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DEFINITIONS (1)

« Set of items |

(e.g. [={potatoes, milk, sugar ...}, all products sold In
the store)

* [ransaction [ Is a subset of |

(In our case a customer recelpt)

« Database D Is a collection of transactions

(e.g. all recelpts In a store for a month)
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DEFINITIONS (2)

* An ltemset P Is a subset of |, and P occurs In a

transaction T If P is a subset of T
(e.g. the itemset {milk, eggs} occurs in the
transaction {milk, eggs, chocolate})

 [he support of an itemset P In a database D Is the
number of transactions in D in which P occurs



[TEMSET MINING EXAMPLE

» [temSets with support at least 3

transaction databasc frequent item sets

1: {a,d, e} 01tems | 1 1item | 2 items 3 1tems

2: {b,c,d} 0: 10 | {a}: 7| {a,c}: 4 |{a,cd}: 3
3: {a,c, e} {b}: 3| {a,d}: 5| {a,ce}: 3
1 1a,¢,d, e} {c}: 71 {a,e}: 6| {a,d,e}: 4
5 {a, e} {d}. 6 | {b,c}: 3

6: {a,¢,d} {e}: 7| {cd}: 4

7 1b,c} {c,e}: 4

8 {a,c,d,e} {d, e} 4

9. {b,c,e} ’

10: {a,d, e}



FINDING FREQUENT ITEMSETS

* Hasse diagram of itemsets: ) possibilities
A retall store sells |0k products, brute-force too expensive!
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APRIORI PROPERTY

» Given an [tembSet P and P’ a superset of P
support(P,D) < support(FD)
e.g. there are less customers that buy {rice,

seaweed, soy sauce} than customers that buy {rice,
SOy sauce}

* It we know that P Is not frequent, there Is no need
to check If supersets of P are frequent
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APRIORI ALGORITM (1)

* Recursive algorithm

-Ind frequent ltemSets of size k, then generate
candidates of size k+|

+ Given a candidate P of size k+ [, 1f any of Its
subsets of size k Is not frequent, then P cannot be
frequent

No need to compute its support! (expensive)
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APRIORI ALGORITM (2)

function apriori (B, T, Syin)
begin
k=1
— Uienldith
Fp = prune( Ly, T, Spin);
while /). £ () do begin
Fli.11 = candidates(F});

Fk+1 = prune(Elc-I-la T, Srnin)Q

k =k + 1;
end;
return UJ —1 F5;

end (* apriori x)

F;: candidate item sets of size j,

¥ — Apriori algorithm )
¥ initialize the item sel size x)

x start with single element sets x)
+ while there are frequent item sets )

* create candidates with one item more +)

(

(

(

(% and determine the frequent ones *)

(

(

(% and determine the frequent item sets *)
(

# increment the item counter #)
(% return the frequent item sets |

F:  frequent item sets of size .
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ASSOCIATION RULES (1)

» [temSet {rice, seaweed, soy sauce}
=) (seaweed, soy sauce}

=) {rice, soy sauce}
=) {rice, seaweed)

=) {soy sauce}

{rice, soy sauce} =) {seaweed}
{soy sauce, secaweed} mip {rice}

{rice}
{seaweed}

{soy sauce}
{rice, seaweed}



ASSOCIATION RULES (I1)

+ Association rule A =B
» Support of the rule: support(A)

» Confidence (precision): support(AuB)/support(A)

equivalent to condrtional probability of B given A




RETAIL DATASETS

Apriori algorithm by Agrawal & Srikant (1994)
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Intermarche (2014)
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MINING LARGE-SCALE
RETAIL DATA

Vincent Leroy



GOALS

» Coverage: generate rules about any rtem
» Scalablility: process millions of recelpts

» Quality: iIdentify the most remarkable rules



ARCHITECTURE OVERVIEW

Part 2: CAPA

N

store l
receipts

@ |
Batch Transfer Scenario

7 ar £S B @ . e ? [P @
.y > \\‘ “““ / A
+ : V P P o« oo P P P o oo
: : L
hrichmenf3vith mea o

\ /l
Enrichment @

[prosassoc-|
| - | - §
W Preparation

~ Acquisition/Storage Crrestern I @ Mining

2%
\%

Part |: TopPl




lopPl:
MINING THE LONG TAIL



[TEMSET MINING: SOTA

» 20 years of research to accelerate mining
» Standardized benchmark datasets

» LCM algorithm as a buillding block

* Focus on high support ltemSets

» Find all ltemSets s.t. support > thresholad
* FInd the k most frequent ltemSets
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LONG-TAILED DISTRIBUTION
| 06 . f\‘

0 103 Rank | 0°

Anatomy of the long tail: ordinary people with extraordinary tastes
Goel, Broder, Gabrilovich, Pang @ WSDM' [0
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FREQUENT ITEMSETS
AND THE LONGTAIL (1)

| 0° ltemSets

o
Q Support threshold
2
U




FREQUENT ITEMSETS
AND THE LONG TAIL (2)

| 0° ltemSets

|07 ltemSets

Support threshold




[ TEM-CENTRIC MINING

For each tem, find the k

6 .

