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Abstract. High Utility Itemset Mining (HUIM) is the task of analyzing customer transactions to ﬁnd the sets of items that yield a high
utility (e.g. proﬁt). A major limitation of traditional HUIM algorithms
is that they do not consider that the utility of itemsets vary over time.
Thus, traditional HUIM algorithms cannot ﬁnd itemsets that have a high
utility during speciﬁc time periods. This paper addresses this limitation
by deﬁning the problem of mining local high utility itemsets (LHUI).
An eﬃcient algorithms named LHUI-Miner is proposed to mine these
patterns. Experimental results show that the proposed algorithms are
highly-eﬃcient and can ﬁnd useful patterns not found by traditional
HUIM algorithms.
Keywords: High-utility pattern mining
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· Local high-utility itemsets

Introduction

Frequent Itemset Mining (FIM) [1,2] is a fundamental data mining task, which
consists of ﬁnding itemsets (sets of items) that are frequently purchased in a
customer transaction database. However, it assumes that all items in a database
are equally important and can appear at most once in each transaction. To
address this limitation, High-Utility Itemset Mining (HUIM) [3–6] has recently
emerged as an important data mining task. It consists of ﬁnding itemsets (sets of
items) that yield a high utility (e.g. importance or proﬁt) in customer transaction
databases. An itemset is a High Utility Itemset (HUI) in a database if its utility is
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no less than a user-speciﬁed minimum utility threshold. HUIM is widely viewed
as a more diﬃcult problem than FIM since the utility measure used in HUIM
is not anti-monotonic, unlike the support measure used in FIM. In other words,
the utility of an itemset may be greater, equal or smaller than the utility of its
supersets. Thus, traditional FIM techniques cannot be directly used in HUIM
to reduce the search space. HUIM algorithms such as Two-Phase [5] have thus
introduced upper-bounds on the utility measure such as the TWU, which is
anti-monotonic, to reduce the search space. Several more eﬃcient algorithms
have then been proposed, such as UP-Growth, HUI-Miner and FHM [3,4,6].
Though, HUIM has many applications such as click stream analysis, market
basket analysis and biomedical applications [4,6], a major limitation of HUIM
is that is that it ignores the time at which transactions were made. But considering the timestamps of transactions is important as the utility of patterns may
vary over time. A few extensions of HUIM and FIM consider time. For example,
periodic high-utility itemset mining [8] discovers itemsets that are periodically
bought by customers and yield a high proﬁt. However, it does not consider the
timestamps of transactions (only their relative order), and tend to ﬁnd patterns
that are stable in terms of utility over long periods of time. Another related
work is High On-shelf Utility itemset Mining (HOUM) [10], where each transaction is associated to a user-predeﬁned time period (e.g. winter), and each item
is associated to a set of periods indicating when it was sold. However, a major
limitation of HOUM is that the utility of itemsets is calculated based on predeﬁned time periods (e.g. winter ), which is unrealistic because many products may
have on-shelf time periods that may not match the predeﬁned periods. Besides,
HOUM also tend to ﬁnd patterns that are stable in terms of utility in time periods where they are sold. Another related problem is to detect time points where
the frequency of itemsets change signiﬁcantly in data streams [7,9]. However,
it also only consider the relative order of transactions instead of their real time
stamps. In other words, it makes an unrealistic assumption that the time interval
between any consecutive transactions is the same.
To ﬁnd patterns that are proﬁtable in non-predeﬁned time periods, this paper
proposes to discover a new type of patterns called Local High Utility Itemsets (LHUI). It consists of ﬁnding itemsets that yield a utility that is no less
than a user-speciﬁed threshold during one or more time periods having a minimum time length. This allows to discover useful patterns such that the itemset
{schoolbag, pen, notebook} yields a high proﬁt during the back-to-school shopping season, while not being a HUI in the whole database. An eﬃcient algorithm
called LHUI-Miner is designed to discover LHUIs. It relies on a novel data structure named LU-list.
The rest of this paper is organized as follows. Section 2 introduces preliminaries and deﬁnes the problems of mining LHUIs. Section 3 presents the proposed
algorithm. Section 4 presents the experimental evaluation. Lastly, Sect. 5 draws
the conclusion.

