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ABSTRACT

High utility itemsets (HUIS) mining is the finding of itemsets
that satisfy a user-defined minimum utility threshold. Many
successful studies in this field have been carried out, however
they are all reliant on Tidset techniques, which records the
intersection of transactions in a data structure. This paper
presents the DCHUIM algorithm which mines the high utility
itemset based on the Diffset techniques. Essentially, this
mechanism stores the subtraction set of transactions rather than
the intersection set. In order to achieve this, a DUL data structure
is proposed to store utilities information and subtraction
transactions of an itemset. Furthermore, the algorithm also
applies pruning strategies such as U-Prune, EUCS-Prune and the
concept of closed utility to effectively compress data. Thus, in
the mining process, the search space is greatly diminished.
Experiment on large datasets including Accidents, Mushroom,
Retail, Chainstore and compare the performance of DCHUIM
algorithm with HMiner algorithm. The findings indicate that the
DCHUIM method outperforms the HMiner algorithm in terms
of memory utilization across all databases and outperforms it in
terms of time on sparse databases.

Keywords: Frequent itemsets mining; high utility itemsets
mining; transaction database.

1. Introduction

Nowadays, data mining is a topic of interest to many
people. In the business sector, mined data will provide
businesses with deeper insights into customer behavior and
preferences. From there, managers can come up with
business strategies to maximize profits. Studies on frequent
itemsets mining (FIM) [1-4] and association rule mining
(ARM) [5-7] have been conducted with the purpose of
finding the itemset commonly purchased together by
customers in the transaction database. Later, research on
mining high utility itemsets (HUIM) arose to exploit and
find sets of items that bring high profits to businesses by
considering both the quantity and profit. Many studies on
HUIM have been performed [8]. Initially, the exploitation
of HUIs is carried out through 2 phases: Phase 1 identifies
the candidate set and Phase 2 determines the exact HUIs
by eliminating unsuitable candidates in Phase 1. Two-
phase algorithms can be mentioned as UMining and
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Umining-H [9], TWU-Mining [10], Two-Phase [11], UP-Growth [12], UP-Growth+ [13],
etc. Reality shows that 2-phase algorithms often consume a lot of time and memory to
identify and store the candidate set, especially when the candidate set is too large.
Therefore, recently, HUIs mining algorithms have been implemented faster and more
effectively with just 1 phase such as d2HUP [14], HUI-Miner [15], FHM [16], EFIM [17],
HMiner [18], HUIM-SU [19], etc. Single-phase algorithms significantly improve
execution time, however, memory consumption is still quite large. In addition, the common
point of these algorithms is to store the intersection of transactions in a data structure.

In this paper, a new approach was proposed for HUIs mining, which is based on
the Diffset mechanism. To accomplish that, the DUL structure has been built to store the
utility of an itemset and its Diffset transactions in the database. Within the same
equivalence class, DiffSet is calculated based on the difference between two Tidsets. For
example, if the itemset {fde} has the prefix {fd} and the extension {e}, the transactions
appearing in DUL (fde) will be the transactions that contain {fd} and do not contain {e}.
This approach results in significantly improved execution time and memory space
compared to previous algorithms due to the very small number of stored transactions,
especially when applied on sparse databases.

The major and important contributions of this paper include:

- Build a DUL structure to store information about the utility of itemsets, as a basis
for pruning during the mining process.

- Proposing the DCHUIM algorithm for efficient HUIs mining, combining the
application of effective pruning strategies proposed in previous studies on HUIs mining
such as U-Prune, EUCS-Prune to reduce search time and storage space.

- Experimental results on sparse and dense datasets demonstrate that compared to
HMuiner - the most efficient algorithm in recent times, the DCHUIM algorithm has better
performance in terms of execution time and memory usage, especially on sparse databases.

2. Related works
2.1. Frequent itemsets

The concept of frequent itemsets mining was proposed by Agrawal in 1993 with
the aim of finding relationships between items sold in supermarkets. The Apriori algorithm
[4], proposed in 1994, is a popular algorithm in level-wise approaches with candidates
generated at multiple levels. Next, the frequent itemset mining algorithm should be
referred to as FP-Growth [2], in which the database is traversed twice, projection is then
applied to create a local database of each single item, generate a local FP-Tree and
ecursively mine the local tree. This algorithm uses the divide and conquer method to mine
frequent itemsets and is a candidate-free method, which is often very effective on databases
with high data duplication density. In addition, a number of studies on mining frequent
itemsets and association rules have also been conducted such as Eclat, Clique [5], MGARs
[6], NSFI [3], UnigAR [7]. However, these studies did not address other factors such as
profit, weight, or interestingness of the items.
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2.2. High utility itemsets

Recently, many studies have focused on mining high utility itemsets and certain
achievements have been achieved. The initial HUIs mining algorithms were two-phase
algorithms, typically the Two-Phase algorithm [11] proposed by Liu et al., in which
phase 1 finds a candidate set that satisfies the TWU condition greater than the given
minimum utility threshold, denoted minUtil; HUIs will be mined in phase 2 from the list
of candidate sets found in phase 1. The TWU-Mining algorithm [10] implemented by Le
et al., used the WIT tree structure, in which each node in the tree contains an itemset X,
a set of transactions containing X, TWU and utility of X. In addition, other 2-phase
algorithms can be mentioned such as UMining and UMining H [8], UP-Growth [11], UP-
Growth+ [13], etc. However, these algorithms often consume a lot of time and memory
to identify and store the candidate set, especially when the number of candidates found
in phase 1 is quite large.

