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High-utility itemset mining

Input

a transaction database

Transaction

a unit profit table

Item |a b ¢ d
Profit | 5 2 1 2

e
3

minutil: a minimum utility threshold set by the user (a positive integer)



High-utility itemset mining

a unit profit table

Item |a b ¢ d
Profit | 5 2 1 2

e
3

minutil: a minimum utility threshold set by the user (a positive integer)

Input
a transaction database
TID | Transaction
Ty |(a,1), (b,5), (¢, 1), (d,3), (e, 1), (/. 5)
T2 (br 4)1 ('::' 3)? (da 3}3 (E, 1}
Ts |(a,1),(c,1),(d, 1)
Ty |(a,2), (c,6), (e, 2), (9,5)
T5 {b‘} 2)1 (C} 2]} (E} l)} (Q} 2}
Output

All high-utility itemsets (itemsets having a utility = minutil)
For example, if minutil = 33%, the high-utility itemsets are:

{b,d,e} 36% {b,c,d} 34%
2 transactions 2 transactions
{b,c,d,e} 40% {b,ce} 37%
2 transactions 3 transactions




Utility calculation

a transaction database

TID | Transaction

a unit profit table

Item |a b ¢ d e f g |
Profit [ 5 2 1 2 3 1 1

The utility of the itemset {b,d,e} Is calculated as follows:

u({b,d,e}) = (5x2)+(3x2)+(3x1) + (4x2)+(2x3)+(1x3) = 36%

utility in
transaction T,

utility in
transaction T,



A difficult task!

Why? the utility measure is neither monotonic nor
anti-monotonic.

a transaction database

TID|Transaction

Ti [(a,1), (,5), (&, 1), (4 3), (&, 1), (1, 5)
T> ((b,4),(c,3),(d,3), (e, 1)

T |(a, 1), (e, 1), (d, 1)

1’ (‘1:2):(&16)1(5&2)1(915)

Ts |(b,2),(c,2), (e, 1),(g,2)

u({b,d,e}) = 36%
u{b,c,d,e}) = 40%
u{a,b,c,defh)=30%

a unit profit table

Item

c d

Profit




Previous work

 Several algorithms:
 EFIM, FHM, BAHUI, IHUP, Two-phase, Umining...)
» Key idea:

e calculate an upper-bound on the utility of
itemsets (e.g. the TWU) that is monotonic to be
able to prune the search space.



The TWU upper-bound

TWU of an itemset: the sum of the utility of
transactions containing the itemset.

a transaction database . a_unit Erofit ‘}ablef ‘
= em | a C , € g
TID|Transaction Profit |5 2 1 2 3 1 1 ‘

I (ﬂ, 1):' (b: 5): (C, 1)'1 (dr 3)1r (F:,, 1)? (fﬂ 5)
T> |(b,4), (¢, 3), (d,3), (e, 1)

T5 |(a,1),(c,1),(d, 1)

T (‘1:2): (ca 6)1 (612)1 (915)

Ts |(b,2),(c,2), (e, 1),(g,2)

TWU({c,d}) = TU(T1)+TU(T2)+TU(T3)
=30+20+ 38 =258

Property: The TWU of an itemset is an upper bound on its utility, and all its supersets. !



Problem

— Current algorithms are useful for discovering
profitable itemsets.

— But can find a large amount of itemsets

— Long itemsets are often Infrequent or too
specific

— A solution: use a length constraint



Naive approach

* Introduce a parameter

* Modify an algorithm to not extend an itemset
with an item if its number of items is equal to

 Drawback:

— does not reduce upper-bounds on the utilities of
itemsets to prune the search space.

— having tight upper-bounds is crucial for pruning
the search space efficiently.



Contribution

 We introduce the idea of reducing upper-bounds
on the utilities of itemsets using length constraints.

