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Two Reputedly Opposed Approaches: On the
Integration of Business Rules and Data Mining

Irene M. Cramer

Business rules and data mining approaches are often treated as competitors, although
they have differing fields of application: While business rules provide a valuable in-
sight into the calculation of business parameters and help to trace tacit knowledge,
data mining offers powerful methods for processing large data sets and handling
complex, potentially dynamic feature spaces. In this paper, we show how the two dis-
ciplines team up and are used in a direct marketing and a process control scenario.

Content Introduction

Are you confronted with data in abundance? Are you
undecided how to find out if there is something of in-
Introduction 2 terest hidden in your data? Are you looking for relevant
patterns? Combine a business rules and a data mining
approach. Then you can take advantage of their par-

Scenario 1: Direct Marketing 3 . ; . . .
ticular strong points in managing data. In this paper,
. we discuss two application scenarios and show you:
Scenario 2: Process Control 5
Summar 8 - How to use a business rules system to feed a
y data mining toolkit with feature vectors
How to determine reasonable subgroups if you
References 9

already know the relevant features

How to determine the distinctive features if you
already know the relevant subgroups

How to use the results of the data mining steps
in business rules

This paper is intended to be used as a cookbook: if the
scenarios, i.e. the direct marketing or the process con-
trol dishes, are of business interest to you, read it as
the recipe. If you would like to cook something else,
you can vary the ingredients and read this paper as a
description of the method. If your use case addresses
any subarea of data mining not discussed in this pa-
per, please get in touch. We will be happy to come up
with another recipe to fit your particular use case.

The remainder of this paper is structured as follows: in
section "Scenario 1: Direct Marketing", we sketch the
direct marketing scenario and explain how to combine
your business rules with automatically constructed
classifiers. In section "Scenario 2: Process Control",
we sketch the process control scenario and discuss
how to explore your data (e.g. in order to test a hypo-
thesis). In section "Summary" we recapitulate the main
steps you need to perform when integrating a data
mining and a business rules approach.
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Some Terminology

A feature is (the value of) a variable used to cha-
racterize an object. A feature is said to be distinc-
tive if it helps to divide a set of objects into sub-
groups. A feature vector is an n-dimensional vec-
tor of feature values which represents an object.

A subgroup is a set of objects that are equal (or
similar) with respect to at least one feature. We
call it a class if the set is formed by (intellectual)
abstraction. We call it a cluster if the set is
formed by similarity (of feature vectors).

Data mining means detecting patterns and ex-
tracting them from data. Data mining methods
are used to (automatically) handle large numbers
of objects and high-dimensional feature vectors.
It typically involves four classes of tasks: cluster-
ing, classification, regression, and association
rule learning. There are also data mining me-
thods that help to find the relevant features or to
explore and visualize the data. Popular methods
include correlation analysis, feature selection, or
feature weighting.

Business rules are statements that formalize
some aspects of the business. They are stated in
natural language sentences, as a graphical mod-
el, or as a mathematical formula. According to
the Business Rules Group (Hay, Healy, & Hall,
2000) the rules can define or relate business
terms and they can describe constraints or deri-
vations. Business rules are defined, deployed,
executed, monitored, and maintained by a Busi-
ness Rules Management System such as Visual
Rules (see http://www.visual-rules.com/ for de-
tails).

Scenario 1: Direct Marketing

Direct marketing is a type of advertising that ad-
dresses the members of a target group (in a potentially
personalized manner) with techniques such as catalog
distribution or promotional letters. In contrast to TV,
newspaper, or radio advertising, direct marketing im-
plies that the response from consumers is traceable
and measurable. In a B2C context, it is typically used
by small and medium enterprises that need to maxim-
ize the return on investment given a limited marketing
budget.

From the marketers’ point of view, direct marketing
involves the collection of geo-demographic information
and the maintenance of a customer-centric data ware-
house. The direct responses, in turn, can be used to
refine the market segmentation and the consumer pro-
files. From the consumers’ point of view, direct market-
ing, that is to say possibly unwanted and irrelevant
solicitations, violates privacy.

The challenge of a successful direct marketing cam-
paign is to:

- Compile high-quality geo-demographic informa-
tion and consumer data form various sources

- Carefully segment the market and model target
group profiles
Construct well-fitting solicitations for different
types of target group members

Scenario and Data: Since retaining existing custom-
ers is more cost-effective than acquiring new ones, the
marketing department of a medium-sized online store
is assigned the construction of a direct marketing
campaign addressing customers that are likely to be
lost in the near future. There are several known factors
associated with the loss of customers (also referred to
as customer attrition), for instance dissatisfaction with
the service, price, or support, billing disputes, etc.

