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Need for Synthetic Transaction Data

» Web as a channel for advertising and selling goods

» Automatic services to improve the interface (e.g.
recommender systems)

» Complicated algorithms and heuristics

-> Standardized data sets with known
characteristics for comparison and tuning




The Association Rule Problem

A database with a set of transactions

» Each transaction contains the items bought by a
customer at one visit

X=Y
 where X and Y are item sets

 and finding X in a transaction means that it is very
likely to also find Y in this transaction (controlled
by some quality measures)

X V'Y is referred to as a "large item set"

Quest Synthetic Data Generation Code

based on Agrawal and Srikant (1994)

A set of "large itemsets" is generated:
Sizes from Poisson distr. weight from (exp. distr.)
1. item set randomly

the rest using a subset from the previous set (using an
exponentially dist. random variable)

1. Size of transactions (Poisson distr.)

2. transaction contains some "large itemsets" using the weight
+ dropping some items (corruption level)




Quest Synthetic Data Generation Code

» Generates a structure that contains exactly what
association rule algorithms search for!
(Apriori algorithm)

Do real data have the same structure?
Do Web data have the same structure?

Real World Data Sets

» Zheng, Kohavi, Mason (2001)

» Real world data have a different transaction size than the
artificial data set

* Performance improvements of new algorithms do not carry

over to real world data (Charm, FR-growth, Apriori, Closet)
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Analyze the Characteristics Data Sets

» Several synthetic data sets generated with the
Quest generator

» Information broker: A searchable collection of
links for students and researchers

» Web server: Preprocessed from the transaction log

of the department's Web server
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Pages a user visits within a Web site

Huberman, Pirolli, Pitkow, Lukose (1998)
Models page value and stopping.

The frequency of the number of pages a user visits within a
Web site can be modeled as Inverse Gaussian distributed

which is a Zipf-like distribution
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Number of Websites

Frequency of Web Sites by the

Number of Visitors

+ B, Faloutsos, Korn (2001)

* Frequency of Web sites by the number of visitors has a Zipf-like
distribution

* The count of products by the number of times the product has been
bought in a real store can be modeled with a Discrete Gaussian
Exponential distribution
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The NBD Model

* Model repeat-buying behavior for consumer a good (stationarity)

» Different users (c;) use the item following a Poisson process (the means
are drawn from a Gamma dist.)

* The aggregation of all customers leads to a NBD frequency
distribution (LSD)
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User Visit Frequency of Web Sites

* Lee, Zufryden, Dreze (2001)

* Model user visit frequency of Web sites using the
Negative Binomial Distribution (NBD)

Distribution of Visit Frequency:

The distribution also give a good fit for Web pages
and information goods
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Generating Synthetic Data using the NBD Model

* We need a generator that
creates data sets that
have the same

characteristics as the real
data. ftem 3

*  We simulate the
processes described in
the NBD model for each
item and create
transactions

Generating Synthetic Data using the NBD Model

for each item {
Initializing the parameters (3) for the Gamma distribution *
§
for each user {
for each item {

draw the parameter for the Poisson process from the item's
Gamma distribution

produce a list of purchase times (inter-purchase times
follow a neg. exponential distribution) **

}

produce transactions from the purchase times of all items ***

}

* %% and *** current research questions




Current research questions

Distributions for the parameters of the Gamma
distributions?

Intependent stochastic

From real data: usage processes
for item x
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Estimate the means of the Poisson Processes and then fit a
Gamma distribution

Problem: Not enough observations for most items +
stationarity

Current research questions

Transaction length: Distribution?
Quest uses a Poisson distribution
Regular intervals
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From the real data sets a Inverse Gaussian distribution of
the transaction size seems more appropriate



Current research questions

* How to incorporate
relationships between
items and usage
patterns?

item 3

Manipulation of the

Poisson process by

moving a purchase of an tem2
item nearer to a related

item
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