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ABSTRACT

High-utility itemset mining is an emerging research area in
the field of Data Mining. Several algorithms were proposed
to find high-utility itemsets from transaction databases and
use a data structure called UP-tree for their working. How-
ever, algorithms based on UP-tree generate a lot of candi-
dates due to limited information availability in UP-tree for
computing utility value estimates of itemsets. In this pa-
per, we present a data structure named UP-Hist tree which
maintains a histogram of item quantities with each node of
the tree. The histogram allows computation of better utility
estimates for effective pruning of the search space. Extensive
experiments on real as well as synthetic datasets show that
our algorithm based on UP-Hist tree outperforms the state
of the art pattern-growth based algorithms in terms of the
total number of candidate high utility itemsets generated
that needs to be verified.

Categories and Subject Descriptors
A.m [General]: Miscellaneous; H.2.m [Data Mining]
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1. INTRODUCTION

High-utility pattern mining[10, 15, 11, 14] finds patterns
from a database that have their utility value no less than
a given minimum utility threshold. The utility of a pat-
tern defines its importance and makes mined patterns more
relevant for certain applications. Primarily, the interest in
utility patterns arises as it allows to associate relative im-
portance to different items, and accounts for multiplicity of
items. On the other hand, frequent-pattern mining can’t
be used to find high utility patterns, due to its limitation
of treating every item with equal importance with no use
of item-quantity information. Applications like retail stores,
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where each item has different profit values and a transaction
can have multiple copies of an item, will have a direct role
of high utility pattern mining methods. In this scenario,
the patterns can be interpreted as itemsets that contribute
to the majority of the profit, and can be used for deciding
inventory of a retail store. Similar to retail stores, utility
mining also finds its applications in web click stream analy-
sis[8], bio-medical data analysis[3] and mobile E-commerce
environment[13].

The majority of the algorithms on utility pattern mining
is of type pattern-growth and use an efficient data struc-
ture named UP-tree for their working. However, these al-
gorithms generate a large number of candidate patterns in
the first phase, which are then verified for their high util-
ity property in the second phase. To reduce the number of
candidate patterns generated in the first phase in pattern
growth algorithms, there are primarily two steps: i) iden-
tifying better estimates of the utility value of patterns and
(ii) systematic search of space for patterns, using the esti-
mates. The utility-value estimates allow early pruning of
non-candidate itemsets and avoids exploration of unpromis-
ing nodes in the tree. We believe that any data structure
which helps into computation of better estimates will im-
prove the performance of the mining algorithms by effec-
tively pruning the search space. Along the similar lines of
thought, authors in [15] associated with each tree node a
minimum quantity information and have observed improve-
ment in performance.

In this paper, we propose a data structure named as UP-
Hist tree that supports computing better estimates as com-
pared to the previous approaches. In UP-Hist tree, we as-
sociate a histogram which represents frequency distribution
of item-quantities with each node of the UP-tree and use
it for storing the quantity information of transactions. We
observe that use of UP-Hist tree improves the performance
of utility-pattern mining algorithm based on FP-tree based
data structures. However, histograms require some extra
storage as compared to the previous approaches, but still
the space required is a couple of MB’s which is not a big re-
quirement in the era of cloud-computing and big-data. We
propose an algorithm called UP-Hist Growth, which uses the
UP-Hist tree data structure to mine high-utility patterns.

Our contributions can be summarized as follows:

e We propose a novel data structure UP-Hist tree and an

algorithm UP-Hist Growth for discovering high utility
itemsets from a transaction database.

e We prove that the estimates computed by UP-Hist



tree are correct and better that UP-Growth based ap-
proach.

e We conduct extensive experiments on real as well as
synthetic datasets to demonstrate the performance of
our proposed solution. The results confirm that our
proposed solution is scalable and outperforms state-
of-the-art algorithms based on tree-based methods in
terms of the number of generated candidates that need
to be verified.

