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Abstract — A data mining methodology for an inductive
fuzzy classification is introduced. The induction t®p is
based on deriving fuzzy restrictions from data whos
membership functions are inferred from normalized
likelihood ratios of target class membership. A cas study
is presented where this data mining process is apetl in
predictive analytics for an individual marketing campaign
in the online channel of a financial service providr.
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. INTRODUCTION ANDMOTIVATION

Fuzzy Logic proposed by L. A. Zadeh is based ouitine
reasoning and takes into account human subjectigiiy
imprecision. Unlike classical data mining technigjgich as
cluster or regression analysis, fuzzy logic enalhesuse of
classification via fuzzy propositions cominbed lig#y logic
operators.

The paper is structured as follows: Section Il ddtrces
inductive fuzzy classification theoretically. Secti Il
proposes a pragmatic methodology for an inductivezy
classification. Section IV presents a case studg dhtabase
marketing campaign where the target group has beletted
using the proposed method. Section V summarizesethats
and shows issues for further research.

IIl. THEORY OFINDUCTIVE FUzzY CLASSIFICATION

This section summarizes the theoretical backgrowid
classification, induction and fuzzy restrictions amder to
develop a theory of Inductive Fuzzy Classification.

A. Classification

Classification is the process of grouping elemsatssfying
the same characteristic constraints into a sed.dlass logic, a
class C = {e | P(e)} is defined as a set C of eleme
satisfying predicate P. In the multivariate caserefers to
multiple element attributes as a formula combingddgical

Fuzzy classification creates more subtle and smooPPerators.

distinctions between equivalence classes than
classification. [1] and [2] presented the implenagion of a
classification query language in order to filtertadausing
linguistic terms. They proposed the investigatidraalesign
methodology for the application of fuzzy classifioa in data
mining. In this paper, a data mining methodologyngs
inductive fuzzy classification is introduced in erdo address
this issue.

[3] emphasizes the inductive aspect of data miniagnely
learning, and suggests a motivation: Predictioris Bixplains
how pattern models are to be discovered and fot thieg can
be used. If applied correctly, data models not aielgcribe the
past, but also help to forecast the future. In thénse,
successful data mining is a practical demonstratafn
inductive logic: Learning generalizations from dfiec
examples. Hence, this paper presents a methodddogge
probabilistic induction of a multivariate fuzzy shfication
based on likelihood ratios.
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B. Inductive Classification

Inductive classification, a form of supervised heag ([3],
[4]), is the process of learning from examples tecide
whether an elemerd belongs to a given clagsbased on its
attributes. A training data set d is a () matrix with n
columns X, ..., X, and a column Y indicating the class
membership. The columns;,Xi O {1, ..., n} are called
dependent variables or attributes, and Y is caflex target
variable or the class label. The rows represerat el@ments;e
j O{1, ..., m}. The matrix content consists of attributalues
X;j representing the value of the i-th attribute foe tj-th
element, and of labels sepresenting the class membership for
the j-th element. In case of a binary classifiaatior each row
index j the label yis equal to 1 if and only if the elementis
in classy.

The learning process induces a model M from thimitrg
set d based on the distribution of the target Wgiaon the
dependent variables, mapping from the Cartesiadymtoof
the dependent variable’s domains into the set {0,Lhe
model can be used to predict the class membershiata
elements. For an element & d’ in a new dataset d’ with
unknown class membership, a prediction Y’ = M(xX.., %)
can be computed by applying the model to the elémen
attribute values. When elements are grouped

into an



equivalence class y’ = {¢ Y’; = 1}, this kind of classification
is inductive because the classification constrgingslicate has
been learned from the data.

C. Fuzzy Classification

Fuzzy classification is the process of groupingnaets into
a fuzzy set whose membership function is definedhleytruth
value of a fuzzy constraint predicate. A fuzzy sld3 is a
fuzzy set [5] defined by a fuzzy proposition [6]i®R’, where
e is an element of a universe of discourse U arsl &fuzzy
restriction of U. The degree of membership

Hc(e) = v(eis R)

is defined by the truth value v of the correspogdinzzy
proposition.In the multivariate case, P is a fuezstriction of
U defined by a combination of fuzzy restrictionsatfribute
domains combined by fuzzy logic operators.

