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Abstract

Data mining is the process of discovering previously unknown, yet useful, information
from data. Data is often large, requiring automated forms of analysis to extract
interesting patterns and relationships. To add to this problem, interesting information
may be lost when noise is introduced into data. Existing approaches apply lenience
to support to accommodate the impacts of noise on frequent patterns. Whilst past
research provides improvements to mining within noisy datasets, limited or no work
has considered support lenience in relation to rare pattern mining. Rare patterns, as
by their name, do not commonly occur. Discovering rare patterns has a variety of
applications in areas such as medicine, market analysis, and outlier detection, where
commonly occurring events are often uninteresting as they are already well-known
and thus do not provide novel insight. I introduce the mining of approximately
rare itemsets to discover rare patterns with data in the presence of noise. To mine
approximately rare itemsets, an ARI-growth algorithm is proposed. Computational
results show ARI-growth is an order of magnitude faster than an Apriori approach.
Memory consumption shows similar trends, although, is outperformed by Apriori in
one tested case. Approximation with ARI-growth is applicable for rare core pattern

recovery.
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Chapter 1

Introduction

1.1 Data Mining

Data mining is a non-trivial extraction of implicit, potentially useful, and pre-
viously unknown information from data. Mining was first popularized in 1993 by
Agrawal et al. [AIS93], growing in interest through the discovery of association rules.
An association rule is a relationship formed from logical implications of patterns
from data. For example, measuring the relationship between commonly purchased
groceries such as ‘milk’ and ‘cereal’ may be useful for restructuring a supermarket to
optimize customer convenience. An association is represented in the form A = B,
or in other words, the domain item or set of items (itemset) A implies the existence
of itemset B. A common measure for the strength of an association is confidence,

defined below:
Sup(AU B)

Confidence(A = B) = Sup(B) (1.1)
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where Sup(X) for any itemset X denotes the support of an itemset. Support is a
measure of the number of occurrences attributed to the itemset. For instance, if 2
customers purchase milk, then milk is said to have a support of 2 (i.e., Sup(milk) = 2).

Discovering association rules is a 2-step process. Step 1 is to discover commonly
occurring (i.e., frequent) itemsets (i.e., patterns), and Step 2 is to form association
rules for each frequent pattern to discover interesting associations. In this thesis, the
focus is in regards to Step 1—the process of extracting frequent patterns because
this step is more computationally intensive than Step 2. Extracting patterns is a
computationally expensive task as any combination of items yields a pattern.

To reduce unnecessary analysis, two fundamental concepts are defined. Firstly,
a minimum support threshold (minsup) is used to determine what constitutes a
frequent pattern. Under the circumstance that a pattern’s support is greater than or
equal to the minsup, the pattern is classified as frequent. Secondly, when evaluating
itemsets, it is not necessarily the case where additional items are of interest. More
specifically, if any itemset is not frequent, then any additional item to the itemset
will also be infrequent. Ignoring additional items is a result of the anti-monotone
property.

The anti-monotone property states that all proper subsets of a frequent itemset are
frequent, or conversely if an itemset is infrequent, all proper supersets are infrequent.
A subset is an itemset that is contained within another. For example, {A} is a
subset of {A, B,C'}, whilst a proper subset is an unequal subset. For this example,
there are 7 proper subsets of {A, B, C'}. These 7 proper subsets, together with itself

{A, B,C}, give 8 subsets of {A, B,C'}. Similarly, a superset is the opposite of a
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subset; an itemset that contains another. {A, B} is a superset of {A} since all items
{A} are contained within {A, B}. The genius of the anti-monotone property is the
allowance for substantial improvements to pruning itemsets that are guaranteed to be
uninteresting. For example, let us consider an itemset { A, B} that is infrequent by our
defined minsup, it is a certainty that {A, B, C'} is also infrequent. As a result, proper
supersets of all infrequent itemsets can be ignored. Below the monotone property is
proved (Lemma , where subsets of a frequent itemset are frequent. Intuitively,
anti-monotone must also then be true as a supersets support must be less than or

equal to that of any subset.
Lemma 1.1. Monotone property: Subsets of a frequent itemset are frequent.

Proof. Proof by counter example: Given a minimum support threshold s, and an
itemset X = {A;, As,..., A,} with n > 1 that is frequent. Let us suppose there
exists an itemset Y C X & |Y| > 0 that is infrequent. By definition of frequent,
support(X) > s. By definition of support, in a dataset d, there exists exactly k
occurrences of interest that contain {A;, As, ..., A, }, where k > s. It follows, Y C
{A1, Ay, ..., A, }, so there exists at-least k occurrences of interest in d that contain Y.
Since t > s, Y is frequent. A contradiction is reached, and thus for any n > 1, the

monotone property holds. O

Frequent pattern mining is a useful measure for extracting commonly occurring
events from big data however, this measure of discovering patterns relies on ezact
precision. Under a dataset with lost records, frequent patterns may no longer be

frequent as a result of decreased support. This calls for imprecise solutions that
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provide lenience to the number of items required in a itemset that contribute to

support.

1.2 Mining in Noisy Data

Datasets commonly contain lost, unknown, corrupted, or miss-translated records.
As a result, frequent patterns are at risk of being misclassified. Misclassification of
frequent patterns occurs due to exact precision requirements of support in frequent
pattern mining. For example, given an item {A}, if noise causes data that contains
{A} to be lost, then the support of {A} is reduced. The support of {A} may then
fall below the minsup and therefore become infrequent when the itemset would have
otherwise been frequent. For future reference, in this thesis, the strict definition of
support that does not tolerate information change from traditional mining is referred
to as exact mining, and information change resulting in lost, unknown, corrupted, or
miss-translated records as nouse.

As expected, as noise increases, more frequent patterns are lost. Loss of frequent
patterns further accelerates with an increased support threshold. The anti-monotone
property of exact mining leads to the pruning of itemsets that would otherwise be
frequent. Let us suppose that from noise item {A} is lost from transaction Y. In
this case, the support of {A} is decreased by 1. A ‘domino’ effect occurs where all
supersets of {A} that contain another item within transaction Y will also decrease
in support. As such, one or more patterns are affected for every 1 item lost by noise.
In addition, if any such itemset becomes infrequent, all supersets are also infrequent.

Having a form of accurately recovering frequent patterns in the presence of noise is
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Figure 1.1: Pattern loss as a result of noise. 15x100 all-one matrix.

an important task to ensure meaningful information can be extracted from data.
An application of noise recovery can be found in the healthcare domain. Let us
consider international classification of diseases (ICD) codes [WHO] of hospitalizations
or visits to a physician in healthcare. ICD codes are a representation of a patient’s
condition at the date of discharge. ICD codes have been used in many forms of re-
search such as that of association rule mining [BSRD23]. Recent studies that use
prediction models from healthcare data do not handle missing values that result in
worsened analytical accuracy and capability [NLB*22]. Medical records may contain
data entry errors that invalidate a physician visit, or additionally, ICD codes may be
miss-classified. With respect to the mining of precise patterns, loss of information
results in the reduction of frequency. For instance, a miss-classified ICD code results
in the frequency adjustment of two different ICD codes, which, may prevent captur-

ing of an interesting association. As frequency decreases, patterns that are frequent
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Table 1.1: Data with missing values.

Transaction 1D [tems
0 {A, B}
1 {A, Null}
2 {A, B, C}
3 {B, D, Null}

have the potential to fall below the minimum support threshold, becoming uninterest-
ing or undetected, and additionally, changes to frequency will adjust discriminatory
measures of determining interesting associations. Approximation of truly interesting
patterns to accommodate for noise may be applied to recover lost information.

One solution to recover itemsets with missing data was proposed in 2001, denoted
as mining of fault-tolerant (FT) frequent itemsets [PTHO1]. An FT frequent itemset
differs from the traditional approach; an itemset no longer requires all items to be
present to contribute to frequency. Fault tolerance generalizes the standard minsup
threshold by including a user-defined error tolerance (§). Table provides an exam-
ple of a noisy transactional dataset where missing information is labelled as ‘N/A’.
Let us consider a minimum support threshold of 3, under the circumstance that trans-
action 1 contained B or transaction 3 contained A; {A, B} is a frequent itemset that
would not be detected by frequent pattern mining. In the case of FT frequent item-
sets, {A, B} can be recovered. Estimating the true frequency of a pattern can be
referred to as approximate mining.

Pattern mining in the presence of noise is computationally expensive. Exact min-
ing utilizes the antimonotone property. The anti-monotone property of exact mining

fails when applying lenience to support. As a result, mining is expensive. As data
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mining notoriously involves large datasets, improvements to the discovery of patterns
without exact matching requirements are an active area of research. In this work,
focus is directed towards rare itemsets.

In 2019, Borah and Nath [BN19] showed rare pattern mining has increased in
research interest with a growing number of algorithms proposed. In practice, in con-
trast to frequent itemsets, rare itemsets are difficult to evaluate as a result of their
low frequency. To elaborate, with traditional frequent pattern mining in order to
capture these rare itemsets, the minimum support threshold must be set very low.
A low threshold yields a significantly high number of redundant, previously known,
and uninteresting patterns; in addition to increased computational constraints. The
difficulty of capturing rare itemsets is known as the rare itemset problem, moti-
vating algorithmic improvements in rare pattern mining. Under the presence of noise,
challenges faced by the rare itemset problem are enhanced further, as itemsets with
lower support are highly sensitive to noise from the greater proportion of support

loss.

1.2.1 Thesis Statement and Contributions

Here, my M.Sc. thesis statement is to mine rare itemsets within an environ-
ment that contains noisy data. My key contributions include the proposition of
discovering rare itemsets in the presence of noise and an improved pattern-growth
approach for approximate mining. The following are questions to be explored in this
thesis, with respect to discovering patterns in a noisy dataset by applying lenience to

support:
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1. How can rare itemsets be discovered?

2. Can itemsets that are approximated be discovered efficiently to be applicable

in the real world?
3. How does efficiency compare to that of traditional mining techniques?
4. Can approximation be applied to recover lost, yet interesting, rare itemsets?

5. Can the same approximation of itemsets be applied to recover lost, yet inter-

esting, association rules?

1.2.2 Thesis Organization

This thesis is structured as follows: In Chapter [2] a further overview of frequent
pattern mining and two popular mining algorithms are provided. Next, rare pattern
mining is introduced. Finally, frequent pattern mining in the presence of noise is
introduced. In Chapter (3] mining rare itemsets in noise with an applied approxi-
mation model and our newly proposed algorithm is introduced. Chapter {4 signifies
the evaluation of our proposed technique, where the algorithm is paired against rare
pattern mining algorithms in terms of computation, and evaluated in terms of pattern
recovery from lost information in the presence of noise. Concluding statements are

provided in Chapter [5



Chapter 2

Background and Literature Review

In this chapter, relevant background material to the M.Sc. thesis is provided. Fre-
quent pattern mining discovers association rules with commonly occurring items in a
dataset. In contrast, one may wish to uncover itemsets that do not occur commonly
and thus consider rare pattern mining. Lastly, problems with discovering interesting
patterns are prominent when a presence of noise exists in a dataset. Patterns gen-
erated by both frequent and rare pattern mining techniques may no longer provide
truthful or meaningful outcomes. As a result, determining an appropriate technique
to discover these relationships with a noisy dataset has had ongoing research. An

overview of frequent, rare, and noisy pattern mining is provided.

2.1 Exact Frequent Pattern Mining

Frequent pattern mining uses a transactional database to uncover new knowl-

edge through the extraction of commonly occurring events. A transactional database
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(TDB) is a list of sets of items. Frequent pattern mining is motivated by market bas-
ket analysis [AST94], where datasets in the retail domain are analyzed to determine
associations that can be used to improve sales. For example, through associations,
if a strong association between the purchase of milk and cereal is observed, store
layout can be adjusted by placing these products not far from one another to max-
imize customer convenience. The transactional database in this domain includes a
list of transactions made by customers, where each transaction contains some set of
purchased items. An example TDB is shown in Table

Frequent pattern mining is an important area of research for tasks that include but
are not limited to; discovering correlations, emerging patterns, artificial intelligence,
and associations. Frequent pattern mining is applied in many forms of research such as
summarizing large amounts of data in clinical research [YLL™ 20|, counterfeit detection
[BBL22|, and market analysis to determine customer trends [MEMP21].

Frequent patterns are however expensive to compute for large datasets. In or-
der to accommodate large amounts of data, ongoing algorithmic improvements have
been proposed since the 1990s. In this section, two popular algorithms are reviewed:
Apriori and FP-growth. For future reference of Chapter [2.1] suppose there exists a
transactional database in Table 2.1l

Table 2.1: Transactional database 1.

Transaction ID Items
0 {A, B, C, E}
1 {A, B, E}
2 {A, B, C, E}
3 {B, C, D}




2.1 FExact Frequent Pattern Mining 11

2.1.1 Apriori Algorithm

Apriori was proposed in 1994 by Rakesh Agrawal [AST94]. The basis of this
algorithm is to create possible combinations of itemsets that could be frequent, and
then confirm the results by pruning those that are not frequent. Suppose minsup = 3.
The algorithm is classified in four stages: initial scan, join step, prune step, and large

itemset check.