[0 | most frequent [temSets
* Kk results for each ritem

2 (coverage)

3 - At most k*nbltems

L% [temSets (scalablility)

0 Top-k Per ltem

1K




TopPl OUTPUT

top(Grated Cheese) top(Sushi Rice)
9,395,643 Grated Cheese 14,887 Sushi Rice
361 304 Grated Cheese, 5935 Sushi Rice,
Cream Seaweed
793310 Grated Cheese, 3669 S.ushi.Rice,
|0 eggs Rice Vinegar
652 493 Grated Cheese, | 843 Sushi Rice, Seaweed
Butter Rice Vinegar
597 |44 Grated Cheese, | 762 Sushi Rice,

Bacon VWasabl
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TREE-SHAPED MINING

Transaction

{0,1,2}
{0,1,2}
{0,1}
12,3}
10,3}

(a) Input D

item | top(i): P, support(P)

Z’ 1375

2nd

W N~ O

10},4 | {0, 1},
{0,1},3 | {0,1,
253 1 10,1,
{3},2

(b) TopPI results for k = 2

> = = > = — = — I

({2},0)

{0,1},3 ,1)

{0,1,2},§?>

{2} 1)

{0}, 424 0,0

clo() = 0 ’ - {3}, 27

Recursion using an expand function

to add an item to

an ItemSet (LCM)

Anti-monotony of ltemSet support

for pruning
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TOP-k PROCESSING

- General principle

* Maintain Lower Bound on current top-k
» Maintain Upper Bound on unseen results
* Prune when UB < [B

* Applicability in TopPl

» One top-k per item

» Bounds on support of [temSets (anti-monotony)
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OVERVIEW OF TopP! (1)

Tree-shaped exploration guided by top-k(s) pruning
» Support-based pruning

» Carefully determine which [temSets can be generated in a branch

* Eliminate branches that cannot improve any top-k (result-space is not
monotonic!)

* Insert (partial) [temSets early to raise LBs

« Dataset reduction

« Use Bs to eliminate items that will not be In relevant ltemSets

* Instantiate iIn memory when gain is significant (RAM, L3, L2, L)
« Optimize, optimize, optimize
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OVERVIEW OF TopPI (2)

early collection |
startBranch |dxnamic threshold
lop-k collector

collect
+ Top(Cheese)

- Top(Rice)
? - Top(Wasabi
Pruning Module b op(VVasabi)
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SINGLE SERVER
PERFORMANCE

Recelpts 222k 290M

2 o | il
by client

32 threads, |28 GB RAM, k=50

4 min

| year of sales In minutes on a single server
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MINING OVERHEAD

6e+07  Err o

| ---6--- Enum. by baseline .
0 28T97 1 -~ Enum. by TopPl .-~

@ 4e+0/ 17— Outputted PRSI .
g 3e+07 H e e @I e e
= 2e+07 ) 67 """""""" E“_"_"_“_“_"_“_'x
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0

0 20 40 60 80 100

Mining focused on useful results, pruning almost optimal
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DISTRIBUTED ALGORITHM

Fortunately, some (Web) datasets are more challenging

ex: VWebDocs 8h on a single server

# Distribute on Hadoop ‘@

Challenges
Partition INnto many mining task
* No communication between tasks

30



PARTITIONING [TEMS

Fach task is responsible for a set of items and produces all
necessary patterns

kY

top(Rice) top(Chocolate)
top(Wasabi) top(Seaweed)

Drawback: some ItemSets are enumerated multiple times

Gl



PARTITIONING THE TREE

—ach task Is responsible for some branches of the enumeration

tree and computes a top-k for all tems

he

top(Rice) top(Rice)
top(Wasabi) top(Wasabi)
top(Chocolate) top(Chocolate)
top(Seaweed) top(Seaweed)

Drawback: multiple top-k per item, less pruning
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HYBRID STRATEGY

