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Frequent Itemset Mining

TID Items

𝑇 1 a, c

𝑇 2 e

𝑇 3 a, b, c, d, e

𝑇 4 b, c, d, e

𝑇 5 a, c, d

𝑇 6 a, c, e

𝑇 7 b, c, e

A transaction database

minsup = 3

Frequent itemsets (with support ≥ minsup=3)

{a}:4 {b,e}:3

{b}:3 {c,d}:3

{c}:6 {c,e}:4

{d}:3 {b,c,e}:3

{e}:5 …

{a,c}:4

Algorithms
➢ Apriori（VLDB 1994）
➢ Apriori-TID（VLDB 1994）
➢ Eclat（TKDE 2000）
➢ FP-Growth（ACM SIGMOD 2000）

Input: Transaction Database + Minimum Support Threshold (minsup) 

Output: Frequent itemsets, i.e, 
itemsets having support ≥ minsup.
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High Utility Itemset Mining

TID Items

𝑇 1 (a,1), (c,1)

𝑇 2 (e,1)

𝑇 3 (a,1), (b,5), (c,1), (d,3), 
(e,1)

𝑇 4 (b,4), (c,3), (d,3), (e,1)

𝑇 5 (a,1), (c,1), (d,1)

𝑇 6 (a,2), (c,6), (e,2)

𝑇 7 (b,2), (c,2), (e,1)

A transaction database
Item Unit profit

a 5$

b 2$

c 1$

d 2$

e 3$

External utility values

a minutil threshold

{b,d}:30$ {a,c}:34$

{b,e}:31$ {b,d,e}:36$

{a,c,e}:31$ {b,c,e}:37$

{b,c,d}:34$ {b,c,d,e}:40$

Input: Transaction Database + Profit table + Minimum Utility Threshold (minutil) 

Output: High utility itemsets (HUIs), 
i.e., itemsets having utility ≥ minutil.

minutil = 30$



Several algorithms
➢Two-Phase (PAKDD 2005)
➢IHUP (TKDE, 2010)
➢UP-Growth (KDD 2011)
➢HUI-Miner (CIKM 2012)
➢FHM (ISMIS 2014)
➢EFIM (KAIS 2017)
➢mHUIMiner (PAKDD 2017)

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

High Utility Itemset Mining

If 𝑡𝑤𝑢 𝑋 < 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 then X is not HUI with all its 
extensions.



High Utility Itemset Mining

TID Items

𝑇 1 (a,1), (c,1)

𝑇 2 (e,1)

𝑇 3 (a,1), (b,5), (c,1), (d,3), 
(e,1)

𝑇 4 (b,4), (c,3), (d,3), (e,1)

𝑇 5 (a,1), (c,1), (d,1)

𝑇 6 (a,2), (c,6), (e,2)

𝑇 7 (b,2), (c,2), (e,1)

A transaction database D

Item Unit profit

a 5$

b 2$

c 1$

d 2$

e 3$

External utility values

a minutil threshold

minutil = 45$

TWU pruning strategy

TWU({b,c,d})=u(T3)+u(T4)=25+17=42

∀ 𝑋 ∈ 𝐷, 𝑇𝑊𝑈(𝑋) ≥ 𝑢(𝑋)

{b,c,d} is not HUI with all its 
supersets.

u ( { b , c , d } ) = ( 5 ×2 ) + ( 1 ×1 ) + ( 3 ×2 ) + ( 4 ×2 ) + ( 3 ×1 ) + ( 3 ×2 ) = 3 4
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Limitation
High utility itemset mining

➢The discovered patterns do not provide information about

quantities.

High utility Quantitative itemset mining

➢ Discover all sets of items that have a high utility while

also providing information about item quantities that led

to this utility.

HUIM

Coffee, Cookies, 
Eggs

HUQIM

Coffee:3, Cookies:2,
Eggs:6



Limitation

Consider quantity information

➢Mining high utility quantitative association rules

HUQA: (DAWAK 2007).

➢ Vertical mining of high utility quantitative itemsets

VHUQI: (IEEE GrC 2014).

