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Abstract: Forbes (Palmeri 1997) reported that a major retailer has determined that customers who buy
Barbie dolls have a 60% likelihood of buying one of three types of candy bars. The confidence of the rule
Barbie = candy is 60%. The retailer was unsure what to do with this nugget. The online newsletter
Knowledge Discovery Nuggets invited suggestions (Piatesky-Shapiro 1998). This paper focuses on
association and sequence analysis and their relevance for business world.

1.Introduction.

For each transaction, there is a list of items. Typically, a transaction is a single customer
purchase and the items are the things that were bought. An association rule is a statement
of the form (item set A) = (item set B).

The aim of the analysis is to determine the strength of all the association rules among a
set of items. The strength of the association is measured by the support and confidence of
the rule. The support for the rule A = B is the probability that the two item sets occur
together. Note that support is reflexive. The confidence of an association rule A = B is the
conditional probability of a transaction containing item set B given that it contains item set
A. The lift of the rule A = B is the confidence of the rule divided by the expected
confidence, assuming the item sets are independent. The lift can be interpreted as a
general measure of association between the two item sets. Values greater than 1 indicate
positive correlation; values equal to 1 indicate zero correlation; and values less than 1
indicate negative correlation. Note that lift is reflexive.

Of course, the issue is how we can interpret association. Does a strong rule imply
causality? The answer is no. Given a strong rule, correlation is not mandatory as shown in
the following example. Suppose there are two classes of customers, as in Table 1.

Table 1. Strong rule and negative correlation
CHECKING ACCOUNT
NO YES
SAVING ACCOUNT | NO 500 3500
YES |1000 |5000

Source: Palmeri, 1997

In the above example the rule Saving Account = Checking Account is strong having 50%
support and 83 % confidence. However the two variables are negatively correlated since
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not having a saving account results in a superior probability for having a checking account.
One can see that the lift for our rule is 83% /85% so less the one.

2. Association analysis.

A bank wants to examine its customer base and understand which of its products
individual customers own in combination with one another. It has chosen to conduct a
market-basket analysis of a sample of its customer base. The bank has a data set that lists
the banking products/services used by 8211 customers. The data set has over 32,000
rows. Each row of the data set represents a customer-service combination. Therefore, a
single customer can have multiple rows in the data set, each row representing one of the
products he or she owns. The median number of products per customer is three.

The support is the percentage of customers who have all the services involved in the rule.
For example, approximately 54% of the 7,991 customers have a checking and savings
account and approximately 25% have a checking account, savings account, and an ATM
card. Similarly Confidence column gives the conditional probability of a customer having B
given that it has A. For first observation wee see that a customer who has saving account
has a probability of 87.5 % of having a checking account. Among those customers that
have both a savings account and a credit card, over 97% have a checking account.

Lift is the third defining a rule. For first observation we see that a customer having saving
account is 1.02 more likely to have a checking account than a random customer. The lift of
the relationship CKCRD ==> CCRD is 3.19. Therefore, if you select a customer who has a
check/debit card, the relative frequency of that customer having a credit card is more than
3 times higher than an individual chosen at random.

Table 2 Rules identified in the dataset

Fielaticnns| Lift | Suppurt[fé]| I:anidence[féﬂ Tranzaction I:l:nunt|
1 2 102 5417 a7 a6 4329.0 5VGE == CKIMG
2 2 102 5417 315 4329.0 CKIMG ==» S%G
3 2 110 3619 4219 28920 CKING ==» ATM
4 2 110 3R19 9411 28920 ATH == CKING
i 2 108 2R RS 4153 20530 SVE ==r ATM
E 2 108 28R4 BE.21 20530 ATH == SV
7 2 117 16.47 100.00 1316.0 HMEQLC == CKIMG
8 2 147 16.47 19,20 1316.0 CKIMNG == HMEQLLC
3 2 1M 1572 2540 1256.0 SWGE == CD
10 2 1M 1572 B4.08 1256.0 CO == S¥G
11 2 1.4 1558 9.3 12450 MDA ==» CEING
12 2 1M 1558 1816 12450 CKING ==» MDA
13 2 112 1485 1732 1187.0 CKING ==: CCRD
14 2 112 1485 95 95 1187.0 CCRD ==» CKING
15 2 117 11.30 1317 903.00 CEIMNG ==: CECRD
16 2 117 11.30 100.00 903.00 CKECRD ==: CKIMG
17 2 109 11.15 18.02 231.00 SWGE == HMELQLC
18 2 109 11.15 B7 71 831.00 HMEQLE ==» SV&
19 2 107 1022 1653 81700 5vGE == CCRD
20 2 107 1022 BE.05 17.00 CCRD == S5V
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Suppose instead that you are particularly interested in those associations that involve
automobile loans. You would like to create a subset of the rules, to include only those rules
with the product AUTO. Results are shown in Table 3.