Mﬁnmg1© Partial
phiase top k

1
Items
indexing

‘Per—item q
bounds Merge

C
top-k

Items ) Mlnlngq Complement map IHPUt —)Teduce Output
index phase 2 top-k additional o via distributed
input cache

Phase |: Partition items and tree
Phase 2: Partition tree

)

55

Close to no mining
overhead
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TopPl CONCLUSION

* [tem-centric mining

 Redefines mining target for long-talled data

» Provides coverage and scalability s Intermarche
* |op-k based on support

* Enables pruning (anti-monotony)

* Frequency Is Important, but is all that I1s frequent
interesting!
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QUALITY?

top(Chocolate cream)

581,042 Chocolate cream

58,569 Chocqlate cream,
Vanilla cream

Chocolate cream,
32,701 Grated cheese
3045 | Chocolate cream,
Cola
2967 Chocolate cream,

Butter

36



CAPA:
IDENTIFYING INTERESTING RULES




ASSOCIATION RULES

Product rule

Demographic ru\e

t .;\u ”M

”H[Au

Hlf)uw
A/J 7% uu,, Gy \\\\\ \\\&

hy, N\
al]/ﬁ /‘)7 \\\\}

\\\\ 6(\
.m) m\\ % N:(L = \"
ihes
xmm* Al
?‘“‘" 0 %‘"
f/ o mggyzz""ff"' dea

38



RANKING RULES

Basic measures
Recall
Confidence
Advanced measures

Over 34!

No guidelines

555

easure

Formula

One-Way Support

P(B|A) x logz 547508y ,4(541589)

Relative Risk

P(BJA)/P(B[-A)

Odd Multiplier

P(AB)P(—B)
P(B)P(A-B)

P(AB)—P(A)P(B)

Zhang maxz(P(AB)P(=B),P(B)P(A=B))

7 P(AB)P(—A-B)—P(A=B)P(B-A)
Yule’s Q © P(AB)P(-=A-B)+P(A-B)P(B-A)
Yule’s Y © VP(AB)P(-A~B)—+/P(A-B)P(B-A)

\/P(AB)P(~A-B)++/P(A-B)P(B-A)

Odds Ratio ©

P(AB)P(—A—-B)
P(A-B)P(B-A)

Information Gain *©

log(P(AB)/(P(A)P(B)))

Lift x©

P(AB)/(P(A)P(B))

Added Value *

P(B|A) — P(B)

Certainty Factor

(P(B[A) — P(B))/(1 - P(B))

Confidence / Precision *® P(BJA)
Laplace Correction *® %
Loevinger { B P&DA(EAPﬁ(Ef)
Conviction %
P(A=B)
Example and Counter-example Rate | 1 — “PAB)
Sebag-Schoenauer &;AﬁBB))

Leverage P(BJA) — P(A)P(B)
Least Contradiction w
Accuracy P(AB) + P(-A—B)

2 p3
Pearson’s x2 i || x ((P(AI?(AI)’I(DA)IE’(B)) n (P(—'Agg:j)(;(AB))P(B)) )

(P(A=B)—P(A)P(=B))? (=A=B)—P(=A)P(=B))?

(P
+HT1 % PAIP(B) + P(-A)P(=B)

Gini Index >

BRG] St (e R GRS E
P(=B|~A)?) — P(B)? — P(=B)*

J-measure

P(AB)log(T52y2 ) + P(A~B)log(S522)

® Linear Correlation Coefficient

P(=B)
P(AB)—P(A)P(B)
\V/P(A)P(B)P(-A)P(=B)

Two-Way Support Variation

P(AB) x logs s B P(A-B) X logs gL+

‘Aﬁf’(fé) (A)P( (BA -

P("AB) X lOggm + P(_‘A_'B) X lOQQW

( [TTXP(B) )( [TTXP(=B) )
Fisher’s exact test [T |xP(AB) |T‘T‘XP<AﬁB>

(ITIXP(A)>

Jaccard P(AB)/(P(A) + P(B) — P(AB))
Closfne __PAB)

v P(A)P(B) P
Two-Way Support P(AB) x loggm
Piatetsky-Shapiro P(AB) — P(A)P(B)
Klosgen /P(AB)maz(P(B|A) — P(B), P(A|B) — P(A))
Specificity P(—B]-A)
Recall P(A|B)

P(AB)+P(—-B[-A) I—P(A)P(B)—P(—-A)P(—B)

Collective Strength

B P(BILP(—A\P(=B) . 1_P(AB_P(=Bl=A)