The marketers know that customer attrition models can
be calculated with data mining techniques (Au, Li, &
Ma, 2003). However, the colleagues in the marketing
and sales departments are old hands at customer re-
tention. The marketers would like to integrate this ex-
perience. So they decide to combine the automatically
calculated models with manually constructed rules.

They agree to model customer attrition on the basis of
the data stored in the company’s data warehouse. This
data consists of vectors (see Figure 1) describing the
customers in terms of several features, e.g. gender,
credit rating, the socio-economic status of the custom-
er and the customer’s neighborhood, the number of
purchases in the last few months and years, the num-
ber of complaints and returns, etc.

Figure 1: Customers Represented as Feature Vectors (Ex-
tract)
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Each customer is also tagged with one of four possible
customer ratings: new customer (0), occasional cus-
tomer (1), regular customer (2), or key customer (3).
The rating is determined by, among others, the cus-
tomer’s number of purchases and the amount of turno-
ver.

The marketers are recommended to calculate classifi-
cation models on the basis of manually labeled, histor-
ic feature vectors using the data mining toolkit KNIME
(see http://www.knime.org/ for details). These models
classify customers as "switchers" or "stayers” and pre-
dict if a customer may be lost in the near future. The
marketers thus prepare a fraction of the previous
year’s data: customers who had been rated regular or
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key customers in recent years are tagged with a
"switcher"-flag if they did not order for at least six
months last year and did not order this year so far ei-
ther. Two customer retention experts subsequently
revise the data and remove all cases of doubt.

Approach: Since several features need to be aggre-
gated and filtered, business rules are modeled with
Visual Rules (see Figure 2), which

- Remove feature vectors with more than 30%
missing values

- Map some of the fine-grained features into a
coarser-grained range of values

- Decompose some of the features that merge
several aspects relevant for this scenario

Figure 2: Construction of Feature Vectors with a Rule Model
(Extract)
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The business rules also convert the data into the re-
quired format. This data is used to train and evaluate
the classification models.

Figure 3: Example Process of the Classification Task (with
KNIME)

s 2: Naive Bayes Learner &% =0
Naive Bayes Learner
CSV Reader Parti‘ionV AL
% F—p = i
B —
Node 1 Node 2
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Figure 3 shows the essential steps in the process: first,
the data is read (CSV Reader) and partitioned (Parti-
tioning), i.e. split into training and test sets. Second,
the classification model is calculated based on the
training set (Naive Bayes Learner). Third, the classifi-
cation model is used to predict the classes of the test
set objects (Naive Bayes Predictor). Finally, the classi-
fication model is evaluated (Scorer), i.e. for each ob-
ject in the test set the predicted class is compared with
the real one (see box "Popular Evaluation Metrics" for
details).

Let us assume that among the best-performing classi-
fication models are a naive Bayes and a decision tree
classifier. (We use them to simplify matters. Without
doubt, there are more sophisticated algorithms; how-
ever, these two are known to perform well for certain
tasks.)

Popular Evaluation Metrics

The performance of a classification algorithm is
measured in terms of e.g. precision, recall, and
accuracy given a specific confusion matrix.

precision = » recall = _w
tp+fp tp+fn
- tp +itn
Ay = ¥ fp+ fat+tn
with the confusion matrix (binary case):
predicted value
pI nl
p true false
negative positive
actual
value
n false true
negative positive

The naive Bayes is known to be simple and fast — and
despite the fact that its simplistic design violates basic
statistical assumptions, it often performs surprisingly
well for real-world problems. Unfortunately, this classi-
fication model is not self-explanatory and its translation
into business rules is difficult. Instead, if the marketing
and sales experts have constructed business rules that
in turn represent a classifier, the two models can be
combined. That is to say, the naive Bayes model is
used in the manually constructed model, i.e. the busi-
ness rules, via service call. Combining classification
models can significantly increase the predictive per-
formance of the ensemble. A comprehensive review of
possible classifier combination methods, their advan-
tages, and disadvantages is given in (Tulyakov,
Jaeger, Govindaraju, & Doermann, 2008).