Therefore, the following algorithms focus on mining HUIs more quickly and
effectively with just 1 phase. The original typical 1-phase algorithm is the HUI-Miner
algorithm [14], proposed by Liu et al. in 2012 using the utility-list (UL) structure. In this
structure, the authors used iutil to store information about the utility of an itemset and used
ruutil to store the remaining utility of that itemset. Thanks to these two quantities, the
algorithm can check whether an itemset is 1 HUI and can be expanded or not (iutil + rutil
> minUtil). The 1-element UL set is built from the original database after pruning and
sorting the items in ascending order according to TWU. The k element UL set is
constructed by combining (k-1) elements ULs without rescanning the database. The FHM
algorithm [16] then proposes a pruning strategy called EUCP, which will prune 2-element
itemsets with TWU smaller than minUtil to reduce the search space.

The EFIM algorithm [17] was launched in 2017 by proposing three effective
techniques to mine HUIs. Firstly, high-utility database projection (HDP) is performed, so
that when exploring expanded itemsets, the algorithm only needs to scan through the items
behind that itemset in each transaction, thereby reducing database scanning time. Next,
high-utility transaction merging (HTM) is used to group similar transactions into one
transaction, thereby reducing database size; At the same time, the algorithm also proposes
two thresholds on sub-tree utility and local utility to reduce the search space. Another
efficient algorithm is HMiner [18] proposed by Krishnamoorthy along with compact utility
list (CUL) data structure. The advantage of this structure is that it applies the closed utility
set concept to itemsets with 2 or more elements to effectively compress data during the
mining process. Accordingly, for transactions that are in all CULSs at the same level (with
the same prefix), the information of those transactions will be counted in the closing utility
and vice versa. Therefore, the time for reviewing transactions is significantly reduced,
increasing the efficiency of the algorithm. At the same time, this algorithm is also
combined with many different pruning strategies for effective HUIs mining. However, the
HMiner algorithm still consumes quite a lot of memory across all databases.

3. Theoretical foundation

Let I = {xq,x,,..., %} be aset of m distinct items; X is a finite itemset such that
Xcl. A transaction database D = {Ty,Ty,..., T,,} has n transaction. For VT; € D, T; =

58



Vinh University Journal of Science Vol. 53, No. 2A/2024

{xklk =1,2,..,N;,x; € I}, where N; is the number of items in transaction Tj. Each x; in
I has a profit value of p(x;). Each x,, in transaction T; has a purchase quantity of q(x;, T}).

An example of transaction database D is given in Table 1. The profits of the items are
given in Table 2.

Table 1: Transaction database D

TID | Transaction (T) qllj:r:'([:itcljs(?]) Utility (U) leztiirllii?/c(t;,ogf I
T, b,d,e 511 51,2 8
T, b,c,e,f 3,6,3,4 3,6,6,8 23
T; |a,b,cde,f 1,4,1,8,2,3 |54,1,8,4,6 28
T, b,c,d,e 2,4,6,2 2,4,6,4 16
Ts ac.e,f 1,2,3,2 52,6,2 15
Ty acd 2,3,6 10, 3,6 19

Table 2: Profit of items

ltems | a | b c d e | f
Profit| 5 | 1 | 1 112 |2

The utility of an item x; in a transaction T;, denoted by U(x;, T;). For example,
the utility of item {b} in transaction T; is calculated as u(b,T;) = p(b) * q(b,T1) =1 *
5=05.

The utility of an itemset X = {x;, x,, ..., x; } in transaction T}, denoted by U (X, T;)
and is defined as U(X, T-) = Yxex U(x;,Tj). For example: U(bd,T;) = u(b,T;) +
u(d, T,) = 6.

The utility of an itemset X in transaction database D, denoted by U(X) and is
defined as U(X) = ngr,-m,-ep UX,T;). For example: U(bd)=U(bd,T,)+
U(bd, T;) +U(bd,T,) =6+ 12+ 8 = 26.

The utility of a transaction T; in database D, denoted by TU(T;) and is defined as
TU(T]-) = inETj U(x;,T;). For example: TU(T;) = U(b,T;) +U(d,T;) + U(e, T;) =8
and TU(T,) = 23.