EXAMPLE OF RANKINGS (1)

by confidence ‘

{> 65, F, Aube}  — Dairy

{> 65, F, Aveyron}  — Dairy

{> 65, F, Val de Marne}  — Dairy
{> 65, F, Seine S* Denis}  — Dairy
{> 65, I, Haute Saone}  — Dairy

P(B|A)
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EXAMPLE OF RANKINGS (2)

| by Piatetsky-Shapiro [5]

{*,%, Nord} — Liquids

{*,%, Nord}  — Soft drinks

{*,%, Nord}  — Beers

{*,%, Nord} — Spreads

{x,F, Nord} — Soft drinks
P(AB) — P(A)P(B)
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EXAMPLE OF RANKINGS (3)

| by Pearson’s y*
{*, %, Somme}  — Cut cheese
{*, F, Somme}  — Cut cheese
{> 65, %, Morbihan}  — Fresh milk
{> 65, %, Somme} — Cut cheese
{*,*, Finistere}  — Canned pork

(P(AB)—P(A)P(B))? (P(mAB)—P(=A)P(B))?
T % ( P(A)P(B) T P(—=A)P(B) )

(P(A=B)—P(A)P(=B))* (P(=A-B)—P(-A)P(=B))”
+[T| x P(A)P(B) - P(~A)P(—-B) )

20



COMPARATIVE ANALYSIS OF
PA | [ERNS

» Framework for ranking association rules
» Ranking matters, not absolute scores
» Study In 2 phases

» Empirical evaluation to reduce options (34
initially)

- User study with marketing experts Intermarche
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RANKING SIMILARITY (1)

Uniform: Spearman and Kendall's T

6 2

reR

(Tm _ Tm’ )2

Spearman(L%, L7 ) = 1

Top Biased: Overlap@k and N

RI(R[F = 1)

DCC

1

DCC(LE, LE) =Y
reR

44

log (1 + r™") log (1 4 r™)



RANKING SIMILARITY (2)

' 9000

000

Q9000
Q000

Spearman T Overlap@2 | NDCC
L? 0.80 0.67 1 0.20
L3 0.80 0.67 1 0.97
L* 0.40 0.33 0.5 —0.18

415




COMPARING RANKINGS

Ranking | Similarrty
- Matrix
Ranking 34 NDCC

Similarrty
Matrix
Spearman

Sample targets

46

Average
Similarrty
Matrix
NDCC

Average
Similarrty
Matrix
Spearman




HIERARCHICAL CLUSTERING

n34 (-0.30 - 36)

n33 (-0.02 - 20)

n32 (0.03 - 16)

RELATIVE_RISK
YULE_Y
YULE_Q

ODDS_RATIO
LEVERAGE
ONE_WAY_SUPPORT
ZHANG
ODD_MULTIPLIER
SEBAG_SCHOENAUER
COUNTER_EXAMPLE_RATE

n26 (0.87 - 3)

A 4

LEAST_CONTRADICTION

n31(0.20 - 13) ACCURACY
LOEVINGER
CONVICTION
BAYES

CENTERED_CONFIDENCE
CERTAINTY_FACTOR
ADDED_VALUE
LIFT
CONFIDENCE

n30 (0.38 - 11)

COLLECTIVE_STRENG
RECALL

J_MEASURE

TWO_WAY_SUPPORT_VARIATION
GINI

CHI_SQUARE

n28 (0.67 - 7)

n25 (0.90 - 4)

n29 (0.45 - 2)

n27 (0.79 - 3)

JACCARD

PIATETSKY_SHAPIRO
TWO_WAY_SUPPORT

PHI
FISHER_PVAL

IMPLICATION_INDEX

47




IDENTIFYING GROUPS OF MEASURES

o

Gs

—O. 16 J—&e&&fd
E Jaccard

Klosgen

@ Piatetsky-Shapiro

Piatetsky-Shapiro 0.86 Specificity
Specificity

Klosgen Collective strength
Recall

(a) NDCC (b) 7
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GROUPS OF MEASURES

