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CHAPTER 4

Advanced Business Analysis

4.1. Introduction

The main aim of the approaches previously discussed was to provide
decision makers with suitable information. It is possible to identify this
information if you precisely define the monitored key performance indi-
cator (KPI) or if an analyst formulates adequate queries during the analy-
sis. They usually ask and then-answer the questions “What happened?”
(reporting), “Why did it happen?” (analyzing), and “What is happening
now?” (monitoring). But the most intriguing are the questions about the
future: “What will happen?” (extrapolation and prediction). Addition-
ally, we can often discover unexpected connections (regularities) in the
given businessiarea. This can'be achieved thanks to data-mining meth-
ods, which stem from techniques derived from statistics and algorithms
of machine learning.' Data mining is defined as “the nontrivial extraction
of implicit, previously unknown, and potentially useful information (pat-
terns) from data.”?

Data mining is often called knowledge discovery in databases. The
mostvital element of this knowledge discovery is the identification of
patterns, which are then defined against the background of the structure.
The structure is a global summary of the database. The pattern in this
context describes the structure, which refers to a relatively small part of
the data, that is, reduced (local) space.’?

Usually, the result of data-mining algorithms is understood as
knowledge (see Figure 4.1) of which we were not previously aware.
Knowledge, according to its definition in an encyclopedia, is all
credible information about reality and the ability to use it. Sticking
precisely to this definition, and particularly to its second part, the
result of data mining cannot be treated as knowledge. However, as

the term is popularly understood, such an interpretation seems to be
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Data Mining
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Figure 4.1. Data mining: from data to knowledge.

Source: Reinschmidt, Gottschalk, Kim, and Zwieitering (1999).

acceptable because classic data analysis consists of answering a given
question through data analysis. Advanced analysis enables you to go
even further, which allows you to discover things that were not for-
merly known because there was no reason to ask about them. There-
fores'you find out something new about a given area of reality and this
can be regarded as discovering knowledge.

The most common applications of data mining in business are clas-

sification, prediction, cluster analysis, and mining association rules:*

1. Classification is assighing an object to a predefined category. Usually
decision trees, neural nets, or 4 nearest neighbors, for instance, are used.
2. Prediction (or estimation) is similar to classification, but it assumes
that the category to which you assign the object has a continuous set
of values. Such prediction is usually used for forecasting, for which
you often use regression decision trees, artificial neural nets, and

standard statistical methods.
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ADVANCED BUSINESS ANALYSIS 69

3. Cluster analysis (or clustering) consists of finding in the secof objects
subsets (groups) of objects that have similar features (ite., are highly
homogenous). It is often called “taxonomy,” “cluster analysis,” or
popularly in marketing “segmentation post hoc.”

4. Mining association rules involve searching sets .(usually pairs) of
objects that appear together in a given context. These objects are
linked to each other (by association), which means that the presence
of one object implies with a certain probability the presence of the

object that is linked to it.

Later on, classification, cluster analysis; and association principle discov-
ery will be discussed separately from prediction and estimation, which is

commonly known from statistics.?

4.2. Classification

In business, decision'trees are commonly used for classification.® Their
big advantage from'a user’s point of view is that they provide an explicit
and clear representation of knowledge. The central idea of decision trees,
as understood by John Ross Quinlan,” and the algorithm used by deci-
sion trees will be discussed by looking at an example of a basic system
that supports creditdecisions (loan applications) in a retail bank.®

The decision to grant credit is an example of classification that con-
sists.of putting a credit application described by a set of descriptive attri-
butes into one of two categories: to grant the credit (YES) or to deny it
(NO). To conduct classification, you have to define a classifier, which
would enable you to categorize objects (i.e., credit applications) into one
of at least two previously defined categories (classes; see Figure 4.2). A
borrower is described by four descriptive attributes and one decision
attribute that describes the decision made in the credit process (see Table
4.1). A demonstration classifier has the form of the decision tree (see Fig-
ure 4.3). As seen in Figure 4.3, in the internal nodes of the decision tree,
there are selected attributes; branches represent values of a given attribute,
while leaf nodes (terminal nodes) stand for the classification decision.
Therefore, this tree represents the following knowledge about classifica-

tion of credit applications expressed in the formula “if . . . then .. .”:
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70 BUSINESS INTELLIGENCE