The decision tree requires little data preparation and
can rapidly classify large data sets. Unfortunately, de-
cision trees sometimes create models that do not ge-
neralize the data (also referred to as overfitting). This
problem can be handled e.g. with pruning mechan-
isms. Since decision trees are simple to understand
and interpret (Figure 4 shows the extract of a decision
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tree calculated on the basis of the direct marketing
feature vectors), they can be combined easily with
business rules that are manually constructed by mar-
keting and sales experts.

Figure 4: Simplified Example Decision Tree (Calculated with
KNIME) and Corresponding Business Rule (Modeled with
Visual Rules)
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Given the classification (computed with either a clas-
sifier ensemble or a business rule model), the potential
switchers can be split into the following groups:

1. Key customers who had no billing disputes with
the company in recent years were sent a ques-
tionnaire asking for suggestions (e.g. with re-
spect to customer service, range of products,
etc.) and a voucher of 20 Euros.

2. Key customers who recently had billing dis-
putes were sent a promotional letter including a
promotional gift and a voucher of 15 Euros.

3. Regular customers were sent a promotional let-
ter and a voucher of 10 Euros

4. Occasional customers were sent a promotional
letter and a voucher of 5 Euros.

Discussion: As these two examples illustrate for the
case of a classification task, the data mining and busi-
ness rules approaches can be combined in various
ways:

- If the classification model is simple to interpret
(such as a decision tree, a decision table, or
decision rules), it can be modeled, i.e. repro-
duced, as part of the business rules. In this
case, the data mining toolkit helps to find some
of the classification rules. It also facilitates the
estimation of base-line performance. Neverthe-
less, if a classifier is included in manually con-
structed business rules, the performance of the
latter can be worse than the performance cal-
culated by the data mining toolkit. In this case,

the business rules need to be evaluated care-
fully (see box "Popular Evaluation Metrics"),
even though the modeler was a domain expert.
If the classification model is not simple to in-
terpret (such as a naive Bayes, a support vec-
tor machine, or a reasonably complex neural
network), it can be included in the business
rules as a service call. In this case, the classifi-
cation model constructed via data mining toolkit
and the business rules function as a classifier
ensemble. Such an ensemble needs to be eva-
luated just as carefully as the classifier-
business-rules combination mentioned above.

What is the use of this combination? Data mining
techniques have demonstrated high performance in
several real-world applications. As mentioned above,
they are able to handle large data sets and complex,
high-dimensional feature spaces. Admittedly, automat-
ically computed classification models do not necessari-
ly provide a (comprehensible) insight into the relevant
classification parameters. This is why some people are
skeptical towards these data mining methods. Busi-
ness rules, on the other hand, are as high-
performance as data mining (though not necessarily in
the same fields of application) and in most cases easi-
er to understand. Moreover, if business requirements
change fast and frequently, business rules are ex-
tremely valuable because they are modeled by experts
who best understand the requirements and know how
to access and incorporate tacit knowledge. Combining
both in a classification task then generates a most
welcome synergy effect.

Scenario 2: Process Control

Process control is an engineering discipline that ex-
plores and describes the facilities and methods
needed to keep the output of a process within a de-
sired range. It typically involves sensors and actuators.
For example, the product flow in a plant is a process
that has a specific, desired outcome. Its actual value is
measured by a flow meter (sensor), whereas its de-
sired value is controlled by the setting of a valve (actu-
ator).

In most plants the sensors and actuators are orga-
nized by what is known as a process control system. It
typically consists of the field control station, i.e. a com-
ponent assembling and managing all sensors and ac-
tuators, and a control room with monitoring and visua-
lization facilities (see Figure 5). There are different
types of control systems for batch and continuous
processes. In this paper we focus on the continuous
case, which features smooth, uninterrupted variables
and a continuous flow of product. Continuous
processes are used to manufacture very large quanti-
ties of e.g. chemicals per year.
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Figure 5: Example of a Control Room (by RobertRED,
http://de.wikipedia.org/wiki/Leitstand retrieved February 9,
2011)

Scenario and Data: Because of the (always accepta-
ble but) fluctuating product quality reported by the
foreman and the lab assistants, the factory manager of
a chemical company decides to implement quality-
improvement activities. Concerning the observed fluc-
tuation, two hypotheses have been established:

1. The quality of the product depends on the
quality of the raw material, which in turn de-
pends on the supplier or transportation chain.

