimation vs. structure learning

• Models have both parameters and structure

• Parameters:

• Coefficients in regression model

• Feature values in classification tree

• Probability estimates in graphical model

• Structure:

• Variables in regression model

• Nodes in classification tree

• Edges in graphical model

Optimization
techniques

Heuristic search 
techniques
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How many unique classification trees are there?

Classification tree



Search space

• Can we search exhaustively?

• Simplifying assumptions

• Binary tree

• Fixed depth

• 10 binary attributes

Tree depth Number of 
trees

1 10

2 8 x 102

3 3 x 106

4 2 x 1013

5 5 x 1025



Scoring functions

• Given a dataset, assign a numeric score to each possible model in a search 
space

• Evaluation function are statistics—estimates of a population parameter based 
on a data sample

• Examples:

• Information gain

• Misclassification

• Squared error

• Likelihood



Chi-square statistic

• Used to measure association of 
feature with class

• Decision tree learning:

• Recursive greedy 
partitioning

• Pick feature with maximum 
score at each node
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• Recursive partitioning algorithm

• Searches over space of binary
relational features
• Chi-square feature scores

measure association with class

• Among features with significant
scores, select one with maximum
score

• Pruning
• Bonferroni-adjusted p-value

cutoff stops tree growth
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Inference and interpretation

• Inference technique

• Method to apply learned model to new data for prediction/analysis

• Only applicable for predictive and some descriptive models

• Inference is often used during search to determine value of evaluation 
function

• Interpretation of results

• Objective: significance measures

• Subjective: importance, interestingness, novelty



Example: SKICAT

• Sky Image Catalog Analysis Tool (Fayyad, Djorgovski, and Weir, 1996)

• Data from Second Palomar Observatory Sky Survey

• Task: Classify each detectable object as {star, galaxy, artifact}

• Goals:

• Accuracy >90% (in relation to human labels)

• Interpretable models (important for astronomers to trust models)



Data representation

• Set of independent images

• Labeled with category

• 38+2 numeric features 
characterizing image

• 109 objects detected in 3 
terabytes of data

• ~1000 objects labeled by 
humans

Figure 3. An illustrative example: four faint sky objects.

Indeed, the results indicate that SKICAT performs this task

with an accuracy better than 91910(for the faintest objects in

the survey).

3. CATALOG MANAGEMENT

The current version of SKICAT uses the Sybase

commercial database package for catalog, storage,

modification, and management. Each of the plate and CCD

catalogs, produced as described in Section 2, must be

registered in the SKICAT system tables, where a complete

description and history of every catalog loaded to date is

maintained. Catalog revisions, e.g., from deriving new and

improved plate astrometric coordinates, photometric

corrections, or even improved classifications, are also

logged. The system is designed to manage a database of

image catalogs constantly growing and improving with

time.

One of the most difficult, yet critical, aspects of the

data management process is the matching of identical sky

objects detected in multiple, independent images. The most

important science to be derived from the POSS-11 depends

upon uniformly integrating object measurements from a

large number of overlapping plates. The advantages are

two-fold: (1) permitting the objective analysis of a much

larger portion of the sky than covered by a single 6.5° x

6.5° photographic plate, and (2) providing cross-spectral

information through matching catalogs of the same sky

field in different colors. It is the large solid angular

coverage of all-sky surveys which sets them most apart in

observational phase space; this property facilitates certain

types of science which are possible with no other form of

data. In addition, cross-correlation of sources detected at

different wavelengths is particularly fruitful in maximizing

the scientific return from virtually any type of astronomical

observation, especially from major surveys. A direct

comparison of emission from astronomical objects in

different parts of the electromagnetic spectrum can lead to

astrophysical insights and better understanding of their

nature. Matching and cross-identifications of large numbers

of sources, in an objective and uniform way, is thus an

increasingly more important data processing challenge.

We have implemented a SKICAT utility for matching

any number of catalogs, object by object, in a consistent,

though user-definable, fashion. With a modest amount of

programming effort, the system can even be made to

accommodate astronomical catalogs from sources other than

plate scans or CCDS, i.e., from vastly different spectral

regimes. The resulting matched catalog contains

independent entries for every measurement of every object

present in the constituent catalogs. The matched catalog

may be queried using a sophisticated filtering and output

mechanism to generate a so-called object catalog,

containing just a single entry per matched object. Such

queries may generate either additional Sybase objects tables

or ASCII files, suitable for input to any number of plotting

and analysis packages[Weir92].

534



Knowledge representation
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SKICAT — Knowledge representation

9%Artifact

22%Galaxy

15%Star w i th Fuzz

54%Star

P(C)Category

SKICAT — Search technique

RULER: set of rules derived from binary classification trees



Learning technique

• Search

• Greedy, recursive partitioning to learn trees

• Learn a set of trees from random subsamples of the data

• Prune trees into a set of rules

• Evaluation function

• C-SEP measure detects class separation for selecting tree features

• Fisher’s exact test determines correlation of feature with class to prune 
features from rules 



Inference and interpretation 

• Inference

• Not mentioned explicitly in paper

• Probably involved applying all applicable rules and taking a majority vote 
of the predicted class labels

• Evaluation

• Overall accuracy: 94% (above desired threshold)
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Next class

• Reading: PDM Appendix if necessary

• Topic: Background and basics