* Two novel upper-bounds
— RTWU
— Revised Remaining Utility
* A modified algorithm called FHM+
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Largest utilities of a transaction

The maxlengthlargest utility values in each
transaction:

maxLength = 3

TID|Transaction
(a,1),(b,5),(c,1),(d,3), (e, 1), (f,5)

:1), (9,2)

T> 1(0,4), (¢, 3), (d, 3), (e, T)
T3 (ﬂa l]a (C, 1)1 (d& 1)
Iy (aag):(ﬂﬂ 6)1(8 2)1(915)
Ts [(b,2),(c,2), (e

Item

a b
52

el

d
2

e
3

el

Profit

L(T,) =10, 6, 5

RTU(T,) = 21
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Largest utilities of a transaction

Find the maxLengthlargest utility values in each

transaction:

maxLength = 3

TID|Transaction
Tl (a 1) (b 5): ({" 1) (d 3) (E} 1)& (f 5)
T> ((b,4),(c,3),(d,3), (e, 1)
T3 (ﬂ,l],(ﬂ 1)1(d& 1)
T (aig):(P 6)1(812)1(915)
Ts |(b,2),(c,2),(e,1),(g,2)

L(T,) = 10, 6, 5
L(T,) =8, 6, 3
L(T,) =5,2, 1
L(T,) = 10,6,6
L(To) = 4,3, 2

RTU(T,) = 21
RTU(T,) = 17
RTU(T,) = 8
RTU(T,) = 22
RTU(T:) = 9
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The RTWU upper-bound

 RTWU of an itemset X : The sum of the RTU values of
transactions containing X

* Itis an upper-bound on its utility and the utility of its supersets

X ={c,d} maxLength = 3

TID|Transaction

11 (“: 1): (b: 5): (c, 1), (d& 3)& (Er 1)& (fa 5) RTU(T]_) = 21
Ty Eb, 4)], ((c:} 3))} ((d,3)), (e, 1) RTU(T,) = 17
T3 ﬂ,l,ﬂ,l,d,l —

Ti (@, 2), (©.6), (¢, 2):(4.5) A St
T |(b,2),(c,2), (e, 1), (9,2) (Ty) =

RTU(T.) = 9

RTWU( {c,d}) = RTU(T1) + RTU(T2) + RTU(T3)

= 21+ 17

+8 =48
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Largest utilities w.

r.t an itemset in a

transaction
Given an itemset X, find the maxLength- | X]largest
utility values in the transaction that can extend X:

X ={a}

TID|Transaction

13 (ﬂ: 1): (b: 5): (ﬂ, 1)'1 (d*.r 3)? (E? 1)1 (fa 5)

12 |(b,4),(¢,3),(d,3), (e, 1)

s (a, 1), (¢, 1), (1)
T—‘-L {[I-, 2]1 (ﬂa 6)3 {Ea 2)3 ((L 5)

I {b, 2)1 (Cs 2)5 (55 1): (ga 2}
[tem [a b ¢ d e f g \
Profit |5 2 1 2 3 1 1 |

maxLength = 3

RRU(T,) = 10, 6

RRU(T,) =2, 1
RRU(T,) = 6,6

14



The Revised Remaining Utility

* RREU of an itemset X: The sum of the utilities of the itemset +
the largest remaining utilities w.r.t that itemset

* An upper-bound on the utility of X and the utility of its

supersets

X ={a} maxLength = 3

TID|Transaction

T: |(a,1),(b,5),(c,1),(d,3), (e, 1), (f,5)| RRU(T,) =10, 6 U(T,) =5

T> (b, 1), (¢, 3), (d,3), (e, 1)

Ty (@D, (e.1). (@) RRU(T)=2,1  U(Ty)=5
Ty [(a,2),(c.6), (,2). (,5) RRU(T,) = 6,6 U(T,) = 10
TF—' {b1 2)1 (C? 2)? (E? l)? (-g? 2}

Item [a b ¢ d e f g\

Profit [5 2 1 2 3 1 1 |
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The Revised Remaining Utility

* RREU of an itemset X: The sum of the utilities of the itemset +
the largest remaining utilities w.r.t that itemset

* An upper-bound on the utility of X and the utility of its
supersets
X ={a} maxLength = 3

