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Abstract 2 Mining Infrequent Episodes

Although our goal is to discover infrequent episodes
from time series databases, the existing algorithms for
finding thefrequent seti.e., the set of all frequent item-
sets, can help us meet the goal. Most of these algo-
rithms follow the basic idea in the Apriori algorithm [1],
and work in abottom-up breadth-firstmanner [2, 3, 5].
The algorithms start from frequent 1-itemsets at the bot-
tom and then extend one level up in every pass until no
more frequent itemsets can be generated. The princi-
ple of these algorithms are based on the following prop-
erty: If an event set is infrequent, all its super-event sets
must be infrequentThis is calledupwards closegrop-
erty of event sets. Different from previous work, we
are interested in event sets such that their supports not
only meet the lower bound requirement, but also sat-
isfy an upper bound. These requirements force us to
develop a new algorithm which can efficiently discover
infrequent episodes that are interesting-to-useton-

In this paper, we present an efficient algorithm which
discovers rare episodes with a combinationbottom-
up and top-downscanning schema. The information
sharing between bottom-up and top-down scannings
helps prune candidate episodes, and thus, efficiently find
infrequent episodes that are interesting to user. We eval-
uate the performance of the algorithm using real-life
weather databases. We observe from experimental re-
sults that our approach results in 30%-90% reduction in
computation time and 25%-75% reduction in the num-
ber of candidates comparing with Apriori algorithm.

1 Introduction

Drought is a natural process of Great Plains land-

scapes and results in significant economic, social, and -
; ; : . wards closegbroperty of event sets is discovered and ap-
environmental impacts. Thus, through the National Sci- _ . o : )
plied to our algorithmif an event set is frequent, all its

ence Fqundatlon (NSF) Digital Qovernment brogram. o n-event sets must be frequentith these two proper-
we are in the process of developing an advanced Geo-,

spatial Decision Support System (GDSS) to improve the t'?S’ our algorithm works in a hybrid way which com-
quality and accessibility of temperature and precipita- binesbottom-upandtop-downmethods.

tion data for drought assessment and drought risk man- We develop a two-way (bottom-up and top-
agement [4]. A common question in risk analysis is down) scanning algorithfNFER (INFrequent Bisode
“How are events related in time?” Data mining algo- 9eneratoR for discovering infrequent episodes which
rithms have the potential to identify these relationships. Satisfy pre-specified support thresholds. In this algo-
The basis of all relationship detection by data mining is fithm, the most important work is to efficiently generate
essentially association rule mining [1]. Frequent item- candidate sets for the next pass. To facilitate the pro-
sets play an important role in many mining tasks that €SS of candidates generation, the frequent episode set
try to find interesting patterns from databases. However, discovered by top-down search is used to generate can-
there exist applications where the items (or events) oc-didate event sets for bottom-up search. This is based
cur infrequently, but their occurrences provide important ©n downwards closed property discussed above. Ac-
information. For example, consider the following sce- cordingly, based on upwards closed property, the weak
nario,“If EI Ni flo occurs, with 0.01% possiblity, drought €pisode set discovered by bottom-up search is used to
event will occur”, although the occurrence of drought 9enerate candidate event sets for top-down search. The
event seems infrequent, the link between EhNand information sharing between bottom-up and top-down
this hazard still cannot be ignored. In this paper, we Scannings helps reduce the number of candidates for
develop and evaluate efficient algorithms to facilitate POth scanning processes.

knowledge discovery with infrequent events. 3 Experiments & Analysis

*This research was supported in part by NSF Digital Government . . . .
Grant No. EIA-0091530, USDA RMA Grant NO. 02108310228, and  EXperiments are designed to find infrequent episodes
NSF EPSCOR, Grant No. EPS-0091900. (e.g., drought) from weather related databases, and dis-



cover relationships between rare weather events and en-

vironmental indices. Data is collected at the automated
weather station in Clay Center, NE, from 1950-1999.
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(a) Reduction in Computation Time.
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(b) Reduction in the Number of Candidates.

Figure 1. Reduction in Computation Time
and the Number of Candidates.

Figure 1 (a) summarizes the computation time com-
parison between INFER and Apriori. The value of time
reduction is the ratio of time difference between the two
algorithms to the computation time for Apriori, i.e, time-
reduction =(Tapriori — TinFER)/Tapriori- We test on
three different minimum support thresholds,;,,. For
eachS,,;», we observe that the time reduction increases
as S, decreases. When we fix the maximum sup-
port threshold, the time reduction is also inversely pro-
portional t0S,,;, if the maximum time span does not

change. The reduction in the computation time is even [2

more obvious when the two support thresholds, £,
andS,,..) are lower. In AlgorithmINFER  the informa-

tion sharing between bottom-up and top-down searching 3]
schemas helps prune more candidates in each pass, thus

making the algorithm more efficient. The algorithm is
much more efficient, especially when the support thresh-
olds are lower, although in this case more preliminary
candidates are generatédFER can sharply reduce the
number by filtering out more candidates. These re-
sults show that INFER algorithm is robust for infre-
quent episodes discovery. Overall, our algorithm results
in 30%-90% reduction in computation time comparing
with Apriori.

Figure 1 (b) shows the reduction in the number of
candidates generated from Apriori to INFER. We can
see that it presents the same performance as we have
discussed for the reduction in computation time. Over-
all, the our algorithm results in 25%-75% reduction in
the number of candidates comparing with Apriori. How-
ever, one thing worth to say is thiMFER notably out-
performsApriori when two support thresholds are small,
this further shows the advantages of our algorithm for
discovering infrequent episodes.

4 Conclusion

Knowledge discovery in temporal databases has been
an active field of study. Many existing algorithms fo-
cus on temporal association rule mining. However, little
work has been done on discoverimfrequentepisodes,
and it is not easy to discover association rules with low
supportbut highconfidencéy existing algorithms. This
paper presents a new approach for discovering infre-
quent (consequent) episodes in time series databases.

We develop AlgorithmNFERto discover infrequent
episodes. It is based on two closure properties of event
sets. It combines the bottom-up and top-down searching
schemas to efficiently discover candidate episodes. The
information sharing between the two searching meth-
ods helps prune candidates, and makes the entire al-
gorithm more efficient. The performance of our algo-
rithm is tested on real-life database. We observe that
our approach results in 30%-90% reduction in computa-
tion time, 25%-75% reduction in the number of candi-
dates comparing with Apriori algorithm, and the reduc-
tion is inversely proportional to the two support thresh-
olds (Synin andS,,qz). Thus, our algorithm is reason-
able and suitable for discovering infrequent episodes.
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