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Abstract

Traditional views of business intelligence haventyafocused on the physical and human aspects of
the organization. This paper tries to show thatavrinformation view of business activities can make
platform for developing business intelligence angport performance management. To do that, the
paper proposes a new framework that can be usqadeide high level of business intelligence for
performance management usage. The framework intesda hierarchy of performance influencers
and a new methodology for managing them. The newadelogy introduces a holistic view towards
data mining concepts. The framework can be sergeal l@ueprint for the companies which use any of
ecommerce business models.

Keywords: Business Intelligence, Data Mining, Performancanilgement

1.0 Introduction

In this paper, a new enhanced E-Business Analytii@mework (EBAF) is
introduced that employs a new proactive data miajpgroach. This framework helps
to improve performance and serves as a practicepbht for any Small Medium
Enterprise (SME) wishing to enhance its CustomdatiReship Management (CRM)
and lead generation, and will give competitive adages to SMEs that utilize this
framework. EBAF presents a conversion model asnaplee for wide range of
business models to create layers of required mimsingctures. EBAF is highly
scalable and can be extended to be even more usdfig enterprises. The approach
is more business-driven, rather than current soévdaiven ones (Fernandez, 2011).
Business data is the heart of the methodology. rf&ssi transactions are producing
huge amount of business data on a daily manneryBvebsite hit, every webpage
visit, and every credit card payment, are updatialyies and creating new rows in

Online Transactional Processing (OLTP) databaseda Btreams and high-speed



generated instances of data have attracted attenfidghe data mining community

over the last decade to develop new techniques niprove organizational

performance of commercial enterprises (Gaber, 20Y¥2hereas companies are
constantly searching for strategic methods in ofdestay competitive, the huge
amount of the business data seems to be a goodrecestor achieving this goal.

Companies that conduct similar business activiteaborate with each other by
sharing databases to gain the mutual benefit (isaB009; Dai, 2010; Rahbarinia,
2010). Various techniques of data mining have l@esented by a variety of tools to
effectively analyze these huge amounts of storedti@aming data (Wang, 2008).
Data mining is a step further than data warehouaijeven knowledge discovery in
database process (Shearer, 2000). Whereas dathowsireg is simply a method for
organizing the data, data mining is a databasdcabipin that can take advantage of

data to find hidden patterns and unknown relatigpss(Bertino, 2005).

The paper introduces and explains the new multiladega mining approach. A
multilayer data mining methodology needs multilay@ning structure. To identify
the components of these mining structure layeesptiganization should be analysed.
In fact traditional views of business activitieikel that of Kotler and Kelly (2006)
have mainly focused on the physical and human #spEcthe organization. The
information view of them started getting concepizead with contributions from
Holland and Naude (2004), Jayachandran et al. (28@% Kumar Kar et al. (2010) by
emphasizing on marketing activities. An analysisdobon this point of view, resulted
in a new multilayer mining structure concept. Thiricture can be a platform for a
new multilayer data mining model. The multilayertalanining strategy can be
generalized and utilized in any kind of organizatito provide high levels of

optimization.

2.0 Holistic Data Mining View

The proposed methodology for enhancing organizatigrerformance includes a
procedure based on a new data mining concept. Fdeep perception of the
procedure, mining structure and mining model teolugies must be clearly defined.
Mining structure generally specifies the number gk of attributes and optionally

partitioning the source data into training anditgssets. Data mining structures can



even contain nested tables to provide additiontdiddn EBAF mining structures,
EBAF conversion model components are being usedats source to prepare the
structure for the middle layers of optimization.

