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Abstract. Association rules are one of the most popular unsupervised data
mining methods. Once obtained, the list of association rules extractable from a
given dataset is compared in order to evaluate their importance level. The
measures commonly used to assess the strength of an association rule are the
indexes of support, confidence, and lift. Relative Linkage Disequilibrium
(RLD) was proposed in as an approach to analyse both quantitatively and
graphically association rules RLD can be considered an adaptation of the lift
measure with the advantage that it presents more effectively the deviation of the
support of the whole rule from the support expected under independence.
Moreover RLD can be interpreted graphically using a simplex representation
leading to powerful graphical display of association relationships. In this paper
we demonstrate the strength of RLD by applying it to two large data sets. One
data set consists of 2008 aircraft accident and incident occurrences recorded in
the FAA data base. The other data set consists of operational risks captured by a
large financial institution operating under Basel II regulations.

Keywords: association rules, simplex representation, text mining, Relative
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1. Introduction

Relative Linkage Disequilibrium (RLD), as an association measure for assessing
association rules was first presented at the ICDM conference in 2008 (see [1]). In this
paper, we first review RLD in Section 2 and the related simplex graphical
representation and then proceed to present two applications to large textual data sets.
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The first example consists of description of aircraft accidents, described in Section 3.
The second example in Section 4 is from a large financial organization tracking
operational risks. We conclude with direction for further research in Section 4.

2. Relative Linkage Disequilibrium and Simplex Representations

Relative Linkage Disequilibrium (RLD) is an association measure motivated by
indices used in population genetics to assess stability of the genetic composition of
populations and exploratory analysis methods applied to contingency tables (see [1]
and [2]). To define RLD consider a set transactions with items A and B on the Left
Hand Side (LHS) and Right Hand Side (RHS) of an association rule. These two
events generate four combinations whose frequencies are described in Table 1 below:

Table 1: The association rules contingency table

B B
A X4 X5
A X3 X4

4
Dx=10<x,i=1.4

i=1

, = the relative frequency of occurrence of both A and B

the relative frequency of transaction (item sets) where only A occurs

[

X
X
X; = the relative frequency of transaction (item sets) where only B occurs
X

4 = the relative frequency of transaction (item sets) where neither A or B occur

There is a natural one to one correspondence between the set of all possible 2x2
contingency tables, such as Table 1, and points on a simplex (see Figure 1). We
exploit this graphical representation to map out association rules. The tables that
correspond to independence in the occurrence of A and B, correspond to a specific
surface within the simplex presented in Figure 1. By "independence" we mean that
knowledge of frequencies of A and B is sufficient to reconstruct the entire table, the
items A and B do not interact.

Let D=xX,—X,X, f=X+X,and g=X +X,.

f =relative frequency of item B
g = relative frequency of item A
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Figurel: The surface of independence (D=0)

It can be easily verified that:

X, =fg+D
X,=1-f)g-D
Xy = f(l_g)_D

X,=(1-f)1-9)+D

The geometric interpretation of D makes it an appealing measure of interaction.
The surface on Figure 1 represents all association rules with D = 0 . However points
closer to the edges of the simplex will have intrinsically smaller values of D. The
Relative Linkage Disequilibrium standardizes D by the distance Dy from point
corresponding to the contingency table in the simplex to the surface D=0 in the
direction (1, -1, -1, 1). RLD is therefore computed as D/ Dy,.

The computation of RLD can be performed through the following algorithm:

If D>0
then
if x, <X,
D
then RLD =
D+x,
else RLD = D

D+x,
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else

if x <X,

then RLD = D
D-X

else RLD = D
D-x,

Some asymptotic properties of RLD are available [2] and can be used for statistical
inference.

The arules extension package for R (see [3]) provides the infrastructure needed to
create and manipulate input data sets for the mining algorithms and for analyzing the
resulting itemsets and rules. Since it is common to work with large sets of rules the
package uses sparse matrix representations to minimize memory usage. The 2008
version 06-6 now incorporated RLD which has thus become officially incorporated
into the R infrastructure (see [4]).

The function interestMeasure() in arules is used to calculate a variety of measures
such as support, confidence and lift including missing information derived from the
transactions used to mine the associations.

The support for a rule A => B is obtained by dividing the number of transactions
which satisfy the rule, N{A=>B}, by the total number of transactions, N

support {A=>B} = N{A=>B} /N = X

The support is therefore the frequency of events for which both the LHS and RHS
of the rule hold true. The higher the support the stronger the information that both
type of events occur together.