TID|Transaction

Ty |(a,1),(b,5),(c,1),(d,3), (e, 1), (f,5)]| RRU(T,) =10, 6 U(T,) =5
12 [(0,4),(c,9),(d,3), (e, 1}

T |(a,1),(c,1),(d, 1) RRU(T;) =2, 1 U(T3) =5
TLL {[1,2),((3,6),{E,2),(_(}',5) RRU(T4):6,6 U(T4):1O
T5 {big)i(caz):(eal):(gag}

Item |a b ¢ d e f g\

Profit [5 2 1 2 3 1 1 |

RREU({a}) = RRU(T1) + U(T1) + RTU(T2) +U(T2) + RRU(T3) + U(T3)
= (16 +5)+(3+5)+ (12 + 10) =52 16



The FHM+ algorithm

* An algorithm for mining high utility-itemsets with length
constraint

* |t performs a depth-first searc‘l’/'/ \\

{a} {b} {c}

AN N

{a.c}) {a,d} {b.c} {b.d} {c.d}

N |

{a.b.c} {a,b.d} {a,c.d} {b.c,d}

i

{a.b.c.d}

* |t applies pruning strategies to prune the search space
based on uoper-bounds on the utilitv.

17



Creating utility-lists

Scan the database to create a utility-list for each
Iitemset

ltemset {a} ltemset {b}
T1 5 {10,6] 10 {6, 3]
T3 5 {2,1} T2 8 {6, 3}

T4 10 {6, 6} TS5 4 {3, 2}

18



Creating utility-lists

Scan the database to create a utility-list for each
Iitemset

ltemset {a} ltemset {b}
T1 5 {10,6] 10 {6, 3]
T3 5 {2,1} T2 8 {6, 3}
T4 10 {6, 6} 5 4 {3, 2}
20% 32%

\ }
|

Upper-bound: 52%
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Generating larger itemsets

ltemset {a} ltemset {b}
{10,6] 10 {6, 3]

T3 5 {2,1} T2 8 {6, 3}
T4 10 {6, 6} 5 4 {3, 2}

\ 4

ltemset {a,b}

Utility | Largest utilities

T1 15 {10}
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Generating larger itemsets

ltemset {a} ltemset {b}
{10,6] 10 {6, 3]

T3 5 {2,1} T2 8 {6, 3}
T4 10 {6, 6} 5 4 {3, 2}

\ 4

ltemset {a,b}

Utility | Largest utilities

T1 15 {10}

\ 15% 10% |

|
Upper-bound: 25%

21



Algorithm 1. The FHM+ algorithm

Pseudocode

input : D: a transaction database, minutil, minlength, maxlength:
user-specified parameters
output: the set of high-utility itemsets

Scan D once to calculate the RI'WU of single items;

I* «— each item i such that RI'WU(i) > minutil;

Let = be the total order of RTWU ascending values on I*;

Scan D to build the revised utility-list of each item 7 € I* and build the EUCS
structure;

5 if minlength < 1 then output each item ¢ € I™ such that
SUM({i}.utilitylist.iutils) > minutil if mazlength > 1 then Search (), I'*,
minutil, minlength, mazxlength, EUCS)

= W =

Algorithm 2. The Search procedure
input : P: an itemset, ExtensionsOfP: a set of extensions of P, minutil,
minlength, maxlength: user-specified parameters, FUC'S: the EUCS
output: the set of high-utility itemsets

foreach itemset Px € ExtensionsOfP do

if SUM(Px.utilitylist.iutils)+SUM(Px.utilitylist.llist) > minutil then
Extensions OfPr «— 0;

foreach itemset Py € ExtensionsOfP such that y = = do
if d(z,y,c) € EUCS such that ¢ > minutil then

Pxy «— Px U Py;

Pxy.utilitylist «— Construct (P, Pz, Py);
ExtensionsOfPr «— ErxtensionsOfPr U Pxy;

if SUM(Pxy.utilitylist.iutils) > minutil and
minlength < |Pzy| < mazlength then output Pz
10 end

© 0~ & ot e Wk =

11 end
12 if |Pzy| < mazlength then Search (Px, ErtensionsOfPz, minutil)
13 end

14 end
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Experimental Evaluation

Datasets’ characterictics

transaction distinct item average
count count transaction
length
Chainstore 1,112,949 46,086 7.2
Retail 38,162 16,470 10.3
Mushroom 8,124 119 23

Retall and Chainstore are real-life transaction datasets from retail
stores.