Stage 1: Initial Scan

First, size-1 itemsets (i.e., itemsets of length [[] 1) are determined through an initial
database scan. The process of a database scan is as follows; for each transaction, for
each item within the given transaction, increment a numeric value representing the
number of times this item has occurred within the database. Once this process is
complete, all items with their numeric value (i.e., support) less than our minimum
support threshold of 3 are removed. Each itemset that surpasses the minimum sup-
port criteria is a size-1 frequent itemset. Results are demonstrated in Table[2.2] After
the trimming infrequent itemset {D} : 1, the resulting itemsets are: {A} : 3, {B} : 4,

{C}:3,and {E} : 3.

Stage 2: Join Step

Next, using size-1 frequent itemsets, combinations are generated to determine
potential frequent itemsets of greater length. Let us denote our current size as k,

where initially & = 1. Let us denote the set of frequent itemsets of size k as Lk

Length is the number of items of an itemset. For an itemset X, this can be denoted as | X|.
For example, X = {A, B,C} is an itemset of length 3; or | X| = 3.
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(i.e., large-k or frequent-k itemsets), and the set of all potentially frequent itemsets
as Ck (i.e., candidate-k itemsets). The set of itemsets C(K+1) can be generated
through joins of itemsets Ck. Given two itemsets {A} and {B}, {A} U {B} yields
{A, B}. Joining of itemsets becomes more complex for larger itemsets. For example,
merging {A, B, D} and {C, F, E'} can yield a wide variety of size-4 itemsets. While it
is possible to generate all possible size-4 itemsets, there is unnecessary computation in
generating such candidates due to the anti-monotone property. To resolve this issue,
Apriori commonly joins itemsets with k-1 items matching. In this work, a prefiz-join
is used. Prefix-join requires the first k-1 items in a chronologically ordered itemset to
be equal. With this optimization, {A, B, D} and {C, F, E'} yields no size-4 itemsets,
however, {A, B, D} and {A, B, E} generates the candidate {A, B, D, E'}. In order
for {A, B, D, E} to be frequent, all subsets must also be frequent, which implies that
a prefix-join must exist in order for the itemset to be frequent, and the itemset is

infrequent if there is no applicable prefix-join.

Stage 3: Prune step

The prune step ensures all subsets of a given itemset are frequent. By the anti-
monotone property, if this fails, the itemset cannot be frequent. Consider a prefix join
between the itemsets {B,C} and {B, E'}. While the resulting itemset is { B, C, E'},
it would not be possible for { B, C, E'} to be frequent if {C, F'} is not also frequent.

In this example, if {C, F'} is not found, then {B,C, E'} is discarded.
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Stage 4: Large/Frequent step

After the prune step comes the final stage of the algorithm. Given the list of all
potentially frequent itemsets, a database scan is performed to count the number of
transactions that the itemset takes place within. Any itemset whose count falls below
mansup is discarded. The algorithm then repeats the join, prune, and large step with

a new k value k = k + 1 until no frequent itemsets of size k are found.

Example 2.1.1. Continuing the algorithm through Table|2.1] after the initial database
scan with k=1 and minsup = 3; {A} and {B} generates {A,B}. {A} and {C}
generates {A,C}. {A} and {E} generates {A, E}. {B} and {C} generates {B,C'}.
{B} and {E} generates {B, E}. Finally, {C'} and {E} generates {C, E}. A database
scan is performed to determine support, {A,C} and {C,E} are infrequent. Next,
{A, B} and {A, E} generates {A,B,E}. {B,C} and {B,E} generates {B,C, E}.
{B,C,E} is pruned due to {C,E} being infrequent. A database scan is performed,
with no itemset removed. No size j itemsets can be generated with {A, B, E}, and

thus the algorithm stops.



2.1 FExact Frequent Pattern Mining

Table 2.2: Size-1 itemsets from database scan.

C1: Initial Scan L1: Trim Infrequent Items
Itemset Support Itemset Support
A 3 A 3
B 4 q B 4
C 3 C 3
D 1 E 3

E 3
Table 2.3: Remaining itemsets.
C2: Join and Prune Step L2: Frequent C2
Itemset Itemset Support

A, B A B 3
A C AL 2
AE —} AE 3
B, C B, C 3
B, E B, E 3

2

C, E CE

C3: Join and Prune Step L3 F t C3
e . Frequen

Itemset
- Itemset Support
A B E )
A, B E 3

Bk

Frequent Patterns = L1U L2U L3
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2.1.2 FP-growth Algorithm

Apriori was a novel algorithm by introducing measures of discovering interest-
ing association rules by returning the set of frequent patterns. Trouble arises when
databases are large. Recall, for every set of size-k candidates Apriori generates, a
database scan must be performed to determine frequent size-k itemsets. For large
datasets, hits database scan hinders performance. In addition, the high number of
candidates leads to high memory consumption, and potentially wasted computation
as a candidate itemset is not guaranteed to be frequent. As a result, Apriori may not
always be a practical solution. Computation time and memory are two constraints
demanding improvements in the area of data mining.

To address these constraints, FP-growth was proposed. FP-growth (frequent
pattern-growth) is a novel mining technique proposed by Han et al., in 2000 [HPY00].
FP-growth improves upon Apriori by performing two database scans and eliminating
candidate generation. FP-growth consists of two stages, setting up a data structure
called an FP-tree, and recursively mining the FP-tree. Precise steps in the algorithm

are provided below.

Step 1: FP-tree Construction

First, an FP-tree (frequent pattern tree) is constructed. An initial database scan
is performed to determine frequent size-1 itemsets. Refer to Section for details of
this initial database scan. Next, frequent size-1 itemsets are ordered by their support
in descending order; this ordered set is referred to as a header table. A second

database scan is then performed in the following manner; for each transaction, insert
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Figure 2.1: FP-tree construction, TBD scanned.

each item into the tree by their respective ordering of the tree’s header table [HPY00],
incrementing the equivalent nodes ﬂ support. For each item inserted into the tree, let
us define the current number of inserted items of a transaction as k, the item is placed
at tree depthﬁ k41 with the node’s parentlﬂ matching the previously inserted element.
During the insertion of new nodes, a chain of references is created. The header table
stores a reference to the first inserted node of the equivalent item, and each node
then stores a reference to the next, newly created node, of the equivalent item. A
visual demonstration of FP-tree construction of Table is provided in Figure [2.1]

References are displayed through arrows.

2A node is a tree element consisting of five attributes: an item, a support value, a parent node,
a list of child nodes, and a reference to another node in the tree.

3Depth refers to the current level in a tree. The topmost node is said to have a depth of 0,
whilst the next lower level (e.g., child of the topmost node) has a depth of 1.

4A parent is a connected node of a lower depth.
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Step 2: Mining the FP-tree

After the construction of an FP-tree, the FP-tree is mined to generate all frequent
patterns. Let us denote the current tree t as our constructed FP-tree and the current
itemset as 7.. For each itemset iy, in the header table of ¢, perform i. U i, where
support = iy, [HPY00]. Next, construct a conditional FP-tree, denoted as t,, for
1. U iy by creating a header table with each tree item, removing itemsets with total
support < minsup from the header table, and having each parent of 7. U i5; as nodes
in this tree with a support of 7,,. This process is repeated where i, = 7. U iy, and
t = t, until ¢ = {@} [HPYO0Q]. The process of going through each item of the tree
is repeated. A conditional tree of itemset X is denoted as an X-conditional tree.

For ease of understanding a visual demonstration of this process from Table is

provided in Figures [2.2] 2.3] and

Optimization 1: Single Path Optimization

Single path optimization is an improvement to FP-growth by using combinations
for trees that contain a single pathE]. Frequent patterns can be obtained through
combinations. Consider the C-conditional in Figure 2.4, All combinations of the
node along the path yields frequent patterns. In this case, {B} : 3, {A} : 2, yields
{A,C} 2, {B,C} : 3, and {A, B,C} : 2. Support of the combined itemset is the
support of the minimum singular item. Computation time and memory improvements

are made by skipping repeated conditional tree construction.

Example 2.1.2. Let us suppose there exists an FP-tree provided in|2. I| with minsup =

5A path is a set of connected nodes.
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3, and single path optimization is not applied. Scan through each item of the header
table. Starting with {B}, the B-conditional tree is empty. Moving to header item
{A}, the A-conditional tree {B} : 3 is created, item {C} is ignored for falling below
minsup (1 < minsup). {A, B} : 3 is frequent. The AB-conditional tree is empty.
Moving to header item {C}, the conditional tree {B} : 3 is created, with item {A}
and {C} ignored for falling below the minsup (1 < 2 < minsup). {B,C} : 3 is
frequent. The BC-conditional is empty. Finally, moving to the header item {E}, the
E-conditional tree contains {B} : 3 — {A} : 3, with {C} ignored for falling below
minsup (2 < minsup). {B,E} : 3 and {A,E} : 3 are frequent patterns. The BE-
conditional tree is empty. The AE-conditional tree contains {B} : 3. {A,B,E} : 3 is

frequent. The ABE-conditional tree is empty, and the program halts execution.

Header
Table
liem Frequency

Z 4 B:4
A 3
E 3
B-conditional tree
B 4

Figure 2.2: FP-growth following initial header item B. No single path optimization.
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Header
Table
Item Frequency
B 4
A 3
c 3
AB-conditional tree

E 3
B 4 A-conditional tree

Figure 2.3: FP-growth following initial header item A. No single path optimization.

Header
Table
Item Frequency
B 4
B 3 o
c 3
E 3
BC-conditional tree

E 4

C-conditional tree

Figure 2.4: FP-growth following initial header item C. No single path optimization.
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Header
Table
Item Frequency
B 4
A 3
C 3
E 3
B 4

BE-conditional tree

E:

E-conditional tree ABE-conditional tree

E:2 AE-conditional tree

Figure 2.5: FP-growth following initial header item E. No single path optimization.
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2.2 Exact Rare Pattern Mining

Other applications include determining outliers such as in cases of fraud [GC20],
determining uncommon events that are unlikely to be performed by the user. Sim-
ilarly, infrequent mining can be utilized in healthcare, where specific conditions are
unlikely to occur among a large population. Associations and outlier detection can be
useful for producing treatments or discovering and predicting disease [GC20]. This
calls for the discovery of uncommonly occurring, however interesting patterns, of

which, is that of rare pattern mining.

Definition 2.2.1. Given an itemset X and a user-defined mazximum support threshold

(mazsup), an itemset X is defined to be a rare itemset if:

support(X) < mazsup (2.1)

Similar to frequent pattern mining, rare pattern mining typically discovers pat-
terns through a transactional database. For future reference of Chapter [2.2] suppose
there exists a transactional database given in Table 2.4, Whilst rare patterns are
infrequent, it is not necessarily the case where all infrequent itemsets are of inter-
est. Definitions of potentially interesting infrequent itemsets are listed below, which

capture a subset of all infrequent itemsets.

2.2.1 Perfectly Sporadic Rule

Ko and Rountree [KR05| introduce the discovery of perfectly sporadic rules via

the capturing of rare patterns. A perfectly sporadic rule is a logical implication such
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Table 2.4: Transactional database 2.

Transaction ID Items
0 A B, C E
1 A, C
2 B, C, E
3 A C, D

that all subsets of itemsets are rare and their corresponding association maintains

high confidence.

Definition 2.2.2. An association rule A = B is considered to be perfectly spo-
radic [KR0J] if its confidence meets or exceeds a user-defined minimum confidence
threshold (minconf):

Confidence(A = B) > minconf (2.2)

where Vo C (AU B), support(x) < mazxsup

For future reference, the term perfectly sporadic itemset will be used as an itemset

used to generate perfectly sporadic rules (i.e., all subsets are rare).

2.2.2 Rare-Item Itemset

A rare-item itemset ensures that there exists at least one item within an itemset
to be rare Tsang et al., [TKDI11]. Given an itemset X = {xg,z1,...z,},n > 0, this

can be formally defined as:

Jz € X, Support(x) < mazxsup & Support(X) < mazsup (2.3)
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2.2.3 Apriori-Inverse

Apriori-inverse is a rare mining algorithm proposed in 2005 by Ko and Roun-
tree used for extraction of perfectly sporadic rules [KR05]. As the name suggests,
Apriori-inverse takes inspiration from the Apriori algorithm described in Section
2.1.1] The difference between Apriori and Apriori-inverse is with respect to the de-
fined thresholds. In frequent pattern mining, Apriori discovers an itemset X such
that, support(X) > minsup, for a user-defined minimum support threshold minsup.
Apriori-inverse utilizes a maximum support threshold maxrsup, and an absolute min-
imum threshold (absmin). That is, absmin < Support(X) < mazsup. Other aspects
of this algorithm remain the same. Section describes the initial scan, join step,
prune step, and large step of the Apriori algorithm. The initial scan is adjusted to
ensure absmin and maxsup thresholds are met as opposed to minsup. Similarly, the

prune and large step is adjusted to ensure the absmin threshold.

Example 2.2.1. Let us suppose there are the thresholds, absmin = 1, maxsup =
4. Continuing the algorithm through Table after the initial database scan with
k=1; {A} and {B} generates {A, B}. {A} and {E} generated {A, E}. {B} and {E}
generated {B, E}. A database scan is performed to determine support, {A, B} and
{A, E}fall below the absmin threshold and is thus too low of support to be meaningful.
No size 3 itemsets are generated with {B, E}, and thus the algorithm stops. The

process of this algorithm is visually demonstrated in Tables and[2.0.
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Table 2.5: Size-1 itemsets from database scan.