2. RELATED WORK

Frequent-itemset mining [1, 6, 7] has been studied exten-
sively in the literature and several algorithms have been pro-
posed. However, frequent-itemset mining algorithms can’t
be used to find high utility itemsets as it is not necessarily
true that a frequent itemset is also a high utility itemset in
the database. On the other hand, mining high-utility pat-
terns is challenging compared to the frequent-itemset min-
ing, as there is no downward closure property [1], like we
have in frequent-itemset mining scenario. The downward
closure property states that every subset of a frequent item-
set is also frequent.

High-utility itemset mining[10] finds itemsets which have
their utility no less than a minimum utility threshold. Sev-
eral algorithms have been proposed to find high utility item-
sets. Liu et al.[11] proposed a two-phase algorithm for min-
ing high utility itemsets. The candidate high utility itemsets
were generated in the first phase and verification was done in
the second phase. Ahmed et al.[2] proposed a data structure
called IHUP-tree and another two-phase algorithm to mine
high utility patterns incrementally from dynamic databases.
However, the above algorithms generate a lot of candidate
itemsets in the first phase. In order to reduce the number of
candidates, Tseng et al.[16] proposed a new data structure
called UP-tree and proposed algorithms namely, UP-Growth
[16] and UP-Growth+ [15]. The authors proposed effective
strategies like DGU, DGN, DLU and DLN to reduce the
overestimated utilities. However, we observed that a his-
togram can be augmented with every node of the UP-tree
and can be used to reduce the overestimated utilities further.
We present strategies to compute utility estimates using the
histograms and demonstrate the better performance of our
proposed strategy. Liu et al. [9] proposed a data structure
named utility-lists and a level-wise algorithm (HUI-Miner)
for mining high-utility itemsets. Viger et al. [4]proposed a
strategy to improve the performance of HUI-Miner by reduc-
ing the number of join operations. Our focus is on improving
the performance of the existing pattern-mining algorithms
based on Pattern-tree data structure.

Several algorithms have been proposed to find top-k util-
ity itemsets in transactions [17], sequence databases [18]
and data streams [12]. Most top-k algorithms use a com-
mon search strategy for finding the results. The idea is to
use a buffer of size k and store the intermediate results in
this buffer. The process of finding top-k utility itemsets is
repeated until it is guaranteed that no more itemsets can
become a part of the result. Wu et al. [17] proposed an
algorithm named TKU based on UP-Growth [16] for finding
top-k high utility itemsets. We believe that these works can
also get the benefit of detailed information available in the
form of histogram to improve their performance.

Table 1: Fxample Database

TID Transaction TU
T (A:1)(C:10)(D:1) 17
Ts (A:2)(C:6)(E:2)(G:5) 27
Ts (A:2)(B: ) (D:6)(F:2)(F:1) 371
Ty (B:4)(C:13)(D:3)(E:1) 30
Ts (B:2)(C:4)(F:1)(G:2) 13
Ts (A:6)(B:1)(C:1)(D:4)(H:2) 43

Table 2: Profit Table

Item A B C D E F G H
Profit 5 2 1 2 3 5 1 1

3. BACKGROUND

In subsection 3.1, we give some definitions given in earlier
works and describe the problem statement formally. We also
briefly discuss the UP-tree data structure in subsection 3.2.

3.1 Preliminary

We have a set of m items I = {I1, I, ..., I, }, where each
item has a profit pr(i,) associated with it. An itemset X
of length k is a set of k distinct items X = {I1, Iz, ..., I},
where for i € 1.....k, I; € I. A transaction database D =
{T1,Ts,......, T} consists of a set of n transactions, where
every transaction has a subset of items belonging to I. Every
item I, in a transaction T, has a quantity q(ip, Tq) associated
with it.

Definition 1. The utility of an item I, in a transaction Tq
is the product of the profit of the item and its quantity in the
transaction i.e. u(Ip,Tq) = q(Ip,Ta) * pr(Ip).

1.

Definition 2. The utility of an itemset X in a transaction
T, is denoted as u(X, Tq) and defined as ZXCTdeeX u(Ip, Tq).

Let us consider the example database shown in Table 1
and the profit values in Table 2. The utility of item {A}
in T3 = 2 x 5 = 10 and the utility of itemset {4, B} in T3
denoted by u({A, B},T3) = u(A,T3) + u(B,T3) =10+ 4 =
14.