➢ Efficient mining of high utility quantitative itemsets

HUQI-Miner: (ICDMW:2019).

HUQI-Miner

➢Proposed algorithms still have very long runtimes due to

the very large search space.

Could we make a more efficient algorithm 

with faster execution time? 
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Solution: FHUQI-Miner

➢ HUQIM associates a quantity or range of quantities 
to each item.

TID Items

𝑇 1 (a,2), (b,5), (c,2), (d,1)

𝑇 2 (b,4), (c,3)

𝑇 3 (a,2), (c,2)

𝑇 4 (a,2), (b,6), (d,1)

Item Unit profit

a 3$

b 1$

c 2$

d 2$

a, b, c, d 
HUQIM

Items
(a,2), (b,5),  (c,2), 
(d,1), (c,3), (b,4), 

(b,6), (d,1) 

Q-items

Larger search space



Solution: FHUQI-Miner
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➢ In HUQIM, there are two kind of itemsets to be 
discovered: Exact Q-itemsets and Range Q-itemsets.

➢ Exact Q-itemsets  e.g. [(A,2),(C,6)].  

➢ Range Q-itemsets  e.g. [(A,5),(B,2,4). 

Lower 
bound 
quantity

Upper 
bound 
quantity

Q-interval

4-2+1 = 3

➢ Range Q-itemsets do not exist explicitly in the database. They 
are obtained by combining exact Q-items.



Solution: FHUQI-Miner

FHUQI-Miner

➢ A novel algorithm named FHUQI-Miner (Fast High Utility

Quantitative Itemset miner) is proposed to:

Find High Utility Quantitative Itemsets.

Input: the minimum utility threshold (minutil).

Output: Exact and range Q-itemsets having high

utilities.
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How to calculate the utility?

TID Items

𝑇 1 (a,2), (b,5), (c,2), (d,1)

𝑇 2 (b,4), (c,3)

𝑇 3 (a,2), (c,2)

𝑇 4 (a,2), (b,6), (d,1)

Item Unit profit

a 3$

b 1$

c 2$

d 2$

➢ The utility of the exact Q-itemset [(a,2)(c,2)] is calculated as follows:

u([(a,2),(c,2)]) = u([(a,2),(c,2)],T1) + u([(a,2),(c,2)],T3) = (2 ×3 + 2 ×2 )  +  
( 2×3 + 2×2 ) =20.

➢ The utility of the range Q-itemset [(b,4,5)(c,2,3)] is calculated as follows:

u([(b,4,5),(c,2,3)]) = u([(b,5),(c,2)],T1) + u([(b,4),(c,3)],T2) = (5 ×1 + 2 ×2 )  +  
( 4×1 + 3×2 ) =19.

TID Items

𝑇 1 (a,2), (b,5), (c,2), (d,1)

𝑇 2 (b,4), (c,3)

𝑇 3 (a,2), (c,2)

𝑇 4 (a,2), (b,6), (d,1)

Item Unit profit

a 3$

b 1$

c 2$

d 2$

A transaction database External utility values



Q-itemsets Combination

➢ The combination process is performed to produce high utility
range Q-itemsets by merging Q-itemsets with consecutive
quantities.

➢ It is required to define:

1. The combine-method (Combine-All, Combine-Min, 
Combine-Max).

2. The set of candidate Q-itemsets.

3. The quantitative related coefficient (qrc). 

16
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(A,2)(B,6) (A,2)(C,4) (A,2)(C,5) (A,2)(C,6) (A,2)(C,7) (A,2)(C,9)

(A,2)(C,4,5)

(A,2)(C,4,6)

(A,2)(C,4,7)

(A,2)(C,5,6) (A,2)(C,6,7)

(A,2)(C,5,7)

1

2
2

1

3

3

55

44 66

Q-itemsets Combination
Combine-All
Set of candidate Q-itemsets qrc=4
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Q-itemsets Combination
Combine-All

➢ If all generated Q-itemset are 
HUIs, then Combine-All outputs:

{[(A,2)(C,4,5)], [(A,2)(C,4,6)], 
[(A,2)(C,4,7)], [(A,2)(C,5,6)], 
[(A,2)(C,5,7)], [(A,2)(C,6,7)]}.