Table 4.1. The Description of Attributes for Classification of the

Credit Application
Kind of attribute | Attribute Set of values
Descriptive Risk group {low, medium, high}
Descriptive Education {primary, secondary, high}
Descriptive Income forecast {optimistic, pessimistic}
Descriptive Guarantee {full, partial, no}
Decision To grant a credit {YES, NO}

Source: author.

Object Decision
Classifier

(credit application) (to grant credit = {YES, NO})

Figure 4.2. Classification of new objects:

Source: author.

Risk group
Medium Low High
h 4
Income forecast YES Guarantee
Pessimistic Optimistic N Partial

Figure 4.3. Classifier: Decision tree for the classification of a credit
application.

Souree: author.

e /f'Risk Group = medium and Income Forecast = pessimistic,
then Grant a Credit = NO

* Jf Risk Group = medium and Income Forecast = optimistic,
then Grant a Credit = YES

* If Risk Group = low, #hen Grant a Credit = YES

¢ If'Risk Group = high and Guarantee = no, #hen Grant a Credit

=NO
* If'Risk Group = high and Guarantee = partial, zhen Grant a
Credit = YES
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Usually, this set of rules is supplemented by a default rule, which
applies if none of the classifier rules is met by a categorized object.
Let us now consider how you construct a classifier. The fundamental
idea consists of learning (generating a decision tree) on the basis
of learning examples (learning set; see Figure 4.4). Learning exam-
ples are examples of correctly categorized (classified) objects. For
our example in Table 4.2, 14 examples from the history of credits
granted by a bank are shown. Each example has a concrete value
for four attributes that describe a credit application and a clear-cut
classification decision (see the definition of attributes in Table 4.1).
For every example, “YES” means that the credit was properly repaid,
and “NO?7 signifies that there were some setbacks (including, among
others, lack of repayment) and-the borrower should not have been
given credit approval.

In the described example, the leatning system from Figure 4.4 will
be represented by algorithm ID3.” It'is one of the most common algo-
rithms for building decision trees based on top-down induction. It works

as follows:

1. Name A the best attribute (according to the information gain test)
for the next node (during the first iteration, it is a root) of the tree.

2. For'each value of A attribute, create a branch with the next node of
the tree.

3. Divide each set of teaching examples into subsets for each value of
the Attribute A.

4. Ifall. examples have the same decision, create a leaf node and stop. If

not, then start again (from step 1) for each of the newly created nodes.

The key step of algorithm ID3 is the first step, which consists of spec-
ifying an attribute that will appear in the node of the tree. Intuitively,

( Learning examples ]—9 Learning system

Figure 4.4. Learning the classifier from learning examples.

Classifier

Y

Source: author.
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72 BUSINESS INTELLIGENCE

Table 4.2. Learning Examples to Build a Classifier for Credit Applications

Example | Risk Education | Income | Guarantee | To grant
group forecast credit
P1 medium high pessimistic partial NO
P2 medium high pessimistic no NO
P3 low high pessimistic partial YES
P4 high secondary pessimistic partial YES
P5 high primary optimistic partial YES
P6 high primary optimistic no NO
P7 low primary optimistic no YES
P8 medium secondary pessimistic partial NO
P9 medium primary optimistic partial YES
P10 high secondary optimistic partial YES
P11 medium secondary optimistic no YES
P12 low secondary pessimistic partial YES
P13 low high optimistic partial YES
P14 high secondary pessimistic no NO

Source: author.

you should choose an attribute whose values will divide a set of examples
into maximum homogenous subsets in the context of being assigned to
decision classes.

