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Quantitative Assoication rule

e Notations and definitions
o A: set of items.
e 7' C U: transaction.
e D: collection of transactions (database).
e X — Y for X,Y C A: association rule.
e 0: user-defined minimum support.

e (. user-defined minimum confidence.

The support of an itemset X, supp(X), is the frac-
tion of D satistying X.

The confidence of rule X — Y is the ratio of
supp(X) to supp(Y), i.e., the fraction of D sat-
isfying X that also satisty Y.



A strong association rule is rule X — Y. where
X, Y Cc U, XNY = 0, such that supp(X UY)
and conf(X — Y) are not smaller than prede-
fined minimal support and minimal confidence re-
spectively.

A can be viewed as the set of all attributes. When
each attribute has only values 0 (miss) and 1 (oc-
cur) in D, the association rules generated on D are
called binary association rules.

e The problem:

How to mine quantitative association rules from
databases having numerical and/or categorical at-
tributes rather than boolean attributes. These
rules contain quantitative values of the numeri-
cal/categorical attributes.

E.g. € [40,50] A Married — Cars = 2.



Existing Solutions

e Attribute value enumeration

Enumerate different categorical states and numer-
ical values and treat them as items. Then use a
boolean association rule mining algorithm to find
all rules. Finally group rules with adjacent numer-
ical values together.

e Attribute discretization

Map quantitative attributes onto boolean attributes
and then apply boolean association rule mining.
This consists of

e partitioning the continuous attributes to sets
of intervals (attribute discretization),

e mapping intervals to items, and

e applying boolean association rule mining.



Attribute Discretization Methods

1. Supervised discretization:

Need pre-specified optimal classes. Not suit-
able for association mining.

2. Unsupervised discretization:

e Equal-width discretization: Divide the
continuous attribute range into N in-
tervals of equal width.

e Equal-depth (or equal-cardinality) dis-
cretization: Divide the continuous at-
tribute range into N intervals so that
there are 1/N of the total instances in
each interval.



e Problems with unsupervised discretization

e Equal-width may lead to too few values in
some intervals and too many in others, both
cases hinder mining high quality association
rules.

e Equal-depth may separate similar attribute
values into different intervals and group dis-
similar attribute values into the same inter-
val.

The main cause of these problems is that either
method does not consider both value density and
distance at the same time.

e Adaptive merge criterion

Consider both interval width (value distance) and
depth (value density) during the course of attribute
discretization to produce intervals with proper value
density and distance so that association rules can
be easily found from them.

The criterion for merging adjacent intervals that
combines interval width and depth takes into con-
sideration of the following observations:

Adaptive merge works as follows:



Initially place each numerical attribute value in a
separate interval. Then use the above merge crite-
rion to selectively merge similar adjacent intervals
based on average intra-interval distance.

Merge on average distance

The pair of adjacent intervals with the smallest
average difference among a collection of intervals is
chosen to be merged. This process is repeated until
either the density of each interval is large enough
to form a rule, or each pair of adjacent intervals
are so far apart that they are unlikely to be placed
In one group.

This algorithmmerge requires O(m?) time.



Optimal Merge Algorithm

e Maximal intra-interval distance

Notations and Assumptions:

e Numerical attribute I has m distinct val-
ues, I ={xg,x1,...,Tm—1}, where attribute
value x; has n; occurrences in the database
(weight), a:l < x4 forall 0 < ¢ < m—2, thus
N=>" "n; attribute value occurrences.

o [;,I;,...,I; is a set of maximal disjoint
intervals on I, where initially 7, = 7, k£ =
m—1, and I, contains z;, and representative

center c; equals x;.

Given I, ={xy,... ,xp_1}and I, ={xy,... ,Tw_1},
where I; has rep center ¢; and N attribute value
occurrences (size), their merged interval I, = I, U
I, has new rep center

, CulNy + cy Ny,

C, — ,

v N, + N,

and size

N;:NU+NU:§ni.



The mazimal intra-interval distance of interval I,
wrt its repensentative center ¢; is defined by:

D* (I, ¢;) = max |x; — ¢ (1)

The argument for using maximal distance is that
instances at a greater distance to the interval’s
representative center are less similar to the cen-
ter than those at a smaller distance, and will not
be covered by rules derived in the interval if this
distance exceeds a certain level.

An interval merge scheme is feasible if it results
in a minimum number of intervals whose maxi-
mal intra-interval distances are each within a given
threshold and populations are as equal as possible.



e Algorithm: Optimal merge on maximal distance

For k intervals, let the average population of each
interval be N, = N/k and the population devia-
tion of interval I, be A, = |N, — Ni|, where N,
is the actual population of I,. Initially, I, = {x,}
and 0 < u < m — 1. The algorithm COIlSlStS of two
steps below:

Merge

1. Partition Z = {Iy, I1,... ,I;,—1} into a min-
imum number of intervals such that each in-
terval has a maximal intra-interval distance
not greater than d;

2. Assume the above step produces k intervals:

{IuO,Iul, . 7IUI<:—1}7 O=ug <up - <up_1 <
m — 1. For I, = [Xy, : cy,], where X,,, =
{%u;, Tuj415- -+ »Tu,;y,—1) and ¢y, is the rep-

resentative center of I, , check if moving x,,; , —1
to I,,,, will result in better load balance
while still preserving the m aximal intra-interval

distance property, and do it if will.
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Step 1 can be implemented by [linear-scan to
form appropriate segments of intervals after a sin-
gle pass: starting from Iy merge I, with I, ; for
9 =1,2,..., until the maximal intra-interval dis-
tance not smaller than the threshold; continue this
until there is no interval remaining to be merged.
This process requires time O(m).