Transaction-weighted utility of an itemset X in database D is denoted by TWU (X)
and is defined as TWU(X) = Xxcrep TU(T;). For example: TWU(ac) = TU(T3) +
TU(Ts) + TU(Tg) = 62.

A complete ordering < is constructed based on the TWU ascending sorting of the
items in database D. This sorting is intended to eliminate items with TWU < minUtil in
the algorithm that follows. In the database given in Table 1, the complete order of the items
iSa<f<d<b<e<c.Table3represents the TWU of the items after ascending and
Table 4 shows the database D after ascending according to TWU.

Table 3: TWU of the items after being sorted ascending

ltems | a | f | d b e c
TWU | 62 | 66 | 71 | 75 | 90 | 101
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Table 4: Ordered purchase history

TID Tran(;a)ctmn qllj;r:f[:ittljs(i]) Utility (U) Transactional utility (TU)
T, d,b,e 1,51 1,52 8
T, f.b,ec 4,3,3,6 8,3,6,6 23
T; |a,f,d, b,ec 1,3,8,4,21 56,8441 28
T, d,b,e,c 6,2,24 6,2,4,4 16
T af,ec 1,2,2,3 52,6,2 15
T a,d,c 2,6,3 10, 6, 3 19

All the following itemset of X in T; are denoted as T;|X, are the items that come
after X in transaction T;. For example, in Talbe 4, T,|{f, b} = {e,c} and T;|{d} = {b, e}.
The subsequent utility of an itemset X in a transaction T;, denoted as RU (X, T;), is the total
utility of all the following items of X in T;, and is defined as RU(X,T;) =

)
Dixje (T;1%) U(x;, T;). For example, RU(d, T, ) =U(b,T;) + U(e, Ty) = 7.

4. DCHUIM Algorithms
4.1. DUL structure

In this paper, DUL structure is proposed to store information about the utility of an
itemset X (composed of the prefix P and the extension A). This structure divides the utility
of X into two parts, the closed part and the non-closed part. The closed part is stored
through the values CU/CRU/CPU and the non-closed part is stored through the values
NPU/NEU/NRU. Atthe same time, transactions T; in the structure below are sets of tuples
with the structure < T;, PU, RPU >, where T; are transactions containing P but not A, PU
is the prefix utility of X in the transaction, RPU is the post - utility of prefix X in transaction
T;. Figure 1 represents the structure of a DUL.

NPU/NEU/NRU | CU/CRU/CPU
Ti |  PUKXT) RPU(X,T))

Figure 1: Structure of a DUL

The closed utility of an itemset X in transaction T;, is denoted as CU(X, T;) and is

defined:
CU(X,T) = {U(X,.Tj), if 1X>1and C(X —x;) = S(T;/{X — xx}) [18]
0, vice versa

Where: C(X — x) is the itemset following X — x; in database and S(T;/{X —
xx}) is the itemset following X — x;, in transaction T;.

The closed utility of an itemset X in database D, is denoted as CU (X) and is defined:

CUX) = ngTjeD CU(X,T;) [18]

For example, in Table 4, CU(af,T;) =11, CU(f,T, =0) and CU(ad) =
CU(ad,T3) + CU(cd, Tg) =9+ 0 =09.
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The closed remaining utility of an itemset X in a transaction T;, denoted as
CRU(X,T;), and is defined:
RU(.X, T;), if |X| > 1and C(X —x;) = S(T;/{X —xi}) (18]
0, vice versa

The closed remaining utility of an itemset X in database D is defined as:

CRU(X) = ngTjeD CRU(X,T;) [18]

For example: CRU(af,Ts) = 17 and CRU(de) = 8 + 4 = 12.

Closed prefix utility of an itemset X in a transaction T}, denoted as CPU(X, T;), is
defined as:

CPU(X,T;) = {

CRU(X,T;) = {

PU(X,T;),if |X] > 1and C(X — x) = S(T;/{X —xi}) (18]
0, vice versa

Closed prefix utility of an itemset X in database D is defined as:

CPUX) = ZXgTjeD CPU(X,T;) [18]

For example: CPU(af,Ts) = 5 and CPU(de) = 4 + 6 = 10.

In addition, in this article, to calculate non-closed utility, we propose some
additional definitions as follows:

Definition 1: Given an itemset X composed of prefix P and extension A. The non-
closing prefix utility of itemset X in the database, denoted as NPU(X), is the total non-
closing utility of prefix P in transactions containing X and is defined:

NPU(X) = Z U(P,T;)
XCSTj€DACU(X,T;)=0

For example, in Table 4, consider the itemset {ad} composed of the prefix {a} and
the extension {d}, NPU(ad ) = U(a,T¢) = 10. Transaction T; contains {ad} but is not
considered because {ad} in transaction T is closed.