Definition 3. The utility of an itemset X in database D is
denoted as u(X) and defined as 3y c 1, a7, p WX, Ta).

For example, u(A, B) = u({A, B}, Ts) +
14 + 31 = 55.

’U,({A, B}7 T@) =

Definition 4. An itemset is called a high utility itemset if
its utility is no less than a user-specified minimum threshold
denoted by min_util.

For example, u(A,C) = u({A,C},Th) + u({A,C}, To) +
u({A,C},T) = 154+ 16 + 31 = 62. If min_util = 50, then
{4, C?} is a high utility itemset. However, if min_util = 75,
then {A, C} is a low utility itemset.

Problem Statement. Given a transaction database D and
a minimum utility threshold min_util, the aim is to find all
the high utility itemsets i.e. itemsets which have utility no
less than min_util.



We will now describe the concept of transaction utility
and transaction weighted downward closure(TWDC)[10].

Definition 5. The transaction utility of a transaction Ty is
denoted by TU (Tq) and defined as u(Tq,Tq).

For example, the transaction utility of every transaction
is shown in Table 1.

Definition 6. Transaction-weighted utility of an itemset X
is the sum of the transaction utilities of all the transactions
containing X, which is denoted as TWU(X) and defined as

ngTdATdeD TU(Td)'

Definition 7. An itemset X is called a high-transaction-
weighted utility itemset (HTWUI), if TWU(X) is no less
than min_util.

Property 1 (Transaction-weighted downward clo-
sure) For any itemset X, if X is not a (HTWUI), any su-
perset of X is not a HTWUIL
For example, TU(T1) = u({ACD},T1) = 17, TWU({A}) =
TU(Ty)+TU(T2)+TU(T5) + TU(Ts) = 124. If min_util =
60, {A} is a HTWUL However, if min_util = 130, {A} and
any of its supersets are not HTWUIs.

3.2 UP-Tree

Each node N in UP-tree [16] consists of a name N.item,
overestimated utility N.nu, support count N.count, a pointer
to the parent node N.parent and a pointer N.hlink to the
node which has the same name as N.name. The root of
the tree is a special empty node which points to its child
nodes. The support count of a node N along a path is the
number of transactions contained in that path that have the
item N.item. N.nu is the overestimated utility of an itemset
along the path from node N to the root. In order to facil-
itate efficient traversal, a header table is also maintained.
The header table has three columns, Item, TWU and Link.
The nodes in a UP-tree along a path are maintained in de-
scending order of their TWU values. All nodes with the
same label are stored in a linked list and the link pointer in
the header table points to the head of the list.

4. MINING HIGH UTILITY ITEMSETS

In this section, we will present the construction process of
UP-Hist tree. Subsequently, we will show how UP-Hist tree
can be used to compute better estimates of utility value for
an itemset as well as a node(N.nu). We also prove that the
utility estimates computed by our method are correct and
better as compared to the state-of-art approaches, namely
UP-Growth [16], UP-Growth+ [15].

4.1 Construction of UP-Hist Tree

Primarily, in the UP-Hist tree we augment a histogram
with every node of the UP-tree. A histogram at a node stores
the quantity information for a specific set of transaction that
contributes to the node utility.

Definition 8. A histogram h for an item-node N; is a set
of pairs (gi,num;), where g; is an item quantity and num;
is the number of transactions that contain q; copies of an
item.

The process of constructing UP-Hist tree is similar to the
previous approaches [15], [16] and requires two scans of the
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Figure 1: Global UP-Hist tree

database. In the first scan, items are ordered on the basis
of their TWU values and non-candidates are discarded. A
header table is also created that explicitly stores the TWU
values with each item and maintains items in non-increasing
order of their TWU value. During the second scan of the
database, each transaction is first reorganized and then in-
serted into the UP-Hist tree. Reorganization of a transaction
reduces the TU value by the utility value of the discarded
items as well as reorders the remaining items in the transac-
tion using their RTU values. Similar to the basic UP-tree,
tree traversal of UP-Hist tree is supported by links main-
tained in the header table and at each node of the tree.