The confidence of the rule A => B is obtained by dividing the number of
transactions which satisfy the rule N{A=>B} by the number of transactions which
contain the body of the rule, A.

confidence {A=>B} =N{A=>B} /N{A} = X, /(X; +X,) =X, /¢

The confidence is the conditional probability of the RHS holding true given that
the LHS holds true. A high confidence that the LHS event leads to the RHS event
implies causation or statistical dependence.

The lift of the rule A => B is the deviation of the support of the whole rule from the
support expected under independence given the supports of the LHS (A) and the RHS

(B).
lift {A=>B} = confidence {A=>B} / support{B}
= support{A=>B}/support{A}support{B}

= X (% X)) = (X + X)) = X, /(g * )
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Lift is an indication of the effect that knowledge that LHS holds true has on the
probability of the RHS holding true. When lift is exactly 1 we see no effect (LHS and
RHS independent), no relationship between events. For lift greater than 1 we have
positive effect (given that the LHS holds true, it is more likely that the RHS holds
true), i.e. positive dependence between events. If lift is smaller than 1 we have
negative effect (when the LHS holds true, it is less likely that the RHS holds true), i.e.
negative dependence between events.

The traditional measures available in arules for itemsets are:

All-confidence [5]

Cross-support ratio [6]

Chi square measure[7]

Conviction [8]

Hyper-lift and hyper-confidence [9]

Leverage [10]

Improvement [11]

Miscellaneous measures from [12] (e.g., cosine, Gini index, @- coefficient, odds
ratio)

RLD, the Relative Linkage Disequilibrium we developed ([1], [2]) has been recently
introduced to the arules package, see [4]

In this paper we implement the Relative Linkage Disequilibrium measure (RLD)
available in the function InterestMeasure() and we use the function quadplot() and
triplot() of the library klaR [13] to produce the simplex 3D and 2D representation.

As an example consider the classical R "groceries" market basket analysis data set.
The groceries data set ([4]) contain 30 days of point-of-sale transaction data from a
typical local grocery outlet. The data set contains 9835 transactions and the items are
aggregated to 169 categories. In Table 2, the first 20 rules sorted by lift are displayed.
For each rule the RLD, the odds Ratio and the Chi Square are reported.

We apply to the data the apriori algorithm setting minimum support 0.1 and
minimum confidence 0.8 ([14]). We obtain 200 rules. The aim of this example is to
show the intuitive interpretation of RLD through his useful graphical representation.
Figure 2 shows the simplex representation of the contingency tables corresponding to
the 200 rules and the top 10 rules sorted by RLD. We pick up from this analysis the
important association between 'citrus fruit" and "tropical fruit" and "other
vegetables", something not obvious when considering support and lift. We can also
represent the relative position of these rule graphically. The corners represent four
tables with relative frequency 1 = (0,1,0,0), 2 = (1,0,0,0), 3 = (0,0,1,0) and 4 =
(0,0,0,1).
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Table 2: First 20 rules for the groceries data, sorted by Lift.

llas= rhis suppleont [lift  [RRLD{oddschi
[whole milk, yoguet] Teurd} D.010[0.1303.372(0.141 |1.566] 154,670
{eitrus fruit, other vegetablos] {root vegetables] OLOL 0 0.350] 3. 2050281 i
[other vepotaklos, vopart | whipped fsowr croam }OGOTO0. 23403, 3670155 [4.450( 177,154
other vegetables| poot vegotnbles | (L0038 3, 150,262 [4.670| 20660032
[rmﬁ \'slgrluh](ml |-c\-n|"'F DO T [0, D60 . e 0, 250 [-0.631 |27 7. 541
[beaf] poeot vegotnhles | OLORT 03303, 0 00, 250 [4,631 {277,541
|citrus fruit, poot vegetalbes | {other vegetables } (LOR |, 556G 30300487 [6. 153175058
{tropical fruit., oot vegetables]  [{other vegetalies) .02 {0,535 3,021 {0485 [6. 195207203
[other vegetables, whole milk } | oot vegetables ) 0023 [0.310] 254 20,225 [4.300 [ 330,231
[other vegetables, whole milk } | buitter | (LOF2|0 1542771143 [3.630| 146.317
[whole milk, curd} vogurt | (LOT0 033502, 761 {0286 | 4.0688| 132,726
[whipped fsour cream § curid (L0110, 14612, T42{0.135 [3.530[120.7 18
feurd} whipped /sour cream | [(L011 0,197 2, 742{0. 135 |3.530
[other vogetables, whole milk] whipped fsour croam | [0015 0. 1986} 2, 72000, 140 [ 3,702
[other vegotables, vogurt } {root vegetables) 0.013[0.297]2.729(0.212 [3.791
{whobe milk, yogurt } {whipped /sour cream )| 0011 015042 TOD0. 132 | 5.500| 131650
[other vegetables, voourt | {trepical fruit} 0012 [0.283] 2. T01{0.199 [3.658(151.333
[root vegetalles, other vepetables || {citrus fruit | (OO0 219 26450, 145 [3.407 (119,391
fother vegetables, rolls/buns} { oot vepetnbles ) 0,012 [0, 226 2 G2[0, 1940 [3.568 ] 141 814
[tropical froit, whole milk ) { ot vepotablos ) L0120, 234 2602{0. 196 [3.514 | 136,436
Total Rules First 10 Rules sorted by RLD