452

2

P. Fournier-Viger et al.

Preliminaries and Problem Statement

Let I = {i1 , i2 , . . . , in } be a set of items. A transaction T is a subset of items
purchased by a customer (T ⊆ I). A transaction database is a set of transactions
D = {T1 , T2 , . . . , Tm }, where each transaction Ttid (1 ≤ tid ≤ m) has a unique
identiﬁer tid. Moreover, let t(T ) denotes the time at which a transaction T was
made. Each item i ∈ I is associated with a positive number p(i), called its
external utility, which indicates its relative importance (e.g. unit proﬁt). For
each transaction T and item i ∈ T , a positive number q(i, T ) is called the
internal utility of i, and represents the purchase quantity of i in T . For example,
consider the database of Table 1, which will be used as running example. This
database contains eight transactions (T1 , T2 , . . . , T8 ) and ﬁve items (a, b, c, d, e),
where internal utilities (e.g. quantities) are shown as integers beside items. For
instance, transaction T1 indicates that 2, 2 and 1 units of items b, c and e
were purchased, respectively. Table 2 indicates that the external utilities (unit
proﬁts) of these items are 2, 1 and 2. In this example, timestamps of transactions
T1 , T2 . . . T8 are d1 , d3 , . . . d10 , representing days (di = i-th day). But other time
units can be used such as milliseconds, and transactions can be simultaneous.
Table 1. A transaction database
Trans. Items

Timestamp

T1

(b, 2), (c, 2), (e, 1)

d1

T2

(b, 4), (c, 3), (d, 2), (e, 1)

d3

T3

(b, 2), (c, 2), (e, 1)

d3

T4

(a, 2), (b, 10), (c, 2), (d, 10), (e, 2) d5

T5

(a, 2), (c, 6), (e, 2)

d6

T6

(b, 4), (c, 3), (e, 1)

d7

T7

(a, 2), (c, 2), (d, 2)

d9

T8

(a, 2), (c, 6), (e, 2)

d10

Table 2. External utilities of
items
Item
a b c d e
Unit proﬁt 5 2 1 2 3

Definition 1 (Utility of an item/itemset). The utility of an item i in
a transaction T is deﬁned as u(i, T ) = p(i) × q(i, T ). A set X ⊆ I is
an itemset. The utility of X in a transaction T is deﬁned as u(X, T ) =

i∈X∧X⊆T
 u(i, T ). The utility of an itemset X in a database is deﬁned as
u(X) = T ∈D∧X⊆T u(X, T ) [5].
For example, the utility of item b in T1 is u(b, T1 ) = 2 × 2 = 4. The utility of
itemset {b, c} in T1 is u({b, c}, T1 ) = u(b, T1 ) + u(c, T1 ) = 2 × 2 + 1 × 2 = 6. The
utility of itemset {b, c} in the database is u({b, c}) = u({b, c}, T1 )+u({b, c}, T2 )+
u({b, c}, T4 ) + u({b, c}, T6 ) = 6 + 11 + 6 + 11 = 34.
An itemset X is said to be a high utility itemset (HUI) if its utility u(X) is
no less than a user-speciﬁed positive threshold minutil [5]. The utility measure
is not anti-monotonic. Thus pruning strategies used in FIM cannot be directly
used in HUIM. To reduce the search space in HUIM, the Transaction Weighted
Utilization (TWU) upper-bound was introduced [5].
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Definition 2 (Transactionweighted utilization). The utility of a transacX is the sum
tion T is deﬁned as tu(T ) = i∈T u(i, T ). The TWU of an itemset