2. The process control of one or several plant
components is in need of improvement.

The continuous production of chemicals in this compa-
ny’s plant is managed by a process control system
(e.g. ABB’s Freelance, see
http://www.abb.de/product/us/9AAC115759.aspx  for
details), which monitors 400 sensors and operates 200
actuators. The sensors measure temperature, pres-
sure, flow rate, fill level, and pH-value at the various
plant components. The settings of the actuators, i.e.
the valves, determine the flow rate of the ingredients
and hence the production rate in the process steps.
Every five seconds the process control system records
the measured values and the settings of the valves.
On this basis, it can calculate trend lines and display
them on the monitoring facilities in the control room.
The data is also archived for five years in case an au-
dit needs to be conducted. Every four hours the lab
assistants test the quality of the final product and
record the results in an Excel sheet. In this scenario,
there are three types of test values: residual moisture,
particle size, and color scale. The supplier (and trans-
portation chain) of every batch of raw material used in
the production is logged in an SAP system.

The factory manager and lab assistants decide to
compile data over a period of eight weeks. They agree
to use the data mining toolkit RapidMiner (see
http://rapid-i.com for details) and to calculate a correla-
tion analysis. (There are without doubt other, more
sophisticated algorithms for data exploration. We use
this method to show the general idea and to simplify
matters.) Although correlation does not necessarily
imply a causal relationship, it can give a hint as to
which of the two hypotheses mentioned above should
be investigated further.

Approach & Results: Because of the temporal aspect
of this scenario, the construction of feature vectors is
less obvious than in the direct marketing case. In addi-
tion, information from various sources (i.e. the process
control system, a separate Excel sheet, and an SAP
system) needs to be integrated in an appropriate way.
For this reason, the approach of a sliding window is
employed. The window size is set to four hours, since
every four hours the lab assistants test the quality of
the final product. The sensor values and the actuator
settings are averaged over this period in order to de-
crease data dimensions and reduce noise. Business
rules are modeled that construct the feature vectors as
follows:

For every set of quality test results in the Excel sheet,

- Read the values of the 400 sensors and the
settings of the 200 actuators of the past four
hours from the process control system

- For every sensor (actuator), average the values
(settings) over this period, i.e. calculate the
mean and variance (see box for details)

- Determine the supplier and transportation chain
on the basis of the setting of the storage tank
valves, the rate of production, and the code
numbers recorded in the SAP system

Why Mean and Variance?

The arithmetic mean represents the central ten-
dency (or average) of the 2880 values (i.e. 12
values per minute x 240 minutes = 2880) per
sensor or actuator. It condenses the temporal
dimension into one feature value instead of about
3000 and thus simplifies the hypothesis testing.

However, the arithmetic mean is known to be
sensitive to outliers and does not always
represent uneven or skewed distributions ade-
quately. For instance, the values of two four-
hours periods featuring the same mean can vary
significantly: let us assume that in the first period
many of the values spread out far from each oth-
er, while in the second one most lie next to the
mean. Hence, an additional statistic is needed
expressing this difference.

The variance is such a statistic. It indicates how
a set of values is distributed around the mean. In
the case of the two four-hours periods mentioned
above the variances differ while the means
equal. This suggests that in the first period the
production in the process step monitored by the
respective sensor had been labile.

In sum, 336 feature vectors are constructed (i.e. 6 per
day x 7 days a week x 8 weeks = 336) including the
following features (see Figure 6 as illustration):

© Bosch Software Innovations GmbH
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- 3 quality test values (residual moisture, particle
size, and color scale)

- 800 sensor values (mean and variance for 400
sensors)

- 400 actuator settings (mean and variance for
200 actuators)

- 6 supplier and transportation chain data sets
(each for 3 raw materials)

Figure 6: Process Represented as Feature Vectors (Extract)

A B c D E F e
1 |RESIDUAL_MOISTUPARTICLE_SIZE (% COLOR_SCALE (KL KFT10(4) MEAN KFT10(4) VARIANKFT10(V) M=|
2 0,005 1,4 0,79 2990,2 720 45,1
3 0,002 2,9 0,78 3017,7 930 43,2
4 0,002 1,8 0,82 3036 960 45,2
5 0,002 2,2 0,81 3037,7 930 45,3
6 0,003 1,8 0,77 3000,2 900 45,0
7 0,005 2,2 0,83 2999,3 1230 45,0
8 0,003 2 0,77 2985,6 990 45,2
9 0,003 2,7 0,86 3046,7 1170 45,4
10 0,004 2,1 0,86 3009,2 1410 45,5
11 0,006 2,2 0,86 3005 1290 45,4
12 0,005 2,8 0,84 2959,3 660 44,9
13 0,003 14 0,87 2952,2 630 45,2«