C1: Initial Scan
Itemset Support

L1: Trim Frequent and
Uninteresting Items

C 4 Itemset Support
A 3
) A 3
B 2
B 2
E 2
E 2
D 1

Table 2.6: Remaining rare itemsets.

C2: Join and Prune Step L2: Trim Uninteresting
Itemset Itemset Support
A, B q A 1
AE AKE 1

B, E B, E 2

Resulting Rare Patterns = L1 U L2
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2.2.4 RP-Growth

Rare Pattern-Growth (RP-Growth) is proposed by Tsang et al., in 2011 [TKD11].
RP-Growth is an improvement to the Apriori-inverse algorithm [KR05] by no longer
generating candidates or performing excess database scans, taking inspiration from
the FP-growth algorithm described in Section [2.1.2 [HPY0(]. Unlike Apriori-inverse,
the proposal of RP-Growth seeks to discover the complete set of rare-item itemsets,
as opposed to all perfectly sporadic itemsets. A rare-item itemset is an itemset that
contains at least one rare item. Similar to that of FP-trees, for any path along a tree,
a parent node will have a support greater than or equal to that of its descendants.
The construction of the tree ensures that a conditional tree of a non-rare itemset
prefix will not be a rare-item itemset [TKDII]. RP-growth thus works in the same
fashion as FP-growth. Tree construction and initial mining of the tree are adjusted

to match the definition of rare-item itemsets.

Example 2.2.2. Let us suppose there are the thresholds absmin = 1, maxsup =
4. Continuing the algorithm through Table after the support count of each size-1
itemset is determined; rare itemsets and their corresponding transactions are stored
for future reference. The transactions associated with an itemset X can be denoted
as Xr, where X = {Ty,T1,...,Tn}N > 0. The resulting rare items are as follows,
{A}:8 Ap = {1, 11, T3}, {B}:2 Br = {Tv, 1o}, {E}:2 Er = {To,Ta}. The tree is
constructed similarly to the FP-tree for all transactions: Ar U By U Er as shown in
Figure 2.0, Rare items are denoted as a circle while frequent items are denoted as
a square. Since the algorithm runs through only rare items in the tree, the header

table in FP-growth contains only rare items from the initial tree construction. For
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Rare Table
Item Support
A 3
B 2
E 2

Figure 2.6: RP-Tree construction. absmin = 1, maxsup = 4.

each item in this table, the conditional patterns and conditional tree is generated. The
algorithm then calls F'P-growth for the resulting conditional tree [TKD11]. See section

2.1.2 on the FP-growth algorithm.

2.3 Mining in Noisy Data

In the real world, datasets often contain noise. This influences exact matching
techniques in data mining. To resolve this issue, measures of discovering patterns in
noisy data apply lenience to the definition of a frequent itemset. That is, in the case
of frequent pattern mining, support no longer requires the number of occurrences of
the whole itemset to be greater than or equal to minsup to be classified as frequent.

Various definitions to allow this lenience have since been proposed, of which, a variety
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of proposed techniques are discussed.

Table 2.7: Bitwiseﬁtransactional database 3.

Transaction ID A B C D E
0 11 0 1 0
1 1 1 0 1 O
2 1 0 0 1 0
3 1 1 0 0 O
4 1 1 0 1 0
) 1 0 1 1 0

2.3.1 Fault-Tolerance

In 2001, Pei et al., [PTHOI] propose fault-tolerant (FT) itemsets as a solution to
discovering itemsets with missing information in a dataset. The following definitions

are introduced in the newly proposed model.

Definition 2.3.1 (Fault-Tolerance Factor). A user-define fault-tolerance thresh-
old that determines the margin of eligible error in counting the support of an itemset.

Denoted as 6§ > 0 € Z.

Definition 2.3.2 (FT-Contained itemset). An itemset X is FT-contained [PTH(I1]
in a transaction T = (id, X) if | X N X| > (|X| = 9). In other words, a transaction

must contain a sufficient number of items of X.

Definition 2.3.3. Given a fault tolerance 6 and minimum item quantity min_sup™e™

as user-defined variables, an itemset X is an FT-frequent itemset if and only if

SFor a given transaction (i.e., row), an item (i.e., column) exists if it is a 1, whilst does not exist
if there is a 0.
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the following conditions apply [PTHO1):

stup(X) > min_sup™™ (2.4)

Vr € X, stpp(x)(x) > min_sup™" (2.5)

where sup is defined as the number of FT-containing transactions X contains, with
FT-containing being a transaction containing at-least | X |— 9§ items of X. min_sup'e™

denotes the minimum sup for all items within the itemset X, and B(X) are all trans-

actions F'T-containing X.

The above definitions apply lenience to the traditional definition of support thresh-
old. Consider § = 1, min_sup™™” = 2, min_sup™™ = 1, in Table itemset a,b.c is
then frequent. Traditionally with frequent pattern mining, with minsup = 2, {a, b, c}
is infrequent. As a certain number of items appear within a transaction, and the items
individually occur frequently enough within these transactions, then the transaction
can contribute to the support count of the pattern, and thus, the pattern may be

discovered.

2.3.2 Approximate Itemsets

In 2006 Liu et al., propose an approximate model that includes both a row and
column error tolerance to a bitwise transactional database [LPST06], in addition to
providing a tolerance that is proportional to an itemsets length. Three thresholds
are used, €., €. € [0, 1], minsup > 0. Unlike FT-frequent itemsets, this approximation

model recovers core patterns in the presence of noise. A core pattern is one in which
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the exact support is larger than a defined absmin threshold.

Definition 2.3.4 (Approximate Frequent Itemset (AFI)). An itemset is a frequent

AFI if the following conditions hold [LPST06];

1. Vi€ FT(X), i 2jex D(6,5) =2 (1 — &)

2. Vj € X,

|FT1(X)| Yierroo DU 7) = (1 —€)

3. |FT(z)| > s|T)|
Rules 1 and 2 enforce row error and column error thresholds, respectively. Rule
3 enforces minimum support threshold criteria. Additionally, as the itemset is a core

pattern, Support(X) > absmin.

Consider the transactional database in Table With traditional mining of
minsup = 3, {d} yields a frequent itemset, whilst {c,d} and {c} are infrequent. In
the case of AFT’s, with ¢, = %, e, = 0.5, {d} and {¢,d} yield a frequent itemset,
whilst {c} remains infrequent. With exact mining, the anti-monotone property en-
ables effective pruning by excluding all supersets of infrequent itemsets. In the case
of approximate mining, there exists a possibility of an infrequent itemsets superset
remaining frequent. As such, the success of the anti-monotone property that led to
the Apriori and FP-growth algorithms is inapplicable. Liu et al., introduce an al-
ternative measure of support to allow pruning without the anti-monotone property
[LPST06]:

k
minsup® = maz <O,minsup X (1 — Wec—f—l)) (2.6)
€r
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where k denotes the length of an itemset, and minsup, €., and €. are our user-defined
thresholds. When the support of an itemset is smaller than the defined minsup”,
then the itemset is removed from consideration as a potential AFI itemset. Mining
algorithms that discover AFI’s utilizes this pruning strategy as a substitute for the
well-known anti-monotone property.

Another measure of anti-monotone property substitution was presented in 2006,
where Liu et al., . proposed the AFI mining algorithm [LPST06]. The AFI min-
ing algorithm uses an Apriori-like approach by using similar techniques to the ini-
tial database scan, generation, and determination of frequent itemsets described in
Section [2.1.1] Since the anti-monotone property is inapplicable, alternative prun-
ing approaches are required in the generation step of an Apriori algorithm to avoid
generating all combinations of itemsets. One such pruning method is that of 1/0
extensions. Precise definition of 1/0 extensions is provided below [LPST06];

1-Extension if | (k + 1)e.| = |ke, |, then an infrequent size k itemset will yield
an infrequent size k+1 itemset;

0-Extension if [(k + 1)¢,| = |ke, | + 1, then a frequent size k itemset will yield
a frequent size k+1 itemset;

Consider an itemset of length k, and row tolerance ¢,. With k=2 ¢, = 0.5,
(241)0.5] =1 = |2%0.5]. A 0 extension occurs and so an additional 0 is tolerated.
In other words, any size-2 AFI may yield a size-3 AFI. No pruning is performed under
a 0 extension. For k = 3, [(3+1)0.5] =2 = [3%0.5] + 1. A l-extension occurs,
implying no additional Os are tolerated. Any size-2 itemset that is not an AFI will

not yield a size-3 AFI. 1-extensions allow for superset pruning. AFI mining algorithm
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utilizes 1/0 extensions as an alternative pruning measure to the Apriori algorithm.
Note that 1/0 extensions prune by ¢, and k. Additional pruning measures by €.
may take place. For an itemset X, any item ¢ € X, the following must be satisfied

[CYHOS];

. sup(i)
i €k, Supp(X) >(1—e€.)

Intuitively, this property makes sense. Let us suppose €. = 0.5. If one item within
an itemset maintains less than half the support of the itemset itself, then e, fails. e,

describes the fraction of required support for each individual item within an itemset.

2.3.3 Apx Pattern-Growth

More recent work in the area of AFI mining is that of Bashir and Lai who in-
troduced a tree-based approach to discovering AFI’s in 2021 [BL21]. The tree-based
solution first creates an FP-tree in the same fashion as the FP-growth algorithm
introduced in Section 2.1.2l The FP-tree is then mined for AFT itemsets.

There are three new structures used to mine the FP-tree. An approximate-
conditional pattern (apx-pattern in short) contains four key components for an itemset

[BL21]:
1. A list of potential superset items
2. Patterns support value
3. An error tolerance

4. Frequencies for each item of the captured itemset
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Each attribute of an apx-pattern will be denoted as I:((1), (2), €, = (3), (4)), where
I is the underlying item used to create the given apx-pattern, and (number) represents
the key components numerical value listed above. For simplicity, an apx-pattern will
be referred to as an apx-pattern.

The second additional structure is an apx-FP-tree. Similar to the well-known
FP-tree, except with the final additional structure as leaf nodes connected by a list
[BL21]. The final additional structure is the apx-CP-Table, which, maintains (2),
(3), and (4) of an apx-pattern and is treated as a leaf node in an apx-FP-tree. This
algorithm differs from the FP-growth in two key areas. Firstly, unlike the traditional
FP-growth, all possible size-2 combinations of frequent size-1 itemsets are tested as
an AFI itemset [BL21]. Let us consider €, = 0.5, then 50% of an itemset is required
to contribute to its underlying support. Each item of an itemset has the potential to
contribute to the support of a superset. For example, consider the itemset {A, C'} in
Table 2.7} {A} occurs with the item {C'} without the item {B} in transaction 5, and
so with e, = %, transaction 5 approximately supports { A, B, D}. With the traditional
FP-growth algorithm, this contribution of support would not be measurable. Instead,
apx-FP-growth uses apx-patterns for each item of an itemset. Apx-patterns are then
used to generate an apx-FP-tree and mined to discover supersets of the given itemset.

Mining FP-tree {A, B} Example

Let us consider the itemset { A, B} without single-path optimization where €, =

[}

Y

€ = %, absmin = 1, and minsup.p, = 2. Suppose an FP-tree is constructed in the
same form as the FP-pattern growth algorithm as shown in Figure [2.7]

First conditional patterns of item A and B are independently found: A : ({}):6,
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<
Header Table @
Item Support
A 5
B 4

Figure 2.7: FP-tree constructed from Table

B : ({ADB}):2. Next, apx-patterns are formed: A : ((),sup : 4,¢, = 50%, A : 4),
B : ({D},sup : 2,¢, = 100%, A : 2B : 2). Patterns of A are a subset of B, and
thus the supports are subtracted. absmin < minsup,p, < 6. All itemsets are present
at least % times, and % = €.. Therefore, {A, B} is an AFI. Finally, an apx-FP-tree
is constructed. Itemset {D : 2} will remain as the only existing item in the header
table of the apx-FP-tree. {A, B} U{D} is performed to yield the itemset {A, B, D}.
D’s conditional patterns of {AD} : 5 are formed and converted to the apx-patterns:
({},sup:5,e = %, A :5D :5). A’sapx-pattern is a subset of D in addition to D being
a subset of B; supports are adjusted accordingly. After converting B’s conditional
patterns to match the itemset {A, B, D}, the following apx-patterns are formed: D :
({},sup 3,6, =2,A:3B:0D:3), B: ({},sup:2,¢ =100%,A:2B:2D :2).

2 > €, &1.0 > ¢, therefore there are 5 approximately supporting transactions of

w

{A, B, D}. absmin < minsup,y, < 5. All itemsets are present at least % times, and
% > ¢€.. Therefore, {A, B, D} is an AFL. An apx-FP-tree is constructed, which, yields

no further itemsets so the algorithm halts execution.
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2.4 Summary

In this chapter, related works are reviewed. A common technique for discover-
ing interesting patterns includes generation approaches (e.g., Apriori), or tree-based
approaches that are used to reduce database scans (e.g., FP-growth). Both genera-
tion and tree-based approaches have been applied in frequent, rare, and noise pattern
mining. In the case of rare pattern mining, computational constraints occur as a
result of the rare itemset problem. To absolve this issue, interesting rare itemsets are
defined more precisely (e.g., perfectly sporadic rule, or rare-item itemset). Lastly,
whilst frequent and rare mining techniques are commonly used in practice, they are
insufficient under the presence of noise. That is, when noise is present in the dataset,
information is lost. As a result, models have been proposed (e.g., approximate fre-
quent itemset) in order to recover the true set of patterns in addition to ignoring the
false set of patterns that are created from the presence of noise when ezact mining is

used.



