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ABSTRACT	

Data	 mining	 is	 the	 process	 of	 revealing	 previously	 unknown	 and	 potentially	 useful	 information	 from	 large	 databases.	
Traditional	mining	techniques	have	focused	largely	on	detecting	the	statistical	correlations	between	the	items	that	are	more	
frequent	in	the	transaction	databases.	Utility	Mining	which	is	an	emerging	topic	in	the	field	of	data	mining,	not	only	considers	
the	 frequency	 of	 the	 itemsets	 but	 also	 considers	 the	 utility	 associated	 with	 the	 itemsets.	 The	 term	 utility	 refers	 to	 the	
importance	or	the	usefulness	of	the	itemset	in	transactions	quantified	in	terms	like	profit,	sales	or	any	other	user	preferences.	
It	finds	out	high‐utility	itemsets	by	considering	both	the	important	factors	of	profit	and	quantity.	Mining	high	utility	itemsets	
from	a	transactional	database	refers	to	the	discovery	of	itemsets	with	high	utility	like	profits.	Although	a	number	of	relevant	
approaches	have	been	proposed	in	recent	years,	but	they	incur	the	problem	of	producing	a	large	number	of	candidate	itemsets	
for	high	utility	itemsets.	Such	a	large	number	of	candidate	itemsets	degrades	the	mining	performance	in	terms	of	execution	
time	and	space	requirement.		In	this	paper,	we	propose	an	algorithm,	namely	UP	Growth	++,	for	mining	high	utility	itemsets.	
Experimental	 results	 show	 that	 the	 proposed	 algorithm	 outperform	 other	 algorithms	 UP	 Growth	 and	 UP	 Growth+	
substantially	in	terms	of	space	utilized	for	execution	and	in	runtime.	The	term	dynamic	is	used	since	the	items	used	for	utility	
mining	are	selected	dynamically	from	the	list.	

Index	Terms:	Utility	Mining,	UP	Growth,	UP	Growth+,	and	UP	Growth++	etc.	

1.	INTRODUCTION	

Data	 mining	 refers	 to	 extracting	 or	 mining	 knowledge	
from	large	amounts	of	data.The	task	of	 finding	frequent	
patterns	 in	 data	 mining	 in	 large	 databases	 is	 very	
important	use	full	in	many	applications	over	the	past	few	
years.	 The	 primary	 goal	 is	 to	 discover	 hidden	 patterns,	
unexpected	trends	in	the	data.	Data	mining	is	concerned	
with	 analysis	 of	 large	 volumes	 of	 data	 to	 automatically	
discover	 interesting	 regularities	 or	 relationships	 which	
in	 turn	 leads	 to	better	understanding	of	 the	underlying	
processes.	 Data	 mining	 activities	 uses	 combination	 of	
techniques	 from	 database	 artificial	 intelligence,	
statistics,	 technologies	 machine	 learning.	 This	 includes	
bioinformatics,	 genetics,	 medicine,	 clinical	 research,	
education,	retail	and	marketing	research.	

Discovering	 useful	 patterns	 hidden	 in	 a	 database	 plays	
an	 essential	 role	 in	 several	 data	 mining	 tasks,	 such	 as	
frequent	 pattern	 mining,	 weighted	 frequent	 pattern	
mining	 and	 high	 utility	 pattern	 mining.	 Among	 them,	
frequent	pattern	mining	is	a	fundamental	research	topic	
that	 has	 been	 applied	 to	 different	 kinds	 of	 databases,	
such	as	transactional	databases.	It	is	used	in	the	analysis	
of	 customer	 transactions	 in	 retail	 research	 where	 it	 is	
termed	as	market	basket	analysis	and	also	been	used	to	
identify	the	purchase	patterns	of	the	consumer.	