4] L

Figure 7 shows an extract of the correlation analysis
calculated with RapidMiner. Many consecutive steps in
a chemical process are of course correlated to some
extent; in this context however, the correlations be-
tween the values of the sensor-actuator pairs and the
quality scores are of interest. Exploring these correla-
tions indicates that one of the quality scores (namely
the color scale) is highly correlated with the values of
one of the sensor-actuator pairs (identifier of the sen-
sor: KFP11(1), identifier of the actuator: KFP11(V)).
Inspection of the data shows that the values of the
KPF11(1) sensor, a flow meter, are gradually rising,
ranging from about 44.5 % valve opening at the begin-
ning to about 45.5 % at the end of the eight weeks. At
the same time, the color scale values are deteriorating.
KFP11(1) specifies the amount of cooling water used
for controlled crystallization: the higher the tempera-
ture of the product coming from the preceding process
step, the more cooling water is needed. And the higher
the temperature at the beginning of the crystallization,
the more undesired inclusions are there in the product
after crystallization. This directly affects the color scale
and hence the quality. Although the sensor (identifier:
KFT10(4)) of the preceding process step, which is a
thermometer, registers routine values, the amount of
cooling water rises. The factory manager and the
foremen therefore agree to check the sensors of the
whole unit. They find that the thermometer in the
process step preceding KFP11(1) is indeed damaged.
See Figure 8 as illustration.

The pairwise correlation table (see Figure 7) also
shows that none of the quality scores is more than
moderately correlated with the supplier or transporta-
tion chain features. That is to say, there is no evidence
supporting the first hypothesis mentioned above, i.e.
the quality of the product does not seem to depend on
the quality of the raw material.

Figure 7: Results of the Correlation Analysis Calculated with
RapidMiner (Extract)

22 Result Overview 5 Attributeweights (Correlation Matrix)
[T carralation Matri (Carrelation Matri | & ExampleSet (Read C5V)
Table View (@) Pairwise Table Plotview () Annotations [F=T
First Attribute Secand Attribute Caorrelation
COLOR_SCALE (KLETT) KFP10(4) MEAN 0129
COLOR_SCALE (KLETT) KFP10(4) VARIANCE -0.028
COLOR_SCALE (KLETT) KFP11(1) VARIANCE 0.033
COLOR_SCALE (KLETT) KFP11 (4) VARIANCE -0.078
COLOR_SCALE (KLETT) SUPPLIER 0.008
COLOR_SCALE (KLETT) TRANSPORTATION_CHAIN 0.062

Figure 8: Correlated Values Indicating Damaged Sensor

KFT11(1) is a flow meter,
which registers arising flow
rate (of cooling water).

O %0

KFT11(V) is a valve, which
opens gradually as more and
more cooling wateris needed.

KFT10(4)isa
thermometer, which is
damaged and hence
registers wrong values.

O

Figure 9 shows an overview of the features, their
range, and further statistics. It illustrates that the va-
riance of the KFT17(3) sensor scatters much more
than the variance of all the other sensors. Inspection of
the data shows an interesting pattern of the KFT17
sensor-actuator pair. (Note that this sensor-actuator
pair includes a sensor with the identifier KFT17(3) and
an actuator with the identifier KFT17(V)). Whenever
the variance of KFT17(3) strongly scatters, the particle
size rises, i.e. the quality of the product suffers. Further
investigation reveals that every time the process is
restarted KFT17(V) oscillates wildly until it reaches the
optimal setting (see Figure 10). This causes the ob-
served variance pattern, which corroborates the
second hypothesis mentioned above, i.e. the process
control of this unit is in need of improvement.

