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Association rule discovery

= Supermarket shelf management: Market-basket model

o Goal: identify items that are bought together by sufficiently

many customers.
(tim ra nhirng san pham ma hay dwgc mua cung nhau)

o Approach: process the sales data collected with barcode

scanners to find dependencies among items.
(xtr ly di¥ liéu ban hang da thu thap bang may quéet ma vach dé tim méi lién
hé gilra cac san pham) :

= A classical rule:

o If someone buys diaper and milk,
then he/she is likely to buy beer.

o Do not surprised if you find beer packs
next to diapers |

(Adapted from a lecture by Jure Leskovec)



The Market-Basket Model
= A large set of items D Hems |

o E.g., things sold in a supermarket Bread, Coke, Milk
Beer, Bread

Beer, Coke, Diaper, Milk

= A large set of baskets

= Fach basket
Is a small subset of items

Beer, Bread, Diaper, Milk
Coke, Diaper, Milk
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o e.g., the things one customer buys on one day

= Association: a general many-to-many mapping between
two kinds of things (mét anh xa nhiéu-nhiéu gitra hai loai dbi twong)

o But we ask about connectfions among “items”, not “baskets”



Association rules: approach

= Given a set of baskets m

= Want to discover I Bread, Coke, Milk

association rules Beer, Bread
(tim tap céc luat két hop)

Beer, Coke, Diaper, Milk

Beer, Bread, Diaper, Milk
Coke, Diaper, Milk

o People who bought {x,y,z}
tend to buy {v.w}
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= 2 step approach:

o Find frequent itemsets

(tim tap thuong xuyén) Rules discovered:

o Generate association rules {Milk} > {Coke}
(sinh céc luét két hop) {Diaper, Milk} - {Beer}



Applications

= [tems = products; baskets = sets of products someone
bought in one trip to the store

= Real market baskets: stores might keep TBs of data about
what customers buy together

o Tells how typical customers navigate stores, lets them position
tempfting items

o Suggests tie-in “tricks”, e.g., run sale on diapers and raise the
price of beer

o Need the rule to occur frequently



Applications: amazon

People who bought X also bought Y.

Customers Who Bought This Item Also Bought

Kuzy - Retina 13-inch
BLACK Rubberized Hard
Case for MacBook Pro
13.3" with Retina Display...
RRR R 4,178

#1 Best Seller @EE=To(e]s)

Case Logic Display Sleeve
LAPS-113, 13.3-Inch, Black
WA AW 1,976
$9.26 /Prime

N

Apple Magic Bluetooth
Mouse

W R WYy 2,607

TopCase Black Rubberized
Hard Case Cover for Apple
MacBook Pro 13.3" with
Retina Display Model....
RRRRTT 942
$13.99 «/Prime

Apple MacBook Pro
MF839LL/A 13.3-Inch
Laptop with Retina Display,
128 GB [Newest Version]
RRR AR 18
$1,166.98 ~/Prime



Frequent itemsets

® Question: find sefs of ifems that appear together
“frequently” in baskets

= Support_count for itemset I: number of baskets containing
all items in .

= Support for itemset I: fraction of baskets containing I.

o Support(l) = support_count(l)/Total number of fransactions

= Given a support threshold s,

the sets of items that has Bread, Coke., Milk

support at least s are called

frequent itemsets.

(tap thuong xuyén la tap nhirng san

pham ma ching xuat hién cung nhau,

c6 ngudng support it nhat 1a s) 5  Coke, Diaper, Milk
Support of {Beer, Bread} = 2/5

1
2 Beer, Bread

3 Beer, Coke, Diaper, Milk
4

Beer, Bread, Diaper, Milk




Frequent itemsets: example

= [fems = {Milk, Coke, Pepsi, Beer, Juice}
= Support threshold = 3/8

o B1={m, c, b} B2 ={m, p. }}
0 B3 ={m, b} B4 ={c, j}
o BS # {m, p, b} ={m, c, b, j}
o B7 s/{c/D, } 3 = {b, c}
» Frequent Eterhs.ge 1 {c), {b}, {j},

{m, b}, {b, c}. {c. ]}



Association rules

= Association rules: If-then rules about the content of baskets

w {i,, iy ..., i} = j: "if abasket contains all of {i, iy, ..., i}, then
it is likely to contain j"

(néu mét gid hang ma chira {iy, iy, ..., i} thi nd ciing c6 thé chira j)

" |n practice there are many rules, we want to find significant
or interesting rules.