In	 Data	 Mining	 the	 task	 of	 finding	 frequent	 pattern	 in	
large	 databases	 is	 very	 important	 use	 full	 in	 many	

applications	 over	 the	 past	 few	 years.	 This	 task	 is	
computationally	more	expensive,	especially	when	a	large	
number	of	patterns	exist.	This	large	number	of	patterns	
which	 are	mined	 during	 the	 various	 approaches	makes	
the	user	very	difficult	to	identify	the	patterns	which	are	
very	 interesting	 for	 him.	 The	 goal	 of	 frequent	 itemset	
mining	 is	 to	 identify	 all	 frequent	 itemsets.	 The	
generations	 of	 association	 rules	 are	 straight	 forward,	
once	 the	 frequent	 itemsets	 are	 identified.	 In	 the	 real	
world,	 however,	 each	 item	 in	 the	 supermarket	 has	 a	
different	 importance/price	 and	 single	 customer	will	 be	
interested	 in	 buying	 multiple	 copies	 of	 same	 item.	
Therefore,	finding	only	traditional	frequent	patterns	in	a	
database	 cannot	 fulfill	 the	 requirement	 of	 finding	 the	
most	 valuable	 customers/itemsets	 that	 contribute	 the	
most	to	the	total	profit	in	a	retail	business.	

The	 problem	 of	 frequent	 itemset	 mining	 is	 finding	 the	
complete	 set	 of	 itemsets	 that	 appear	 with	 high	
occurrence	 in	 transactional	 databases.	 However	 the	
utility	 of	 the	 itemsets	 is	 not	 considered	 in	 ordinary	
frequent	 itemset	 mining	 algorithms.	 Frequent	 itemset	
mining	 only	 considers	 whether	 an	 item	 has	 occurred	
frequently	in	database,	but	ignores	both	the	quantity	and	
the	utility	associated	with	the	item.		

Utility	mining	is	one	of	the	most	challenging	data	mining	
tasks	 is	 the	 mining	 of	 high	 utility	 itemsets	 efficiently.	
Identification	of	the	itemsets	with	high	utilities	 is	called	
as	Utility	Mining.	The	utility	can	be	measured	as	per	the	
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user	 preferences	 utility	 can	 be	 measured	 in	 terms	 of	
cost,	 profit	 or	 other	 expressions.	 The	 limitations	 of	
frequent	 or	 rare	 itemset	mining	motivated	 researchers	
to	 conceive	 a	 utility	 based	 mining	 approach,	 which	
allows	 a	 user	 to	 conveniently	 express	 his	 or	 her	
perspectives	 concerning	 the	 usefulness	 of	 itemsets	 as	
utility	 values	 and	 then	 find	 itemsets	 with	 high	 utility	
values	 higher	 than	 a	 threshold.	 In	 utility	 based	mining	
the	term	utility	refers	to	the	quantitative	representation	
of	 user	 preference	 i.e.	 according	 to	 an	 itemsets	 utility	
value	 is	 the	 measurement	 of	 the	 importance	 of	 that	
itemset	 in	 the	 user’s	 perspective.	 Mining	 high	 utility	
itemsets	 from	 databases	 refers	 to	 finding	 the	 itemsets	
with	 high	 profits.	 High	 utility	 itemsets	 mining	 has	
become	 one	 of	 the	 most	 interesting	 data	 mining	 tasks	
with	broad	applications	and	it	identifies	itemsets	whose	
utility	 satisfies	 a	 given	 threshold.	 By	 using	 different	
values	 it	 allows	 users	 to	 quantify	 the	 usefulness	 or	
preferences	of	items	using	different	values.	

Dynamic	 High	 Utility	 Itemset	 Mining	 refers	 to	 mining	
high	 utility	 itemsets	 from	 the	 transactional	 database	
dynamically.	

1.1RELATED	WORK	

Utility	 mining	 emerges	 as	 an	 important	 topic	 in	 data	
mining	field.	Here	high	utility	item	sets	mining	refers	to	
importance	or	profitability	of	an	 item	to	users.	Number	
of	algorithms	like	apriori	(level	–	wise	search)	has	been	
proposed	 in	 this	 area,	 they	 cause	 the	 problem	 of	
generating	 a	 large	 number	 of	 candidate	 itemsets.	 That	
will	 lead	 to	high	 requirement	of	 space	 and	 time	and	 so	
that	performance	will	be	 less.	 It	 is	not	at	all	good	when	
the	 database	 contains	 transactions	 having	 long	 size	 or	
high	utility	itemsets	which	also	having	long	size.	Mining	
high	utility	item	sets	from	databases	refers	to	finding	the	
itemsets	with	high	profits.	Here,	the	meaning	of	item	set	
utility	 is	 interestingness,	 importance,	 or	 profitability	 of	
an	item	to	users.	