Figure 4.5 shows how the third step of algorithm ID3 would divide
all learning examples into subsets for each of descriptive attribute. As you
can see, the ateribute “Risk Group” seems to divide the best elements of
the set of examples into homogenous sets, and for the value “low,” the set
is almost entirely homogenous and has the value “YES” for the decision
attribute. In‘algorithm ID3, information gain serves as an attribute selec-

tion. method:
Gain (S,A) = Entropy (S) — Entropy (S|A),

where Gain (S,A) is the expected reduction in entropy caused by knowing
the value of attribute A, Entropy (S) is the entropy connected with the
classification of the set of examples S, and Entropy (S|A) is the entropy of
the division of the set of examples S according to the attribute A.

The lower the value of Entropy (S|A), the greater the organization
(purity)—that is, the homogeneity of the classification for examples
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Risk group Education
Medium High Primary
/ Secondary
YES YES YES YES YES YES
YES YES YES YES YES YES
NO YES YES NO YES YES
NO YES NO NO YES NO
NO NO NO
NO

Guarantee Income forecast
Parl/ \ Pessimistic Optimistic

YES YES YES YES
YES YES YES YES
YES NO YES YES
YES NO NO YES
YES NO NO YES
YES NO YES
YES NO NO
NO

NO

Figure 4.5. Division of set of examples according to selected attribute.

divided into subsets. For our example, suitable information gain has the
”'10

highest value for the attribute “Risk Group™

Gain
Gain
Gain

Gain

S, Risk group) = 0.246 bit
S, Education) = 0.029 bit
S, Income forecast) = 0.151 bit
S, Guarantee) = 0.048 bit

e o
~ o~ o~
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Therefore, this attribute should appear first in the root of the tree (see
Figure 4.3). You should also notice that the algorithm did not use all
information included in the set of learning examples. The attribute “Edu-
cation” turned out to be of no use while generating the tree, and as a
result, it has no influence on the decision made about granting credit.
This classifier in the form of the decision tree for making credit
authorizations is obviously purely illustrative. In reality, the whole pro-
cess of constructing a credible classifier—including, for instance, choice
of attributes, preparation of a set of learning examples, parameterization
of the chosen algorithm, and finally its testing—is a challenging task that

demands considerable work and experience."

4.2.1. Limitations

To construct a classifier on the basis of a set of examples, you need to
solve many problems that are common for the majority of data-mining
algorithms. However, if you are aware of these limitations, you should
have reasonable expectations regarding their possible applications and
the quality of the knowledge generated by them. This awareness also
gives methodological guidelines concerning learning and testing tech-
niques. The main problems are connected with induction, history,

updating, and overfitting.

4.2.1.1. Induction Problem

Learning from examples is inductive reasoning. You make credible gener-
alizations on the basis of a limited set of observations. This is the funda-
mental limitation of inductive conclusions: You are unable to prove that a
given inductive conclusion is true. However, you can falsify it unambigu-
ously.'2 Inductive reasoning maintains falsity, which means that if facts
that are subject to generalizations are not true, inductive conclusions are
also not true, but true facts do not necessarily bring you to true conclu-
sions. Therefore, by definition you should treat every inductive conclu-

sion as uncertain.
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4.2.1.2. History and Updating

The process of generating a classifier involves learning on the basis of
historical observations. It seems to be obvious that the fragment of real-
ity described by this classifier is subject to changes in time. This is a key
issue, particularly in business applications, in which the classifier may
have become outdated even a relatively short time after. the learning pro-
cess (e.g., as a result of rapid changes in the market). This is.then another
fundamental factor that influences the uncertainty of classification. In
fact, the classifier needs to be updated on the basis of new observations,
whereas the more obsolete examples should be forgotten. There are
some techniques to construct an incremental decision tree that take into
account new learning examples without the necessity of building a whole

new tree from zero.