= Confidence of this association rule is the probability of j
given | ={iy, ia, ..., iy}

o Confidence cta luat I = j la xac suét cla j voi diéu kién |
support(I Uj) support_count(l U j)

confl eTlCe( ]) Support(]) support_count(l)




Interesting association rules

= Not all high-confidence rules are interesting

o The rule X = milk may have high confidence for many itemsets
X, because milk is purchased very often (independent of X)
and the confidence will be high

= Interest of an association rule | = j:
difference between its confidence and the fraction of
baskets that contain j.

Interest(l = j) = confidence(l = j) — Pr(j)

o Interesting rules are those with high positive or negative interest
values (usually above 0.5)

o Whye



Confidence and Interest: example

o B1={m, c, b} B2 ={m, p. }}

o B3 ={m, b} B4 ={c, }

a B5={m, p, b} B6={m, c, b,j}
o B7 ={c, b, j} B8 = {b, c}

= Association rule: {m,b} = ¢
o Confidence =2/4=0.5

o Interest = |0.5-5/8| =1/8
(item c appears in 5/8 of the baskets)

o Rule is not very interesting



FInding association rules

= Problem: find all association rules with support =2s and
confidence 2 c.

o Note: support of an association rule is the support of the set of
items on the left side.

= Hard part: finding the frequent itemsets

o If {i;, iy, ..., i} = j has high support and confidence, then both
{i;, iy, ..., i} and {i;, iy, ..., iy, j} Will be frequent.

support(I U j)

confidence(l = j) = support)



Mining association rules

= Step 1: find all frequent itemsets |

= Step 2: rule generation
o For every subset A of I, generaterule A =1\ A

+ Since lis frequent, A is also frequent

+ Variant 1: Single pass to compute the rule confidence
confidence(A,B = C,D) = support(A,B,C,D) / support(A,B)

o Variant 2:
o Observation: If A,B,C = D is below confidence, sois A,B = C,D

+ Can generate “bigger” rules from smaller ones!

o Output the rules above the confidence threshold



Example

o B1={m, c, b} B2 ={m, p. j}

o B3 ={m, b} B4 ={c, J}

a B5={m, p, b, c} B6={m, c, b, j}
o B7 ={c, b, |} B8 = {b, ¢}

= Support_count threshold s = 3, confidence ¢ =0.75
o Frequent itemsets: {b,m}, {b,c}, {c.m}, {c.j}, {m,c,b}

o Generafte rules:

0 =rm-c=4/6 m = b: ¢c=4/5
nb=c:c=5/6...
o bre—=rm—c=3/5 b,m = c:c=3/4

o b—=cm-c=37/6



Finding Frequent [temsets




[tfemsets: computation model

Item

= Typically, data is kept in flat files rather than in ftem
a database system: e
o Stored on disk ::22
o Stored basket-by-baskeft :::2
o Baskets are small but we have many baskets Item

Item

and many items

Item

Item

+ Expand baskets into pairs, triples, etc.
as you read baskets

+ Use k nested loops to generate all sets of size k Etc.
Note: We want to find frequent itemsets. To ltems are positive
find them, we have to count them. To count integers, and
them, we have to generate them. boundaries between
baskets are -1.




Computational model

= The true cost of mining disk-resident data is usually the
number of disk 1/Os

" |n practice, association-rule algorithms read the data in
passes — all baskets read in turn

= We measure the cost by the number of passes an
algorithm makes over the data



Main-memory bottleneck

® For many frequent-itemset algorithms, main-memory is the
critical resource

o As we read baskets, we need to count somethings, e.g.,
occurrences of pairs of items

o The number of different things we can count is limited by main
memory

o Swapping counts in/out is a disaster (why?)



Finding Frequent Pairs

= The hardest problem often turns out to be finding the
frequent pairs of items {i,, i,}

O Why2
o Frequent pairs are common, frequent triples are rare.

o Probability of being frequent drops exponentially with size,
number of sets grows more slowly with size.

= Let’s first concentrate on pairs, then extend to larger sets
" The approach:
o We always need to generate all the itemsets.

o But we would only like to count (keep track of) those itemsets
that in the end fturn out to be frequent.



Naive algorithm

= Naive approach to finding frequent pairs

® Read file once, counting in main memory the occurrences
of each pair:

o If a basket has n items, then we need to generate n(n-1)/2
pAairs.