of the utilities of transactions containing X, i.e. T W U (X) = X⊆T ∧T ∈D tu(T ).
Property 1. For two itemsets X ⊆ X  , u(X  ) ≤ T W U (X  ) ≤ T W U (X) [5].
Thus, for an itemset X, T W U (X) is an upper-bound on u(X), and the T W U
is anti-monotonic. Hence, if T W U (X) < minutil, itemset X and all its supersets
can be pruned. A major limitation of HUIM is that it cannot ﬁnd itemsets that
yield a high utility in speciﬁc time periods but not in the whole database. For
example, for minutil = 50, itemset {a, c} is a HUI since u({a, c}) = 56 > 50,
and {d, e} is not a HUI since u({d, e}) = 36 < minutil. But from time d5 to
d6, {d, e} yields a utility that is more than twice the utility of {a, c} (a utility
of 26 instead of 12). Thus, during this period, {d, e} is more interesting than
{a, c}, but is ignored in HUIM. To address this problem, we propose a new type
of patterns called Local High utility itemsets (LHUIs), deﬁned as follows.
Definition 3 (Window). A window denoted as Wi,j is the set of transactions
from time i to j, i.e. Wi,j = {T |i ≤ t(T ) ≤ j ∧ T ∈ D}, where i, j are integers.
The length of a window Wi,j is deﬁned as length(Wi,j ) = j − i + 1. The length of
a database D containing m transactions is WD = t(Tm ) − t(T1 ) + 1. A window
Wk,l is said to subsume another window Wi,j iﬀ Wi,j  Wk,l .
Definition 4 (Local high utility itemset).
The utility of an itemset X in

a window Wi,j is deﬁned as ui,j (X) =
T ∈Wi,j ∧X⊆T u(X, T ). An itemset X
is a local high utility itemset (LHUI) if there exists a window Wi,j such that
length(Wi,j ) = minLength and ui,j (X) ≥ lM inutil, where minLength ≤ WD
and lM inutil > 0 are user-speciﬁed thresholds representing a minimum length
and utility, respectively. Moreover, let LHU Is denotes the set of all LHUIs.
For example, for minLength = 3 and lM inutil = 20, itemset {b, c} is
a LHUI since for the window Wd1 ,d3 the utility of {b, c} is ud1 ,d3 ({b, c}) =
u({b, c}, T1 ) + u({b, c}, T2 ) + u({b, c}, T3 ) = 6 + 11 + 6 = 23 ≥ lM inutil = 20,
and length(Wd1 ,d3 ) = 3 − 1 + 1 = 3 = minLength.
Theorem 1 (Relationship between LHUIs and HUIs).
WD
lM inutil ×  minLength
, then HU Is ⊆ LHU Is.

If minutil =

Proof. If Theorem 1 is false, then there exists an itemset X ∈ HU Is such that
X ∈
/ LHU Is. This implies that for all window Wi,j such that length(Wi,j ) =
minLength, ui,j (X) < lM inutil. Assume that we divide the database into
WD
 non overlapping windows having a length minLength (note that
 minLength
WD
there may be a window of length less than minLength if minLength
is not an integer). Let W Ui denotes the utility of X in the i-th window. Since ∀W Ui , W Ui <
WD
 minLength

WD
lM inutil, it follows that u(X) = i=0
W Ui < lM inutil× minLength
=
minutil. There is a contradiction between u(X) < minutil and X ∈ HU Is.
Thus, the Theorem 1 is proven.
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Definition 5 (LHUI period). For an itemset X, a window Wi,j is a LHUI
period if for each window Wk,l ⊆ Wi,j of length minLength, uk,l (X) ≥ lM inutil.
A LHUI period Wi,j is said to be a maximum LHUI period if there is no LHUI
period Wo,p such that Wi,j ⊂ Wo,p .
For example, consider that minLength = 5 and lM inutil = 30. The window
Wd1 ,d6 is a LHUI period of {a, b, c}, because Wd1 ,d5 and Wd2 ,d6 are its two subwindows of length minLength, and ud1 ,d5 ({a, b, c}) = ud2 ,d6 ({a, b, c}) = 32 ≥
lM inutil. The maximum LHUI period of itemset {a, b, c} is Wd1 ,d9 .
Definition 6 (Local High Utility Itemset mining). The problem of Local
High Utility Itemset Mining (LHUIM) is to ﬁnd all LHUIs and their maximum
LHUI periods given the parameters minLength and lM inutil.
For example, given the database of Table 1, minLength = 5 and lM inutil =
30, 25 LHUIs are found with their maximum LHUI periods, including
{a, d}:[d5 , d9 ], {a, b, c}:[d5 , d5 ], {c, e}:[d3 , d7 ], {b, e}:[d1 , d7 ], {a, c, e}:[d5 , d10 ],
{b, d, e}:[d3 , d5 ], {b, c, e}:[d1 , d7 ], {b, c, d, e}:[d3 , d5 ]. For an itemset X, the numbers between brackets indicate the ﬁrst and last timestamps of transactions in the
LHUI period of X that contains the itemset. This notation is called the abbreviated LHUI period of X. For example, although the LHUI period of {a, b, c}
is [d1 , d9 ], it only appears in d5 . Thus, its LHUI period is denoted as [d5 , d5 ].
WD
 = 60, traditional HUIM algorithms ﬁnd 5
For minutil = lM inutil× minLength
HUIs: {b, e}, {a, c, e}, {b, d, e}, {b, c, d, e} and {b, c, e}. Here, all HUIs are LHUIs,
and these latter provides LHUI period information.