Chapter 3

Rare Itemsets in Noisy Data

In Section [2.2] the problem of rare mining is discussed, in addition to the discovery
of itemsets under the presence of noise in Section [2.3] While these problems spark
interest in research, to the best of my knowledge, no such work considers the applica-
tion of both problems. It is not always the case where common items are interesting.
For instance, suppose a retail store wishes to organize store layout based on the re-
lationships of how items are purchased together; to maximize customer convenience.
Not all products are commonly purchased, so, retrieving a convenient layout across
all customers requires finding rare associations. This work considers the case where
data is under the influence of noise as a result of information loss whilst uncommon
patterns are of interest. In the case of approximate frequent patterns, noise may lead
to a frequent itemset becoming infrequent. As a result, frequent patterns may be lost
entirely. With rare patterns, noise is less likely to cause patterns to be lost since a
pattern’s support must fall below the absmin; which is typically set to a minimum

measure of significance. I argue rare mining in noisy data is still of interest for two
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reasons. 1) Rare patterns may be lost when a minimum support is still enforced. 2)
Frequent patterns lost as a result of noise are not of interest in rare pattern mining.
3) Metrics such as confidence are used to evaluate the strength of an association;

such metrics may no longer capture interesting associations. Recall, if there exists a

Sup(AUB)

rule {A} = {B}, confidence is calculated as Sun(A)

Suppose data is noisy. From the calculation of confidence, noise can result in a loss
of Sup(A) without any loss to Sup(AUB) from the loss of item A. As a result, the
confidence under noise is increased when compared to the true confidence if the data
were not noisy. The reverse may hold. Suppose noise resulted in a loss of Sup(AUB),
but retained Sup(A) from a loss of the item B. In this case, the confidence under noise
is decreased when compared to the true confidence. Noise causes the risk for patterns
to be misclassified by metrics calculated through support. When applying noise to
each item in a retail dataset E|, a significant loss of interesting rules under increased
levels of noise is observed. Figure presents the loss of interesting sporadic rules
when an amount of noise probability of an item being removed is added to the dataset.
For instance, with minconf = 95%, a 9% decrease in interesting associations with

3% item removal probability can be observed from the tested dataset.

!Properties of this retail dataset are provided in Chapter
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Interesting Sporadic Rules With Noise
maxsup=0.65 & absmin=0.01
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Figure 3.1: Sporadic rules in noisy Retail data

In the proposal of Apriori-inverse by Ko et al., perfectly sporadic itemsets are
deemed as interesting and are captured by the algorithm [KRO05]. The severity of
the computation required to discover all rare itemsets is too large, so, more precise
definitions of rare have been defined. In order to discover every rare item set, one
must reduce the minimum support threshold in traditional frequent pattern mining
to a sufficiently low amount, discovering only those patterns that do not exceed the
minimum support threshold. This in effect significantly reduces run time and gener-
ates redundant rules that are uninteresting; as by the rare itemset problem [KRO5].
Various definitions of interesting rare itemsets such as sporadic, minimally rare, or
rare-item, attempt to resolve the rare item problem by ignoring those that may oth-

erwise be deemed uninteresting.
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Rare in Noise

Approximate mining is computationally more expensive due to failure of the anti-
monotone property (see section 2.1 on the property in traditional datasets). Under
the definition of AFI, given ¢, = 0.6, ¢, = 1.0 a dataset D = [[A, B,C],[A,C]]
yields approximate support (Supaps) Supap:({A, B}) = 1, and Supap,({A, B,C}) = 2.
Thus, it is not necessarily the case where subsets support is less than or equal to
that of any superset. Under the presence of noise however, rare itemsets may be
incorrectly deemed as rare (i.e., false positive), or incorrectly deemed as not rare
(i.e., false megative). The problem of discovering rare itemsets in the presence of
noise is introduced. This problem is further expanded through an adjustment of the

definition of rare-item itemsets utilized by the RP-growth algorithm [TKD11].

3.1 Problem Statement

I seek to answer the first question in Section [1.2.1, How can rare itemsets be
discovered?. In order to answer this question, a model to describe an interesting
itemset is defined, and then introduce an approach to discovering such itemsets.

A trivial definition of a rare itemset is one that is infrequent. As support le-
nience is being applied, a definition for rare itemsets in noisy data can be formulated
through modifications to that of an approximate frequent mining approach. For a
transactional database, extraction of frequent itemsets can be described with three
thresholds e, €., maxsup € [0,1]. Following the formal definition by Cheng et al
[CYHOS], Let a transactional database be denoted as D with D(i,j) having a bitwise

tabular value at transaction i item j, for itemset X, and a set of transactions F'T(X)
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that approximately support X.
The definition of AFI is reverted to define an approximately rare itemset (ARI).

See Definition B.1.11

Definition 3.1.1 (Rare in Noise). An itemset is rare if:

|[FT(X)]

< maxsu
D] p

and the following two conditions hold where |FT(X)| > 0;

Vi € FT(X%ﬁZjeX D(i,j) = (1 —e)

Vje X, \FT—l(X)| EieFT(X) D(i,j) = (1 —e)

In the case of noise, ¢, filters itemsets with an item that does not occur often in
approximately supported transactions, whilst €, provides lenience to support. As a
result, the set of patterns that truly exist if the noise were to be absent is approxi-
mated. If the support of an itemset is too small, however, its existence will not be
measurable. In the case of mining AFI itemsets, core patterns are recovered [LPST06];
of which, have absolute support larger than a defined absmin threshold. The usage
of the absmin must be adopted in the case of mining rare itemsets in the presence of
noise to retain a core pattern recovery model.

While the above definition is an intuitive description of approximating rare pat-
terns, it suffers from the rare itemset problem. That is, capturing the complete
set of rare patterns is computationally expensive, and often captures ones which are
uninteresting. An approximation is thus applied to a type of rare itemset, more
specifically, to that of rare-item itemsets described in Section 2.2.2] Rare-item item-

sets are both applicable to tree-based approaches, such as RP-growth [TKDII] and
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additionally, have measured capturing of at least 92% of useful yet rare rules with a

confidence metric [TKD11].

Definition 3.1.2 (Approximate Rare-Item Itemset). An itemset is a rare-item item-
set if there exists at least a rare item within the itemset, and the itemset itself is rare.
In order to accommodate for noise, these thresholds are appended to the original def-
wnition of rare-item itemset. That 1s, an itemset X is an approximately rare-item

itemset if;

dx € X, Support(z) < maxsup
Support gp. (X) < mazsup

Vo e X, ZieFT(X) D(i,x) > Supportp:(X) * €.

In this case, any size-1 itemset X whose support is greater than or equal to mazsup
will be ignored. Only itemsets that contain at least one size-1 itemset less than
maxsup are captured. Size-1 itemsets are not approximated by the ARI model.
Therefore, the accuracy of size-1 itemsets is relied on to that of core patterns. As
such, if an itemset X occurs at most absmin times (i.e., Sup(X) < absmin) where
absmin > 0 and absmin < maxsup, then the itemset has too low of support to be
classified as interesting due to the presence of noise. While the maxsup threshold
provides a boundary for rare itemsets in noise, it does not accommodate pattern
recovery in the case of information in a dataset being lost. If the true support of a
pattern is decreased as a result of noise, the minimum absmin threshold to identify
core patterns is further relied on.

In rare pattern mining, it is commonplace to use a similar lower bound threshold

to ignore patterns [TKDI11] that have too low of a frequency to be interesting for
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a researcher. Similarly, a support too low is highly sensitive to noise. That is,
added information may be deemed as interesting leading to false positives, or lost
information may not be captured leading to false megatives. In order to capture
patterns that maintain interest from their support, a minsup threshold is applied to
approximate rare-item itemsets, such that absmin < minsup. An itemset X with
SUPapz(X) > minsup, Sup(X) > absmin is required to be classified as interesting, in
addition to meeting the rare-item itemset requirements specified in Definition [3.1.2]
In this regard, absmin denotes the minimum allowed ezact tolerance to capture core
patterns, whilst minsup and mazsup threshold denote a range of the approximate
support of interest.

For the remainder of this chapter, suppose there exists a transactional database
provided in Table [3.1] Two algorithms for discovering approximately rare-item item-
sets with the use of core patterns defined by absmin whilst maintaining a lower bound

with minsup are introduced.

Table 3.1: Transactional database 4.
Transaction ID A B C D

0 1

Tt = W N =

O = = O =

— = O = = O
_ O O = O =
o = O O = O
o o o o o ~|H[d
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3.2 Naive Algorithm

A Naive approach is the simplest for the discovery of all approximate rare-item
itemsets. The algorithm begins with an initial database scan by counting the support
of each size-1 itemset. The remainder of the algorithm consists of two primary stages.
Generation of each size-k itemset, and a database scan to count the approximate
support of each itemset.

Generation of size-k itemsets is as follows; for any ARI itemset of length k, the
generation of a possible length k + 1 itemset is given with a join of all size-1 itemsets.
For example, in Table [3.1] size-1 itemsets are {A}, {B}, {C}, {D}, {E}. Size-2 item-
sets from this join are as follows: {A, B}, {A,C}, {A, D}, {A, E}, {B,C}, {B, D},
{B,E}, {C,D}, {C,E}, {D,E}. The process continues by appending each size-1
itemset to each other size-k ARI itemset. When size-k itemsets are generated, the
approximate support of each itemset is counted through a database scan. Any trans-
action that contains at least | X| * €, items of X approximately supports X, and each
item contributing to this support is accounted for. After the generation of each item-
set, all thresholds are checked for ARI criteria. This process is an intuitive and simple

solution.

3.3 ARI Pattern Growth

While a Naive approach provides a solution to the problem statement, they are
often not useful in the real world. In this case, all possible ARIs are considered, and

the database is scanned for all available sizes of itemsets to calculate approximate sup-
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port. Therefore, a more practical pattern-growth E| approach is proposed. Given row
and column error thresholds €,, & €. > 0, a maximum support threshold maxsup > 0,
minimum support threshold minsup < mazrsup, and an absolute minimum thresh-
old 0 < absmin < minsup, the ARI-growth approach discovers rare itemsets. This
algorithm is inspired by the apx-pattern growth that discovers AFI itemsets, pro-
posed by Bashir et al in 2021 [BL21]. Aside from discovering rare itemsets, there
are a number of improvements in the proposed algorithm. ARI-growth saves excess
computation by constructing only one tree and does not construct additional tables
from an itemsets apx-conditional patterns in the AFI-pattern growth [BL21]. The
proposed ARI-growth discovers all itemsets by recursively scanning apx-conditional
patterns. Each apx-conditional pattern stores a reference to a node in the original
RP-tree, which scans the tree to subtract a subset patterns support to accommodate
for redundant support counting; in contrast to the AFI pattern growth where the
support of supersets is subtracted from one another [BL21]. However, comparisons of
supersets from apx-conditional patterns are still applicable. Additionally, as a result
of the support requiring being larger than the absmin, and absmin > 0, an itemset
must be fully contained within a transaction at least once. So, ARI-growth does
not compute all combinations of potentially interesting size-2 itemsets from size-1

itemsets that are performed in the apx-pattern growth algorithm [BL21].

2Pattern growth is in reference to the mining aspects of the FP-pattern growth algorithm ex-
plained in Section m
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Initial Tree Construction

This algorithm begins with a pre-processing step. First, the database is scanned
and the initial support of all size-1 itemsets is counted. Itemsets with Support(X) <
absmin are ignored. The algorithm then orders each item by its frequency ordering
and maps the corresponding order lexicographically. For ease of interpretation, Table
3.1 is pre-mapped with items A, B, C, and D having a respectively ordered support.
Next, an RP-tree is constructed in the same form as the RP-growth. A 2nd database
scan is performed to construct the RP-tree with its corresponding header table as
described in Section [2.2.4] where items are accounted for by their mapped values.
The initial RP-tree, and all thresholds are required for the remaining execution of
this algorithm. Figure denotes the resulting tree when applied to the dataset in

Table B.1] with absmin = 1 and mazsup = 6.

Header Table
Item Support
A 4
B 4
c 3 ’
D 2 -

Figure 3.2: Initial RP-tree.

Apx-Conditional Pattern

An Approximate-conditional (apx-conditional) pattern is used in the pattern growth
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approach that discovers AFI’s [BL21]. This technique will be utilized to uncover ARI
itemsets. In FP-growth, conditional patterns are a set of items that follow along
the path of the tree from a given node to the tree root. In the case of approximate
mining, additional information, such as the portion of existing items in the itemset,
is required to determine approximate support.

Apx-conditional patterns in the AFI pattern growth algorithm [BL21] are amended.
In this work, an apx-conditional pattern contains siz key components, as described

below;

1. An underlying item of X.

2. A set of superset containing items. That is, the items along the tree path that

are excluded from the itemset captured by this pattern.
3. A Support count.
4. A row error tolerance.
5. A counter of each item for the itemset captured by this pattern.

6. A pointer to an RP-tree node.

Apx-conditional patterns are used to generate supersets and determine if an item-
set meets all required thresholds. An apx-conditional pattern is denoted in the fol-
lowing manner, item I: ( {superset items}, sup:N, ¢, = R%, C:X ), where I is an
item of X, N is the number of supporting transactions, R is the row error, C:x is the
support contribution of each item C' € z with the support z, respectively following

key component ordering 1 through 5. The final component of the apx-conditional
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pattern is excluded from textual representation. For future reference, an individual
pattern of apx-conditional patterns will be referred to as an apx-pattern.