Figure 2: Simplex representation of groceries association rules

3. RLD Application to Aircraft Accident Data

An aircraft accident is an occurrence associated with the operation of an aircraft in
which people suffer death or injury, and/or in which aircraft receives substantial
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damage; an incident is an occurrence which is not an accident but is a safety hazard
and with addition of one or more factors could have resulted in injury or fatality,
and/or substantial damage to the aircraft [15]. Previous research on aircraft accidents
has focused on studying accident data to determine factors leading to accidents ([16],
[17], and [18]). The low rate of accidents however, makes it difficult to discover
repeating patterns of these factors. Other research has analyzed larger sets of data
available on incidents to determine the causal factors of incidents ([19]]). Nazerri et al
present an application of association rules for analyzing such data ([20]).

All accidents in the United States involving civil aircraft are investigated by the
National Transportation Safety Board (NTSB), an independent organization, and are
reported in the NTSB database. Accident data, therefore, can be assumed complete
and free of bias. Incident data however, are under-reported and subject to self-
reporting bias. To address these constraints, one can analyze the underlying factors of
accidents and incidents qualitatively. The historical data on incidents is large enough
to represent these factors qualitatively. Also, we can consider all factors that have
been present in an event, regardless of their primary or contributory role in leading to
the event. This minimizes the impact of the bias in reporting the factors.

We apply here RLD to the qualitative textual reports. We consider the event in
2008 (unknown event type, occurrence, accident, incident). We consider 40 variables
that can be clustered in 5 factors: weather, location and period, flight characteristics,
aircraft characteristics, injury. In the data preparation phase we discretize the
numerical variable and we obtain a new data set with 1291 transactions and 984 items
(the levels of the 40 variables). The apriori algorithm produce 234,869 rules. We
focus on the rules with RHS event type "accident" and we calculate for each rule
RLD. Figure 3 show the first 200 rules with high level of RLD.

0

Figure 3: Simplex representation of the first 200 rules sorted by RLD for aircraft
accident data set
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The more frequent variables associated with event type accident are connected to
weather conditions (wind speed, wind direction, sky conditions, visibility) and injury
type and number. In some rules, variables related to location and period appear
occasionally. Apparently the traffic conditions and the communications aspects
related to Air Traffic Control (ATC) are associated with such accident events. This
confirms the results of Nazeri et al ([20]). Moreover, it seems that the type of flight
and the type of aircraft are not relevant in the accident event. In the Nazeri analysis
the Aircraft characteristics was associated with incidents and not with accidents.

4. RLD Application to Operational Risk Data

Operational risk in the banking industry is defined as the risk of loss resulting from
inadequate or failed internal processes, people and systems or from external events
([21]). These include:
O Internal fraud
External fraud
Employment practices & workplace safety
Clients, products & business practices
Damage to physical assets
Business disruption & system failures
Execution, delivery & process management
0 Includes legal risk.
Operational risks do however exclude reputational and business/strategic risk.

The rising interest of the banking industry in operational risks is due, among other
reasons, to the globalization of the financial markets, the growth of IT applications,
and the increasing diffusion of sophisticated financial products. The Basel II capital
accord requires banks to put aside a minimum capital requirement which matches its
exposure to credit risk, market risk and operational risk. Specifically, a 12% of
minimum capital requirement needs to be allocated to operational risks ([21]).

The Basel II agreement splits operational risk exposures and losses into a series of
standardized business units, called ‘business lines’, and into groups of operational risk
losses according to the nature of the underlying operational risk event, called ‘event
types’. In [22], a comprehensive Loss Data Collection Exercise (LDCE) initiated by
the Basel II Committee, through the work of its Operational Risk Subgroup of the
Accord Implementation Group (AIGOR), is described. The exercise follows other
similar exercises sponsored by the Basel Committee and individual member countries
over the last five years. The 2008 LDCE is a significant step in the Basel Committee's
efforts to address Basel II implementation and post-implementation issues more
consistently across member jurisdictions. While similar to two previous international
LDCEs, which focused on internal loss data, this LDCE is the first international effort
to collect information on all four operational risk data elements - internal data,
external data, scenario analysis, and business environment and internal control factors
(BEICFs) - used in an Advanced Measurement Approach (AMA) for calculating
operational risk capital charges under Basel II. As an independent contribution to the
LDCE we present here the application of RLD to internal operational risk data

OoDoood
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collected by a large banking institution. Our goal is to demonstrate, with a concrete
example, how RLD can be used to assess risks reported in such organizations using
textual reports.