Whereas mining structure stores information abbet data source, mining model
stores information derived from statistical progegsof the data. Multiple mining
models can be derived from a single mining strigctuEach mining model includes
bindings, metadata and patterns. The bindingsatteastored in the model point back
to the data cached in the mining structure. Ifdaga has been cached in the structure
and has not been cleared after processing, thadegs enable to drill through from
the results to the cases that support the resiits.metadata includes a list of the
attributes from the mining structure that is useduaild the model, the description of
optional filters that are applied during processd @ahe algorithm that is used to
analyse the data. It also includes the name ofiritbdel and the server where it is
stored in. The main content of mining model i.attgrns, can be in quite a few forms
such as if-then rules that describe how objectsyaraped together in a transaction,
decision trees that can segment objects into groopghematical models with
equations that describes patterns and can be aosfedetast the future, and a set of
clusters that define the characteristics of objecthe dataset.

In the proposed model which we name it multilayatadmining, a business is
modelled into a multilayer data structure in whievery layer can include several
mining models involving various mining algorithmihe outcomes of each layer of
mining models will be included in the mining struets of the next layer. Source data
used in first layer data structures depend on tistnlkess model of the company. In a
purchase business model, first layer of miningcétmes can be generated from the
leaf level data such as company’s products andcasrdata, customers’ demographic
data, geographic data, behavioural data, recemegluéncy/ monetary transactional
data, preferences/ interests/ hobbies data, psyabloig data, propensity model, and
media interaction data. In a bottom-up processt kyer of mining models are being
produced. Based on these models, first layer oinbas conversion rate influencers
which are introduced as EBAF conversion model camepts can be individually
optimized. At the second layer of mining structurg®se components are used as
datasets to optimize the whole performance of tigarazation. The point in EBAF
optimization is that conversion model componentshsas social media marketing,

traditional media advertising, email marketing, iSaEngine Optimization (SEO),



Pay Per Click (PPC) and other influencers on bussinefficiency which are
individually optimized through previous data minipgocess are the inputs of next
layer of data mining algorithms.

The number of mining structure layers in the pra&gomethodology depends on the
size of the business. For a small scale commecoialpany, we may organize the
business influencers in fewer layers, but for aehewgterprise, probably more layers of
influencers are needed to be constructed. Figolvsta sample of layers for a smaller
business at the left side and for a bigger onkeatight side. For the smaller business,
the demographic data has been used in building l&ser of mining structures to
enhance social media marketing activities of themany. The resulted social media
marketing in turn has been used in optimizing r&d@nactivities. But for a bigger
company, as shown at the right side of the figure may use the demographic data
as first layer of mining structures for increasthg effect of individual social media

marketing components.
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Figure 1. A large-scale company may need mor e layers of mining structures

Web 1.0 was the one-way interaction the user hdd wiwebpage. People view a
webpage and that's it, moving onto the next pageb \®.0 is now the two-way

interaction a user has with a website. People \@emebpage but now they can place
content onto the site and see what others are dding modern Ecommerce, a
successful business knows that how user generatadrt in social media channels
and online communities can help to push forwardntet generation of ecommerce.
The new important feature of Ecommerce is its Béty in communication between

companies and customers. Unlike traditional ecomeavhere the same message

tends to be broadcast to everyagragrge of mass customization lets the companies to



deliver customised content to groups of users. tamle and Twitter marketing are
shown in the figure as examples of these socialian@drketing influencers. By the
term social media, we mean the web-based appligtar channels for social
interaction, compare to industrial or traditionaledra. Generally, social media
marketing components which can participate in goting a new layer of mining
structures are blogs, social news services, sawavorking services such as
Facebook marketing and Twitter marketing, commutitylding services such as
forums and wikis, social media sharing serviceshswas YouTube, social
classifications services and folksonomies like Dil.us as a social bookmarking
service. A web service is a website that is deslgode used by programs rather than
by people. The power of web services comes whepatase service providers are
combined in mashup or different services of onevipler combined in remixes. Both
words originated in the music industry. We then musg the results of applying
related mining models in constructing a new layemining structures to enhance
social media marketing strategy of the company agale. This optimized social
media marketing analytics then can be used in @eamour to increase retention
efficiency of the company.