➢ Combine-All method 
keeps high utility 
range Q-itemsets from 
colored Q-itemsets.
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(A,2)(B,6) (A,2)(C,4) (A,2)(C,5) (A,2)(C,6) (A,2)(C,7) (A,2)(C,9)

(A,2)(C,4,5) (A,2)(C,5,6) (A,2)(C,6,7)

11 22 33

Q-itemsets Combination
Combine-Min
Set of candidate Q-itemsets qrc=4

utility 
checking 

if it is HUI Go to next 
Q-itemset if it is HUI Go to next 
Q-itemset 
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Q-itemsets Combination
Combine-Min

➢ If all generated Q-itemset are 

HUIs, then Combine-Min outputs:

{[(A,2)(C,4,5)], [(A,2)(C,5,6)], 

[(A,2)(C,6,7)]}.

Minimal Q-intervals

➢ Combine-min method keeps 
high utility range Q-itemsets 
from colored Q-itemsets with 
minimal Q-intervals.



21

(A,2)(B,6) (A,2)(C,4) (A,2)(C,5) (A,2)(C,6) (A,2)(C,7) (A,2)(C,9)

(A,2)(C,4,5)

(A,2)(C,4,6)

(A,2)(C,4,7)

(A,2)(C,5,6) (A,2)(C,6,7)

(A,2)(C,5,7)

1

1
1

1

1

1

22

22 33

Q-itemsets Combination
Combine-Max

Set of candidate Q-itemsets qrc=4
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Q-itemsets Combination
Combine-Max

Maximal Q-interval

➢ Combine-max method keeps 
high utility range Q-itemsets 
with maximal Q-intervals.

➢ If all generated Q-itemset are 

HUIs, then Combine-Min outputs 

only  {[(A,2)(C,4,7)]} and remove 

{[(A,2)(C,5,7)]} and {[(A,2)(C,6,7)]}.
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Problem Definition

Input: Transaction Database + Profit table + Minimum Utility Threshold (minutil) 
+ Combining method+ Quantitative related coefficient (qrc). 

Output: High-utility quantitative 
itemsets (including both range 
and exact Q-itemsets).

TID Items

𝑇 1 (a,2), (b,5), (c,2), (d,1)

𝑇 2 (b,4), (c,3)

𝑇 3 (a,2), (c,2)

𝑇 4 (a,2), (b,6), (d,1)

Item Unit profit

a 42$

b 87$

c 94$

d 97$

External utility values

minutil = 25%=1327

qrc = 5 

(d,4,6):1455$
(c,9) (b,8) (d,6) 
(a,7):2418$

(c,9) (b,8):1542$
(c,9) (b,8) (d,6) 
(a,7):2418$

(c,9) (d,6):1428$ (b,8) (d,6) (a,7):1572$

(c,9) (b,8) (d,6):2124$ (d,4,6) (a,7):1558$$

(c,9) (b,8) (a,7):1836$

Combine_All method

A transaction database a minutil threshold
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Utility-list of (A,2)

TID iutil rutil

𝑇1 6 11

𝑇3 6 4

𝑇4 6 8

Sum 18 23

Q-itemsets Utility-lists

Utility of itemset in a 
transaction

Remaining-utility

➢ An utility-list is created for each Q-itemset.
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Utility-list of (A,2)

TID iutil rutil

𝑇1 6 11

𝑇3 6 4

𝑇4 6 8

Sum 18 23

Utility-list of (D,1)

TID iutil rutil

𝑇1 2 0

𝑇4 2 0

Sum 4 0

Utility-list of 
[(A,2),(D,1)]

TID iutil rutil

𝑇1 8 0

𝑇4 8 0

Sum 16 0

Q-itemsets Utility-lists

➢ The utility-lists of single Q-items can be constructed by
scanning the database.