Mining the RP-tree

Mining the initial RP-tree can be summarized in 4 steps. First, the algorithm
begins by iterating through each rare size-1 itemset in the initial trees header ta-
ble. Conditional patterns from rare size-1 itemsets are formed. Conditional pat-
terns are then converted to apx-patterns. Rare size-1 itemsets are printed, and the
algorithm continues recursively with apx-patterns of the itemset. Let us suppose
the header table of an apx-pattern is given as Y = 1,71, ...,%, k > 0. The re-
cursive step for the previous apx-pattern works as follows: For each item in the
header that satisfies absmin, Y;, X,, = X U Y] is performed. A new conditional
pattern is formed with the item Y;, which is then inserted into the apx-patterns of
X, a process in this thesis referred to as upwards propagation is performed. Next,
X is checked for ARI criteria. If Supap,(X) > maxsup or Sup(X) < absmin or

SuPapz(X) < minsup then X is not an ARIL €. is checked by ensuring all items ¢

of X S&tiSfy: approximately supported transactions of i

approximately supported transactionsof X Z €e- This process continues when X"

satisfies absmin criteria. A pseudo-code of this algorithm is provided in Algorithm [I
The process of conditional pattern construction, conversion to apx-patterns, insertion,
and upwards propagation is explained in detail below.

Conditional pattern construction

Let us suppose there exists a size-1 itemset X = {X,}. Conditional patterns are
generated by scanning the connected node of X in the header table of the RP-tree,

and for each node, take the item within the node 7 along the path to the root and
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perform ¢ U Xy. The support of the conditional pattern is equal to the support of the
node containing X,. This process is repeated for each connected node that contains
Xp. For each conditional pattern, connected nodes of X, are stored.

Conditional pattern to apx-conditional pattern conversion

Suppose conditional patterns are converted to apx-conditionals for the itemset X.
All six components of an apx-pattern are created. (1) is assigned to the underlying
item used to discover the conditional patterns. (2) denote the set of items in the
conditional pattern as T', and the set of supersets containing items is given as T'— X.

(3) is assigned the support of the conditional pattern. (4) row error is calculated as

|items € X|

X (5) Each item of X is removed from 7. Counters are set to the patterns

supported in (3). Finally, (6) is assigned the pointer to the connected node from
the conditional pattern. Using components (2), (3), and (4) of each apx-pattern, a
header table is formed by summing the support (i.e., component(3)) of each fully
supported approximate pattern’s supersets (i.e., component (4)¢e, = 100%, for all
items in component (3)).

Apax-pattern insertion

The following process occurs to convert X apx-patterns to X,, with the inser-
tion of item Y;. First, upwards propagation is performed. Next, Y; is removed from
component (2) of each apx-pattern. Y; is inserted into the component (5) with its
counter equal to the support of the pattern; row tolerance is updated accordingly.
Finally, all items ¢ in component (2) where Y; > i are removed. For example, let
us suppose there exists an itemset X = {D, E, F'} with component (2) of any given

apx-pattern containing any item in the itemset {A, B,C}. Let us further suppose
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{B}U{D, E, F'} is performed by inserting B to apx-conditional of itemset {D, E, F'}.
In this case, items B and C' are removed from component (2) of all apx-patterns for
itemset {B, D, E, F'}. The removal of component (2) items is an optimization that
prevents excess recursive steps in the algorithm. {B, D, E, F'} will only consider the
superset A to generate {A, B, D, E, F'}, while the alternative superset {B,C, D, E, F'}
will instead be generated by itemset {C, D, E, F'}. Additionally, any pattern where
component (2) is the empty set, and the row error tolerance is less than ¢, is ignored.
That is, the pattern will never contribute to the support of any superset, nor result
in redundant support counting by upwards propagation.

Upwards Propagation

Let X be an itemset {Xg, X1, ..., X, },n > 1, and let X; € X denote the underlying
item that was previously converted to apx-patterns. Each apx-pattern is separated
by component (1) by items of X that succeed X;. For example, let n = 3 and t =
1, then X, succeeds X;. Next, for each succeeding apx-pattern (e.g., apx-patterns
with X, as component (1)) that had also contained X; in component (2), propagate
up the RP-tree from component (6) to subtract the support of a linked pattern to a
node containing X;. If any node item less than X, is found, propagation ends. To
optimize this process, when propagation ends, component (6) of the apx-pattern that
began traversing the tree upwards is replaced to reference the final visited node. This
optimization ensures the next stage of upwards propagation uses fewer steps when
propagating up the tree. Upwards propagation ensures redundant support counting

does not occur.
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Algorithm 1 ARI-Growth
Require: ¢,, €., mazxsup, absmin
Input
P Itemset prefix
A Initial constructed RP-tree
C  Apx-conditional patterns
R Captured ARI itemsets
Output
Approximate rare-item itemsets

1: if P = () then

2 for rare item 7 €\ do

3 C < C'U conditionals of i

4: convert C to Apx-conditional patterns > No Propagation
5: if Sup(X,) > minsup then

6 print X,

7 end if

8 ARI-Growth( X,, A\, C, R )

9 end for

10: else
11: H = Header of C > Recursive step. Test supersets
12: for X € H where X.support > absmin do
13: ¢ < conditionals of X
14: convert ¢ to apx-conditional patterns
15: insert ¢ into C > Propagates
16: X,=XUP
17: update C apx-patterns as X, > Creates a copy of C
18: if Sup(X,) > absmin then
19: if Supep,(C) < mazsup && Supyp:(C) > minsup && Yr € X,

x.support in approximately supporting transactions is at least €. % Supap,(C)
then

20: print X,

21: end if

22: ARI-Growth( X,, A, C)
23: end if

24: end for
25: end if
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Upwards Propagation Example
For the purpose of example, let us suppose there exists an itemset {C, D}, the
initial RP-tree given in Figure [3.3] and that {C, D} was formed from having item C

inserted to the apx-patterns of item D.

Figure 3.3: Example tree.

The apx-patterns of {C, D} are as follows, item C: ( {A}, sup:1, ¢, = 50%, C:1
D:0 ), { {B}, sup:2, ¢, = 50%, C:2 D:0 ), item D: ( {A, B}, sup:2, ¢, = 50% C:0
D:2 ), and ( {B}, sup:1, ¢, = 100% C:1 D:1 ). Item D succeeds item C. Suppose
propagation continues upwards from component (6) of the apx-pattern for item D.
Only one apx-pattern of item D contains C' (i.e., C' in component (5) is greater than
0), and thus, there is one pattern that can possibly reduce the support of item C’s
apx-pattern. Following component (6) of apx-pattern beginning from the tree node

D : 1. Moving up to C' : 2, C is reached. Thus, the apx-pattern associated with



3.3 ARI Pattern Growth 51

node C : 2 for item C has the support of components (3) and (5) subtracted by
the traversing apx-pattern (i.e., subtract support by 1). Next, component (6) of the
traversing apx-pattern is replaced to now reference the tree node C' : 2. This process

is demonstrated in Figure [3.4]

ltemset: {C, D}

Item | Apx-Conditional Patterns of {C}
C ={A} sup1, £=50%, C:1D:0=
C |={B} sup:2-1,£=50%, C:2-1 D0 =

Iltem | Apx-Conditional Patterns of {D}
D | ={AB}, sup:2, £=50%, C:0 D2 =
D | ={B}, sup:1, £=100%, C:1 D:1 =

Figure 3.4: Upwards propagation of D for itemset {C, D}.

Let us further consider the insertion of item B into {C} (i.e., itemset {B, C, D}).
The newly inserted apx-patterns are, item B: ( {A}, sup:2, ¢, = %%, B:2 C:0 D:0 )
and ( {}, sup:2, ¢, = %, B:2 C:0 D:0 ). The apx-patterns of itemset {C, D} are
as follows, item C: ( {A}, sup:1, ¢, = 3%, B:0 C:1 D:0 ), ( {}, sup:1, ¢, = 3%, B:1
C:1 D:0 ), item D: ( {4}, sup:2, e, = 3% B:2 C:0 D:2 ), and ( {}, sup:1, ¢, = 100%
B:1 C:1 D:1 ). There are three apx-patterns that contain B. For reference, this
process is demonstrated in Figure for each of the three apx-patterns. For the

first apx-pattern (1) following component (6) of item C’s apx-pattern beginning from
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the tree node C' : 2. Moving up to node B : 2, B is reached. The support of the
connected apx-pattern of item B to node B : 2 is subtracted by 1, and component (6)
of the traversing apx-pattern is replaced with the last traversed tree node. For the
next apx-pattern (2), follow component (6) of item D’s apx-pattern beginning from
the tree node D : 2. Moving up to node B : 2, B is reached. The support of the
connected apx-pattern of item B to node B : 2 is subtracted by 2, and component (6)
of the traversing apx-pattern is replaced with the last traversed tree node. Finally,
for the apx-pattern (3), follow component (6) of item D’s apx-pattern beginning from
the tree node C' : 2. Moving up to node B : 2, B is reached. The support of the
connected apx-pattern of item B to node B : 2 is subtracted by 1, and component

(6) of the traversing apx-pattern is replaced with the last traversed node.

ltemzet {B, C, D}

ltem Apx-Conditional Patterns of {B}
B = {A} sup2-2 £=33% B2-2C0D0=
B |={} sup:2-11, £=33%, B:211C0D:0 =

Item | Apx-Conditional Patterns of {C, D}

C |={A} supl, £=33%. BOC1D0= |~
< {1 sup:l, £=66%, B1C1D:0=
= {A}, sup:2, £=66%, B2CO0D2=> |—
=4}, sup1, e=100%, B CADl= |-

oo o

Figure 3.5: Upwards propagation of C' & D for itemset {B,C, D}.
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ARI-Growth Example

Let minsup = absmin = 1, maxsup = 6, ¢, = 50%, ¢. = 50%. For simplicity
of the example, the satisfaction of absmin (i.e., Sup(X) > absmin) also satisfies
minsup. The algorithm continues through Table as follows. Size-1 itemsets are
determined from a database scan as {A} : 4, {B} : 4, {C} : 3, {D} : 2, {E} : 1, of
which, {E} is ignored for failing to satisfy the absmin threshold (1 % absmin). The
database is scanned again for the construction of an RP-tree. For each transaction,
for each size-1 ARI in their respective order, the item is inserted into the tree. Figure
denotes the resulting RP-tree with its corresponding header table.

This algorithm discovers the complete set of interesting rare-item itemsets with
the use of all rare size-1 and the initial RP-tree. For reference, component (6) of an
apx-pattern is represented as an edge from an apx-pattern to a tree node.

Starting with {A}, conditional patterns of item A, {A} : 4 are generated. The
apx-patterns are formed as follows, item A: ( {}, sup:4, €, = 100%, A:4 ). {A} is an
ARI. Since there are no supersets to any apx-patterns, the algorithm moves to the
next size-1 itemset.

Next, conditional patterns of item B, {AB} : 2, and {B}:2 are generated. The
apx-patterns are formed as follows, item B: ( {A}, sup:2, ¢, = 100%, B:2 ), and { {},
sup:4, €, = 100% B:2 ). Figure demonstrates the creation of these apx-patterns.
{B} is an ARI. The algorithm then generates a new header table by components (2),
(3), and (4) of each apx-pattern by summing the support of each pattern that has
e, = 100% for each item in component (2). As a result, The header table {A}:2 is

formed.
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ltemset: {B}
Item Conditional Patterns Apx-Patterns o
B (sup: 2) ={A}, sup:2, £=100%, B2 =
B (sup: 2) ={}, sup:2, £=100%, B:2 = .
a4
Header Table
Item Support
A 4
B 4
Cc 3
D 2

Figure 3.6: Apx-patterns of {B}

Going through the header table, {A}, the conditional patterns {A} : 4 are gen-
erated. The apx-patterns of item A are formed as follows, item A: ( {}, sup:4,
e, = 100%, A:4 ). Apx-patterns of item A are inserted to apx-patterns of item B to
formulate apx-patterns of itemset {A, B}, with upwards propagation performed. The
resulting apx-patterns of { A, B} are formed as follows, item A: ( {}, sup:2, ¢, = 50%),
A:2 B:0 ). Item B: ( {} sup:2, ¢, = 50%, A:0 B:2 ), and ( {} sup:2, ¢, = 100%, A:2
B:2 ). Supup.({A, B} = 6,6 > mazsup, thus {A, B} is not an ARI. Header table
creation of item {B} and generation of apx-patterns for itemset {A, B} is demon-
strated in Figure 3.7 The header table {} is formed. As there are no items in the
header table, the recursive step ends. The algorithm backtracks to itemset B, and
since there are no remaining items in the header table of {A}, the algorithm moves

to the next size-1 itemset.
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5}

ltemset: {B}
Item Conditional Pattemns Aps-Patterns
B AB (sup: 2) ={A} sup:2, £=100%, B2 =
B B (sup: 2) ={}, sup:2, £=100%, B:2 =
Header
Table
A2
(A}U{B}=1{A B}
Itemset: {A. B}
Item Conditional Patterns Apx-Pattemns
A (sup: 4) = {}, sup:2, £=50%, A2, B:0 =
B = {}, sup:2. £=100%, A2B2=
B =} sup:2, £.=50%, A0B2=

Header Table
Item Support
A 4
B 4
c 3
D 2

Figure 3.7: Apx-patterns of {A, B}

Next, conditional patterns of item {C}, {AC} : 1, and {BC'?} : 2 are generated.