The inspiration in multilayer data mining methodpjariginated during optimization
process of a multivariable business environmerd,then developed by an academic
research project. Multilayer data mining modelugadtional in enterprises with any
size, and obviously bigger enterprises might neetenfayers to reach the desired
point.

3.0 Contextual Study

A five-stage conversion model including awarenessjact, engagement, conversion
and retention phases is proposed to help identiiy-level mining structures in
business domain. A simple overview of EBAF conwarsinodel is presented in Fig.
2. We desire each phase to have the highest pessditl because they also act like
funnels that each one feeds into the next. Ineificawareness activities prevent the
target audience know about the business servioefficient contact activities will
limit the traffic to the site. An inefficient welisiwith low conversion rate will restrict
the number of customers. Inefficient retentiondalup activities will fail to extract

additional value from the clients (Dimitriadez, )0



In addition to a conversion model for dealing withsiness activities, a model for
assessing the success of the ebusiness is alsedndéxt left side of the figure shows
how EBAF classifies the people to six main stataigs, target audience, aware target
audience, unique visitors, active unique visitastors, and finally the clients. A
person in target audience may progress to a chieé after traversing the required
pathways. Some of these states groups may be ditadmitial and repeat subgroups

to provide more accurate assessments.
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Figure 2. Simplified Proposed Conversion M odel for Building Middle Layer Mining Structures
According to this classification, five efficiencpefficients can be defined: awareness

efficiency, contact efficiency, engagement efficgn conversion efficiency, and
retention efficiency. Necessary efficiency variabléefined in EBAF conversion
model are shown in the table.

Table 1l - EBAF Conversion M odel Variable Definition

Variable Meaning Description

Q Target Audience Number of potentially interested people with Web

access at which the marketing message is aimed.




Q Aware Target Number of potentially interested people with Web
Audience access who are aware of the site.
Qir Repeat Aware Number of potentially interested people with Web
Target Audience access who has also been aware previously and are
reminded again. This factor is important because people
forget, and a successful marketing campaign should
continuously revisit them.
Qs Total Aware Target It's simply Q; . Qi
Audience
Q, Unique Visitors Number of individual visitors. A visitor, who hits the site
for several times in an interval, is considered as just one
unique visitor.
Qar Repeat Unique Number of unique visitors who has made at least one (or
Visitors a certain amount) previous visit(s) to a website.
Qs Total Unique It’s simply Q; . Qur
Visitors
Q; Active Visitors Number of unique visitors who are engaged.
Qar Repeat Active Number of unique visitors who has made at least one (or
Visitors a certain amount) previous engaged visit(s) to a website.
Qs Total Active It’s simply Qs . Qs
Visitors
Q, Actors Number of visitors who have fulfilled the desired action.
Qur Repeat Actors Number of actors who has made at least one (or a
certain amount) previous act(s).
Qs Total Actors It’s simply Q. Qs
Qs Clients Number of loyal customers

This analytic model also highlights the key metotsawareness, contact, conversion,
engagement, conversion and retention efficiency.

3.1 AwarenessEfficiency

The first stage of the model, awareness efficiemepresents the effectiveness of
marketing endeavours to aware people of the ebssin&wareness efficiency is

defined as total number of aware target audiencigletl by total number of target

audience.



number of total aware target audience  Qis

Awareness Efficiency = = —
y number of target audience Qo

By the term awareness we mean marketing activitiesiddle layer mining structures
that inform the target audience about the ebusipesducts and services. These
activities target the first stage of the EBAF atiakymodel which is illustrated at the
left side of the fig. 2 and increase awarenessieffcy. Damani and Damani (2007)
illustrate and describe pros and cons of 21 diffemvareness channels including
traditional TV commercials, on-demand/ IPTV comnms; radio, Internet radio,
podcasts, traditional outdoor, interactive outdo@wspapers, magazines, direct mail,
public relation, ambient or guerrilla marketingdastreet graffiti, traditional online
banner, behavioural media banner and rich mediadyatnat can even allow full
shopping within the banner, organic search engipgmization, pay per click,
affiliates, email to Internet list, email to 3rdrpalist, SMS, RSS. Still there are
additional channels including widget and gadgetketamg, micro sites, and viral
campaigns. These are good candidates to be optintiweugh data mining models
and then being included in mid-level mining struetito provide more business
intelligence.