D. Inductive Fuzzy Classification

ConsequentlyInductive Fuzzy ClassificationIFC) is the

induction of

data attribute mermbership

preparation selection functions
univariate

fuzzy model

classification
of attribute values

multivariate
fuzzy
classification evaluation
of data elements

Figure 1: Inductive fuzzy classification process

As shown in Figure 1, the process for deriving zZzfuclass
by induction consists of preparing the data, silgcthe
relevant attributes, inducing membership functianthe fuzzy
restrictions on the attribute domains from thenireg set,
transforming the attribute values into univariatezZy set
membership values, classifying data elements byeaggng

process of grouping elements into a fuzzy set whodbe fuzzified attributes into a multivariate fuzelassification

membership function is derived by supervised legyrfrom
data. In this approach, the predictive model isespnted by a
multivariate fuzzy classification. The fuzzy mendddp
functions of each attribute are induced from dasingi a
normalization of the likelihood ratio function. Theultivariate
aggregation of the univariate fuzzy attribute damai
restrictions provides the prediction of the cldssjfwhich can
be defuzzified using an alpha-cut. The inductiogpsis not
learning of fuzzy rules themselves, as it is in yneases (e.g.
[7], [8]) but inducing membership functions to fyzz
restrictions of multiple attribute domains. The deds not on
the combination of fuzzified inputs, but on the idigon of
multivariate fuzzy set memberships for inductios paesented
in [9] and [10]. In fact, by using likelihood ratiofor
induction, this is a Bayes-like approach, whosdulsess has
been shown by [11].
I1l. A METHODOLOGY FORINDUCTIVE FUzZzY CLASSIFICATION
As proposed by [1], a design methodology is neeited
order to apply fuzzy classification to data minirig. the
following section, a conceptual framework for intdue fuzzy
classification is proposed. The aim is to derivedtivariate
fuzzy class inductively in order to obtain a préde
classification. The resulting classifier is able gerform a
fuzzy classification which is inductive by learnitige fuzzy

of data elements, and an evaluation of the pregicti
performance of the resulting classifier.

A. Inductive Fuzzy Classification Process Overview

The idea of the process is to develop a well periiog
classifier which accurately predicts the memberstfipdata
elements e in the target class y. The classifillrpeirform a
fuzzy classification by assigning data elementa fozzy class
y" having the following property:

The higher the degree of membership of a data eleine
the fuzzy class y', the greater the likelihood ofass
membership in the crisp target class y. In ordeadoomplish
this, a training set is prepared form source datad the
relevant attributes are selected using an integastiss
measure.

For every attribute X a fuzzy restriction;yon its domain is
defined based on the principle of maximum likeliloof
target class membership. Eaghsyinduced from the data such
that the degree of membership of an attribute vajue y; is
proportional to the conditional relative frequenof Y=1.
Then, in the univariate classification step, eadtewant
variable X is fuzzified by transforming it into a degree of
membership in its associated fuzzy restriction Yhe
multivariate fuzzy classification step consists agfgregating
the fuzzified attributes into one multivariate fyzdass of data
elements y'. This fuzzy equivalence class thenesponds to

constraint predicate P from the likelihood of clasg, |nductive Fuzzy Classification which can be uded

membership. The resulting fuzzy class is basedfomaula of
fuzzy propositions on the dependent variables, whivsth
values and corresponding fuzzy set membership iumstare
derived from normalized likelihood ratios.

prediction. The last step of the process is modaluation by
analyzing the prediction performance of the classifThis is
done by comparing the forecasts with the real class
memberships in a test set.

In the following subsections, every step of the [fiGcess
is described in detail.



B. Data Preparation

In order to analyze the data, a training set ispmsad by
combining data from various sources into a singlbecent
matrix. All possibly relevant element attributese anerged
into one table. The class label for the targetalde has to be
defined, calculated, and added to the training Bké class
label is restricted to a binary variable where didates
membership in the target class.

C. Attribute Selection

Only a few variables in the training set are adyualevant
for predicting the class label. In order to selda relevant
attributes, a variety of measures is available, dgample
mutual information or chi squared independence. fEalting
list is a descending ranking of dependent variablgsheir
relevance. Only the best n variables should bentakéo
account, where the n-th best variable should stibw a
significant dependence with the target variable.