4.2.1.3. Overfitting

A standard verification of classifiers is. based on the examples from the
testing set. The classic. phenomenon that results from too deep learning
based on learning set it is'called overfitting. A tree into which too many
classifications fit and ‘that reflects the learning examples perfectly is usu-
ally highly complex and has very little ability to generalize. An illustration
of this is the graph in Figure 4.6. The X-axis represents the complexity
of the tree reflected in the number of nodes, while the Y-axis represents
the accuracy of the classification calculated by the quotient of accurately
fitted examples (numerator) and the number of all examples (denomina-
tor). The continuous graph represents classification accuracy on trees that
have /learned and been tested on the same series of examples (learning
set). As you can see, it is an increasing function that almost reaches 1. It is
more important to analyze the graph that is marked with a dotted line; the
tree is based here on the set of learning examples (learning set) and tested
on a separate set of test examples (test set). When the tree is a certain size
(approximately 20 nodes), more complex trees are more closely adjusted to
the learning set (see the continuous graph) and generalization is more and
more difficult (see the dotted line). According to Tom Mitchel," overfit-
ting is a problem not only of decision trees but also of other algorithms

in machine learning. Here this problem is resolved by reducing the size
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Figure 4.6. Overfitting during learning of decision trees.

Source: Based on Mitchell (1997).

of the tree by pruning: You remove some less-important fragments (sub-
trees) from the complete decision tree.
Case Study 4.1 shows the interpretation of outcomes generated by

using the decision tree approach.

Case Study 4.1

One of the main strategic initiatives achieved by the implementation
of the strategy was a rapid growth in the market share of the company.
This was realized by improving the selection procedures for locations
of new stores and rapidly opening new stores in the chain.

As this initiative was being carried out, it was observed that the
new locations of stores in most cases were selected intuitively without
recourse to information about the functioning of other chain stores
in similar locations and without access to demographic and business
data. The effects of business intelligence (BI) implementation to date,
technological tools (the data warchouse), and the desire to take advan-

tage of information technology (IT) assets convinced the board of
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ADVANCED BUSINESS ANALYSIS 7

directors to continue using advanced analytical methods to support
the decision-making process in the choice of new locations.
Previously, the decision about opening a new store and its location
was made by the member of the board responsible for chain develop-
ment on the basis of a specialist's recommendation. This recommen-

dation was based on

1. confirmation of the required legal and formal status for a new
store,

2. a location report including factual and photo documentation and
the situational plan describing the business environment of the store,

3. the specialist’s intuitive evaluation based on his long-standing

experience.

The board of directors decided to experimentally apply data-min-
ing methods to find out whether they could use them to support the
traditional procedures for selection of new locations. This was a clas-

sification task that included the following considerations:

* Descriptive attributes included information about the
location of the store, such as total floor space, number of
citizens within a 1000-meter radius, number of passersby,
competitors within a 500-meter radius, number of parking
places, description of the business environment, description
of location, and so on. Geomarketing data purchased from
an external company were also taken into account, includ-
ing information about saturation of the target group around
the store and suitable demographic and socioeconomic data.

e The decision about the desired profitability of the store was
made and divided into three types:

O League 1. Profitability considerably above the desired level
of profitability

O League 2. Profitability within certain limits (target values)

O League 3. Profitability close to the desired level of profit-
ability or below it
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After looking at the aforementioned data, stores were classified

based on the following type of rules:

If certain location, zhen store of certain type =

{1 league, 2 league, 3 league}.