2.	EXISTING	SYSTEM	

Existing	 studies	 applies	 overestimated	 methods	 to	
facilitate	 the	 performance	 of	 utility	 mining.	 In	 these	
methods,	 potential	 high	 utility	 item	 sets	 (PHUIs)	 are	
found	 first,	 and	 then	 an	 additional	 database	 scan	 is	
performed	 for	 identifying	 their	 utilities.	 However,	
existing	methods	often	generate	a	huge	set	of	PHUIs	and	
their	 mining	 performance	 is	 degraded	 consequently.	
This	 situation	 may	 become	 worse	 when	 databases	
contain	 many	 long	 transactions	 or	 low	 thresholds	 are	
set.	 The	 huge	 number	 of	 PHUIs	 forms	 a	 challenging	
problem	 to	 the	 mining	 performance	 since	 the	 more	
PHUIs	 the	 algorithm	 generates,	 the	 higher	 processing	
time	 it	 consumes.	 To	 address	 this	 issue,	 two	 novel	
algorithms	 as	 well	 as	 a	 compact	 data	 structure	 for	
efficiently	 discovering	 high	 utility	 itemsets	 from	
transactional	 databases	 can	 be	 used.	 The	 proposed	
algorithm	 UP	 Growth++	 outperforms	 the	 above	
algorithms	 UP	 Growth	 and	 UP	 Growth+	 in	 terms	 of	
memory	space	utilization	and	run	time.	

2.1	PROBLEMS	WITH	EXISTING	SYSTEM	

	

1)	Existing	methods	often	generate	a	huge	set	of	PHUIs	
and	their	mining	performance	is	degraded	consequently.	

2)	 The	 huge	 number	 of	 PHUIs	 forms	 a	 challenging	
problem	 to	 the	 mining	 performance	 since	 the	 more	
PHUIs	 the	 algorithm	 generates,	 the	 higher	 processing	
time	it	consumes.	

3)	 Large	 number	 of	 candidate	 itemsets	 degrades	 the	
mining	 performance	 in	 terms	 of	 execution	 time	 and	
space	requirement.	

3.	DESIGN	

There	 are	 various	 methods	 for	 mining	 high	 utility	
itemsets.	 Mining	 high	 utility	 itemsets	 has	 four	 main	
methods	used	 for	 from	transactional	databases	 that	are	
given	as	follows:		

3.1DATA	STRUCTURE	

Data	Structure	is	nothing	but	organizing	the	data	so	that	
we	 can	 use	 that	 data	 efficiently.	 Mining	 high	 utility	
itemsets	Keep	in	a	special	data	structure	called	UP‐Tree.	
This,	 compact	 tree	 structure,	UP‐Tree,	 is	used	 for	make	
possible	 the	 mining	 performance	 and	 avoid	 scanning	
original	 database	 repeatedly.	 It	 will	 also	 keep	 the	
transactions	information	and	high	utility	itemsets.		

3.2UP‐GROWTH	MINING	METHOD	

In	the	first	step	we	get	the	global	UP	tree	that	is	mining	
UP‐Tree	by	FP‐Growth.	Which	can	be	used	for	generating	
PHUIs	 will	 generate	 so	 many	 candidates	 in	 order	 to	
avoid	 that	 UP‐Growth	 method	 is	 used	 with	 two	
techniques	mainly:	 First	 one	 is	 discarding	 unpromising	
items	during	constructing	a	local	UP‐Tree	and	second	is	
discarding	local	node	utilities.		