The apx-patterns of item C' are formed as follows, item C: ( {A}, sup:1, ¢, = 100%,

C:1), and ( {B}, sup:2, ¢, = 100%, C:2 ). {C} is an ARI. The header table {B} : 2

is formed. Since {A} : 1 < absmin, {A} is excluded from the header table.

Going through the header table, B conditional patterns {A, B} : 2, {B} : 2 are

generated. The apx-patterns of item B are formed as follows, item B: ( {A}, sup:2,

e, = 100%, B:2 ), and ( {}, sup:2, ¢, = 100%, B:2 ).

Apx-patterns of item B are
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inserted to apx-patterns of item C' to formulate apx-patterns of itemset { B, C'}, with
upwards propagation performed. The resulting apx-patterns of { B, C'} are formed as
follows, item B: ( {A}, sup:2, ¢, = 50%, B:2, C:0 ), and item C: ( {A}, sup:1, €, = 50%,
B:0 C:1 ), and ( {}, sup:2, ¢, = 100%, B:2 C:2 ). Sup,p.({B,C} =5, 5 < mazsup.
Similarly, Sup({B,C} =2, 2 > absmin. {B,C'} is checked to satisfy ¢, of which, C
appears in 3 transactions (% > €.), and B appears in 4 transactions (% > €.). Thus,
{B,C} is an ARI. The header table {} is formed. Since {A} : 1 < absmin, {A} is
excluded from the header table. As there are no more items in the header table, the
recursive step of {B,C} ends. The algorithm backtracks to itemset {C'}. As there
are no remaining items in the header table of {B} : 2, the algorithm moves to the
next size-1 itemset.

Finally, conditional patterns of item D, {A, B, D} : 2 are generated. The apx-
patterns are formed as follows, item D: ( {A, B}, sup:2, ¢, = 100%, D:2 ). {D} is an
ARI. The header table {A} : 2, {B} : 2 is formed. Going through the header table
starting from {A} : 2, A conditional patterns {} are generated. The apx-patterns
of item A are formed as follows, item A: ( {}, sup:4, ¢, = 100% A:4 ). The apx-
patterns of item A are inserted into apx-patterns of item D to formulate apx-patterns
of itemset {A, D}, with upwards propagation performed in additional to the removal
of any item in component (1) larger than A. The resulting apx-patterns of {A, D}
are formed as follows, item A: ( {}, sup:2, ¢, = 50%, A:2 D:0 ). Item D: ( {} sup:2,
e, = 100%, A:2 D:2 ). There are 4 approximately supporting transactions, and 2
are fully supporting. Thus, itemset {A, D} satisfies both the mazsup and absmin

(Supapz({A, D}) < mazsup, and Sup({A,D}) > absmin). {A,D} is checked to
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satisfy e.. A occurs a total of 4 times (100% > ¢.), D occurs 2 times (50% = ¢.). Thus,
{A, D} is an ARI. The formation of apx-patterns for itemset { A, D} is demonstrated
in Figure The header table {} is formed from apx-patterns of {A, D}. As
there are no more items in the header table, the recursive step of {A, D} ends. The
algorithm backtracks to itemset {D}. As the header table contains {A} : 2, {B} : 2,

the algorithm moves to {B}.

ltemset {D}
Item Conditional Patierns Apx-Patterns
D AB (sup: 2) = {AB}, sup2, £=100%, D:2 =
Header
Table
A2
B:2

(1) {A} U {D} = {A, D}
(2){B}U{D}={B. O}

(1) ltemset: {A. D}

Item Conditional Patterns Apx-FPatterns
i\
A (sup: 4) ={}, sup:2, £=50%, A2, D:0 = 3 o
o = {3 sup:2, £.=100%, A2 D:2 = \

Header Table

Item Support
A 4
B 4
C 3
D 2

Figure 3.8: Apx-patterns of {A, D}
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From {B}, conditional patterns {A, B} : 2, and {B} : 2 are generated. The
apx-patterns of item B are formed as follows, item B: ( {A}, sup:2, ¢, = 100%, B:2
), and ( {}, sup:2, ¢, = 100%, B:2 ). The apx-patterns of item B are inserted into
apx-patterns of item D to formulate apx-patterns of itemset {B, D}, with upwards
propagation performed. The resulting apx-patterns of {B, D} are formed as follows,
item B: < {}, sup:2, ¢, = 50%, B:2 D:0 ), item D: < {A} sup:2, ¢, = 100%, B:2
D:2 ). Supep,({B,D}) = 4, 4 < maxsup. Similarly, Sup({B, D}) = 2,2 > absmin.
{B, D} is checked to satisfy €.. Item B appears in 4 transactions (% > €.), and item

=¢.). Thus, {B, D} is an ARI. The header table {A} : 2 is formed.

D appears in 2 (%

Going through the header table, A conditional patterns {A} : 4 are generated.
The apx-patterns of item A are formed as follows, item A: ( {}, sup:4, ¢, = 100%, A:4
). Apx-patterns of item A are inserted to apx-patterns of {B, D} to formulate apx-
patterns of itemset {A, B, D}, with upwards propagation performed. The resulting
apx-patterns of itemset { A, B, D} are formed as follows, item B: ( {}, sup:2, ¢, = 33%,
A:0 B:2 D:0 ), item A: ( {}, sup:2, ¢, = 33%, A:2 B:0 D:0 ). Item D: ( {} sup:2,
e, = 100%, A:2 B:2 D:2 ). Redundant patterns (i.e., €, < 0.5&component(3) =
{}) are ignored in this process in order to yield Item D: ( {} sup:2, ¢, = 100%,
A:2 B:2 D:2 ). There are 2 fully and approximately supporting transactions (i.e.,
Supaps ({4, B, D}) < maxsup, and Sup({A, B, D} > absmin). {A, B, D} is checked
to satisfy ec, of which, all items appear in all transactions (100% > e.). Thus,
{A,B,D} is an ARI. The header table {} is formed. As there are no items in the

header table, the recursive step ends. The algorithm backtracks to itemset {B, D}.

As there are no remaining items in the header of {A} : 2, the algorithm backtracks to
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itemset D. Similarly, there are no remaining items in the header of {A} : 2, {B} : 2,
and thus the algorithm moves to the next size-1 itemset. Since {D} was the final
size-1 itemset, the algorithm terminates.

Minsup Pruning

Global pruning is employed [LPST06] to prune itemsets by the minsup threshold.
By €., in order for an itemset to be interesting, the overall support of each item of
an itemset must exceed minsup * €.. Let us suppose there exists an itemset {A, B}.
In order for {A, B} to be interesting, the itemsets approximate support must exceed
minsup; i.e., Supap; ({4, B}) > minsup. By €., this implies {A} and {B} occur at
least €. * minsup times. If this fails, no supersets of {A, B} will exceed the required
€. threshold. To allow for pruning, the recursive step in line 22 of Algorithm [1] is
prevented if global pruning fails.

Caching

Caching is a process of temporarily storing information for later use, to prevent
the need of re-calculating or re-creating the needed data. In ARI-growth, conditional
patterns are generated for all items of an itemset. Constant generation of conditional
patterns results in excess computation time. As a result, conditional patterns of size-1
items are cached for later use after they are generated once for the first time.

Algorithmic Adjustments

The proposed algorithm is introduced with respect to discovering rare-item item-
sets. This algorithm can however be adjusted to accommodate other definitions of
rare itemsets such as sporadic rules defined in Section 2.2 An implementation may

vary depending on how one may wish to accommodate noise. To discover sporadic



3.4 Summary 60

rules whilst maintaining a maxsup subset definition where all subsets are rare by the
maxsup, the recursive step in line 22 in Algorithm [1| can be adjusted to ensure the
recursive step ends if the approximate support is larger than maxsup. After algo-

rithm execution, an additional pruning step is performed to ensure all subsets of an

ARI are also an ARI.

3.4 Summary

In this chapter, the problem and solution of mining rare itemsets in the presence
of noise is introduced. Many research areas consider the discovery of uncommonly
occurring patterns [BN19]. However, in the presence of noise, interesting uncommon
patterns may be lost. For instance, in a real-world retail dataset, noise heavily influ-
ences the number of sporadic rules, of which, are association rules with rare itemsets
that maintain a high confidence. To address this problem, the previously proposed
approximate model for the discovery of core itemsets is modified for the discovery
of rare itemsets. In order to discover an approximately rare itemset, two algorithms
are introduced. A Naive algorithm is the simplest approach to introduce a problem
solution. However, the simplest approaches are often not useful in the real world, and
in this case, all possible combinations of itemsets will be generated. As such, in this
thesis, I introduce a more practical pattern growth approach to discover rare itemsets
more efficiently. The proposed approach generates a tree structure similar to that of
an RP-tree [TKD11] and then generates all rare itemsets from this tree. Similar to
the Apx-pattern growth [BL21], apx-patterns are created to discover interesting item-

sets. The proposed ARI-growth algorithm improves upon the Apx-pattern growth by
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avoiding the generation of size-2 itemsets and by creating one tree.



Chapter 4

Evaluation

In this chapter, the proposed ARI-growth algorithm’s effectiveness is evaluated.
Since the anti-monotone property does not hold in the case of approximately rare
itemsets, approximate mining is inherently a more computationally expensive task.
That is, pruning of itemsets must be more lenient to that of ezact mining. To measure
how much more computationally expensive approximate mining is, the effectiveness of
ARI-growth is evaluated in terms of run-time and memory consumption in comparison
to that of eract mining techniques. Furthermore, in order to evaluate if the algorithm
is an applicable approximation model in the presence of noise, correctness in obtaining

the true set of patterns is evaluated under precision and recall criteria.

4.1 Evaluation Setup

Using well-known rare pattern mining algorithms presents an idea of how much

better or worse the presence of noise poses on computational constraints in order to
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capture uncommonly occurring patterns. In this thesis, rare pattern mining algo-
rithms Apriori-inverse (Section and RP-growth (Section are used as a
baseline. During testing, the Naive algorithm showed extensively slow execution times
and thus has been dropped for consideration. As a result, I deem the Naive approach

unsuitable in real-world datasets. Characteristics of each algorithm are summarized

in Table 411
Table 4.1: Algorithm characteristics.
Algorithm Scalable | Tree-based | Rare Patterns | Approximation
Naive v’ v’
Apriori-Inverse v’ v
RP-Growth v v v’
ARI-Growth v’ v’ v’ v

To ensure results of all algorithms can be made equal, Apriori-inverse is modified
to discover rare-item itemsets as described in Section[2.2.2] A fixed-threshold [KR05]
is used, where mazsup is increased during the generation of candidates and set nor-
mally for rule generation in order to discover rare itemsets that are not limited to
perfectly sporadic rules described in section 2.2.1] Mazsup is thus temporarily set
to infinity. When all itemsets with support larger than absmin are discovered, item-
sets with support that does not meet the original maxsup criteria are pruned (i.e.,
Support(X) < maxsup). Furthermore, an additional database scan is performed.
The additional database scan stores the set of all transactions ¢ that contain at least
one itemset in L1. During each database scan, Apriori-inverse only scans transactions
in ¢, as opposed to scanning the whole dataset. Whilst Apriori-inverse and FP-growth

apply the optimization of scanning transactions in ¢, the proposed ARI-growth can-
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not apply this optimization when ¢,, €. < 1. This is because a transaction that only
contains frequent itemsets can approximately support an itemset that contains a rare
item. Since ARI-growth applies approximation only when €. & ¢, < 1, scanning of ¢
transactions is not applied to the ARI-growth. Single-path optimization is applied to
RP-growth [TKD11]. For future reference, Apriori-inverse modifications are denoted
as the algorithm Apriori-inverse*.

All experiments are run on an AMD Ryzen 7 2700X with a base processor speed
of 3.70 GHz and 16GB of RAM. Each algorithm is implemented in Java. 1024MB
of heap memory is provided to Java Virtual Machine. Three real databases are
used as a benchmark. All datasets are commonly used in pattern mining and are
chosen to match those previously used in noisy dataset experiments [BL21]. The
real world retail E| dataset is obtained from the frequent itemset mining repository
(http://fimi.ua.ac.be). The remaining BMSWebView! and foodMart datasets are
obtained from the SPMF data mining library [FLGT16]. Characteristics of experi-
mented datasets are provided in Table [£.2] with characteristics of transaction lengths
in Table As shown in Tables and [£.3] retail contains longer transactions
on average in comparison to BMSWebView! and foodmart, and more transactions

overall, and BMSWebViewl has a lesser number of unique items.

!Special thanks to Tom Brijs for contributions in the production of the retail dataset [BSVW99].
As a result of the work that creates public datasets, algorithms are benchmarked in a manner that
can be replicated.
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Table 4.2: Dataset characteristics.
Database Transactions | Unique Items | Density (%) P} | Size (KB)

Retail 88,162 16,470 0.06 4,070
BMSWebViewl 59,602 497 0.51 935
FoodMart 4,141 1,559 0.28 81

Table 4.3: Transaction length characteristics.