Table3. Automobile loan

Helatinnsl Lift |Suppnrt[3£] Confidence(%)| Tranzaction D:nunt| Hule
1 2 107 852 7.7 BAT.00 AUTO == CKING
i 2 107 B.14 BE.17 491.00 AUTO == 5V
3 2 144 4 47 48.11 0700 ALTO == ATM
4 3118 547 E4.29 47700 AUTO == 5V & CKING
] 3130 435 46.90 24800 AUTO ==> CEING &ATH

There are 5 rules involving automobile loans. We see that support is week although
confidence for some of them is high. Lift indicates positive correlation although week in most
cases.

3. Sequence analysis.

Beside association in business is important to know the sequence of the transaction. In the
following | have employed a sequence analysis using the same dataset. The transaction
count is the total number of customers that have purchased products in this order. The
percent support is the transaction count divided by the total number of customers, which
would be the maximum transaction count. The percent confidence is the transaction count
divided by the transaction count for the left side of the sequence. So, for example, of the
customers that got an automobile loan, 82.21% got a second automobile loan.

Table 4 Sequence rules

Chain Length| Suppnrt[?éﬂ Confidence(&]| Tranzaction Euunt| Rule
1 2 R417 E3.15 4329 CKIMG == 5V
2 2 36119 4219 2892 CKIMG ==» ATHM
3 2 2569 4153 2053 SWG ==> ATM
4 2 21.39 hh.61 1709 ATH == ATHM
h 2 2099 24 45 1677 CKIMG ==: CD
B 2 16.47 19.20 1316 CKIMNG ==> HMEQLC
7 2 15,72 2h.40 1286 SWG ==: CD
g 2 1245 CEIMNG == MDA
9 2 14.85 17.32 1187 CKIMG ==: CCRD
10 2 1358 21.95 1085 5vG ==» SV
11 2 11.30 1317 903 CKING ==» CKCRD
12 2 11.30 100.00 03 CKCRD ==: CKCRD
13 2 11.15 18.02 291 SWG == HMELLC
14 2 10.22 16.53 a7 5WG == CCRD
15 2 9.1 37.55 7i6 CD ==: CD
16 2 a.a2 10.28 705 CKING ==: IR,
17 2 2.8 R3.50 704 HMEQLC ==: HMEQLC
18 2 g2.53 2219 B2 ATM == HMELLC
19 2 a.52 9433 B31 CKING ==: AUTO
20 2 7a7 1288 B37 SWGa == CKCRD
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Suppose you are only interested in those sequences that involve automobile loans.

Results are presented in Table 5.

Table 5 Sequence rules for automobile loans

Chain Lengthl Suppu:urt[?r;]| Eu:unfidenn:e[Zﬂ Tranzaction Eu:uunt| Rule
1 2 8562 953 BA1 CKIMG ==: AJTO
2 2 763 a2.21 B10 AUTO ==: AUTO
3 2 614 9493 491 SWG ==: AUTO
4 2 447 11.62 357 ATH ==: AUTO
5 2 254 10.36 203 CO ==+ AUTO
5 2 253 15.35 202 HMEQLE == &UTO
fi 2 22 14.31 177 CCRD ==: AUTO
a K] B.87 a0.62 549 CKIMG ==: alJTO == AJTO
g K] 597 11.02 477 CKIMNG ==» 5W0GE ==> AT0O
10 K] 487 7323 389 5WGE ==: AUTO ==: AUTO
11 K] 447 100.00 387 AT ==: AUTO ==: AUTO
12 3 435 12.03 348 CKING ==» ATM ==+ ALTO
13 3 330 12.86 264 SV ==r ATM ==> AUTO
14 3 253 15.35 202 CKIMG == HMEQLC ==> AUTO
15 K] 2.40 11.45 132 CKIMG == CD ==> AUTO
16 K] 218 14.66 174 CKIMG ==: CCRD ==: &UT0O
17 K] 210 a2.76 168 CO ==: AUTO ==: AUTO

Thus one can easily identify the sequence of transactions involving automobile loans and
the strength of the rules measured by all three dimensions.
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