Figure 9: Overview of the Features incl. Statistics (Extract)

o .
= Result Overview

U5 ttributeweights (Correlation Matri)
:ﬂi Coarrelation Matriz (Correlation Matrix)

| &l ExampleSet (Read C8Y)

@) Meta Data View Data Yiew Plot View Annotations [F=

ExampleSet (336 examples, 0 special attributes, 117 regular attributes) r_m -
Role Marne Type Statistics Range i

regular | KFPT1(4) VARIANCE integer  avg =755 +- 82032 [600.000,900.000] O

regular  KFP11(1) YARIANCE integer  avg= 740714 +- 29.203 [600.000;900.000] O
regular
regular
regular

regular

KFPE{) VARIANCE integer
KFP3x4(2) VARIANCE | integer
KFT13x1(2) VARIAMCE  integer
KFT15(4) VARIANCE integer

avy=1082.679 +/- 258.8950 [B00.000;1500.000] O
avg=1081.964 /- 258.250 [800.000,;1500.000] 0
avg=1075.268 +/- 272.947 [600.000,;1500.000] 0
avg=1075.179 +/- 262.607 [600.000,;1500.000] 0

After this eight-week experiment, the factory manager,
the foremen, and the lab assistants agree to model
business rules which constantly examine the sensor
and actuator values. The rules, for instance, cross-
check the values registered by the sensors (i.e. flow
meters) in consecutive units. Moreover, they automati-
cally search for uncommon patterns, such as the oscil-
lating valve opening in Figure 10.
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Figure 10: Opening of KFT17(V) Valve after Process Restart
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time

In order to further improve the process and track quali-
ty issues, the rules also con-
tinuously sample feature
vectors with (a) optimal/near
optimal and (b) poor quality

Discussion: You have the impression that exploring
data is poking about in the fog? You are right. As the
process control example stresses, it is much less
straightforward than computing a classifier. But it can
be managed if hypotheses are constructed before-
hand. Given these hypotheses, it is possible to decide
what data mining methods you need to employ, what
you can model in terms of business rules, and how to
combine both approaches to the best advantage.

Summary

As the two scenarios illustrate, business rules and data
mining approaches address two different types of
tasks: while data mining helps to explore data and find
yet unknown patterns, business rules help to handle
the necessary data (pre-/post-) processing steps and
calculate known parameters. Many real-world applica-

Figure 12: Integration of Business Rules and Data Mining Approaches (Process)

test values. These can be
inspected e.g. every four to
six months by a team of
quality experts. See Figure
11 as an illustration.

Preprocessing

Data collection,
compilation of feature
vectors

Although the process control
system could
conduct these consistency
checks (at least in part) and
sample the feature vectors,
using business rules makes
it possible to promptly run

Filtering, aggregation,
in principle — and mapping

Data Mining Postprocessing/

Productive Operation

Calculation of regression,
classification, cluster
model, or association
rules

Adaptable classifiers,
classifier ensemble

Periodic consistency
checks

customized tests: if, for in-
stance, the foremen decide

— | Datavisualization and EE— —
exploration Simulation and hands-
Feature weighting and on experiments
selection Hypothesis testing
Business Rules Data Mining Business Rules

to check a specific unit or
process step, they are able
to adapt the business rules
independently of any IT consultants and run the expe-
riment in no time.

Figure 11: Regularly Executed QA Business Rules Model
(Extract)

% start B2
P

“ process Control: Productive Operation

- Cross-check sensorfactor values of consecutive process units
- Search unusual variance/meanjcorrelation patterns

- Store feature vector with optimal or very poor quality test values

- Compile quality test values, sensor/actor ralues,
supplier,/transportation chain
- Construct feature vector

g ConstructFeaturevectar

- Cross-check consecutive process units
- Fire CheckUnitX action {if necessary)

% CrossCheckConsecutivelnits

- Search for unusual variance /mean/correlation patterns
- Fire CheckUnitX and CheckQuality actions (if necessary)

% searchUnusualPatterns

- Rate feature vector and guality test values
- Store feature vectors and call InputDescription service
{when indicated)

"8 RateSettingAndstoreFeatureyector

tions can profit from a combination of both approaches
as sketched in this paper. See Figure 12 as an illustra-
tion of the steps involved. If you want to design such a
combination, you need to

- Determine what you know and what you do not
know about your data:
o0 You can model the first in terms of busi-
ness rules and
o You can compute the second with data
mining methods
- Define how to explore the data, i.e. which data
mining methods might help you to find the rele-
vant patterns
- Decide how to integrate your business rules
and the results of the data mining steps

Experience shows that you should discuss your spe-
cific use case with both a business rules expert and a
data mining expert. You will then get a feel for what to
model in terms of business rules and which data min-
ing methods to use for data exploration.
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