Thanks to such a set of rules, the board of directors was able to pre-
dict how the store would potentially operate in a given location. The
board of directors decided to construct a classifier in the form of a
decision tree. To create a learning and test set, information about the
locations and profitability of stores in cities with a population above
50,000 and with a similar demographic and economic profile was
used. Consequently, a 300-element set of examples was constructed,
which for better differentiation consisted of a comparable number of
stores from only leagues 1 and 3. Of this set, 200 elements (learning
sets) were used to generate the classification rules. The generated tree
was tested on the remaining 100 elements of the set and included 50
examples from league 1 and exactly the same number from league 3

(test set). The results are:

Test examples (set) Classified as league 1 Classified as league 3
Fifty examples from league 1 40 10
Fifty examples from league 3 20 30

The classification accuracy'® was to 0.7. This result proved to be
satisfactory. However, the problem of incorrect classifications was
brought to light. The classifier classified 20 examples from league 3
as league 1, and 10 league 1 stores were classified as league 3. Such a
situation carries with it substantial business costs both if the company
opts for YES for an unsuitable location or if the company opts for NO
for a suitable location, which would result in lost sales. In the context
of this analysis of the initial results, the board of directors decided to
continue working to improve the quality of the classifier before it is

applied to support real decisions about locations.
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4.3. Cluster Analysis

Cluster analysis consists of finding in a set of objects subsets (groups)
that have common attributes (features). The cluster analysis algo-
rithm aims to divide a set of objects into subsets in which inter-
class similarity is maximized and intraclass similarity is minimized.
Whereas in a classification task you have to classify objects, in clus-
tering your task is to find classes into which-objects can be divided.
That is why learning classification principles are called supervised
learning and the identification of groups of ebjects is called unsuper-
vised learning.

The key issue in cluster analysis\is finding similarity between
objects. If objects are described by ‘quantitative attributes (sales
amount, financial liquidity, etc.), you usually employ similarity mea-
sures based on the notion of distance and the Euclidean measure for
calculations. It is more difficult to calculate similarity if the attributes
are qualitative (e.g., attributes in"Table 4.1). In such situations, you
use techniques to [transform qualitative attributes into quantitative
ones so thatyou can finally use measures based on the notion of the
distance between objects in space whose dimensions are described by
attributes.”

One of the most popular approaches to cluster analysis is the A-means

algorithm.'® Te works as follows:

1. Choose £ observations by random (number £ is given a priori) as
one=element classes, which will serve as the cluster center (center of
gravity).

2. Assign each observation to the nearest class (the most similar cluster
center).

3. Calculate the new cluster center for every £ class.

4. If the cluster center has not changed significantly, you should stop
here. If not, go back to step 2.

In Figure 4.7, the k-means algorithm is shown in the space of two
attributes, where £ = 2. The circled points represent the cluster cen-
ter. In practice, the algorithm finishes when, for all groups, objects

assigned to them remain in them without changing their membership.
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Figure 4.7. Example of k-means algorithm.

Source: Yang (2008).

Clustering is commonly used in marketing research. In the clas-
sic approach, market segments are given a priori in an arbitrary man-
ner. Consequently, their furthér analysis depends on the accuracy of this
choice. In the case of the cluster analysis algorithm, the segments are
automatically discovered by the algorithm and reflect real connections
between customer groups, which are often based on latent (implicit)
actributes—this|is called post hoc segmentation.'’ A review of selected busi-
ness applications of cluster analysis methods is shown later, in Tables 4.5

and 4.7.

4.4. Association Rules

Mining association rules consist of searching groups of objects that appear
together in certain contexts. This task is performed by means of associa-
tion rules analysis.” Market basket analysis, in which you want to find
out.which products are most frequently sold together in one basket, is as
a classic example.” Let us consider a simple example of association rules
analysis by looking at the following example of four market baskets. Each
line in Table 4.3 represents a market basket registered on the receipts in
a cash register.”” You can use these receipts to analyze the frequency of
certain pairs of products. In Table 4.4, the frequency of the simultaneous
presence of two products for all possible pairs is shown. Table 4.4 gives

the following information about sales:
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Table 4.3. Example of a Set of Receipts

Receipt | Product names
1 Juice, water

2 Milk, juice, bread
3 Juice, beer

4 Juice, beer, water

Source: author.