D. Induction of Membership Functions

Intuitively, the aim is to assign to every datansdet a
membership degree in the fuzzy data element class grder
to accomplish this, y' is derived as an aggregatbriuzzy
restrictions: For every attribute; Xa fuzzy restriction jyis
defined on its domain which represents the likalihof Y=1.
The higher the likelihood of Y=1 is in relation ¥%=0, the
greater should be the degree of membership oftevgiin .

The likelihood of class membership is transformetd ia
membership function using the following method: F&ch
value x[O dom(X), the fuzzy restriction ;yis defined as the
(sampled) conditional probability for Y=1, dividéy the sum
of the conditional probabilities of x for Y=1 and=¥§
respectively. Thus, the induced membership dedr&eroy; is
defined by

p(X =x|Y =1
p(X; =x[Y =1+ p(X; = x|Y =0)

)

H, (%)=

According to the definition of likelihood L(y|x)=ply) and
likelihood ratio LR(x)=L(y|x)/L(not(y)|x), equation (1)
corresponds to a normalization of the likelihootioréNLR):

p(X, = xIY =1
p(X, = x|Y =D+ p(X, = x|Y =0)
_ 1 _ 1

L X =X[Y=0) | LOIY

p(X, =xIY=D)  L@IX
= = NLRL(

1+
LR,,(x)

Hy, (X) =

For categorical variables, the calculation of trembership
function is straight forward: The degree of membigrdor
each value is defined by the corresponding NLR. &l@x;, for
continuous variables, the membership function coblel
continuous too. In that case, a solution is toudate the NLR

for quantiles of dom(¥, and to approximate a continuous
function.

For examples of membership function induction for
categorical or continuous attributes, see the cdgdy in
section IV.

E. Univariate Fuzzy Classification of Attribute Values

Once the membership functions have been induced as
described in the previous section, the relevamibates are
fuzzified. In order to transform the attributesoirdegrees of
membership, each variablg ¥ transformed by applying the
membership function induced by formula (1). Thispssimply
transforms every value;nto the membership degree of the
value in the corresponding fuzzy restrictign y

F. Multivariate Fuzzy Classification of Data Elements

In order to obtain a fuzzy membership degree in the
fuzzified target class y’ for data elemengsraultiple attribute
membership degrees are aggregated using fuzzy
operators. For simplicity, assume the following &tipn:

logic

Hy, (ej) =H, (Xij )

That is, for every fuzzy restriction on an attridsudomain
there is a corresponding fuzzy set of data elemeiits the
same name. Consequently, the multivariate fuzzgscia is
defined as an aggregation using a function F :

Hy (€)= F i, (€)1, (€)))

There are different possibilities for multivariateizzy
aggregation. In literature, the focus is often @megating a
fuzzy rule base by searching a function as a coatioim of
fuzzy logic operators.

A simpler candidate for the aggregation functionthg
gamma operator [12] which is composed of a muttgilon of
an algebraic disjunction and an algebraic conjonctieighted
by an exponent parametef [0,1]:

ry(/"yl (ej )1 "'Huy,‘ (ej ))
=ty (©) T, (€)'
=(@1- I_l 1-p, (X )’ I]l_l Hy, (% i

®3)

This aggregation operator compensates between rodign
and disjunction to a degree specified byyparameter.

Thus, by combining the inductively fuzzified attities into
a multivariate fuzzy class of data elements defibgdthe
membership functiony:U - [0,1], a multivariate model is
obtained from the training set. This model can kedufor
Inductive Fuzzy Classification of unlabeled datar fo
prediction. Using an alpha cut for an(d[0,1] leads to a
binary classifier.



individual

Table 1: Frequencies, conditional probabilities aNtRs for the categorical
attribute customer segment.

advertisement

X1
customer
segment | Y=1 Y=0 p(X] Y=1) | p(%|Y=0) | NLRy=1(X)
Basis 11'455| 308'406 0.38 0.82 0.32
. |swmB 249 2'917 0.01 0.01 0.52
Customer EFivarcs Gold' 12'666 | 54'173 | 0.43 0.14 0.75
Data \Warehou=e online Premium | 5432 | 10843 | 0.18 0.03 0.86
Total 29'802 | 376'339
In the following sections, the application of thetal mining
process steps presented in section Il to the taggeup
selection is described.
customer et mapping A. Data Preparation
scornng group customer to ] ]
for product e advertisement In order to prepare a test set for model inductaosample
affinity el customer data set was selected from the custom&a da

Figure 2: Analytics applied to individual marketiimgthe online channel

G. Model Evaluation

In order to evaluate the predictive performanceg thg

classifier is applied to a hold-out test set, amal predictions
are compared with the actual class label. Thereddferent
metrics to evaluate the predictive performancehefihduced
model, for example the mutual information betwedm t
predictions Y’ and the class labels Y, or altewel§i their
correlation. Using such a measure, the model pasmel]

[0,1] anda O [0,1] can be optimized to yield a maximal®

predictive performance.