3.3AN	IMPROVED	MINING	METHOD:	UP‐GROWTH+	

As	 compared	 with	 UP‐Growth	 FP‐Growth	 gives	 the	
better	 performance.	 FP	 growth	 is	 used	 to	 find	 the	
frequent	 itemsets.	 FP‐Growth	 uses	 DLU	 and	 DLN	 to	
decrease	 overhead	 utilities	 of	 itemsets.	 However,	 the	
overestimated	 utilities	 can	 be	 closer	 to	 their	 actual	
utilities	 by	 eliminating	 the	 estimated	 utilities	 that	 are	
closer	 to	 actual	 utilities	 of	 unpromising	 items	 and	
descendant	 nodes.	 In	 this	 section,	 we	 propose	 an	
improved	 method,	 named	 UP‐Growth+,	 for	 reducing	
overestimated	 utilities	 more	 effectively.	 In	 UP‐Growth,	
minimum	 item	 utility	 table	 is	 used	 to	 reduce	 the	
overestimated	 utilities.	 In	 UP‐Growth+,	 minimal	 node	
utilities	 in	 each	 path	 are	 used	 to	 make	 the	 estimated	
pruning	values	closer	to	real	utility	values	of	the	pruned	
items	in	database.	

3.4	EFFICIENTLY	IDENTIFY	HIGH	UTILITY	ITEMSETS		

After	 finding	all	PHUIs,	 the	third	step	 is	 to	 identify	high	
utility	 itemsets	and	 their	utilities	 from	 the	 set	of	PHUIs	
by	 scanning	 original	 database	 once	 .	 However,	 in	
previous	 studies,	 two	 problems	 in	 this	 phase	 occur:	 1)	
number	 of	 HTWUIs	 is	 too	 large;	 and	 (2)	 scanning	
original	 database	 is	 very	 time	 consuming.	 In	 our	
framework,	overestimated	utilities	of	PHUIs	are	smaller	
than	or	equal	to	TWUs	of	HTWUIs	since	they	are	reduced	
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by	the	proposed	strategies.	Thus,	the	number	of	PHUIs	is	
much	smaller	 than	 that	of	HTWUIs.	Therefore,	 in	phase	
II,	 our	 method	 is	 much	 efficient	 than	 the	 previous	
methods.	 Moreover,	 although	 our	 methods	 generate	
fewer	candidates	

3.4DATA	FLOW	DIAGRAM		

The	 below	diagram	depicts	 the	 complete	 chain	 process	
of	calculating	and	displaying	the	high	utility	itemsets.	In	
this	 comparing	 with	 threshold	 value	 gives	 the	 High	
utility	item	sets	as	the	results.	

	

Figure	1:	Data	Flow	Diagram	

4.	PROPOSED	SYSTEM	

The	 proposed	 strategy	 can	 not	 only	 decrease	 the	
overestimated	 utilities	 of	 PHUIs	 but	 greatly	 reduce	 the	
number	of	candidates.	It	initialises	the	count	of	each	item	
of	 the	 PHUIs	 and	 later	 after	 the	 construction	 of	 the	
conditional	pattern	base	the	 items	are	filtered	based	on	
their	 count.	 Different	 types	 of	 both	 real	 and	 synthetic	
data	 sets	 are	 used	 in	 a	 series	 of	 experiments	 to	 the	
performance	 of	 the	 proposed	 algorithm.	 Experimental	
results	 show	 that	 UP	 Growth++	 outperform	 other	
algorithms	 substantially	 in	 term	 of	 memory	 space	
utilization	and	run	time.	The	major	steps	of	the	methods	
used	 are:	 1)	Double	 scan	 the	 database	 to	 construct	 the	
global	 UP‐Tree.	 2)	 From	 global	 UP‐Tree	 and	 local	 UP‐
Trees	 by	 UP‐Growth	 generate	 the	 potential	 high	 utility	
itemsets	recursively	or	by	UP‐Growth+.3)	from	the	set	of	
PHUIs	 identify	 actual	high	utility	 item	set	 after	 filtering	
based	on	the	count.	