Step 2 examines every adjacent pair of intervals
after merge, requiring at most m — 1 steps. Each
step checks the changes of population deviation by
moving u;11 — 1 instances from I, to I, ,. Do
the move only when the deviation reduces. This
step requires O(m) time as well.

e Algorithm Merge is feasible: Linear-scan merge
produces a minimum number of intervals on 7 such
that each interval has an maximal intra-interval
distance not greater than d. Step 2 ensures load
balancing on population.

e Algorithm Merge is time optimal: (m) is a
lower bound for interval merging.
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Parallel implementation

Assume that we are given a parallel machine
with p processors and originally all intervals are
evenly distributed over these processors.

ParMerge

1. P; calls algorithm Merge to merge the m/p
intervals allocated to it and take the first and
last intervals (I;, I;) for further merge with
other processors in the next step, for all 0 <
1 < p — 1 in parallel;

2. Repeat the following log p times for all active
P;, 01 < p — 2, in parallel:
{*Assume the indices of intervals are still
contiguous after merge, for simplic ity in de-
scription.™}

(a) If the maximal intra-interval distance
after merge of I) and I;;; is not greater
than threshold d, P; writes “A;” in f;,
where A; is the population difference
after merge; otherwise writes oo to f;;

(b) If f; = oo, P; marks itself inactive;
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(c) If i <p—2iseven and f; < fi11, B
merges I, and I;y;, and updates f; to
be either infity or the population de-
viation of I} and the next interval after
merge as stated i n Step 1;

{*Even index interval merging, where
two consecutive pairs both can be merged
m erge the pair with smaller population
deviation for load balance.*}

(d) If : < p—2is odd and f; < fiy1, P;
merges I and I;1q, and updates f; to
be either oo or the population deviation
of I/ and the next interval after merge;
{*Odd index interval merging, where
two consecutive pairs both can be merged
me rge the pair with smaller population
deviation for load balance.*}

Algorithm ParMerge runs in O( +Tylogp) time

using p processor on EREW PRAM.
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Quantitative Association Rule Mining

Our quantitative association rule mining algorithm
consists of the following three steps.

1. Numerical attribute discretization

Find a set of suitable intervals using the above
algorithm and then map all numerical values
in each interval onto one item.

2. Frequent itemsets finding

Use the following set-trie based boolean as-
sociation rule mining algorithm to find all
frequent itemsets:

(a) Initiate set trie: Find all frequent 1-
itemsets and frequent 2-itemsets, and
place them on layer 1 and 2 respectively
in a set trie. Label each node in the set
trie with the last (largest) item of its
itemset.

(b) Generate candidates for frequent item-
sets in the set trie: For node . con-
taining {i1,7%2,...,%k, } with k,, sibling
nodes at layer k, k = 3,4,..., it take
node {i1,%2,...,%k,, %k, } as a child node
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at layer k£ + 1 for every k; < ky < kp, if
(%k,,k,) is an frequent 2-itemset.

(c) Count support of candidates: For each
transaction 7' in the database, trace the
set trie level by level and add 1 to the
counter of each node ¢ € T.

(d) Delete infrequent itemsets: For each node
in the set trie delete the whole subtree
rooted at it if its counter value versus
the database size is smaller than the
minimum support.

3. Rule forming: Test whether two disjoint sub-
sets of an frequent itemset can form a (strong)
rule by checking the confidence of the rule,
and keep the rule if it is strong.

4. Rule pruning: Delete redundant rules from
the rule set. If several rules cover the same
data set, select the one with highest confi-
dence and remove the rest. When a rule
X — Y is selected, all transactions 17" D
X UY in D will be removed and the con-
fidences of the rest rules will be updated ac-
cordingly. Repeat this process until all trans-
actions in D are removed.
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An example set trie:

{3 {3} {5 {6}

{1,3} {15} {1,6} {35} {3,6} {5,6}

{1,35} {1,3,6} {1,5,6} {3,5,6}

6 tem
{1,356} Itemset

Figure 1: An example of set trie

Concluding Remarks

e We presented an optiaml numeric attribute quan-
tization algorithm based on maximal intra-interval
distances that generalize both equal-width and equal-
depth methods.

We have show our algorithm can be implemented
in parallel cost-optimally.

e Future work includes extend the proposed method
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to incorporate other measures on quality of dis-
cretization, and apply it for discretization of con-
tinuous attributes in clustering problems.
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Evaluation Criterion

The covering data set of a rule set R = {X; —
Y,i=1,2,...,m}over database D = {11, T5,...,T,}
is defined as:

C(R)= | JTw,
=1
where (X, UY) C Ty, forl <k <m.

For several rulesets R; = {X; = Y;,i =1,2,... ,m,},
j =1,2,...,k, where ﬂ?zl Y; = 0, the coverage
of rule set Ule R; over database D is defined as:

Cov(

BER- Z CLR

If numerical attributes are partitioned suitably, then
the resulting rule set has a large coverage. Other-
wise, the coverage is low.

TC -
DU
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e Brief description of databases used in experiment

Database name Record Attribute Class
Glass Identification 214 9 Numerical 3
Heart Disease 270 7 Num. + 6 Cat. 2
Iris Plant 150 4 Numerical 3
Wisconsin Breast Cancer 699 10 Numerical 2

Table 1: Brief description of databases

Experimental Results

We compared Algorithm 1 with equal-width and
equal-depth discretization methods, where numer-
ical attributes were partitioned into 5 or 10 equal
value intervals or equal density intervals respec-
tively, and they are denoted as equal-width 5, equal-
width 10, equal-depth 5 and equal-depth 10.

In total 24 trials, only 1 trial is worse, 4 trials are
marginally lower, and the other 19 trials are bet-
ter than or equal to equal-width and equal-depth
methods.
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Figure 2: Comparison of mining result of three

class blind methods
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