IV. CASE STUDY: MEMBERSHIPFUNCTION INDUCTION FOR
Fuzzy TARGET GROUPS

PostFinance Inc. (www.postfinance.ch) is a proféab
business unit of Swiss Post. Its activities coniteb
significantly to the financial services market iwi&erland.
PostFinance is an analytic enterprise feeding legsin
processes with information gained from predictivalgtics.
The marketing process uses

data mining scores on product affinity for indivadu
customers. Target groups for online marketing cagmsaare
selected using inductive classification on custon®mabases,
as illustrated by Figure 2. For every customer, itteividual
advertisement message is mapped according to tigetta
group selected by predictive scoring.

Inductive Fuzzy Classification was applied in anliren

marketing campaign of PostFinance promoting inveatm
funds. The aim of the inductive target group sébectvas to

forecast the customers with an enhanced probabilibyuying

investments funds. The resulting fuzzy classifiezlded a
fuzzy target group for an individual marketing caaigm,

where every customer is part of the target grouly tm a

certain degree.

warehouse. This data set contained an anonymousnueis
number associated with customer specific attribudesstarget
variable, the class label was set to 1 if the custohad
investment funds in his product portfolio, and tel€e.

Attribute Selection

Mutual information of the dependent variables witie
target variable was chosen as a useful ranking adetiihe
following attributes were selected as relevant:

e Customer segment (0.047 bit)
Number of products (0.036 bit)
Overall balance (0.035 bit)

Loyalty (0.021 bit)

Customer group (0.016 bit)

Balance on private account (0.014 bit)
Age (0.013 bit)

C. Induction of Membership Functions

Using the method presented in section lll, for eatlhe
relevant attributes the fuzzy restriction corregfing to the
likelihood of having investment funds was inducéd.the
following section, the induction processes for tegarical and
a continuous attribute are described in detail.

As first example, in the domain of the categoriatifibute
“customer segment” (¥, there are four values “Basis”,
“SMB”, “Gold” and “Premium”. For customers who hawet
yet bought investment funds, the aim is to defirdegree of
membership in a fuzzy restriction on the custonegnment
domain in order to classify them for their likeldto buy that
product in the future.

The frequencies and conditional probabilities aesented
in Table 1. The first column indicates the custosegment.

Column Y=1 contains the number of customers of each

segment who have bought investment funds. Colum@ Y=
contains the number of customers of each segmeathakie
not bought that product.



Table 2: Optimization of the gamma parameter foitivariate fuzzy
1 aggregation
0.9 1
0.8 1 I0Y;Y") I(Y;Y'=1) |LR(Y'=1)
é g:;: Gamma = 0 0.018486 0.4357629 6.7459743
% 05 Gamma=0.5| 0.0185358 0.4359879 6.7488694
% 0.4 Gamma=1 | 0.0209042 0.4787567 7.2359172
2 0.3+
8:?: Categorical variables were transformed using a case
0 differentiation statement. For example, the attébicustomer
Basis SMB Gold Premium segment” was transformed using the following SQmownd:
Customer Segment

select case

when customer_segment = 'Basis' then 0.31
when customer_segment = 'SMB' then 0.52
when customer_segment = 'Gold' then 0.74

[ @ NLR — F(9 = 0.71/(1+EXP(7.1-0.80*LN(x+1)))+0.09 | when customer_segment = 'Premium'’ then 0.86
end as fuzzy customer_segment

from ads_funds

Figure 3: Membership function resulting from indoct for the categorical
attribute ,customer segment*

Continuous variables were transformed using a fonct
expression. For example, the attribute “overallabek” was
fuzzified using the following SQL expression:

Fuzzy Restriction

select

0.71/(1+EXP(7.1-0.8*LN(overall_balance + 1)))+0.09
as fuzzy_overall_balance

from ads_funds

0 T T
0 50'000 100'000 150'000

Overall Balance

Figure 4: Membership function resulting from indioct for the continuous

atribute ,overall balance E. Multivariate Fuzzy Classification of Data Elements

According to formula (1), the membership degree of The individual fuzzy attribute domain restrictionsre then
segment “Basis” in the fuzzy restriction was induced as aggregated to a multivariate fuzzy class of custsm

follows: This was done using an SQL statement implementieg t
gamma operator defined in equation (3). In ordetefine the
L1, ("Basig) = p(X,="Basis|Y =1) gamma parameter, different performance measurese wer
h p(X, ="Basis'|Y =1) + p(X, ="Basis'| Y = 0) calculated. As shown in Table 2, a gamma of 1,esponding
038 . to a algebraic disjunction or full compensation,swaost
= 038+082 0327 NLR.,("Basis) successful.

Thus, the multivariate fuzzy classification was fpened

The other degrees of the membership were induc&§ing the following SQL statement:
analogically. The resulting values are shown bylddb in
column NLR. The corresponding membership functisn i Select
illustrated by Figure 3. (1-fuzzy_number_of_products)
As second example, for the continuous attributeetalt * (1-fuzzy_customer_segment)
balance” the membership function was induced in the * (1-fuzzy_overall_balance)
following way: First, the NLR for deciles of thetrthute’'s * (1-fuzzy_loyalty)

domain was calculated analogically to the previewample,  * (1-fuzzy_age) _

represented by grey squares in Figure 4. Thenpetifin A / * (1-fuzzy_balance_on_private_account)
(1 + exp(B — C In(x + 1)))+D was fitted by optimigj the * (1-fuzzy_customer_group)
parameters A to D using the method of [13]. Theultes ) as multivariate_fuzzy_classification

membership function for the customer overall batans from ads_funds

shown as a line in Figure 4.
As a result, a fuzzy class of customers was cdkedla
D.  Univariate Fuzzy Classification of Attribute Values ~ Whose degree of membership indicates the prodfinityffor
investment funds and represents a product affsityre. This

Every relevant attribute of the original data Sedsw can be used in individual marketing for defininggit groups
transformed to a fuzzy membership degree using SQér different products.

(Structured Query Language) directly in the databas



Table 3: Resulting product selling ratios per targeoup

Test group Y=1| Y=0 | Sold products
1: Fuzzy classification 31| 4939 0.63%
2: Crisp classification 15 5037 0.30%
3: Random selection 10 5016 0.20%

F. Model Evaluation

In order to test the resulting fuzzy classifier, pdot
marketing campaign was performed using the resufiizzy
target group. A target group of 5000 customers vitik
highest membership degree was selected from thay ftlass
using an alpha cut (test group 1).

As a comparison, 5000 other customers were selesied a
crisp classification (test group 2), using the deling crisp
constraints:

»  Customer segment in {Gold, Premium, SMB}
e Customer_group =50 Plus

* Loyalty > 14

*  Number_of_products > 1

* Age between 35 and 75

» Balance on private account > 3000

*  Overall balance > 20000

Third, 5000 customers were selected randomly @estip
3). To each of those 15000 customers, an onlinerdidgment
for
campaign, the product selling ratio within threenths was
measured. The results are shown in Table 3. Theupto
selling ratio for the target group selected by ttde fuzzy
classification was the most effective.

V. CONCLUSION

A methodology for an inductive fuzzy classificatiovas
introduced. The induction process consists of geimey fuzzy
restrictions on attribute domains from normalizéetlihood
ratios.

An individual marketing campaign using fuzzy induet
target group selection showed that fuzzy classiboaded to a
higher product selling ratio than crisp classificator random
selection. In the case study, Inductive Fuzzy fiaation’s
predictions of product affinity were more accur#tan those
of the crisp classification rules on exactly thensaattributes.
The conclusion is that in comparison to crisp dfecsgion,
fuzzy classification has an advantageous featwat l¢ads to
better predictive performance.

Further research could encompass the followingeissu

'

investment funds was shown. After the marketin

conventional prediction techniques. Evaluationhaf t
mechanism how fuzzy classification provides more
accurate prediction results than crisp classificati

» Development of a conceptual framework for business

applications of fuzzy predictive analytics in the
context of information systems research.
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