The process of inserting reorganized transactions in the
UP-Hist tree is as follows: each transaction is processed from
the beginning and matched with nodes in the tree starting
from the root. In case the item of a transaction matches with
the node’s item, the histogram associated with that node is
updated with the item’s quantity value, i.e. if a pair p with
the same quantity value exists then count is incremented by
one, otherwise a new pair is added to the histogram. The
node utility value is also updated by the utility-value of the
transaction-prefix and the support is incremented by one.
In the second case, when the item of transaction does not
match with any node at that level, a new node is created
for that item and an empty histogram is associated with
the node. Then, a pair (quantity, support) is added in the
histogram with its first component value set as the item’s
quantity and the support (t.) is set to one. For the example
database given in Table 1 and Table 2 respectively. The
global UP-Hist tree for the example database is shown in
the Figure 1. The histograms in the figure are shown as
the list of item-quantity values for the reason of legibility,
instead of a list of pairs.

4.2 Generating High-Utility Itemsets from UP-
Hist Tree

In this subsection, we present our approach to calculate
better utility estimates of itemsets using histograms. Subse-
quently, we give a proof of correctness of our estimates and
illustrate the advantage of using histograms with an exam-
ple.

Our Algorithm 1, is a pattern-growth recursive algorithm.
The algorithm picks every item in a bottom-up manner from
the header. If the picked item is of high utility and can
generate high utility itemsets, a local tree is generated for
that item, which is further explored in a recursive manner.
At every expansion of a prefix, the utility of prefix in the



Algorithm 1 UP-Hist Growth(7%, Hz, X)

Input: A UP-Hist tree T_z, a header table H_x for T_x, an
itemset X, a minimum utility threshold min_util.
Output: All candidate high-utility itemsets in T_x.
1: for each entry {a_i} in H_z do
2: Compute node.nu by following the links from the
header table for each item {a;}. Also, compute the up-
per bound and lower bound utility of the prefix itemset [
denoted by UB({I}) and LB({I}) as given in Definition
11.

3: if ( then node.nu(a;) > min_util)

4: if ( then LBgum(a:) > min_util)

5: Add itemset {a_i} to the set of verified high
utility items. Construct the CPB of Y = X U a_i.

6: else if ( then UBsyum(a_t) > min_util)

T Construct PHUI Y = X Ua_i and CPB of Y.

8: else

9: Construct the CPB of Y = X U a_i only.

10: end if

11: Put local promising items in Y — CPB into H_Y
and apply DLU to reduce path utilities.

12: Insert every reorganized path into T_Y after ap-
plying DLN.

13: if T_Y # null then

14: Call UP-Hist Growth(T_Y ,H_YY)

15: end if

16: end if

17: end for

local tree is estimated to decide whether further exploration
is worthy. Our algorithm generates these utility estimates
using histograms. We discuss the strategies of computing
estimates and process of constructing a local UP-Hist tree
further.

In order to compute the estimates for an item-node IN;
of a tree having a support count s, we define two primi-
tive operations, namely minC(N;, s) and mazC(N;, s), that
computes the minimum (Ib) and maximum (ub) number of
item copies for a given number of transactions.

Definition 9. Let h be a histogram, associated with an item-
node Nj, consisting of n, (1 < ¢ < n) pairs < g;,num; >,
sorted in ascending order of g;. minC(N;, s) returns the sum
of item-copies of k entries of h, i.e., minC(Nj, s) = Z}f qi,
such that k is the maximal number fulfilling k < Z’f num;.

Definition 10. Let h be a histogram, associated with an
item-node N;, consisting of n, (1 < i < n) pairs < q;, num; >,
sorted in descending order of q;. maxC(N;,s) returns the
sum of item-copies of k entries of h, i.e., maxC(N;,s) =
Z]f qi, such that k is the minimal number fulfilling k <
Z’f num;.

For example, consider the histogram at node C' in Figure
Lh={<1,1><41><6,1><10,1>,<13,1>}.
The minC(C,3) and maxC(C,3) will be 11 and 29 respec-
tively.