3.2  Contact Efficiency

By the term contact, we mean marketing activitied fire identified to be influencers
to ease it for aware target audience to hit thesitelor generally contact the business.
In an ecommerce case study, we define contactiesflig as total number of unique

visitors divided by total number of aware targediauce.

number of total unique visitsors Qzs

Contact Efficiency = =
Y = umber of total aware target audience  Qis

There are increasing numbers of channels thattarested consumer can contact the
business. For example, usage of mobile phones bas extended from voice
communications to the internet. An increase in msittn of mobile internet
technology and development of m-commerce applinatidias opened great
opportunity for mobile service users. In Internikaienel of contact, activities such as
enhancing server speed and bandwidth, choosingbdeiihames for the site that can

be easily guessed, using multiple names, affiljtegrams and embedding hot links



in sponsored websites, banner ads on search engindsorganic search engine
optimization are of most importance. An affiliateogram is defined as a form of e-
marketing that pays the affiliates for driving fratto the advertiser or for subsequent
transactions. By an affiliate program we usuallyame form of pure-commission
selling. The affiliate website directs a visitoraavebsite or landing page.

Channel integration approach is essential for esg®f the business. That means
from the customer's perspective, all contact chiarere gates to the same place and a
multi-channel retailing is just a single retail angsation that has multiple touch
points, in the form of call-centre, physical stomgil, interactive TV, main website,
web service, kiosk, and mobile. Although every ctednhas its own cost, but
customers are willing to see similar prices acrbsgshannels. This enables them to
research the product online and pick the itemsugp Iocal store. Some retailers have
solved the problem by launching channel specifanils, so they can compete with
increasing online competition without affectingaiéstore prices.

3.3  Engagement Efficiency

Many of the website visitors may leave it immediatdter viewing the landing page.
According to a report by Palmer (2010), a website average has less than 10
seconds to capture the visitor's interest. Engageraéficiency is defined as total

number of active unique visitors divided by totahtber of unique visitors.

number of total active unique visitsors  Qss

Engagement Efficiency = =
gas 4 number of total unique visitsors Q2s

By the term Engagement, we mean identified actigito engage the unique visitors
and prevent them from getting back. We define tleesgaged page viewers as active
visitors. Although the operational definition of active visit is to some extent
dependent on the business model, the distinctiaéurfe of it is some interaction
between the surfer and the webpage that could Isemgde as viewing the offers or
querying a database.

There are some activities that may be useful toeame engagement efficiency,
including landing page optimization, and site natign optimization. A landing page
is the point at which an Internet visitor landstba website. The landing page can be
part of the main corporate website. It may be thié page or even might be several
layers deep within the website. They also can bgar of a microsite which is
specifically designed for a single audience or psep Landing page optimization



includes upgrading web servers to increase banbyikikyword follow-through,
multiple browsers and screen resolution testingatong trust by illustrating press
recognition and awards. Site navigation optimizatiactivities include keeping
navigation consistent, keeping navigation clearusing path indicator and history
browser, prioritizing navigation links, and offegira variety of navigation themes to
visitors.

Internal site search optimization is another waynirease engagement efficiency.
While most visitors impatiently go straight to sgearch, a study by Palmer suggests
that internal site search users convert 3 timetehb#tan users who don't use search,
assuming their query returns relevant results (2010

34  Conversion Efficiency

Conversion efficiency is defined as total numbeactors divided by total number of

active visitors. An actor is a visitor who perforthge desired action.

number of total actors Qas

Conversion Efficiency = _ — = —
number of total active visitors  Q3s

Conversion stage deals with strategies and aetivitiat are identified to be effective
to persuade the active visitor to take the desarettbn and can be used in related
mining structure. Some of the most important stjig&eto improve this coefficient are
customer journey optimization, copy optimizationpck management, behaviour
targeting segmentation, space management, prodget gptimization, and checkout
process optimization.