➢ For other itemsets, it can be obtained by joining their child
Q-itemset’s utility-lists (Join operation).
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Utility-list of 
[(A,2),(C,2)]

TID iutil rutil

𝑇1 10 2

𝑇3 10 0

Sum 20 2

Utility-list of 
[(A,2),(D,1)]

TID iutil rutil

𝑇1 8 0

𝑇4 8 0

Sum 16 0

Utility-list of 
[(A,2),(C,2),(D,1)]

TID iutil rutil

𝑇1 12 0

Sum 12 0

Construction of Utility-Lists for k-Q-itemsets (Join operation).

Q-itemsets Utility-lists

Utility-list of [(A,2)]

TID iutil rutil

𝑇1 6 11

𝑇3 6 4

𝑇4 6 8

Sum 18 23

➢ Join operations are very 
costly in terms of 
execution time.
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Utility-list of (B,4)

TID Iutil rutil

𝑇2 4 6

Sum 4 6

Utility-list of (B,5)

TID iutil rutil

𝑇1 5 6

Sum 5 6

Utility-list of 
(B,4,5)

TID iutil rutil

𝑇1 5 6

𝑇1 4 6

Sum 9 12

Q-itemsets Utility-lists

Construction of the Utility-List of a range Q-itemsets 
(Merge operation).
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TWU of a Q-itemset X

𝑇𝑊𝑈 𝑋 =෍
𝑇d∈OCC(x)

𝑇𝑈(𝑇d) , 𝑤ℎ𝑒𝑟𝑒 𝑇𝑈 𝑇d =෍
𝑥∈𝑇d

𝑢(𝑥, 𝑇d)

How to reduce the search space?

Promising Q-itemsets

𝑇𝑊𝑈 𝑋 ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙/𝑞𝑟𝑐

TWU pruning strategy

➢ If a Q-itemset X is unpromising, then X is low utility Q-itemset
as well as all its extensions.
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How to reduce the search space?
Remaining Utility of a Q-itemset X

𝑅𝑢𝑡𝑖𝑙(𝑋, 𝑇𝑑) =෍
𝑋∈𝑇𝑑/𝑋

𝑢 𝑋, 𝑇𝑑

𝑅𝑢𝑡𝑖𝑙(𝑋) =෍
𝑇𝑑∈𝑂𝐶𝐶(𝑋)

𝑅𝐸𝑈 𝑋, 𝑇𝑑

Remaining utility pruning strategy

➢ Given an itemset X, if (𝑢 𝑋 + 𝑅𝐸𝑈 𝑋 ) < 𝑚𝑖𝑛𝑢𝑡𝑖𝑙, prune
X with all its extensions.
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How to reduce the search space?

TQCS Structure 

➢ TQCS structure stores TWU of all pairs of Q-items
that co-occur in the database.

TID Items

𝑇 1 (A,2), (C,7), (H,4), (I,9)

𝑇 2 (A,3), (C,8)

𝑇 3 (A,2), (B,1), (C,7), (G,7), (H,4)

𝑇 4 (B,2), (C,9), (G,8), (H,5)

𝑇5 (A,2), (D,5), (E,1), (F,1)

Item Unit profit
A 20$

B 15$

C 70$

D 54$

E 11$

F 100$

G 75$

H 47$

I 96$

➢ TQCS structure is used to reduce the frequency of
performing join operations.
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How to reduce the search space?

a b c a b c

(C,7)

(A,2) 2840

(D,5)

(E,1) 421

(B,1) 1258 (A,2) 421

(H,4) 2840 (F,1) 421

(A,2)
(E,1) 421

(G,8)
(B,2) 1495

(B,1) 1258 (H,5) 1495

(I,9)

(A,2) 1582

(G,7)

(A,2) 1258

(C,7) 1582 (C,7) 1258

(H,4) 1582 (B,1) 1258

(H,5) (B,2) 1495 (H,4) 1258

(H,4)
(A,2) 2840

(C,9)

(G,8) 1495

(B,1) 1258 (B,2) 1495

(F,1)
(E,1) 421 (B,5) 1495

(A,2) 421 (C,8) (A,3) 620

TQCS Structure 
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How to reduce the search space?

Exact Q-items Co-occurrence Pruning Strategy (EQCPS) 

➢ Given 2 Q-items x and y, if there is no tuple (a,b,c)
such that 𝑥 = 𝑎, 𝑦 = 𝑏 𝑎𝑛𝑑 𝑐 ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙/𝑞𝑟𝑐 , then
Q-itemset [xy] is pruned with all its extensions.