Measure Formula Group
One-Way Support P(B|A) x l092%
Relative Risk P(BJA)/P(B]-A)
Odd Multiplier %
P(AB)—P(A)P(B)
Zhang g(aggl(;%BAP(E)B)PPgB)g(g(};B)A)
Yule’s Q © P(AB)P(-A—B)+P(A-B)P(B-A)
, /P(AB)P(—~A-B)—+/P(A-B)P(B-A)
Yule’'s Y & /P(AB)P(—A—B)++/P(A=B)P(B-A) G¢
Odds Ratio © %
Information Gain *& log(P(AB)/(P(A)P(B)))
Lift x5 P(AB)/(P(A)P(B))
Added Value * P(B|A) — P(B)
Certainty Factor (P(BJA) — P(B))/(1 - P(B))
Confidence / Precision *® P(BJA)
Laplace Correction *® %
Loevinger f 1= %
Conviction % b
P(A-B) Gl
Example and Counter-example Rate | 1 — PAB)
Sebag-Schoenauer PP(Equg)
Leverage P(BJA) — P(A)P(B)
Least Contradiction w G
Accuracy P(AB) + P(-A-B) 2
) (P(AB)—P(A)P(B))* 4 PEAB)= P(=A)P(B))*
Pearson’s x* > IT| x ( P(A)P(B) P(-A)P(B) )
(P(A=B)— P(A)PhB))z (P(zA~B)—P(=A)P(=B))?
+|T| x ( P(A)P(B) o P(~A)P(=B)
Gini Index > P(A) x (P(B|A)Z + P(=BJA)?) + P(—A) x (P(B[-A)?+
P(=B|-A)?) — P(B)* — P(-B)?
J-measure (AB)ZOQ( P(](BI?)) + P(AﬁB)ZOQ(%)
® Linear Correlation Coefficient L(2B) _FA)F(E)
\/P(A)P(B)P(=A)P(-B)
Two-Way Support Variation P(AB) x lom% + P(A-B) x 5092%4‘ a
P(-AB P(-A-B 3
P(=AB) x loga 7P(_‘(A)P(3B) + P(—~A-B) x logpm
( [TTXP(B) )( [TTXP(=B) )
Fisher’s exact test [T1x P(25) |7—‘|T‘XP(AﬁB)
| TIxP(A)
Jaccard P(AB)/(P(A) + P(B) — P(AB))
o __P(AB)
vV P(A)P(B) G
Two-Way Support P(AB) x ZOQQ% ’
Piatetsky-Shapiro P(AB) — P(A)P(B)
Klosgen /P(AB)maz(P(B|A) — P(B), P(A|B) — P(A)) Gs
Specificity P(=B[-4)
Recall P(A|B)
P(AB)F+P(—B[-A) 1-P(A)P(B)—P(=A)P(=B) Ge

Collective Strength

P(A)P(B)+P(-A)P(-B) 1-P(AB)—P(—-B|-A)
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CHARACTERISTICS OF GROUPS

0.3
G;

0.25 - X G2 X
R0 — v gs X
S ¥k O 4 O
= Gg +
(@)
(@)

o
o ©
01 —h
| l
_|_
_I_

o

0.05 0.1 0.15 0.2 0.25 0.3 0.35
recall
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USER STUDY

- 2 experienced analysts from Intermarche
* 6 groups of measures
* | representative per group

» For a given target, find which measure highlights
the most interesting/usable rules

o



USER STUDY INTERFACE

X + -

/ P Corrélations démograp... x |

Correlations demographie/segments - Mozilla Firefox

a9 3 A4 e

———— = p e [ 2 ([ — e e »
B > LIQUIDES v  Choisissez un segment... ~ Re-initialiser
Associations ciblant LIQUIDES triées par B
Confiance de Part pour ce

Rang Contexte — Cible Nb. tickets I'association contexte

1 M LIQUIDES 31369982 52,57 % 20,33 %

2 M Local LIQUIDES 27 518 866 52,52 % 17,84 %

3 50-64 M LIQUIDES 8400786 55,10 % 5,45 %

4 50-64 LIQUIDES 43305147 4981 % 28,07 %

5 50-64 M Local LIQUIDES 7298233 5521 % 4,73 %

6 Nord-Pas-de-Calais LIQUIDES 7540947 5491 % 4,89 %

7 50-64 Local LIQUIDES 37392905 49,82 % 24,24 %

8 Nord-Pas-de-Calais Local LIQUIDES 6 756 335 54,72 % 4,38 %

9 35-49 LIQUIDES 37923544 4972 % 24,58 %

10 lle-de-France LIQUIDES 10223497 51,94 % 6,63 %
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USER STUDY RESULTS

* Precision Is key
« Rules feel reliable and usable

« Unexpected results are unsettling

* Filtering eliminates surprises
* Precision/Recall trade-off favored

» Scrolling for anti-associations

515



CAPA CONCLUSION

» Generic framework for comparing rankings
» In retall, Lift I1s a good choice
» How do we promote anti-associations!

» [wo-phase ranking to combine efficiency and
quality

» JopPl mines top- 1000 using support, then
CAPA re-ranks for top-50 using Lift

574