Database Mean | Median 50th (25th - 75th) | Standard Deviation | max
Retail 10.3 8 (4 - 14) 8.16 76
BMSWebViewl | 2.5 1(1-3) 4.85 267
FoodMart 4.4 4(3-06) 2.11 14

4.1.1 Evaluation of Run-time

In this section, the algorithm run-time is evaluated to address the following two
questions in Section Can itemsets that are approximated be discovered efficiently
to be applicable in the real world? How does efficiency compare to that of tradi-
tional mining techniques?. During experiments, Apriori-inverse® yields extensively
slow computation time on datasets with long transaction lengths, such as retail. Ex-
ecutions of Apriori-inverse® have been halted for these datasets, with the algorithm
deemed unfit for solving the task. Experimental results of processing time are pro-
vided in Figures [4.1] [4.2] and ARI-growth is executed with varying €, and e,
thresholds, to observe if threshold adjustments have an effect on the run-time of the
algorithm. €, and €. of 0.5, 0.75, and 1.0 are tested where ¢, = €.. Run-time is mea-

sured by subtracting the time after the algorithm from the time before the algorithm

2The mean number of items per transaction divided by the total number of unique items in the
database. Density is provided by the SPMF data mining library [FLGT16].
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execution. This measure is subject to inaccuracies imposed by the Windows oper-
ating system, in addition to the possible execution of garbage collection from Java

Virtual Machine.

Execution Time, Foodmart
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Figure 4.1: Foodmart execution time. Minsup = absmin = 0.0005.
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In the foodmart dataset, as a result of the high number of unique items pro-
portional to the length of the dataset, in addition to a mean transaction length of
4, resulting patterns are observed to be very short (less or equal to a length of 2).
Performance is largely compared in terms of the initial stages of an algorithm. As
shown in Figure [£.3] the proposed model is an order of magnitude faster than Apriori-
inverse®, whilst at the same time, far slower than that of RP-growth. In Figure |4.1]
Apriori-inverse* is trimmed as it continues with a long execution time at a maxsup
of 0.002. Similar results are shown in the retail dataset in Figure [4.2]

In the BMSWebViewl dataset, Apriori-inverse* has an efficient computation time.
BMSWebViewl contains a small number of unique items proportionally to the total
number of transactions, and thus often results in lesser size-1 itemsets with longer
rare itemsets being discovered. An Apriori approach performs well in this application
because the number of candidates generated depends on the number of interesting
patterns of the previously discovered length. In the case of foodmart, a large number of
size-2 candidate itemsets will be generated. Despite the efficiency of Apriori-inverse*
within this application, the proposed algorithm outperforms Apriori-inverse® by a
significant margin as shown in Figure [£.3] Overall, the proposed algorithm is effec-
tive in real-world datasets, executing to completion and in all cases, outperforming
Apriori-inverse®. Results are observed to be similar when approximation thresholds

are varied.
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4.2 Evaluation of Memory Consumption

In this section, memory consumption is evaluated to address the following two
questions in Section[I.2.1] Can itemsets that are approximated be discovered efficiently?
How does efficiency compare to that of traditional mining techniques?. Experimen-
tal results are provided in Figures [4.4] and [£.4] Similar to run-time comparisons,
ARI-growth is executed with varying €, and €. thresholds, to observe if threshold
adjustments have an effect on the memory consumption of the algorithm. ¢, and ¢,
of 0.5, 0.75, and 1.0 are tested where €, = €.. Memory consumption is measured
by approximating the total space consumed by objects from Java Virtual Machine.
This measure is subject to inaccuracies imposed by Java Virtual Machine’s garbage
collection. In retail test runs, Apriori-inverse® runs out of heap memory. As a re-
sult of garbage collection inconsistencies, retail is excluded from graphical memory
comparisons. Since ARI-growth executes to completion, ARI-growth still exceeds

Apriori-inverse*.
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Memory Consumption, Foodmart

200,000
180,000
160,000
140,000
120,000 — s ®
100,000 o — M
80,000
60,000
40,000
20,000 —= - - -
M
0

0.0005 0.0015 0.0025 0.0035 0.0045 0.0055
Maxsup

Memory (kb)

=@=ARI|-Growth er=0.5&ec=0.5 ==@== ARI|-Growth er=0.75&ec=0.75
=@==ARI-Growth er=1.0&ec=1.0 Apriorilnverse*

=== RP-Growth

Figure 4.4: Foodmart memory consumption. Minsup = absmin = 0.0005.

Memory Consumption, BMSWebView1

400000
350000
300000
250000
200000

150000 P
100000 -

50000

————
0

0.001 0.0015 0.002 0.0025 0.003 0.0035

Memory (kb)

Maxsup

==@=ARI-Growth er=0.5&ec=0.5 === RP-Growth
==@== ARI-Growth er=1.0&ec=1.0 ARI-Growth er=0.75&ec=0.75

e=de==Apriori-Inverse*

Figure 4.5: BMSWebViewl memory consumption. Minsup = absmin = 0.00075.



4.8  FEvaluation of Recovery Quality 71

In the case of foodmart shown in Figure the proposed model outperformed
Apriori-inverse®, whilst also outperformed by RP-growth. Additionally, from BM-
SWebViewl in Figure [4.4] the proposed model performs the worst, having a signifi-
cantly higher memory consumption. Considering the amount of memory consumed,
both datasets yield larger than 100 megabytes. In the case of different approximation
thresholds, results follow similar trends. Whilst comparisons of execution times for
the proposed model largely remain the same, the number of captured itemsets differs,
and thus, may influence changes to memory consumption. In the case of foodmart,
the vast majority of itemsets are not long enough for the approximation model to
take effect. For instance, with mazsup = 1.0 and absmin = 0.0005, 1635 itemsets are
captured; 1557 of which, are of size-1. Results are similar under varied approximation
thresholds. Overall, the proposed model is constrained by memory, as consumption
is very high for BMSWebViewl when multiple recursive steps for each size-1 itemset

take place to discover longer itemsets.

4.3 Evaluation of Recovery Quality

In this section, the quality of pattern recovery is evaluated to address the question
proposed in Section[1.2.1] Can approximation be applied to recover lost, yet interesting,
rare itemsets? Can the same approximation of itemsets be applied to recover lost, yet
interesting, association rules?. To evaluate recovery, ARI-growth is compared under

a variety of €, and €. thresholds with varied levels of noise. Quality is tested with
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precision and recall metrics utilized by Cheng et al., [CYHOS]:

[true N aprz|

Precision = ——— (4.1)
|apr]
t N
Recall — ltrue N apra] (4.2)
|truel

where true denotes the set of true core patterns that exist from traditional rare
pattern techniques under the assumption of full noise recovery, and aprz denotes the
set of patterns determined by the proposed algorithm. To apply x% noise, each item
is assigned x% chance of no longer existing (i.e., information is lost) or, for each item
in the dataset, there is an 2% chance of a new item appearing in the transaction (i.e.,
information is gained). The odds of applying noise is a uniform random distribution.
Dataset BMSWebViewl is tested under thresholds minsup = 0.00175, absmin =
0.00125, mazxsup = 0.045, and retail under thresholds minsup = 0.00175, absmin
= 0.0003, mazsup = 0.05. Tests utilize varying row and error tolerance thresholds,
precision results are shown in Tables & and recall in Tables & [4.7]

In the tested environments improvements to precision yield at most a 0.2% im-
provement. In BMSWebview! precision improvements are observed when 15% or
more noise is attributed to the dataset, and 5-15% in retail. In most cases, both
precision and recall show similar or worse results than when no approximation is
applied. Despite the overall lack of improvement when not applying approximation,
pattern recovery is observed. Higher rates of allowed error tolerance results in greater
recovery, however, typically has low overall precision and recall in contrast to lower

rates of allowed error tolerance. For instance, in retail with €,,e. = 0.25, up to 6%;



4.8  FEvaluation of Recovery Quality 73

Table 4.4: Pattern precision BMSWebViewl (%).

€r; €c
Noise (%) | 1.0 08 075 2 05 1 025
5 97.9 97.9 97.5 96.8 82.2 675 064.2
10 940 940 940 940 82.2 708 681
15 9.4 905 90.5 90.5 820 77.8 76.6
20 86.6 867 868 868 77.5 80.2 79.3
25 796 798 798 798 69.1 763 775

Table 4.5: Pattern recall BMSWebView! (%).

€y €

Noise (%) | 1.0 08 075 2 05 1 025
5 85.0 85.0 83.6 84.0 30.7 457 50.4
10 740 740 737 742 30.8 461 511
15 62.6 626 625 62.6 298 46.3 51.6
20 55.7 557 558 558 291 459 50.7
25 507 50.7 50.7 50.7 28.3 43.1 47.9

or 15, 23, 37, 37, and 39 rare patterns, that would otherwise be lost are recovered
under the presence of 5%, 10%, 15%, 20% or 25% applied noise respectively.

While recovery of rare itemsets is important, a rare itemset by itself often requires
a measure independent of support. For example, in the case of sporadic rules [KR05],
an association rule associated with a rare itemset must maintain high confidence (i.e.,
often occurring together). Quality is further evaluated to that of resulting association
rules. With minconf = 85%, Precision through the use of approximate support is
shown in Tables 1.8 and [4.10] and similarly recall in Tables [4.9) and [4.11]

By the aformentioned tables, under the tested conditions, precision sees no im-
proved quality with any amount of applied approximation in BMSWebViewl whilst

up to a 1% in retail. In the case of recall, up to a 1% overall improvement is observed.
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Table 4.6: Pattern precision Retail (%).

€r, Ec

Noise (%) | 1.0 08 075 2 05 1 025
5 99.0 99.0 99.2 99.1 623 325 27.1
10 989 989 99.1 99.1 658 360 30.5
15 988 988 989 989 719 39.7 333
20 988 98.8 988 988 758 441 371
25 98.7 987 987 987 83.1 47.4 39.8

Table 4.7: Pattern recall Retail (%).

€y €
Noise (%) | 1.0 08 075 2 05 1 025
5 87.3 87.1 85.1 85.1 36.3 36.7 36.7
10 76.3 762 750 750 344 349 349
15 648 648 640 640 317 321 321
20 54.6  54.6 544 544 294 30.0 30.0
25 463 463 461 461 266 27.2 27.2

With a recall of €,, e, = 0.25, nearly % or all of the association rules falsely represent
true data in BMSWebViewl or retail respectively. Despite this rate of errors, recov-
ery is observed. For instance, with €,, e, = 0.25 up to 16%; or 112, 210, 286, 278, and
254 interesting association rules, that would otherwise be lost are recovered under
the presence of 5%, 10%, 15%, 20% or 25% applied noise respectively with BMSWe-
bViewl. However, in the case of retail, less or equal to than 1% precision and recall
is found under all tested thresholds €,, €. < 0.5. Or, similarly, in BMSWebViewl less
than 31% precision or 21% recall. As a result of the significant rates of incorrect
classification for the true set of association rules, determining which association rules
represent the true set of data requires additional effort.

Poor quality measures can be attributed to errors in the capability of a pattern’s
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Table 4.8: Association rule precision BMSWebView! (%). Minconf = 85%.

€r, Ec
Noise (%) | 1.0 08 075 2 05 1 025
5 100.0 100.0 895 69.3 199 153 15.0
10 945 945 904 77.6 272 189 181
15 942 942 885 841 38.6 244 240
20 945 945 869 869 324 285 27.3
25 934 934 93.4 934 289 314 30.9

Table 4.9: Association rule recall BMSWebView! (%). Minconf = 85%.

€y €
Noise (%) | 1.0 08 075 2 05 & 025
5 65.4 65.4 57.3 59.6 3.5 148 20.0
10 45.9 459 440 469 3.6 151 202
15 3.6 31.6 310 315 27 15.3 20.6
20 227 227 231 231 1.7 146 188
25 184 184 184 184 1.0 124 165

approximate support to accurately predict the true support of a pattern. For example,
let us consider an itemset X = {A, B,C'}, Y ={B,C}, and Z = {A, C}. Let us further
suppose €, = % In this case, both Z and Y contribute to the approximate support of
X. For instance, if the support of Y is 4, the support of Z is 3, and the support of X is 1,
then the approximate support of X is at least 6. ¢, is a measure used to trim patterns
resulting from noise by ensuring each item of the itemset is present at least €. times
the approximately supported transactions. Because approximate support is lenient to
the original definition of support, it is always the case where Supg,, (X) > Sup(X). If
the approximate support is not representative of noise, a significant over estimate to a
pattern’s true support occurs. In Table [4.§] correctness becomes more stable as noise

increases. All thresholds €., €, < 1 have a trend of gradually increased precision as
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Table 4.10: Association rule precision retail (%). Minconf = 85%.

€ry Ec

Noise (%) | 1.0 08 075 2 05 L1 025
5 97.6 97.5 98.2 975 01 0.1 0.1
10 968 967 97.8 97.8 0.1 02 02
15 96.7 967 970 97.0 0.5 04 0.3
20 96.7 967 966 966 00 06 04
25 96.2 962 961 961 00 0.8 0.6

Table 4.11: Association rule recall retail (%). Minconf = 85%.

€y €
Noise (%) | 1.0 08 075 2 05 & 025
5 77.6 748 60.5 60.5 0.2 0.8 0.8
10 577 56.7 490 490 0.2 1.0 1.0
15 304 394 350 350 0.2 1.0 1.0
20 271 271 260 260 00 1.0 1.0
25 205 205 197 197 00 1.0 1.0

more noise is applied to the dataset. In the confidence measure of an association rule,
the larger the estimate of the combined support for a rule, the larger the confidence.
This is shown in Table where the opposite effect of decreased recall occurs with
increased noise. A greater number of false positives occur with increased noise.