Range Q-items Co-occurrence Pruning Strategy (RQCPS) 

➢ Given a range Q-item 𝑥 = (𝑖, 𝑙, 𝑢) and exact Q-item

𝑦. If σ𝑖=𝑙
𝑢 𝑐𝑖 <

𝑚𝑖𝑛𝑢𝑡𝑖𝑙

𝑞𝑟𝑐
where 𝑐𝑖 is TWU between 𝑥𝑖

and y, then Q-itemset [xy] should be pruned with
all its extensions.
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How to reduce the search space?

a b c a b c

(C,7)

(A,2) 2840

(D,5)

(E,1) 421

(B,1) 1258 (A,2) 421

(H,4) 2840 (F,1) 421

(A,2)
(E,1) 421

(G,8)
(B,2) 1495

(B,1) 1258 (H,5) 1495

(I,9)

(A,2) 1582

(G,7)

(A,2) 1258

(C,7) 1582 (C,7) 1258

(H,4) 1582 (B,1) 1258

(H,5) (B,2) 1495 (H,4) 1258

(H,4)
(A,2) 2840

(C,9)

(G,8) 1495

(B,1) 1258 (B,2) 1495

(F,1)
(E,1) 421 (B,5) 1495

(A,2) 421 (C,8) (A,3) 620

𝑻𝑾𝑼 𝑪, 𝟖 𝑨, 𝟑 = 𝟔𝟐𝟎

𝒎𝒊𝒏𝒖𝒕𝒊𝒍

𝒒𝒓𝒄
= 𝟕𝟎𝟎

𝑻𝑾𝑼 𝑪, 𝟖 𝑨, 𝟑 <
𝒎𝒊𝒏𝒖𝒕𝒊𝒍

𝒒𝒓𝒄

Q-itemset [(C,8)(A,3)] 
is pruned with all its
extensions.

minutil=1400
qrc=2
x=(C,8) 
y=(A,3)

EQCPS
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How to reduce the search space?

a b c a b c

(C,7)

(A,2) 2840

(D,5)

(E,1) 421

(B,1) 1258 (A,2) 421

(H,4) 2840 (F,1) 421

(A,2)
(E,1) 421

(G,8)
(B,2) 1495

(B,1) 1258 (H,5) 1495

(I,9)

(A,2) 1582

(G,7)

(A,2) 1258

(C,7) 1582 (C,7) 1258

(H,4) 1582 (B,1) 1258

(H,5) (B,2) 1495 (H,4) 1258

(H,4)
(A,2) 2840

(C,9)

(G,8) 1495

(B,1) 1258 (B,2) 1495

(F,1)
(E,1) 421 (B,5) 1495

(A,2) 421 (C,8) (A,3) 620

𝑻𝑾𝑼 𝑪, 𝟕 𝑯, 𝟒 = 𝟐𝟖𝟒𝟎

𝑻𝑾𝑼 𝑪, 𝟕, 𝟖 𝑨, 𝟑 ≥
𝒎𝒊𝒏𝒖𝒕𝒊𝒍

𝒒𝒓𝒄

Q-itemset [(C,7,8)(A,3)] 
is not pruned.

minutil=1400
qrc=2
x=(C,7,8) 
y=(H,4)

a=(C,7)  b=(H,4)

𝑻𝑾𝑼 𝑪, 𝟖 𝑯, 𝟒 = 𝟎

a=(C,8)  b=(H,4)

RQCPS (1)
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How to reduce the search space?

a b c a b c

(C,7)

(A,2) 2840

(D,5)

(E,1) 421

(B,1) 1258 (A,2) 421

(H,4) 2840 (F,1) 421

(A,2)
(E,1) 421

(G,8)
(B,2) 1495

(B,1) 1258 (H,5) 1495

(I,9)

(A,2) 1582

(G,7)

(A,2) 1258

(C,7) 1582 (C,7) 1258

(H,4) 1582 (B,1) 1258

(H,5) (B,2) 1495 (H,4) 1258

(H,4)
(A,2) 2840

(C,9)