3

Proposed Algorithm

This section presents an algorithm to eﬃciently mine LHUIs, named LHUIMiner, which extends the HUI-Miner [4] algorithm. The algorithm is designed
to explore the search space of itemsets by following a total order on items in I.
It is said that an itemset Y is an extension of an itemset X if Y = X ∪ {j} ∧ ∀i ∈
X, j
i. The proposed algorithms utilize a novel data structure called Local
Utility-list (LU-list) to store information about each itemset, which adapts the
utility-list [4] structure to store period information. The algorithm ﬁrst scan the
database to create a LU-list for each item. Then, it explores the search space of
itemsets using a depth-ﬁrst search, by combining pairs of itemsets to generate
their extensions and their LU-lists. A LU-list allow to determine if an itemset
is a LHUI without scanning the database. The LU-list structure is deﬁned as
follows.
Let
be any total order on I. The LU-list of an itemset X contains a
tuple for each transaction that contains X. A tuple (also called element) has
the form (tid, iutil, rutil), where tid is the identiﬁer of a transaction Ttid containing
 X, iutil is the utility of X in Ttid . i.e. u(X, Ttid ), and rutil is deﬁned
as i∈Ttid ∧∀j∈X,i j u(i, Ttid ) [4]. Moreover, the LU-list contains two sets named
iutilP eriods and utilP eriods, which stores the abbreviated maximum LHUI
periods and PLHUI periods of X, respectively. The PLHUI periods of X are the
periods where X and its extensions could be LHUIs.
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Definition 7 (PLHUI period). The
remaining utility of an itemset X in a
window Wk,l is deﬁned as ruk,l (X) = i∈T ∧T ∈Wk,l ∧X⊆T ∧∀j∈X,i j u(i, T ). For
an itemset X, a window Wk,l is a PLHUI period (promising LHUI period) if for
each window Wy,z ⊆ Wk,l of length minLength, uy,z (X)+ruy,z (X) ≥ lM inutil.
For example, consider that a ≺ b ≺ c ≺ d ≺ e, minLength = 3 days
and lM inutil = 22. The LU-list of {a} is {(T4 , 10, 48), (T5 , 10, 12), (T7 , 10, 6),
(T8 , 10, 12)}, iutilP eriods = ∅, and utilP eriods = {[d5 , d6 ], [d9 , d10 ]}. The LUlist of {d} is {(T2 , 4, 3), (T4 , 20, 6), (T7 , 4, 0)}, iutilP eriods = {[d3 , d5 ]}, and
utilP eriods = {[d3 , d5 ]}. And the LU-list of {a, d} is {(T4 , 30, 6), (T7 , 14, 0)},
iutilP eriods = {[d5 , d5 ]}, and utilP eriods = {[d5 , d5 ]}. The LU-list of an itemset
provides useful information. If iutilP eriods is not empty, then X is a LHUI. And
if utilP eriods is empty, then it can be proven that all its extensions and transitive
extensions cannot be LHUIs or PHUIs and can be pruned from the search space.
The proof of this property is omitted due to space limitation.
The LHUI-Miner Algorithm. LHUI-Miner takes as input a transaction
database with utility values and the lM inutil and minLength thresholds. The
algorithm ﬁrst scan the database to calculate the TWU of each item. At the
same time, an array tid2time is constructed, where the i-th position stores the
timestamp of transaction t(Ti ). Thereafter, the algorithm only consider items
having a TWU no less than lM inutil, denoted as I ∗ . The TWU values of items
are used to set a total order on I ∗ , which is the order of ascending TWU values [3]. A database scan is then performed to reorder items in each transaction
according to , and build the LU-list of each item i ∈ I ∗ . Then, the depth-ﬁrst
search of itemsets starts by calling the recursive LHU I-Search procedure with
∅, the LU-lists of 1-itemsets, lM inutil and minLength.
LHU I-Search (Algorithm 1) takes as input (1) an itemset P , (2) a set of
extensions of P , (3) lM inutil, and (4) minLength. The procedure then checks
if iutilP eriods is empty in the LU-list of each extension P x of P . If yes, P x is
a LHUI and it is output with its abbreviated maximum LHUI periods (derived
from iutilP eriods and tid2time). Moreover, if utilP eriods is not empty, it means
that extensions of P x should be explored. This is performed by merging P x with
each extension P y of P such that y x to form an extension of the form P xy
containing |P x| + 1 items. The LU-list of P xy is then constructed using the
Construct procedure of HU I-M iner, which join the tuples in the LU-lists of P ,
P x and P y. Thereafter, iutilP eriods and utilP eriods in the LU-list of P xy are
constructed by calling the generateP eriods procedure. Then, LHU I-Search is
called with P xy to calculate its utility and explore its extension(s) using a depthﬁrst search. The LHU I-M iner procedure starts from single items, it recursively
explores the search space of itemsets by appending single items and it only
prunes the search space based on the properties of LU-list. It can be easily seen
that this procedure is correct and complete to discover all LHUIs.
The generateP eriods procedure (Algorithm 2) takes as input (1) a LU-list
lU l, (2) lM inutil and (3) minLength. The procedure slides a window over lU l
using two variable winStart (initialized to 0; the ﬁrst element of lU l), and
winEnd. The procedure ﬁrst scan lU l to ﬁnd winEnd (the end index of the
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Algorithm 1. LHUI-Search
input : P : an itemset, ExtensionsOfP: extensions of P , lM inutil: a user-specified
threshold, minLength: a window length threshold
output: the set of LHUIs and their abbreviated maximum LHUI periods
1
2
3
4
5
6
7
8
9
10
11
12