4.1PROPOSED	ALGORITHM	

Subroutine:	UP‐Growth++(Tx,	Hx,	X)	

Input:	 A	 UP‐	 Tree	 Tx,	 a	 Header	 table	 Hx	 for	 Tx,	 an	
itemset	X	and	minimum	utility	threshold	min_util	

Output:	All	PHUIs	in	Tx.	

(1) For	each	entry	ik	in	Hx	do	

(2) Trace	 each	 node	 related	 to	 ik	 via	 ik.hlink	 and	
accumulate	ik.nu	to	nusum(ik);	

(3) If	nusum(ik)	≥min_util,	do	

(4) Generate	a	PHUI	Y=XUik;	

(5) Initialise	count	of	each	item;		 	 	

(6) Set	pu(ik)	as	estimated	utility	of	Y;	

(7) Construct	Y‐CPB;	

(8) Put	local	promising	items	in	Y‐CPB	into	Hy;	

(9) Filter	count;	

(10) Apply	DLU	to	reduce	path	utilities	of	the	paths;	

(11) Apply	 Insert_Reorganized_Path	 to	 insert	 paths	
into	Ty	with	DLN;	

(12) If	Ty≠null	then	call	UP‐Growth++(Ty,Hy,Y);	

(13) End	if	

(14) End	for	

Subroutine:	Insert_Reorganized_Path(N,ix)	

Line	 1:	 If	 N	 has	 a	 child	 Nix	 such	 that	 Nik.item=ix,	
increment	Nix.count	by	pj.count.	

Otherwise,	create	a	new	child	node	Nix,	with	Nix.item=ix,	
Nix.count=pi.count,	Nix.parent=	N	and	Nix.nu	=0	

Line	2:	Increase	Nix.nu	by	eqn	Nik.nunew	=		

	 	 	 			m’	

Nik.nuold+pu(p,{im{CPB)‐	∑	miu(ij)*p.count			

																																																	j=k+1								

Line	3:	 If	 there	 exists	 a	 node	 Nix	 in	 pj	 where	 x+1<m’,	
call	Insert_Reorganized_Path(Nix,	ix+1)	

4.2	PROPOSED	BLOCK	DIAGRAM	

	

Figure	2:	Block	Diagram	

5.	EXPERIMENTS	AND	RESULTS	

After	 constructing	a	global	UP‐Tree,	 a	basic	method	 for	
generating	 PHUIs	 is	 to	 mine	 UP‐Tree	 by	 FP‐Growth.	
However	 too	many	 candidates	will	 be	 generated.	 Thus,	
an	algorithm	UP‐Growth	by	pushing	two	more	strategies	
into	 the	 framework	 of	 FP‐Growth	 is	 proposed.	 By	 the	
strategies,	 overestimated	 utilities	 of	 itemsets	 can	 be	
decreased	and	thus	the	number	of	PHUIs	can	be	further	
reduced.	 Different	 strategies	 are	 used	 while	
implementing	UP‐Growth	and	UP‐Growth+	algorithms.		

UP‐Growth	achieves	better	performance	than	FP‐Growth	
by	 using	 DLU	 and	 DLN	 to	 decrease	 overestimated	
utilities	of	itemsets.	However,	the	overestimated	utilities	
can	be	 closer	 to	 their	 actual	 utilities	 by	 eliminating	 the	
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estimated	 utilities	 that	 are	 closer	 to	 actual	 utilities	 of	
unpromising	 items	and	descendant	nodes.	An	 improved	
method,	named	UP‐Growth+,	for	reducing	overestimated	
utilities	 more	 effectively	 is	 proposed.	 In	 UP‐Growth,	
minimum	 item	 utility	 table	 is	 used	 to	 reduce	 the	
overestimate	 utilities.	 In	 UP‐Growth+,	 minimal	 node	
utilities	 in	 each	 path	 are	 used	 to	 make	 the	 estimated	
pruning	values	closer	to	real	utility	values	of	the	pruned	
items	in	database.	