Table 4.4. Frequency of the Simultaneous Presence of Pairs of
Products in the Market Basket

Juice Bread Milk Water Beer
Juice 4 1 1 2 2
Bread 1 1 1 0
Milk 1 1 1 0 0
Water 2 0 0 2 1
Beer 2 0 0 1 2

Source: author.

* Sales of juice are very good because this product appears in
every single basket.
* Juice is relatively often sold together with water and beer.

» Milkis never sold together with beer or water.

Such conclusions would be well grounded if the sample of the mar-
ket basket had an adequately high statistical significance. The essence
of mining association rules during market basket research lies in for-
mulating principles such as “if one puts product A into a basket, then
it is highly plausible that he or she will put product B into a basket as
well.” The accuracy of such a principle in the context of a conviction
that such an event took place is described by two parameters: support

and confidence:?!

o Support describes how often products A and B appear together
in the basket against all transactions.

*  Confidence describes the conditional probability of putting
product B into the basket if product A has been put there

earlier.
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Let us, for instance, consider the following rule: “/f there is juice in'a
basket, zhen water is also in a basket.” For this principle with shopping,
as in Table 4.3,

* support = (number of baskets with juice and water) + (number
of all baskets) = 2 = 4 (50%),

* confidence = (number of baskets with juice and water) + (num-
ber of all baskets with juice) = 2 + 4 (50%).

Let us also consider the opposite principle to understand things more
clearly: “If there is water in a basket, #hen juice is also in a basket.” Notice that
support for this rule will be exactly the same, but confidence will be higher:

* confidence = (number of baskets-with juice’and water) + (num-
ber of all baskets with water) = 2 + 2 (100%).

This means that (for a given sample of baskets) putting water into a basket
always implies the purchase of juice.”* Figure 4.8 shows all possible combi-

nations of rules and their parameters: support and confidence.

If Then Support Confidence
(%) (%)
1 | beer juice 50.000 100.000
2 | juice beer 50.000 50.000
3 | beer juice, water 25.000 50.000
4 | water juice, beer 25.000 50.000
_5__ water, beer | juice 25.000 100.000
6 |juce | water,beer | 25.000 25.000
7 | juice, beer water 25.000 50.000
8 | juice, water | beer 25.000 50.000
9 | bread juice 25.000 100.000
10 | juice bread 25.000 25.000
11 | bread juice, milk 25.000 100.000
12 | milk juice, bread 25.000 100.000
13 | milk, bread juice 25.000 100.000
14 | juice milk, bread 25.000 25.000
15 | juice, bread | milk 25.000 100.000
16 | juice, milk bread 25.000 100.000
17 | milk juice 25.000 100.000
18 | juice milk 25.000 25.000
19 | water juice 50.000 100.000
30_ juice water 50.000 50.000
21 | beer water 25.000 50.00
22 | water beer 25.000 50.00
23 | bread milk 25.000 100.000
24 | milk bread 25.000 100.000

Figure 4.8. Example of association principles.

Source: author.
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Association rules can be presented graphically, as shown in Figute 4.9:
Each product is represented by a circle, and its size corresponds to the
frequency of the presence of a given product in the baskets: The‘vector
between the two circles represents the association rule, and its thickness is
connected with the parameters of the evaluation of the rule.

Knowledge about connections between sales of products can be used

for

e arrangement of products on store shelves,

* promotional packages,

* recommendation of upselling,

* comparative rescarch of stores and taking into account the factor

of time in carrying out research (mining sequence patterns).”

Obviously, these applications go beyond the environment of chain stores
and can be useful in other business areas.”* It is particularly worth stress-
ing that they can support upselling: You can analyze a customer basket in

time and consequently suggest rationalsolutions.

4.4.1. Limitations

There are two vital limitations of both cluster analysis and association
rules analysis that'are of great importance for other data-mining methods
as well: the problems of interpretation and computational complexity.