foreach itemset P x ∈ ExtensionsOfP do
if P x.LU List.iutilP eriods = ∅ then output P x with P x.LU List.iutilP eriods;
if P x.LU List.utilP eriods = ∅ then
ExtensionsOfPx ← ∅;
foreach itemset P y ∈ ExtensionsOfP such that y
x do
P xy.LU List ← Construct (P, P x, P y);
generatePeriods (P xy, lM inutil, minLength);
ExtensionsOfPx ← ExtensionsOfPx ∪ P xy;
end
LHUI-Miner (P x, ExtensionsOfPx, minutil, minLength);
end
end

ﬁrst window), iutils (sum of iutil values in the ﬁrst window) and rutils (sum of
rutil values in the ﬁrst window). Then, it repeats the following steps until the
end index winEnd reaches the last tuple of the LU-list: (1) increase the start
index winStart until the timestamp changes, and at the same time decrease
iutils (rutils) by the iutil (rutil) values of tuples that exit the current window,
(2) increase the end index until the window length is no less than minLength,
and at same time increase iutils (rutils) by the iutil (rutil) values of tuples that
enter the current window, (3) compare the resulting iutils and iutils + rutil values with lM inutil to determine if the current period should be merged with
the previous period or added to iutilP eriods and utilP eriods (line 14 to 15).
Merging is performed to obtain the maximum LHUI and PLHUI periods.