Definition 2: Given an itemset X composed of prefix P and extension A. The non-
closing extended utility of itemset X in the database, denoted as NEU (X), is the total non-
closing utility of A in transactions containing X and is defined:

NEU(X) = Z U(AT)
XCST€DACU(X,T})=0

For example, in Table 4, consider the itemset {ad} composed of the prefix {a} and
the extension {d}, NEU(ad ) = U(d,Ts) = 6. Transaction T5 contains {ad} but is not
considered because {ad} in transaction T3 is closed.

Definition 3: The utility of an itemset X in the database, denoted as U (X), is the
sum of non-closed utility and closed utility of X in the transactions that contain X and is
defined:

U(X) = NPU(X) + NEU(X) + CU(X)

For example, in Table 4,U(ad ) = NPU(ad) + NEU(ad) + CU(ad) = 10 +
6 + 13 = 29.

Definition 4: Given an itemset X composed of prefix P and extension A. The
remaining non-closed utility of item

set X in the database, denoted as NRU (X)), is the total remaining non-closed utility
of A n transactions containing X and is defined:

NRU(X) = RU(X) — CRU(X)
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For example, in Table 4, NRU(ad ) = RU(ad) — CRU(ad) = 12 -9 = 3.

Definition 5: Given an itemset X composed of prefix P and extension A. The prefix
utility of the itemset X in a transaction T;, denoted as PU(X,T;), is the utility of P in
transaction T; and is defined:

PU(X,T;)) = U(P,T))

For example, in Table 4, consider the itemset {fdb} composed of the prefix {fd}
and the extension {b}, PU(fdb,T;) = U(fd,T;) = 6 + 4 = 10.

Definition 6: Given an itemset X composed of prefix P and extension A. Post -
prefix utility of itemset X in a transaction T;, denoted as RPU (X, Tj), is the posterior utility
of P in transaction T; and is defined:

RPU(X,T;) = RU(P,T))

For example, in Table 4, consider the itemset {fdb} composed of the prefix {fd}
va and the extension {b}, RPU(fdb,T;) = RU(fd,T;) =1+4+8 =13.

An itemset set X is called High Utility Itemset - HUI if U(X) = minUtil, where
minUtil is the minimum utility threshold value.

HUIs ={X € 1| U(X) = minUtil} [18]

For example, in Table 4, U(ec) = 33. For minUtil = 32, the itemset {fe} is one
HUI. HUIs can be found in the database are {adc, fbec, fe, fec, dbe, dbec, bec, ec}.

4.2. Construction of DUL

This section will illustrate how to construct single-element DUL (1-DUL), two-
element (2—DUL) and k-element (k—DUL) with k>3 in database D (after sorting the items
in ascending order according to TWU in Table 4).

4 f d h e C
0/20/42 07040 0/16/40 000 0:/21/29 0/0/0 0/1427 0000 02213 0v00) 0/16/0 070/
Tid| Pu |[EPul Tid| Pu |RPul Tid| Pu |RPy Tid| Pu |FPul Tid| Pu |FPul Tid| Pu |RPul

31 5123 21 8 |15 11117 1] 512 11210 2160
515110 3] 817 3| 819 203 (112 2l 68 1110
6110] 9 51 21 8 41 6110 3415 30401 41410
61613 41 218 41 414 s1 210
1612 6310

af ad ahb ae ac

5208 11175 |10063 13/9/5 000  9/5/5 562 ©9/1/5 15/5/0  6/0/5
Tid| Pu [RPul Tid| Pu [RPul Tid| Pu [RPul Tid| Pu [RPul Tid| Pu [RPul
s 5 =

6110) 9 3 10 51 5110 6 |10] 9 Null
§110] 9@
afd afe afc

o/ 19/9/11)  [0v0/0 283718 [0i00 10018
Tid] Pu [RPy Tid] Pu[RPu| | Tid] Pu [RPyl
51 71s Null TNull

Figure 2: Illlustrative example
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4.2.1. Construction 1-itemset DUL (1-DUL)

1-itemset DUL is constructed by scanning the database in Table 4, to find
transactions containing that element and calculate the corresponding PU and RPU values.
This transaction is then included in the list of transactions below DUL, recalculate NEU
and NRU. Note that 1-itemset DUL have CU/CRU/CPU/NPU value of 0 because | X| = 1
and the prefix is empty.

For example: DUL(a) includes 3 sets corresponding to transactions T3, Ts, Tg. T3
has PU(a,Ts) = 5, RPU(a,T;) = 23; Ts has PU(a,Ts) = 5, RPU(a,Ts) = 10; T, has
PU(a,Ts) = 10, RPU(a,Ts) = 9. NEU(a) =5+ 5 + 10 = 20; NRU(a) = 23+ 10 +
9 = 42. Similar for other DULSs.

4.2.2. Construction of two-itemsets DUL

A two-itemsets DUL is constructed by the combination of two 1-itemset DULS.
Suppose we need to construct DUL(af), we need DUL(a) and DUL(f). The construction
of DUL(af) is as follows:

First, initialize DUL(af) from DUL(a) and DUL(f) with the following general
information: NPU(af) = 0; NEU(af) = 0; NRU(af) = 0; CU(af) = 0; CRU(af) =
0; CPU(af) = 0; and the list of Tid set below of DUL(af) is empty.