Water

Milk

Bread
Beer

Figure 4.9. Example of graphical representation of association rules.
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4.4.1.1. The Problem of Interpretation

In general, rules derived from association rules algorithms only slightly
contribute to knowledge that was not previously known and would
simultaneously be useful for business purposes. In most cases, those
rules are trivial and do not go beyond our current knowledge: There is
also a separate group of rules in which interpretation is problematic in
business areas. These rules are therefore usually omitted-because of their
incidental and unclear character. Similarly, the interpretation of clas-
sification rules is also dubious. Another problem is business interpreta-
tion of segments generated automatically by cluster analysis algorithms.
The proper identification (interpretation) of important segments and
the rejection of those that are not useful in business require the analyst
to have a profound knowledge of the market.In fact, it is a problem
that concerns other data-mining algorithms and is'a real limitation to

its business applications.

4.4.1.2. The Problem of Computational Complexity

You can easily imagine how muchrdata must be processed by the algo-
rithm based on' receipts from a chain of stores. There are millions of
records even in a relatively short time period. The number of product
indexes in an average chain usually reaches a few thousand. The issue
becomes even more complicated if you take into account not pairs
of products but three or more product items. The complexity of the
analysis-increases sharply, which carries with it unacceptable times of
generating the rules.”” This problem applies to most algorithms for
discovering knowledge and is one of the basic limitations of these

approaches.

4.5. Other Methods

The aforementioned techniques are only a selection of the most popu-
lar ones in business applications. There is a wide spectrum of other
approaches that derive mainly from statistics. An extremely interesting
group of techniques are those inspired by the computer simulation of

natural phenomena. The human brain has been an inspiration for a
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long time, and within works on artificial intelligence, numerous .com-
puter simulations of neural networks® have been carried out. Although
this work has so far been unsuccessful in simulating human thinking, it
has been tremendously effective in solving classification and prediction
tasks. Another technique derived from man’s observations of nature
is the genetic algorithm, which is based on research into theories of
evolution and genetics.”” This approach worked out a lot of concrete
solutions, which are in most cases applied o resolving optimization
problems. However, this is rarely used in business. One of the key ele-
ments in proving the reliability of data-mining analyses is the possibil-
ity of explaining (clarifying) suggested answers (e.g., by showing a path
of reasoning in a decision tree to justify credit decisions). Both arti-
ficial neural networks and genetic algorithms do not justify explicitly
the solutions they generate and are a sort of black box in the process of

supporting decisions.

4.6. Review of Selected BI
Applications in Terms of Data Mining

The following is a review of selected BI applications of data-mining

methods for main and controlling processes:

1. Main processes
e Sales, marketing, and service (see Table 4.5)
e Internal and external logistics (see Table 4.6)
* Operations and production (see Table 4.6)
2. Controlling processes
e Finance (see Table 4.7)

Case Study 4.2 shows the results of a pilot study using a market basket
analysis. The subsequent chapter shows how BI systems can be used to
analyze human behavior.
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Table 4.5. Review of Selected BI Applications (Advanced Analysis)in
Sales, Marketing, and Service

Name

Description

Tools

Analytical customer
relationship manage-
ment (CRM)

Data analysis system based on the registra-
tion of events concerning a relation-

ship with a customer, that is, analysis of
customer preferences and behavior in
order to generate accurate decisions about
upselling, suggesting suitable promo-
tions, and buying new products. Can be
achieved by accurate segmentation of the
market and the calculation of customer

live time value.

OLAP, data
mining (classifica-
tion, clustering,
association rules),
statistics (forecast-
ing methods)

Churn vs. retention

Analysis of reasons for recent customer
abandonments and finding plausibility

of current customers’ ones. Commonly
used by, for example, telecommunications
operators in order to devise suitable mar-
keting campaigns ot improve relationship
with customers who are likely to abandon.

OLAP, data mining
(classification and

clustering)

Conjoint analysis

Analysis of customer preferences in the
context of the influence of different prod-
uctqualities (quality, price, functionality,
service, etc.) on adecision to buy a given
product.