Algorithm 2. The generatePeriods procedure
input : lU l: a LU-list, lM inutil: a user-specified utility threshold, minLength: a
user-specified window length threshold
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

winStart = 0;
Find winEnd (the end index of the first window in ul), iutils (sum of iutil values of the
first window), rutils (sum of rutils values of the first window);
while winEnd < lU l.size do
while ul.get(winStart).time is same as previous index do
iutils = iutils − lU l.get(winStart).iutil;
rutils = rutils − lU l.get(winStart).rutil;
winStart = winStart + 1;
end
while ul.get(winEnd).time ≤ ul.get(winStart).time + minLength do
iutils = iutils + lU l.get(winEnd).iutil;
rutils = rutils + lU l.get(winEnd).rutil;
winEnd = winEnd + 1;
end
merge the [winStart, winEnd] period with the previous period if iutils ≥ lM inutil.
Otherwise, add it to lul.iutilP eriods;
merge the [winStart, winEnd] period with the previous period if iutils + rutils ≥
lM inutil. Otherwise, add it to lul.utilP eriods;
end
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Optimizations. To improve the performance of LHUI-Miner, the next paragraphs describe three optimizations.
Strategy 1. Discarding unpromising items using the sliding window.
A modiﬁed version of Property 1 is used in LHUI-Miner to discard items that
cannot be in a LHUI
 or PHUI. The TWU of an item i in a window Wk,l is deﬁned
as T W Uk,l (i) = i∈T ∧T ∈Wk,l tu(T ). During the ﬁrst database scan, if there is
an item i such that for any window Wk,l of length minLength, T W Uk,l (i) <
lM inU til, then item i is discarded.
Strategy 2. Discarding unpromising transactions using the sliding window. If for each item i in a transaction T , T W Uk,l (i) < lM inutil for each window Wk,l of length minLength containing T , then the transaction T is discarded
because this transaction cannot be in any LHUI period.
Strategy 3. Discarding unpromising tuples in each LU-list. The LU-list
of an itemset X can stores numerous tuples that represents the transactions
where X appears. However, some of those transactions are not in any PLHUI
periods. Thus, these transactions are not in the LHUI periods of X and those
of its transitive extensions. Hence, this strategy does not store the tuples representing these transactions in the LU-list of each itemset X. This reduces the
runtime of the algorithms since performing the intersection of LU-lists and scanning LU-lists is faster for smaller LU-lists.
Strategy 1 and 2 are applied once, during the ﬁrst database scan, while
Strategy 3 is applied during LU-list construction. The proofs that these strategies
are correct are ommitted due to space limitation. But they can be easily derived
from the previous deﬁnitions.

4

Experimental Evaluation

Experiments were performed to assess the performance of LHUI-Miner on a
computer having an Intel Xeon E3-1270 v5 processor running Windows 10,
and 16 GB of free RAM. The performance of LHUI-Miner were compared with
non-optimized versions and the HUI-Miner algorithm for mining HUIs. Four
real-life datasets commonly used in the HUIM litterature were used: mushroom,
retail, kosarak and e-commerce. They represent the main types of data typically
encountered in real-life scenarios (dense, sparse, and long transactions). Let |I|,
|D| and A represents the number of distinct items, transactions and average
transaction length. mushroom is a dense dataset (|I| = 16,470, |D| = 88,162, A
= 23). kosarak is a dataset that contains many long transactions (|I| = 41,270,
|D| = 990,000, A = 8.09). retail is a sparse dataset with many diﬀerent items
(|I| = 16,470, |D| = 88,162, A = 10,30). e-commerce is a real-world dataset
(|I| = 3,803, |D| = 17,535, A = 15.4), containing customer transactions from
01/12/2010 to 09/12/2011 of an online store. For the other datasets, external
utilities of items are generated between 1 and 1,000 using a log-normal distribution and quantities of items are generated randomly between 1 and 5, as in [4,6].
Besides, the timestamps of transactions in these three databases are generated

458

P. Fournier-Viger et al.

10

50K

60K

lMinuƟl

PaƩern Count
70K

80K

90K

5.5M

6M

e-commerce

8
6
4
2
0

2M

3M

4M

5M

lMinuƟl

6M

7M

lhui-non-op

3M

3.5M

lhui-op

4M

4.5M

lMinuƟl

Fig. 1. Execution times

5M

10000
1000
100

mushroom

10

1200
1000

retail

800
600
400
200

1
0
500K 510K 520K 530K 540K 550K 560K
30K 40K 50K 60K 70K
lMinuƟl
lMinuƟl
10000000
40
kosark
e-commerce
35
1000000
30
100000
25
10000
20
1000
15
100
10
10
5
0
1
2M
3M
4M
5M
6M
7M
3M 3.5M 4M 4.5M 5M
lMinuƟl
lMinuƟl
lhui-miner
hui-miner