The idea of the algorithm is based on Diffset, so the transactions appearing in
DUL(af) must be transactions contained in DUL(a) and not contained in DUL(f).
Therefore, browse the T'id in DUL(a) one by one. If this Tid is not in DUL(f), then a set
< Tid,PU(af,Tid),RPU(af,Tid) > will be included in DUL(af). On the contrary, if
the Tid under consideration is in both DUL(a) and DUL(f), then consider the itemset
{af} as closed or not closed in that transaction. If closed, update the CU/CRU /CPU values.
If not closed, update the NPU/NEU /NRU values. In this example, T; and Ts are in the
Tid list of both DUL(a) and DUL(f), but {af} in T is closed, {af} in Ts is not closed.
Therefore CU(af) = PU(a,T;) + PU(f,T;) = 11, CRU(af) = RPU(f,T;) = 17,
CPU(af) = PU(a,T3) = 5; NPU(af) = PU(a,Ts) = 5, NEU(af) =
PU(f,Ts) = 2, NRU(af) = RPU(f,Ts) = 8. Particularly Te is in the Tid list of
DUL(a) and not in the Tid list of DUL(f), so the Tid list of DUL(af) contains T with
PU(af,Tg) = 10 and RPU(af,Ts) = 9. Similar for other DULS.

4.2.3. Construction of k-itemsets DUL (k=3)

A Kk-itemsets DUL is constructed by combining 2 DUL of (k-1) itemsets that share
the same prefix. Suppose we need to construct DUL(afd), we need DUL(af) and
DUL(ad). The construction of DUL(afd) is as follows:

First, initialize DUL(afd) from DUL(af) and DUL(ad) with the following
general information: NPU(afd) = 7; NEU(afd) = 6; NRU(afd) = 3; CU(afd) = 19;
CRU(afd) =9; CPU(afd) = 11, and the list of Tid set below of DUL(afd) is empty.

Transactions appearing in DUL(afd) must contain {af} but not {d}. Therefore, to
find these Tid, perform sequential browsing of Tid in DUL(ad), if this Tid is not in the
Tid list of DUL(af), then aset < Tid, PU(afd, Tid), RPU(afd, Tid) > will be included
in DUL(afd) and recalculate the values NPU(afd) = NPU(afd) — PU(afd, Tid).
Conversely, browse the Tid in DUL(af) one by one. If this Tid is not in DUL(ad), then
recalculate the values NEU(afd) = NEU(afd) —PU(ad,Tid), NRU(afd) =
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NRU(afd) — RPU(ad, Tid). In this example, Ts is in DUL(ad) and not in DUL(af).
Therefore, a set <5,7,8> is put into DUL(afd) and recalculated NPU(afd) =
NPU(afd) — PU(afd, Ts) = 0. At the same time, transaction T, isonly in DUL(af") but
not in DUL(ad), so NEU(afd) = NEU(afd) — PU(d,T¢) =0, NRU(afd) =
NRU(afd) — RPU(d,Ts) = 0.

4.3. Pruning strategies

In mining high utility itemsets, pruning strategies play a very important role in
improving algorithm performance thanks to the ability to narrow the search space; thereby
optimizing execution time and storage space. In this paper, two pruning strategies U-Prune
and EUCS-Prune [15] are used to increase the execution performance of the algorithm.

Strategy 1 (U-Prune): If the total of utility and remaining utility of the itemset X
and the total utility of the following items of X is less than minUtil, any extension from
X isnota HUI. Thatis, if U(X) + RU(X) < minUtil then VY o X, Y& HUI. Then stop
expanding with the itemset X [15].

Strategy 2 (EUCS-Prune): If TWU(X) < minUtil (with X is a 2-itemset), then
X' ¢ HUI,vX' 2 X. [15].

4.4. DCHUIM algorithm

In this paper, the DCHUIM algorithm is proposed for high utility itemset mining.
The main algorithm DCHUIM has as input the transaction database D and the minUtil
utility threshold. The output of the algorithm is a list of high utility itemsets. The algorithm
first scans the database D to calculate the TWU (i) value for each item i in the database.
Then, remove items i with TWU (i) < minUtil from I and only put items i that satisfy
the condition into I*. Then sort I* ascending according to TWU and rearrange the items in
D according to the order of I* (line 3). In line 4, calculate the values for the EUCS structure.
Scan the database D lan 2 a second time and create a list of DUL for each i & I* (line 5).
Finally, call MiningDCHUI to mine high utility itemsets with minUtil threshold.

Algorithm 1: Main algorithm — DCHUIM

Input: D: Transactional database, minUtil: Minimum utility threshold.
Output: HUIs: High utility itemsets.