Mushroom is a dense dataset with long transactions
23



Experimental Evaluation

 We compared the performance:
— FHM
— FHM+ with maxLength varied from 1 to 5

 We varied the minutil threshold and measured
— execution time
— number of patterns

— memory usage

e Java, 12 GB of RAM, Windows 7, 64 bit Core i5 CPU

24



Chainstore 3 t0 10 times

f up to 50%
Execution Time a5

Number of patterns less patterns

" 140 1000
—m— FHM+ maxlengh=1 00 —&— maxLength 1
120 3 & FHM#+ maxlengh=2 860 —#— maxLength 2
100 { maxLength 3
= = 700
& = —»— maxLength 4
z g 900 #— maxlLength 5
- £ 007 —e—allHUIs
S = 400 A
= =
& 300 -
200 -
100 -
T 1 0 T
600000 1100000 1600000 600000 11000090 1600000
Retall | up to 13
210 17 times tirlc:]es oSS
Execution Time faster Number of patterns
patterns
1000 100,000,000
1 —#— FHMPlus 1 - —&— maxLength 1
_ —#&— FHMPlus 2 | 10,000,000 - ~—&— maxLength 2
4 FHMPlus 3 maxLength 3
z 100 {50 « FHMPlus4 | 00999 1" = maxLength 4
E o FHMPlus5 | E 100,000 A —&—maxLength 5
= 9 —e— allHUIs
g 10 S 10,000 7
.____,4._\ g l,ﬂﬂﬂ .
1 : - . . | 100 : . . . ]
0 2000 4000 6000 8000 10000 0 2000 4000 . 6000 8000 10000

minautil minuti



Mushroom

350
300
250
200
150

Runtime (s)

100
30

) _ 15 to 1400
Execution TIMe times faster
10,000,000
—— FHM+ maxlengh=1
4— FHM+ maxlengh=2 | 1,000,000
FHM+ maxlengh=3 | =
—#— FHM+ maxlengh=4 § 100,000
—&— FHM+ maxlengh=5 | =
FHM £ 10,000
a
1,000
*_
—— 100
5000000 10000000

minutil

up to 2,700
times less
Number of patterns patterns
—— maxlength 1
i #— maxlength 2
. maxLength 3
{ . ~e. —%—ma h 4
"““mmﬁ %, —* maxlength5
. B S "'Li-—-alll-w_ Is
A e, e ]
- T e
i——__l_ . N -3
I ] ] ] i ?
0 2000000 4000000 6000000 8000000 1000000
minutil
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Maximum Memory usage (MB)

Chainstore 5% to 50%
Retail 5% to 50%
Mushroom 25 % to 50 %

Efficiency vs Naive approach

Chainstore up to 4 times faster
Retail up to 2 times faster
Mushroom up to 2 times faster

27



Conclusion

* Contribution:
U Novel algorithm for mining high utility itemsets while considering
the length constraint named FHM+
U Novel concept of Length upper-bound reduction
U Two new upper-bounds: revised TWU and revised remaining utility

* Experimental results:
— FHM+ can greatly reduce execution time, memory usage, and the
number of patterns founds
e Source code and datasets available as part of the

SPMF data mining library (GPL 3).

8@m “ Open source Java data mining software, 120 algorithms
| _I_I -y http://www.phillippe-fournier-viger.com/spmf/
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Thank you. Questions?

o

SPLE

Open source Java data mining software, 120 algorithms
http://www.phillippe-fournier-viger.com/spmf/
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