80K

90K

5.5M

6M

PaƩern Count

40K

100000

PaƩern Count

1000000

retail

30K

lMinuƟl
kosarak

16
14
12
10
8
6
4
2
0

70
60
50
40
30
20
10
0

PaƩern Count

RunƟme (s)

90
mushroom
80
70
60
50
40
30
20
10
0
500K 510K 520K 530K 540K 550K 560K

RunƟme (s)

RunƟme (s)

RunƟme (s)

by adopting the same distribution as the e-commerce database. The source code
of algorithms and datasets can be downloaded from the SPMF library [11].
LHUI-Miner was run with minLength = 90 days for e-commerce and 30
days for the other datasets. Thereafter, lhui-op denotes LHUI-Miner with optimizations; and lhui-non-op denotes LHUI-Miner without optimization. Algorithms were run on each dataset, while decreasing lM inutil (for HUI-Miner
WD
) until they became too long to execute, ran
minutil = lM inutil ×  minLength
out of memory or a clear trend was observed. Figure 1 compares the execution times of LHUI-Miner with and without optimization. Figure 2 compares the
numbers of LHUIs and HUIs, respectively generated by these algorithms.

Fig. 2. Number of patterns found

It can be observed that in most cases, optimizations reduce the runtime. In
some cases, the optimized algorithm is one time faster than the non-optimized
algorithm, while in some cases there is little improvement. We also compared
WD
) with the proposed
the execution time of HUI-Miner (lM inutil ×  minLength
algorithm. HUI-Miner is generally much faster because HUI-Miner generates
much less patterns than LHUI-Miner (in other words, the problem of HUI mining
is easier). However, when the number of patterns found by HUI-Miner is similar
to the proposed algorithm, their runtimes are similar. Thus, because HUI-Miner
is deﬁned for a diﬀerent problem, its results are not shown in Fig. 1.
A second observation is that the number of LHUIs is much more than the
number of HUIs in most cases. This is reasonable since an itemset is much more
likely to be high utility in at least one window than in the whole database.
For example, on mushroom (WD = 180 days), minutil = 500, 000, lM inutil =
83, 333, minlength = 30 days, there are 168 HUIs and 549,479 LHUIs. Among all
patterns found, some interesting LHUIs are found in e-commerce. For instance,
for lM inutil = 1, 432, 360 and minlength = 90 days, the itemset {pink polkadot
bag, black and white baroque bag} has a PLHUI period from 2011/07/19 to
2011/11/02 where it generates a high utility, while the itemset is not a HUI in
the whole database for minutil = 6, 000, 000. This information can be very useful
for a retail store manager as it shows that this product generates a high proﬁt
from the end of July to early November. This can be useful to replenish stocks
and oﬀer promotions on this set of products during that period for the following
year. Lastly, another observation is that for kosarak, the diﬀerence between the
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number of LHUIs and HUIs is very small compared to other datasets. The reason
is that the utilities of patterns do not vary much over time in kosarak.

5

Conclusion

To ﬁnd itemsets that yield a high utility in non-predeﬁned time periods and
consider timestamps of transactions, this paper deﬁned the problem of mining
Local High-Utility Itemsets (LHUIs). An algorithm named LHUI-Miner (Local
High-Utility Itemset Miner) was designed to eﬃciently discover LHUIs. Besides,
three strategies were proposed to improve the performance of LHUI-Miner. An
experimental evaluation has shown that LHUI-Miner can discover useful patterns
that traditional HUIM could not ﬁnd and that strategies reduces the runtime
and memory consumption.
For future work, we will design concise representations of LHUIs to show a
summary of all patterns to the user. Moreover, we will adapt the concept of this
paper to other pattern mining problems such as sequential pattern mining and
episode mining.
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