1. Scan database D to calculate TWU (i) for each i contained in .

2. Calculate I = {ie I | TWU(i) > minUtil}, remove from D fori ¢ I*.
3. Sort I* ascending by TWU, arranges the items in D in order of I*.

4. Initialize the EUCS structure.

5. Scan database D to create a list of DUL for each i & I* as oneDULs
6. MiningDCHUI (<, oneDULs, minUtil)

The input data of algorithm 2 (MiningDCHUTI) includes a P as a prefix, a list of
DUL as oneDULs and minUtil. From lines 1 to 5, the algorithm goes through all DUL X
in the list of oneDULs va check the condition that if U(X) = X.NPU + X.NEU +
X.CU > minUtil then put X into HUIs. Line 6 checks the scaling condition by applying
the U-Prune pruning strategy. Line 7 calls the function twoDU LConstruct to create two-
itemsets DUL (twoDULs). Line 9 calls the Hui_dif fset_Miner function to continue
mining HUIs on twoDULs.

64



Vinh University Journal of Science Vol. 53, No. 2A/2024

Algorithm 2: MiningDCHUI
Input: P: prefix; oneDULs: List of DULs prefixed with P; minUtil: Minimum
utility threshold.
Output: HUIs: High utility itemsets.
1. for each position i in oneDULs do
2. X = oneDULs][i];
if X.NPU + X.NEU + X.CU > minUtil then
HUIs < X
end if
if (X.NPU+ X.NEU+ X.CU+ X.NRU + X.CRU > minUtil) then//U-
Prune
7. twoDULs <« twoDULConstruct(X, oneULs, i, minUtil); // two-itemset
DUL
8. P = {P UX.item};
9. Hui_dif fset_Miner(P,twoDULs, minUtil);
10. end if
11. end for
Algorithm 3 (Hui_dif fset_Miner) has input data including a P as prefix, a list of
DUL as twoDULs and minUtil. From lines 1 to 5, the algorithm goes through all DUL X
in the list of twoDULs and checks the condition that if U(X) = X.NPU + X.NEU +
X.CU > minUtil then put X in HUIs. Line 6 checks the scaling condition by applying the
U-Prune pruning strategy. Line 7 calls the kDU LConstruct function to create DULS with
k itemsets (kDULs), k>3. Line 9 recursively calls the Hui_dif fset_Miner function to
continue mining HUIs on kDULSs.
Algorithm 3: Hui_dif fset_Miner
Input: P: prefix; twoDULs: List of DULs prefixed with P, minUtil: Minimum
utility threshold.
Output: HUIs: High utility itemsets.
1. for each position i in twoDULs do
2. X = twoDULs]i];
if X.NPU + X.NEU + X.CU > minUtil then
HUIs < X;
end if
if (X.NPU+ X.NEU+ X.CU+ X.NRU + X.CRU > minUtil) then//U-
Prune
7 kDULs < kDULConstruct(X, twoDULs, i, minUtil); // k-itemsets DUL
8. P = {P UX.item},
9. Hui_dif fset_Miner (P, kDULs, minUtil);
10. end if
11. end for

Algorithm 4 (twoDU LConstruct) has input data including 1 DUL with prefix X,
a list of DULs as oneDULs, st. starting position and minUtil. From lines 1 to 8, the
algorithm traverses the oneDULs Y after X, if EUCS(X,Y) is greater than minUtil then

o v A w

ook w
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initialize a DUL(XY) that extends from X and included in twoDULs. In line 9, extSz is
used to store the DULs of twoDULs. Next, from line 11 to line 24, the algorithm browses
each Tid in X in turn. If this T'id appears in any DUL of twoDU Ls, add the location of this
DUL to newT. Otherwise, add the corresponding dataset of this Tid to the DUL under
consideration. From line 25 to line 41, the algorithm checks if the itemset XY s closed then
updates the values of CU/CRU/CPU, otherwise updates the NPU/NEU/NRU values.
Line 43 returns the result in twoULs.

Algorithm 4: twoDU LConstruct

Input: X: DUL prefix; itemset oneDULs; st: starting position; minUtil: Minimum
utility threshold.

Output: twoDULs: 2-itemsets DULS.

1.fori = st+ 1tooneDULs.size-1 do

2. Y = oneDULs[i]; /Y sau X

3. IfEUCS(X.item,Y.item)> minUtil then // EUCS pruning strategy

4. Initial newUL(Y.item); // Initialize a new DUL extended from X

5. twoDULs < newDUL;

6 ey_tid[i] = 0; // mark tid position in newDUL

7. end if

8. end for

9. extSz = twoDULs.size;

10. newT = null;

11. for each ex in X. tidList do

12. forj = 0totwoDULs.size - 1do

13. if twoDULs[j] = null then

14. continue;

15. end if

16. eylist = oneDULs[twoDULs|j].item]. tidList;

17. while ey_tid[j] < eylist.size and eylist[ey_tid[j]].tid <
ex.tid do

18. ey_tid[j]l+= 1;