UP‐Growth++	outperforms	UP‐Growth	 and	UP‐Growth+	
algorithms.	 Since	 in	 the	 UP‐Growth++	 algorithm	 the	
elements	 which	 doesnot	 satisfy	 the	 min_count	 are	
eliminated,	they	are	not	stored	in	the	datastructure.	This	
reduces	the	memory	space	needed	for	the	UP‐Growth++	
algorithm.	 The	 reduction	 in	 the	 memory	 space	 needed	
for	 the	 execution	 of	 an	 algorithm	makes	 the	 algorithm	
more	efficient	in	terms	of	space	utilization.	

The	 memory	 and	 time	 utilized	 by	 the	 different	
algorithms	for	high	utility	itemset	mining	is	described	in	
the	 table	 below.	 The	 table	 includes	 different	 databases	
and	 the	 algorithms	 used	 are	 UP‐Growth,	 UP‐Growth+	
and	UP‐Growth++.	

The	 experiments	 are	 conducted	 on	 various	 datasets	
using	 the	 algorithms	 UPGrowth,	 UPGrowth+	 and	
UPGrowth++	algorithms.		

		

Table	 ‐1:	 Space	 and	 time	utilized	 for	different	high	
utility	itemset	mining	algorithms	

Dataset	

Memory	 Space	 and	Run	 time	Utilized	 for	
execution	

UPGrowth	 UPGrowth+	
UPGrowth
++	

Chess	
49.92MB/6m
s	 49.92MB/4ms	

5.07MB/10
ms	

Context
CFG	

123.541	
MB/5ms	

123.541MB/1
ms	

23.54MB/2
ms	

DB_Utili
ty	

97.691MB/1
9ms	

97.691MB/14
ms	

2.30MB/12
ms	

Tennis	
147.442MB/
87ms	

147.442MB/1
38ms	

47.4MB/13
3ms	

	

6.	CONCLUSION	

In	data	mining	there	are	many	algoritms	for	mining	high	
utility	 Itemsets.	 Various	 algorithms	 for	 high	 utility	
itemsets	 are	 considered.	 An	 algorithm	 named	 UP‐
Growth++	 which	 outperforms	 UP‐Growth	 and	 UP‐
Growth+	 is	 proposed.	 Most	 of	 research	 on	 high	 utility	
itemset	 focuses	 on	 static	 databases	 (eg.	 Transaction	
database).	Here	since	the	utility	mining	is	done	based	on	
the	selection	of	the	items	dynamically,	the	utility	mining	
yields	in	better	results.	

	

7.	FUTURE	ENHANCEMENTS	

In	UP‐Growth++	algorithm,	which	is	an	advanced	version	
of	 UP‐Growth+	 algorithm	 uses	 less	 memory	 than	 the	
other	 utility	 mining	 algorithms.	 In	 UP‐Growth++	
algorithm	 the	 count	 of	 each	 item	 is	 initialized.	 Then	
based	 on	 the	 count	 the	 high	 utility	 itemset	 is	 filtered.	
This	makes	the	high	utility	itemset	mining	easier.	

In	this	dynamic	utility	mining	technique,	all	the	elements	
for	mining	are	listed	initially	dynamically.	From	the	list,	
the	 elements	 for	 mining	 can	 be	 selected.	 Based	 on	 the	
elements	selected,	utility	mining	is	done.		

Since	 the	 elements	 are	 listed	 dynamically,	 and	 mining	
from	the	elements	listed,	it	is	called	as	a	Dynamic	Utility	
mining	 technique.	 Dynamic	 Utility	 mining	 has	 more	
advantages	 than	 the	 usual	 mining	 that	 in	 dynamic	
mining	the	elements	can	be	specified	dynamically.	

As	an	application	of	 the	dynamic	utility	mining	 this	can	
be	 applied	 to	 Algo	 Trading.	 Usually	 high	 frequency	
itemset	mining	 is	 used	 in	 Algo	 Trading.	 Since	 Dynamic	
High	Utility	Itemset	Mining	is	giving	better	results	using	
less	memory	resources,	it	can	be	applied	to	Algo	Trading	
for	getting	improved	results	fast.		
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