In the process of pattern growth, any intermediate pattern
is checked whether the pattern is high-utility or not. It re-
quires to estimate the utility of the pattern and is computed
using minC(.) and mazC(.), as given further.

Definition 11. Given an itemset I =< a1, as,...,ar > cor-
responding to a path in a UP-Hist tree , with support count

value as s, the ub and lb utility values of I are computed
as follows: ub(I) = Zle mazC(ai,s) * pr(a;). Ib(I) =
Zle minC/(ai, s) * pr(a;).

We also use histograms to remove unpromising items dur-
ing the construction of local UP-Hist tree. The local tree
construction is basically a two-step process where, first a
conditional pattern base (CPB) of a prefix itemset is cre-
ated. The conditional pattern base (CPB) of a prefix item-
set is the collection of paths from which the prefix itemset is
reachable from the root of the local tree. In our case, each
path in the C'P B will have a path utility value and each item
in a pattern will have a partial histogram associated with it.
The partial histogram is computed using the support count
of a path as follows:

Definition 12. Given a path p with a support count s, a
partial histogram for an item-node N; consists of the en-
tries of N;’s histogram used to compute minC(Nj,s) and
mazC(N;,s) score.

In the second step local-tree construction, the CPB —
paths are reorganized by removing the unpromising items to
produce reorganized paths, and the utility of a reorganized
path is defined as follows.

Definition 13. Reorganized path utility of a path p, with
a support count s due to removal of a set of unpromising
local nodes R, is computed as follows: p.nunew = p.nu —
Y ner MinC(n, s) * pr(n), where p.nu is old path-utility be-
fore reorganization.

The obtained C' P B consisting of reorganized paths is then
used to create a local UP-Hist tree similar to the process of
creating a local UP-tree. However, we merge two histograms
in the process using standard bag-union operation. After the
paths are reorganized, the new utility of every node N; along
that path is calculated as shown below:

EN)i.nu)new = (Nenu)oa + pnu — 3 pminC(n,s) *
pr(n).

Claim 1. The utility values of an itemset I i.e Ib(I) and
ub(I) are correct lower and upper bound estimates of the
exact utility of 1

Proof. As per Definition 11, the lower bound utility estimate
of I i.e. Ib(I) is computed as a summation of the product
of minC(a;, s) and profit pr(a; ), for each item a; € I. The
exact utility of the itemset I is computed as summation of
product of the exact number of copies of each item a; € [
and the profit pr(a;) associated with each item. It is trivial
to see the way minC(.) is computed as per Definition 9,
the actual quantity of each item a; in I can’t be less than
computed by minC(.). Similar argument holds for ub([l),
which proves the claim. O

Claim 2. The estimated reorganized path utility(p.nunew)
and the node utility((Ni.nu)new ) computed by UP-Hist Growth
is better compared to UP-Growth, UP-Growth+.

Proof. The reorganized path and node utilities are com-
puted by removing the utilities of unpromising items. The



authors [15] used the minimum item utility of an item ¢ de-
noted by miu(i) and minimum node utility of a node N,
denoted as N.mnu to compute the estimates. miu(i) is the
minimum quantity of item ¢ in the database and can be rep-
resented as global_hist(1) i.e. the lowest quantity value in the
global histogram. N.mnu is the minimum quantity of item
N.name in the subset of transactions covered in the path p
containing item N.name in the tree and can be represented
as hist(1), where hist(1) is the lowest item from the global
or the local histogram of item ¢. It is trivial to observe,

YonerminC(n,s) * pr(n) > 3 _ps * nmnu * pr(n) >
ner S * miu(n) x pr(n)
which proves the claim. O