19. if ey tid[j] < eylist.size and eylist[ey_tid[j]]. tid = ex.tid
then

20. newT «j;

21. else

22. twoDULs([j]. tidList « ex;

23. end if

24.  end for

25. if newT.size = extSz then

26. forj = 0tonewT.size- 1do

27. ey = oneDULs[twoDULs[j].item];

28. eyy = ey.tidList[ey_tid[newT[j]]];
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29. twoDULs[newT|[j]]. CU+= ex.PU + eyy.PU;
30. twoDULs[newT|j]]. CRU += eyy.RPU,;
31. twoDULs[newT|[j]]. CPU += ex.PU;
32. end for

33. else

34. for j = 0tonewT.size- 1do

35. ey = oneDULs[twoDULs[j].item];

36. eyy = ey.tidList[ey_tid[newT][j]]];
37. twoDULs[newT|[j]]. NPU += ex.PU;
38. twoDULs[newT[j]]. NEU += eyy.PU;
39. twoDULs[newT|[j]]. NRU += eyy.RPU;
40. end for

41.  endif

42. end for

43. return twoDULs;

Algorithm 5 (kULConstruct) has input data including 1 DUL with prefix X, a list
of DUL — twoULs, st: starting position and minU'til. First, the algorithm initializes the
kULs which has the same number of elements as twoULs. Next, perform an X expansion
with the Y after the X and update the corresponding kULs. From lines 4 to 9, the algorithm
assigns the initial NPU/NEU/NRU/CU/CRU/CPU values; use preX sand preY as 2
DUL at 1-itemset level corresponding to X and Y. From line 12 to line 19, browse each
element in turn ey €Y and find ex € X such that ex. tid = ey. tid. If not, find x e preX
such that x. tid = ey. tid; create element exy combined from x and ey (line 14, 15); add
exy to DUL(XY); update the NPU value at the same time. From line 20 to line 27, browse
each element in turn ex € X and find ey €Y such that ex.tid = ey.tid. If not, find
y epreY suchthaty.tid = ex.tid; update the NEU, NRU values. Line 28 removes empty
DULs at the k-element level. Line 29 returns kULs.

Algorithm 5: kULConstruct

Input: X: DUL prefix; itemset twoULs; st: starting position; minUtil: Minimum

utility threshold.

Output: kULs: k-element DULS.

1. Initialize kULs with an initial number of elements equal to the number of

elements of twoULs

2.fori = st+ 1totwolULs.size —1do
3. Y = twoULs[i]; /Y sau X

4. kULs[i]. NPU = X.NPU + X.NEU;

5. kULs[i]. NEU = Y.NEU;

6. kULs[i]. NRU = Y.NRU;

7. kULs[i].CU = X.CU +Y.CU — X.CPU;
8. kULs[i]. CRU = Y.CRU;

9. kULs[i]. CPU = X.CU;
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10. preX = oneULs[X.item];
11.  preY = oneULs[Y.item];
12.  for eachelementeyinY do

13. if! 7ex e X nex.tid = ey.tid then

14. Find x e preX such that x. tid = ey. tid,;
15. exy =<ey.tid,ey.PU + x.PU,x.RPU >;
16. kULs[i] «exy;

17. kULs[i]. NPU —= exy. PU;

18. end if

19. end for

20. for each element ex in X do

21. if! Fey €Y ney.tid = ex. tid then

22. Find y e preY such that y. tid = ex. tid
23. kULs[i]. NEU — = y.PU;

24, kULs[i]. NRU —= y.RPU;

25. end if

26. end for

27. end for

28. Remove empty kULs
29. return kULs;

5. Experimentation

Experiments are carried out to evaluate the proposals in the DCHUIM algorithm.
The algorithm is installed in Java language, experimentally run on an HP 14-bs1 computer
with Intel Core i5-8250 CPU @1.6GHz configuration, 8GB RAM and Windows 10
operating system. The standard dataset used in HUI mining documents is used,
downloaded from the SPMF library [20], including: Accidents, Mushroom, Retail and
Chainstore. These data sets have completely characteristics of representing different types
of data such as sparse, dense and diverse transaction lengths. Descriptive information for
the datasets is presented in Table 5.

The experimental results of the DCHUIM algorithm are compared with the most
effective recent algorithm HMiner [18] (the original implementation of the HMiner
algorithm is downloaded from the SPMF library SPMF [20]) based on an assessment of
execution time and memory usage.