(G,8) 1495

(B,1) 1258 (B,2) 1495

(F,1)
(E,1) 421 (B,5) 1495

(A,2) 421 (C,8) (A,3) 620

𝑻𝑾𝑼 𝑨, 𝟐 𝑬, 𝟏 = 𝟒𝟐𝟏

𝑻𝑾𝑼 𝑨, 𝟐, 𝟑 𝑬, 𝟏 <
𝒎𝒊𝒏𝒖𝒕𝒊𝒍

𝒒𝒓𝒄

Q-itemset [(A,2,3)(E,1)] 
is pruned with all its 
extensions.

minutil=1400
qrc=2
x=(A,2,3) 
y=(E,1)

a=(A,2)  b=(E,1)

𝑻𝑾𝑼 𝑨, 𝟑 𝑬, 𝟏 = 𝟎

a=(A,3)  b=(E,1)

RQCPS (2)
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Pseudocode

TWU pruning strategy

TQCS structure

Utility checking

Combination process

Recursive
mining search

Remaining utility
pruning strategy

Candidate
Q-itemsets
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Pseudocode

TQCS & RQCS
pruning strategies

Join operation

Utility checking

Candidate Q-itemsets

Remaining utility
pruning strategy

Combination process

Recursive call



Experimental evaluation

Dataset M N Q Type

Foodmart 4141 1559 1-10 Sparse

Retail 88162 16470 1-10 Sparse

BMSWebView2 77512 3340 1-10 Sparse

Mushroom 8416 128 1-10 Dense

Connect 67557 129 1-5 Dense

Pumsb 49046 2113 1-10 Dense

Datasets’ characterictics

• D: Number of transactions.

• N: Number of distinct items.

• Q: Quantities range.

FHUQI-Miner is compared with the current state-of-art 
HUQI-Miner. 



Experimental evaluation
Runtimes with sparse datasets

➢ FHUQI-Miner clearly outperforms
HUQI-Miner.

➢ FHUQI-Miner is up 22 time faster
than HUQI-Miner in Retail dataset.



Experimental evaluation
Runtimes with dense datasets

➢ For Mushroom and Connect
datasets, the two algorithms
have similar running time.
However, FHUQI-Miner still
outperforms HUQI Miner in
most of cases.



➢ FHUQI-Miner performs much
less join operations than
HUQI-Miner for all datasets.

➢ The diffidence between FHUQI-
Miner and HUQI-Miner is
huge.

Experimental evaluation
Join operations count with sparse datasets



➢ The performance of FHUQI-
Miner on Pumsb is clearly
better than its performance
on the two other datasets,
Mushroom and Connect.

Experimental evaluation
Join operations count with dense datasets



Experimental evaluation
Pruning rates on sparse datasets

➢ FHUQI-Miner prunes up to 99.72%, 96.17% and 93.15% of
unpromising Q-itemsets for the Foodmart, Retail and
BMSWebView2 datasets, respectively.



Experimental evaluation
Pruning rates on dense datasets

➢ FHUQI-Miner prunes up to 46.52%, 18.28% and 9.08% of
unpromising Q-itemsets for the Pumsb, Connect and
Mushroom datasets, respectively.



Outline

❑ Introduction
• Frequent itemset mining
• High utility itemset mining

❑ Limitation of HUIM
❑ Solution: FHUQI-Miner
❑ Conclusion



Conclusion
Contributions
➢ In this research work, we have proposed new algorithm

FHUQI-Miner to solve one important extensions of HUIM.

➢In FHUQI-Miner, two new pruning strategies (EQCPS end
RQCPS) are adopted to improve the efficiency of HUQIM
in terms of execution time.



Conclusion

Future work
➢ Propose new efficient Pattern-growth based algorithms.

➢ Propose new tighter upper bounds that can further improve
the mining search process.

➢ Consider other types of patterns such as sequential patterns
and episodes.

➢ Perform HUQ patterns in other domains such as social
network mining and computer networks.



Questions or 
comments?

Thank You for Your Attention