= Fail if (#items)? exceeds main memory
" |n practice, #items can be
o 100K (Wal-Mart) or 10B (Web pages)
o Suppose 10° items, counts are 4-byte integers
o Number of pairs of items: 105(10%-1)/2 = 5*107
o Therefore, 2*10'0 (20 gigabytes) of memory needed



Counting pairs in memory

= Approach 1: count all pairs using a matrix

= Approach 2: keep a table of triples
{i, ], c} = “the number of pairs of items {i,j} is c”

o If infegers and item ids are 4 bytes, we need approximately 12
bytes for pairs with count > 0.

o Plus some additional overhead for the hash table.
= Note:
o Approach 1 only requires 4 bytes per pair

o Approach 2 uses 12 bytes per pairs
(but only for pairs with count > 0)



Comparing the two approaches

O
O
O 0o
© O
O © O

Triangular Matrix Triples



Comparing the two approaches

= Approach 1: triangular matrix
o N = total number of items
o Count pair of items {i,j} only if i <]

o Keep pair counts in lexicographic order:
{1,2}, {1,3},.... {1.n}, {2,3}, {2,4},...{2.n}, {3.4}....

o Pair {i,j} is at position (i—=1)(n—i/2) +j-1
o Total number of pairs n(n —1)/2; total bytes= 2n?

o Triangular Matrix requires 4 bytes per pair

m Approach 2 uses 12 bytes per counting pair
(but only for pairs with count > 0)

o Beats Approach 1 if less than 1/3 of possible pairs actually
oCcCur.



Comparing the two approaches

= Approach 1: triangular matrix

o N = total number of items

Problem is
the pairs do not fitf Info memory
If we have too many items.

o Beats Approach 1 if less than 1/3 of possible pairs actually
OCcCur.



A-Priori algorithm (1)

" A two-pass approach called

imits the need for main memory ; :

= Key idea: " -

A-Priori (by Agrawal and Srikant, 1994) / \

Monotonicity (don diéu) \ .

o If asetl of items appears at least b 2be
times, so does every subset J of I.

= Contrapositive (twong phan):
If item i has support less than s, then no pair including i has
support = s

® S0, how does A-Priori find frequent pairse



A-Priori algorithm (2)

® Pass 1: read baskets and count in main memory the
occurrences of each individual item.

o Requires only memory proportional to #items
" [fems with support at least s are the frequent items

» Pass 2: Read baskets again and count in main memaory
only those pairs where both elements are frequent (from
Pass 1)

o Requires memory proportional to square of frequent items only
(for counts)

o Plus a list of the frequent items
(so you know what must be counted)



Main-Memory: picture of A-Priori

ltem counts Frequent items

g Counts of

= pairs of

qJ .

S frequent items
= (candidate
g pairs)

Pass 1 Pass 2



Details of A-Priori

= You can use the triangular matrix method with n = number

of frequent items

o May save space compared
with storing triples

= Trick: re-number frequent

items 1,2,... and keep a
table relating new numbers
to original item numbers

[tem counts

Main memory

Frequent
items

Old
item
#s

Counts of
pairs of
frequent items

Pass 1

Pass 2




Frequent triples, ...

= For each k, we construct two sets of k-tuples (sets of size k):

o C, = candidate k-tuples = those that might be frequent sets
(support = s) based on information from the pass for k=1

o L, = the set of truly frequent k-tuples

Al oot ﬁf"ifearifi Count To be
the items ' :
items from L, the pairs explained

j f / f

C, | Filter L, Construct — 02*@ L, —* Construct — C,




A-Priori: example

= Hypothetical steps of the A-Priori algorithm
o Generate C, ={{b} {c} {j} {m} {n} {pr}}

o Count the support of itemsets in C,

o Prune non-frequenttogetl,={b,c,j,m}

o Generate C, = {{b,c} {b.j} {b.m} {c.j} {c.Mm} {{.m}}

o Count the support of itemsets in C,

o Prune non-frequent to get L, = { {b,m} {b,c} {c.m} {c.}} }

o Generate C; ={{b,c.m}{b.,c,j} {b.m,j} {c.m.,j}}

o Count the support of itemsets in Cy o Bl={m,c b} B2={m, p.j}

o Prune non-frequent to get L; = { {b,c,m} } a B3={m b} Bd={c.j}

o BS5={m, p., b, c}
o B6={m,c, b,j}

o B7={c, b, j} B8 = {b, ¢}



A-Priori for All frequent itemsets

= One pass for each k (itemset size)
= Needs memory to count each candidate k-tuple

= For typical market-basket data and reasonable support
(e.g., 1%), k = 2 requires the most memory

* Many possible extensions:
o Association rules with intervals:
o+ Forexample: Men over 65 have 2 cars
o Association rules when items are in a taxonomy
+ Bread, Butter = FruitJam

o BakedGoods, MilkProduct = PreservedGoods

o Lower the support s as itemset gets bigger