We consider a data set of operational risk events with 20 variables, some
categorical, some continuous and some textual with a description of the loss event.
Examples of such descriptions are:

"Booked on fixed income trade that was in the wrong partfund
code. Have cancelled trade resultant in error of 15000"

"Cash contribution not invested due to incorrect fax number used by
client. Not our error but noted due to performance impact on the
fund.”

"The client sent a disinvestment instruction that was incorrectly
processed as an investment. Due to a positive movement in the equity
markets the correction of the error led to a gain.

In the data preparation phase we discretized the continuous variables (expected and
actual values of loss) and, using the library tm of R [23], we selected the textual
description variables, in particular, activity, process and risk type. Than, the data was
processed for an association rules analysis. Following these steps we obtain a new
data set with 2515 transactions and 235 items (the levels of the variables). The apriori
algorithm produces 345,575 rules'. With such a large number of rules traditional
measures of association typically cannot identify "interesting" associations. Too many
rules with too little a difference between them. Moreover, with traditional measures of
association, it is often difficult to explore and cluster rules in an association rules
analysis. RLD and its complementary simplex representation help us tackle this
problem. For each rule, we calculate RLD and sort the rules accordingly. Figure 4
shows the first 200 rules with the highest level of RLD.

Figure 4: Simplex representation of the first 200 rules sorted by RLD for operational
risk data set

' We modify the default level of support in the arules algorithm of R, we set a very low level of
support 0,01. This is useful in operational risk application, because we expect that the loss
event are not so frequent.
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First 200 Rules sorted by RLD First 200 Rules sorted by Support

First 200 Rules sorted by Confidence First 200 Rules sorted by Lift

Figure 5: Comparison of the first 200 rules sorted by RLD, support, confidence and
lift for the operational risk data set

We can contrast the top 200 rules derived from sorting association rules by
support, confidence and lift with RLD (see Figure 5). RLD clearly provides the
highest resolution and interesting spread.

We proceed with an automatic clustering of the rules. This is applied here to the
first 200 rules sorted by RLD, but can be done for all rules.

The hierarchical cluster analysis is applied to the elements in the association rules
contingency table shown in Table 1, that shows the numbers that we use in the
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calculation of RLD. Figure 6 shows the cluster dendrogram with a highlight of 12
clusters of association rules.

50
L

40

30
L

Height
20

Figure 6: Cluster dendrogram for the 200 rules for operational risk data set

Now we produce a simplex representation for each one of the clusters. Figure 7
shows these plots. Rules in the same cluster have similar type of association. All the
rules in these plots have a very high level of RLD, near 1, but different values for the
other association measure. For example the rules in the left bottom corner of the
clusters 5, 10 and 12 are characterized by very low support and very high lift. On the
contrary rules in clusters 2 and 3 have high support, high confidence and low lift. In
the cluster 11 there are the rules with confidence equal to 1, lift nearer 1 and very low
support, etc...

This example demonstrates the unique property of RLD, using a real data set. We
conclude with a summary and some direction for future work.

5 Summary and Future Work

Relative Linkage Disequilibrium is a useful measure in the context of association
rules, especially for its intuitive quantitative and visual interpretation. An inherent
advantage to informative graphical displays is that the experience and intuition of the
experimenter who collects the data can contribute to the statistician's data analysis.

The context for applications of RLD ranges from web sites, customer satisfaction
surveys, operational risks, call centers and many other sources of textual data. The
paper showed how RLD is used to select and cluster association rules. An important
future research area is the exploration of statistical properties of RLD in the context of
association rules in large data sets expanding the results presented in [2]. Moreover,
RLD can contribute to identify rare events in large text files, events called "black
swans" by N. Taleb (see [24]). Combining RLD with simplex representations can help
display item sets with low support exhibiting significant association patterns. Such
association rules correspond to points distant from the simplex corner labeled "2"
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facing us, in the simplex representations of the figures above. This paper provides an

introduction to Relative Linkage Disequilibrium with applications. Hopefully it will
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Figure 7: Cluster simplex plot for the 200 rules for operational risk data set

stimulate more research on association rules and their close relationship with
contingency tables.
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