Table 5: Characteristics of experimental databases

Database Transac_tion N_umber of | Average Dense
quantity items (1) | length (A) | (A/l) %

Accidents 340,183 468 33.8 7.2222
Mushroom 8,124 119 23 19.3277
Retail 88,162 16,470 10.3 0.0625
Chainstore 1,112,949 46,086 7.3 0.0158
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Figure 3 compares the performance of the proposed algorithm DCHUIM and the
HMiner algorithm in terms of execution time on four databases Accidents, Mushroom,
Retail and Chainstore. With a high density database (Accidents), the execution time of
the HMiner algorithm and the DCHUIM algorithm are almost the same. Specifically with
the Accidents database, at the thresholds minUtil = 27,000,000 to minUtil =
30,000,000, the execution time of the proposed algorithm is lower than that of the HMiner
algorithm. However, when the minUtil threshold decreases to 26,000,000, the execution
time of the DCHUIM algorithm increases slightly compared to HMiner.

With an average database of Mushroom, these two algorithms have roughly equal
execution time. With the Retail sparse database, the execution time of the DCHUIM
algorithm is almost twice as fast as the HMiner algorithm at all minUtil thresholds from
2,000 to 6,000. With the Chainstore sparse database, the DCHUIM algorithm has an
average execution time of 55.35 seconds, while the HMiner algorithm has a higher
execution time of 132.27 seconds. Also, in the Chainstore database, the lower the minU'til
threshold, the more effective the DCHUIM algorithm is. This observation shows that the
proposed DUL structure is indeed highly effective and the pruning strategies applied in the
DCHUIM algorithm have helped significantly narrow the search space, thereby increasing
the algorithm's performance, especially on sparse databases. For dense databases, the
execution time of DCHUIM is approximately that of HMiner.
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Figure 3: Compare execution time

Figure 4 compares memory usage between two algorithms DHUIM and HMiner
on four databases: Accidents, Mushroom, Retail and Chainstore. The results show
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that for the Accidents database, DCHUIM’s memory capacity is only half that of
HMiner. With the Mushroom database, HMiner’s memory is nearly 10 times that of
DCHUIM. With Retail and Chainstore, the memory of DCHUIM s only half that of
HMiner. Thus, experimental data shows that in both dense databases (Accidents,
Mushroom) and sparse databases (Retail and Chainstore), the memory usage of
DHUIM is much better than HMiner at all comparison thresholds. The reason is that
DCHUIM only stores Diffset transactions and not Tidset transactions, resulting in
significantly reduced memory capacity.
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Figure 4: Comparison of memory usage

6. Conclusions

In this paper, a new structure called DUL has been proposed to mine high utility
itemsets on transactional databases through the DCHUIM algorithm. This structure stores
DiffSet transactions instead of storing TidSet transactions; At the same time, the algorithm
also applies effective pruning strategies such as U-Prune, TWU-Prune, EUCS-Prune to
optimize storage space during mining. Experimental results show that the DCHUIM
algorithm has faster execution time than the HMiner algorithm in sparse databases. The
memory usage of the DCHUIM algorithm is also better than the HMiner algorithm in all
databases and at all minimum usefulness thresholds.
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TOM TAT
MOQT THUAT TOAN HU'U iCH PE KHAI THAC TAP HUU ICH CAO

Nguyén Thi Thanh Thiiy", Nguyén Vin L& Manh Thién Ly
Truong Pai hoc Cong Thuwong Thanh pho Ho Chi Minh, Viét Nam
Ngay nhan bai 21/11/2023, ngay nhan dang 24/01/2024

Khai théc tap hiru ich cao (High Utility Itemsets - HUIS) la viéc tim ra cac tap muc
thoa man mot ngudng do hiru ich t6i thiéu do nguoi dung xac dinh. DA c6 nhiéu thuat toan
khai thac tap hitu ich cao hiéu qua, tuy nhién cac thuat toan nay déu dya trén co ché Tidset
(lwu triv tap giao cua cac giao dich trong ciu tric dir liéu). O bai bao nay, thuat toan
DCHUIM dugc dé xuat nham khai thac tap hitu ich cao bang co ché Diffset, tuc Ia thay vi
Iwru trix tap giao thi co ché ndy s& luu trix tap trir cua cac giao dich. Bé thuc hién viéc nay,
mét cau tric dit liéu DUL duoc xay dung dé luu trir thong tin vé do hitu ich caa mot tap
muc va cé4c giao dich thudc tap Diffset. Ngoai ra, thuét todn con ap dung cac chién lugc
cit tia nhu U-Prune, EUCS-Prune va sir dung tap hiru ich dong dé nén dir liéu mot cach
hiéu qua, tir d6 giam khdng gian tim kiém trong qua trinh khai thac. Thuc nghiém duoc
thuc hién trén cac bo dir liéu 16n gdm Accidents, Mushroom, Retail, Chainstore va tién
hanh so sanh hiéu suét thuc thi giira thuat toan DCHUIM véi thuat toan HMINER. Két qua
cho thiy thuat toan DCHUIM c6 hiéu suét tot hon thuat toan HMINER vé thoi gian thuc
thi trén co s& dit liéu thua va vuot troi vé& bo nhé sir dung trén tat ca cac co so dit liéu.

Tir khda: Khai thac tap phd bién, khai thac tap hitu ich cao, co sé dit liéu giao dich.
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