Next, we present an example to show the effectiveness of
our utility estimates. Let us consider the example database
as shown in Table 1 and let min_util = 75. In the first pass
of the database, transaction weighted utilization (TWU) of
every distinct item is calculated. {F},{G} and {H} are
the low utility items as their TWU is below the minimum
utility threshold. The transactions are then reorganized by
removing the unpromising (low utility) items and sorting
the items within a transaction in decreasing order of their
TWUs. Every reorganized transaction is inserted one by
one to create a global UP-Hist tree as shown in Figure 1.
Let us now process the local tree created by processing item
{A} from the header table. Item {A} is a candidate high
utility itemset, since its reorganized transaction utility is 94,
which is greater than the minimum utility threshold. The
conditional pattern base of ({A} — CPB) is created and
items in the CPB are processed. ({A} — CPB) consists of
paths < CD >,< C > and < D > with path utility 56,
16 and 22. The transaction utility of items {C} and {D}
is 72 and 78. Therefore, {C} is an unpromising item and
its utility must be subtracted to get the reorganized path
utilities. The reorganized utility of the path < CD > by
UP-Growth is computed as shown below.

P-NUnew(< CD >, A— CPB) = 56 — miu(C) x s(c) = 56 —
1 x2=>54.

D-NUnew(< CD >,{A}—CPB) computed by UP-Growth+
is same asc.mnu is also 1. The estimated utility of the item-
set < AD > by UP-Growth and UP-Growth+ is equal to the
sum of path utility of < CD > and < D > in {A} — CPB
i.e. 76.

Now, we will calculate the estimated utility using our his-
togram. The support of the unpromising item C is 2 and
minC(C,2) is 5. The path utility of path < CD > using
the histogram of item {C} {< 1,1 >, < 4,1 >, < 6,1 >,<
10,1 >,< 13,1 >} is given below:

pu(< CD >, {A} — CPB) = 56 — minC(C, 2) % pr(C) =
56 — 5 = 51.

The estimated utility of itemset < AD > is 73. Therefore,
< AD > is a potential high utility itemset according to the
UP-Growth and UP-Growth+ algorithm, but a low utility
itemset according to our algorithm.

5. EXPERIMENTS AND RESULTS

In this section, we compare the performance of our pro-
posed algorithm UP-Hist Growth against UP-Growth [16],
UP-Growth+[15], on various real and synthetic datasets.
We compared the performance of the algorithms on the ba-
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Figure 2: Performance Evaluation on Mushroom and Chess
Datasets
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Figure 3: Performance Evaluation on Retail dataset

sis of number of candidates generated. We don’t compare
the performance of the algorithms on the basis of execution
time because of two reasons:(1) The execution time of the
algorithms depend upon the configuration of the machine
on which experiments are conducted. (2) The performance
of the tree-based two phase algorithms depend primarily on
the number of candidates generated in the first phase as the
verification algorithm is same for tree-based algorithms. The
description of the various datasets is shown in Table 3. We
implemented all the algorithms in Java on Eclipse 3.5.2 plat-
form with JDK 1.6.0_24. The experiments were performed
on an Intel Xeon(R) CPU=26500@2.00 GHz with 64 GB
RAM. The datasets Mushroom, Chess and Retail were ob-
tained from FIMI Repository [5]. The original datasets con-
tained only the list of items present in each transaction. The
quantity values associated with every item in the database
were generated randomly between 1 to 10. The profit value
information associated with every item were generated be-
tween 1 to 1000 using log normal distribution. The results
for the dense datasets Mushroom and Chess is shown in
Figure 2. The graphs show that our proposed approach out-
performs other approaches in terms of the generated number
of candidates. The reduction in the number of candidates
will reduce the time spent by the pattern-growth algorithms
in the verification phase, leading to lesser execution time.
We also evaluated the performance of our algorithm on the
sparse Retail dataset and the results, are shown in Figure
3. The results show that our algorithm performs better on
sparse as well as dense databases.

Table 3: Characteristics of Datasets

Dataset #T x Avg. length #Items Type
Chess 3,196 37.0 75 Dense
Mushroom 8,124 23.0 119 Dense
Retail 88,162 10.3 16,470 Sparse




6.

CONCLUSIONS

In this paper, we proposed a novel data structure, UP-
Hist tree for finding high utility itemsets. The association
of histogram for item quantities improved the estimates for
utility bounds and hence helped in pruning the search space
better. Experimental results on real and synthetic datasets
demonstrate the better performance of our proposed data
structure compared to the state-of-the-art pattern growth
algorithms in terms of total number of generated candidates
that need to be verified.
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