To further show the incorrectness of approximated support for rule recovery, the
exact support of an approximated pattern is used as opposed to approximate support
in Table to measure an association rules confidence. From the below table,
it is observed that the approximate support fails to correctly capture a pattern’s
true support for accurate measurement of association rules. Through the use of
absmin, precision is improved in all cases or otherwise equal. Whilst the use of

absmin improves precision, there is no recovery applied to recover lost association
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Table 4.12: Association rule precision (%) by ezact support in BMSWebViewl. Min-
conf = 85%.

€r, €c
Noise (%) | 08 075 2 05 L 025
5 100.0 97.9 934 399 470 46.7
10 045 944 94.7 625 570 556
15 042 941 942 89.9 736 733
20 045 943 943 882 854 827
25 034 934 934 867 94.3 93.6

rules. As such, the approximation model requires improvements to provide a more

reliable recovery that is representative of a patterns true support.

4.4 Summary

Experimental results show the proposed algorithm is applicable in the real world.
On one side, ARI-growth is an order of magnitude slower than RP-growth. However, a
slower result to RP-growth is sensible for the following reasons: 1) RP-growth utilizes
single-path optimization [TKDII], 2) RP-growths 2nd database scan only captures
transactions that contain at least one rare itemset [TKD11], 3) RP-growth does not
scan the initial FP-tree for each item of an itemset, and most importantly (4) ARI-
growth does not incorporate the use of a strict anti-monotone property. In all cases,
the proposed ARI-growth performs significantly faster than the Apriori approach. In
terms of memory, large consumption is observed to be consumed by the algorithm
overall. A cause of high memory consumption is the creation of apx-patterns for all
generated itemsets. New apx-patterns are generated for each recursive step in the

algorithm.
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In the case of quality measures, improvements are needed. Few cases exist where
overall quality is improved when compared with no approximation. Interesting rules
are not captured reliably. When approximate support is used for rule recovery, far
too many rules are lost or uninteresting to determine the true set of discriminating
rules. Approximate support over-approximates to accommodate for potential loss of
data and thus shifts measures for capturing an interesting rare itemset. When exact
support is used in conjunction with pattern recovery, pattern recovery is more effective
than the use of approximate support. Whilst recovery of interesting association rules
is observed, results by the proposed technique do not show great quality improvements
in the case of no applied approximation. As a result, the proposed technique cannot
strictly be relied on from returned results alone with higher allowed error tolerance
(e.g., € = €. = 0.5). Additional efforts are required to ensure an interesting rule is

representative of the true set of data.



Chapter 5

Conclusions

5.1 Concluding Statements

In summary, we seek to enhance the data mining field. This enhancement is
with respect to the discovery of rare itemsets in noisy data. Previous works within
noisy data propose lenience to the precision of the minimum support threshold that
is used in frequent pattern mining. Imprecise thresholds allow for the capturing of
itemsets that are interesting and frequent however, due to noise, may fall under the
support threshold and otherwise be lost. Rare itemset mining has grown in popularity
in recent years [BN19]. Rare itemsets are infrequent and thus when information
is lost, are still infrequent, and are more sensitive to such noise. As a result, the
approximation of rare itemsets with lenience to support is a difficult task. To the
best of my knowledge, no work in recovering interesting rare itemsets in the presence
of noise has been proposed. A definition for an approximate rare itemset is provided

through modifications of frequent pattern mining recovery that apply lenience to
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support.

In order to discover approximate rare itemsets in noisy data, an algorithm must
be introduced. As such, the ARI-growth is a tree-based approach that generates a
single RP-tree, and then captures approximate rare itemsets from the tree. ARI-
growth then uses apx-patterns to evaluate if an itemset is a valid ARI. The proposed
ARI-growth provides multiple improvements to recent work in approximate frequent
itemsets [BL21]. First, ARI-growth does not generate all size-2 candidates from size-1
candidates. Secondly, ARI-growth constructs only a tree. Thirdly, ARI-growth takes
as input mapped items ordered by frequency. With this ordering, when constructing
supersets from apx-patterns, additional recursive steps are prevented by removing all
supersets of items larger than the last newly added item to an itemset. Evaluation
of ARI-growth is placed upon computational expense. The proposed approximation
by support lenience is then tested by the quality of pattern recovery. Results show
the algorithm is applicable to real-world data, performing better than an Apriori
approach from traditional mining. In the case of memory consumption, ARI-growth
is more constrained. Whilst ARI-growth appears applicable in cases where Apriori-
inverse yields a large number of candidate itemsets, memory consumption overall is
high when longer patterns are observed. In the case of pattern quality, results are
unreliable with higher rates of allowed error and require further analysis to ensure
there is an accurate representation of the real data. As such, the definition of an ARI
may be improved in order for approximation to be more practical.

In Section I ask five questions with regard to mining rare itemsets in the

presence of noise by applying lenience to support. In my M.Sc. thesis, I provide an
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answer to each question, as outlined below:

1. How can interesting rare itemsets be discovered? The proposed ARI-growth pro-
vides a tree-based technique to discover interesting rare itemsets. The proposed
algorithm is based on a tree-based frequent pattern mining approach [BL21],
adjusted to discover rare itemsets, whilst providing improvements by ignoring
the generation of size-2 candidates and no longer constructing a tree for each

itemset.

2. Can itemsets that are approzimated be discovered efficiently to be applicable in
the real world? Yes. While computational improvements can be made, the

proposed algorithm is capable of running real-world datasets to completion.

3. How does efficiency compare to that of traditional mining techniques? ARI-
growth outperformed Apriori-inverse in traditional mining. However, ARI-
growth is more inefficient than RP-growth since approximate mining is a com-

putationally more expensive problem.

4. Can approzximation be applied to recover lost, yet interesting, rare itemsets? Yes,
an approximation can be applied to discover rare itemsets. However, during
experimentation, approximation results in insignificant and inconsistent overall
improvement. Thus, current approximation models are applicable as a tool to
aid in potential pattern recovery, as opposed to being relied upon as a true set

of discovered patterns.

5. Can the same approrimation of itemsets be applied to recover lost, yet inter-

esting, association rules? Yes, similar to the recovery of itemsets, association
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rules are recovered. However, the current model is insufficient for recovering
association rules reliably. During experiments, up to 16% of lost rules are ob-
served to be recovered. Usage of the approximate support overestimates true
support, and thus, provides inconsistent results in measuring interesting rules

with metrics such as confidence.

5.2 Limitations and Future Work

Future work of this M.Sc. thesis includes: (1) improving computational con-
straints, (2) improving recovery quality (3) having measures for setting thresholds
(4) having functionality to accommodate for other data mining domains. The pro-
posed ARI-growth has a number of computational constraints. ARI-growth does not
include single-path or 2nd scan optimizations when compared to RP-growth. While
ARI-growth no longer constructs multiple RP-trees, the initial RP-tree, and apx-
patterns restrain memory. Under the circumstance where there is insufficient mem-
ory, the algorithm will not be functional. From analysis, significantly higher memory
consumption to the compared RP-growth, and varied results to Apriori-inverse are
observed. Analysis shows that in terms of execution time, ARI-growth is applicable
in the real world since it is faster when compared to a popular Apriori approach.
However, ARI-growth is an order of magnitude slower than the RP-growth.

The proposed approach was ineffective at reaching meaningful levels of recovery.
Experiments show the approximation of support provides an overestimate of the true
support. Whilst this aids in recovering patterns below the defined minsup threshold,

and thereby is a used measure in approximate frequent mining; this approach is
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insufficient in the case of rare itemsets. Firstly, the quantity of recovered patterns
in comparison to a non-approximated approach is small. Secondly, as a result of
approximated support error, association rules could not be reliably captured. Rare
itemsets by definition have low support, and thus, the recovery of the pattern itself is
not always sufficient. That is, metrics that can discriminate meaningful rare patterns
(e.g., confidence) must also be recovered. Thus, future work is to improve upon an
estimate of the true support in the presence of noise. Additionally, in our proposed
model, 5 thresholds are used: absmin, minsup, maxsup, €., €.. In practice, thresholds
are difficult to set. In the case of €., €., and absmin, knowledge of the amount of
existing noise is useful for a more accurate approximation. However, knowledge of the
amount of existing noise may not be present. Thus, another possible future direction
is to automate the setting of these thresholds.

Furthermore, popular domains of data mining such as high utility, uncertain,
stream, or sequential data mining are not considered. There exists an underlying
assumption that a pattern can be of interest through a strict evaluation of support
from all provided data. In this respect, data that is probabilistic, or has a particular
weight associated with its elements, or the amount of data to analyze is theoretically
infinite, or data that maintains a component of time and events that must maintain

order, are all inapplicable applications of this algorithm.
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Glossary

Absolute Minimum Threshold (absmin) The minimum allowed support before
an itemset is no longer classified as interesting. Used in the recursive step of

the proposed ARI pattern growth algorithm..

Anti-monotone Property A rule of exact pattern mining. The rule states that all

subsets of a frequent itemset are frequent.

Approximate Mining Discovering interesting patterns by estimating the true set

of patterns under the presence of noise.

Approximately Supported Transaction Given an itemset X. A transaction ap-
proximately supports X if at least | X| % d, number of items of X are contained

within the transaction.

Association Rule A relationship formed from logical implications of patterns from

data. Represented in the form A = B, for itemsets A and B.

Caching Storing data for quicker access of later use.

Child A node is a child to another node if they are connected and are at a lower

level of the tree.

88
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Column Error A user-defined threshold. The proportion of approximately support-
ing transactions that are allowed for each item of an itemset to be classified as

interesting.

Conditional Pattern A set of items that follow along the path of a tree from a

given node to the tree root.

Core Pattern A pattern with exact support greater than a defined absmin thresh-

old.

Depth The level of a tree. The topmost node is said to have a depth of 0, whilst the

next lower level (e.g., child of the topmost node) has a depth of 1.

Exact Mining Terminology defined in this work, ’exact’ meaning extracted infor-
mation from data is kept in its whole form. In this regard, traditional frequent

and rare pattern mining is exact, whereas approximate mining is not.

Frequent An itemset whose support is greater than or equal to the minimum support

threshold. A term for mining commonly occurring itemsets.

Header Table An ordered set of items used in pattern-growth algorithms. Each

item in this table links to a tree node.

International Classification of Diseases (ICD) A classification system defined
by the World Health Organization that uses codes to represent an underlying

disease or condition.

Item A singular element of interest in a given domain.
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Itemset An itemset X is a set of items A where, X = {A;, As, ..., A, }, n > 0, with

a logical ordering <, such that A, < A,,;.

Leaf A node with no children. I.e., A ’bottom-most’ node within a tree.

Length The number of items of an itemset. For an itemset X, this can be denoted

as |X|. For example, X = {A, B,C?} is an itemset of length 3; or | X| = 3.

Maximum Support Threshold (mazsup) The maximum required support of an

itemset to be defined as rare. Used in rare pattern mining.
Minimal Rare Itemset A rare itemset with only frequent subsets.

Minimum Confidence Threshold (Minconf) The minimum required confidence

of an association rule to be significant.

Minimum Support Threshold (Minsup) The minimum required support of an

itemset to be defined as frequent. Used in frequent pattern mining.

Node In this referenced work, a node is a domain item that contains five components.
A parent node, a connected node of the same item, a list of child nodes, a
domain item representing the node, and a measure of support for that domain

item within the relative tree position.

Noise Terminology defined in this work referencing information loss. Information
loss may be a result of corrupt, lost, mistranslated, miss inputted data that

would otherwise influence the results of traditional mining.



Glossary 91

Parent A node is a child to another node if they are connected and are at a higher

level of the tree.
Path A set of connected nodes.
Perfectly Sporadic Itemset A rare itemset that contains only rare subsets.

Perfectly Sporadic Rule An association rule of perfectly sporadic itemsets that

surpasses a minimum confidence threshold.

Prefix-Join The joining of itemsets by their prefix. For example {A, B, C} and {C,
D, E} yields no itemsets, whereas {C, D, E} and {C, D, G} yields {C, D, E,

G} as both itemsets share the prefix {C, D}.

Rare Itemset An itemset whose support is less than the maximum support thresh-

old.

Rare Itemset Problem Difficulty to discover rare itemsets due to their low fre-
quency. Frequent pattern mining must set a low support threshold to discover
rare itemsets, causing large amounts of excess computation and uninteresting

patterns to be discovered.

Row Error A user-defined threshold. The proportion of allowed missing items for a
transaction to be considered as an approximately supporting transaction of an

itemset.

Subset An itemset that is fully contained by a different itemset. For example, con-
sider the itemsets X & Y. X is a subset of Y if all items of X are also within Y.

This is formally denoted as X C Y.
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Superset An itemset that fully contains a different itemset. For example, consider
the itemsets X & Y. Y is a superset of X if all items of X are also within Y.

This is formally denoted as Y D X.

Support The number of transactions in a TDB that an itemset occurs. This is also
referred to as frequency or largeness. We denote the support of an itemset X

as Sup(X).

Traditional Mining Referring to the more well-known form of frequent and rare
pattern mining. That is, frequent pattern mining uses a minsup and discovers
frequent patterns. Rare pattern mining uses maxsup, absmin, and discovers

rare patterns.
Transaction A set of items.
Transactional Database (TDB) A transactional database is a list of transactions.

Tree A hierarchical representation of nodes.
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