Econometrics
(analysis of
variance)

Chi-square auto-
matic interaction
detection (CHAID)

analysis

Segmentation of customers according

to influence of certain descriptors (age,
education, gender, etc.) on possibility of
repeat choice of the product of the same

brand.

Econometrics (au-
tomatic interaction
detection model)

Recency, frequency,
monetary (REM)
analysis

Segmentation of customers based on cus-
tomer behavior in the context of recency
(time from recent purchase), frequency
(number of purchased products over cer-
tain time), and monetary value (value of
purchased products over certain time). On
the basis of such, an analysis of upselling
and cross-selling strategies are devised.

OLAP, data mining
(clustering)

Response model

Forecasting who in a given group of
customers will respond to an offer on the
basis of analysis of history of behavior of
a similar group of customers. Used to in

marketing campaign management.

Econometrics
(regression
analysis, predic-
tion), data mining
(classification)

Source: author.
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Table 4.6. Review of Selected BI Applications in Logistics and

Production
Area Name Description Tools
Logistics Demand Using historic sales data for Data mining
planning forecasting. It is often used (regression trees),
by chain of stores because it statistics (forecasting
enables you to discover which methods)
products are seasonal (etc.) and
as a result to manage supply
chain effectively.
Logistics Optimization | Mapping out of optimal route Operational research
of trade routes | according to which you can (transportation
reach in a certdin order destina- | problem)
tion with minimal costs.
Production | Operations Supporting decisions concern- Operational research
management ing amount of resources you (techniques for solv-
should allocate to certain ing resource alloca-
activities ordered to perform a tion problems)
given task.

Source: author.

Table 4.7. Review of Selected BI Applications (Advanced Analysis) in

Finance

Name Description Tools

Bankruptcy Use of financial analysis of an Data mining (classification

prediction enterprise to construct early warning | algorithm, for instance
systems in the context of possible discrimination function
bankruptcy. analysis)

Fraud detection Used, for example, in banking; it OLAP, data mining (clas-
is the analysis of different frauds in sification and clustering)
financial transactions to find patterns
of criminal activities. By monitoring
of current transactions and use of
such patterns, you can locate current
fraud attempts.

Risk modeling Analysis of financial risk in ser- OLAP, data mining (clas-
vices and products where payment is | sification and clustering)
postponed. A classic example is the
analysis of credit ratings.

Source: author.
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Case Study 4.2

Within the scope of strategic initiatives, ALFAs board of directors
concluded that it was extremely important to improve the chain’s sales
volume. One of the recommended methods for improving sales was
to optimize the arrangement of products on the shelves to increase
sales. To perform this task, the board decided to employ a market
basket analysis and, after generating the association rules, modify the
arrangement of products in its stores.

To verify the validity of this approach before applying it in the
whole chain, a pilot study was carried out. The sample was 50 stores
in which all receipts from a whole month were registered. The algo-
rithm was parameterized in such a way (adequate values for support
and confidence) that it generated rules only for pairs of products. The

study resulted in a set of rules, which were divided into three groups:

1. Trivial rules (approx. 60%). Self-evident knowledge, usually pre-
viously known and used

2. Incomprehensible rules (approx. 30%). Knowledge that is difficult
to interpret, not justified in business, or of no use in practice

3. Useful rules (approx. 10%). Vital and previously unknown knowl-

edge that can be directly used for new arrangement of products

On the basis of the useful rules, modifications were introduced in
some stores (in which the volume of sales was being monitored) and
compared with test stores (in which products were not rearranged).
Apart from the new arrangement of goods, salespeople were given spe-
cial instructions on how, on the basis of the customer market basket, to
convince customers to take advantage of upselling of products located
near the checkout. After 3 months, the result of this comparison study
convinced the board to make a systematic market basket analysis for

all its stores and then implement the results across the whole chain.
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