In an ecommerce website, products cannot be toudtasidd, or tested, but there are
tactics and strategies that can be implemented@mproduct page to increase visitor
engagement and help to convert them into actorsayMaompanies think about
website segmentation as a complex, sluggish, and-¢onsuming project, but it
doesn’t always need to be. At its simplest forne, &lctive visitors can be split up to
first time and repeat. This can be realized by @MW f the visitor is a repeat, we can
promote the product page of new or complementaigriofys or special promotions
targeted toward existing customers. In a produgepaptimization, up-selling, down-
selling, and cross-selling can be considered. Ulprgemeans selling higher priced
products or services to the customer who is consigl@ purchase, instead of the one
he wanted to purchase (Jain, 2010). Down-sellingsisd when the customer, for

some reason, decides to back down from the purchatieis case we can offer him a



cheaper product, which has higher chances of battgpted. The goal here is to
acquire a customer. Even if we will not profit asigh as possible right away,
eventually it will increase the overall profit margCross-selling is a technique in
which the salesperson recognizes what a customgmexad and makes suggestions
or recommendations. Cross-selling can be as siagthe waiter asking the customer
if he wants a salad to go with his main course. uhate cross-sell product
recommendations based on past or current purchagkesncrease conversion.
Although cross-selling is usually used to increthseprofits, but it can also be used to
solidify the relationship with the client and widéne customer's reliance on the
company as an assured resource and decreasediiteoliki of the customer switching
to a competitor. The database of items you prowrdeell should be organized with an
affinity link that identifies them as possible csesell items for another product (Lau,
2004). As another attempt to optimize product paggny ecommerce websites have
implemented technologies to allow zooming and chrapgngles in the product page
to help the customer feel a better shopping expegie

Checkout process optimization is of highest impmé&ain this phase. Surprisingly,
some ecommerce websites permit cross-selling arskllipg activities in checkout
page. These activities should be avoided in tlligestEmphasizing on security, auto-
detecting credit card type, user friendly creditdcarrors, security code explanation,
disabling finalize order button immediately afténst click to avoid double billing,
shipping time estimates, and the ability to bookmiaceipt page, produce better
results in checkout process optimization.

Companies should seriously consider periodic A&ing, multivariable testing, user
testing, consultancy and expert usability revieeat abandonment analysis, pinch-
point analysis, customer feedback reviews and ensuorveys to scrutinize their
ecommerce website and proactively prevent any gumgonversion efficiency.

35 Retention Efficiency

The last, but probably the most important stagéhermodel is customer retention.
Customers are the key asset of any organizationcantpanies should plan and
employ a clear strategy for retaining them (ZineldRO06; Almotairi, 2008).
Retention efficiency is defined as total numbecieénts divided by total number of

actors.

number of clients Qs

Retention Efficiency = = —
y number of total actors Qs




In recent years, commercial companies are puttingnnmore emphasis on Electronic
CRM (ECRM) as a tool for managing customer relaiop and to increase customer
satisfaction and loyalty (Azila, 2011; Chang, 20Q@@mnio, 2006, Khalifa, 2005). A
mining model based on transactional segmentati@mintie significantly effective in
the field. Social media communication strategiesaso proved to be effective.
Assuming Qs = Q and Qs = s, An overall average efficiency indexy, which can
be thought of as a summary of the process, carfised:

ul| =

Average Efficiency = nav =

5 .
; QQi;-1

This overall average efficiency factor can be wtagh This happens when some

points of waterfall model have more importanceha business model. For example
visits to the website may be considered as the most impioctiterion of its success.
So a weighted average efficiency index is defingaiplying coefficient:

5
Z wiQis
) Qis-1

Weighted Average Efficiency = nwav =

ul| =

4.0 Empirical Study

Sample data mining models including logistic regi@s, time series regression,
association rule, naive Bayes classification, dndtering segmentation, are selected
(Yang, 2006; Kozielski, 2009) to clarify and suppdhe idea. While different
algorithms can be used to perform specific busitasiss, the challenge is to choose
the most appropriate one. Each algorithm producesffarent result, and some
algorithms can produce more than one type of red&lilhough in a real situation,
each layer of mining models may utilize variousadaining algorithms for achieving
better optimization, in this paper for simpliciiy, each layer only the results of one
specific algorithm is mentioned.

4.1  Logistic Regression Model

The first regression model evaluated in experimesitiady is Logistic regression.

Logistic regression is a regression technique ihaiptimized for binary models in



which dependent variable refers only to two vamgablExamples of these yes-no
models can be expressed as response to questengslithe customer loyal to the
business? Is the customer a high value customeit2h&icustomer buy this product?
In these cases, when the dependent variable refexgo values, standard multiple
regression cannot be used. In this algorithm, astoamation of the dependent
variable is going under prediction. This transfotiora is called the logit
transformation (Gorunescu, 2011). We mention th@siormation as logit (p) and
define its formula as: Logit (p) = Ln (p/ (1-p))L=A (p) — Ln (1-p). In this formula, p
is the proportion of objects with a certain chagdstic e.g. the probability for a
customer to remain loyal to a company or brand. [Blgestic transformation of any
number of z which like probabilities, always takesvalues between zero and one, is
given by the inverse-logit: Logistic (z) = Logiz) = exp (z)/ (1+exp (z)) = 1/ (1+
exp(-z)). As fig. 2 shows, the value of the transfoapidly approaches to zero or one,
making the transform suitable to be used in bimaegictions.

1 S—

|
0 2 4 6

Figure 3. Logistic Transform

Now a Multiple Linear Logistic Regression can béired as: Logit (p) = b0 + b1*X1

+ b2*X2 + ... + bn*Xn. The probability p of outcomenable can be derived by the

1

equation: p =——g e - AS an example, the researcher evaluates the

algorithm in optimizing a loyalty program. To minize the cost, logistic regression
algorithm is used to predict the outcome of thevagtfor each customer. Minimum

requirement for determining threshold include fgtesitive cost, false negative cost,
true positive profit, and true negative profit. Shevalues help the algorithm to find

out the best threshold to maximize profit, as shawig. 4.
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Figure 4. Binary Prediction by L ogistic Regression Algorithm

This threshold later will be used to evaluate maxdtomers and predict about them.
The figure also shows a table of relative impaatadth influencer factor in prediction
report. This table is just for getting a better ewrsanding about the process. A small
relative impact like having only one child showsttlihe related factors has only
marginal effect on prediction. A zero relative impéke having no children shows
that the factor does not affect the outcome. Adiaetith big relative impact like
having more than one child is a strong indicatat the influencer is effective. The
threshold obtained from profit diagram then can used in companion with a
calculator form for each object. Each factor in them has a point assigned to it
which has derived from the analysis by logisticresgion algorithm. If the total score
reaches the threshold, the marketing activity wanddsuccessful.

4.2  Time Series Regression Model

Integrating time dimension into other EBAF compasédmelps to create a much more
efficient business framework. In this experimerstaldy, Demand Planning process is
being considered using Time Series algorithm. Tigorithm is another type of
regression algorithms that is optimized for theebarsting of continuous variables
such as sales, profits, temperatures, product sakteck prices and so on. A time
series is a sequence of recorded values at regudavals, such as yearly, monthly,
weekly, daily, and hourly. Time series algorithmsdlves in complicated difference
equation (Keogh, 2005; Chiu, 2003).

There are two main goals of the time series amalysist goal is forecasting possible

future values, starting from the observations alyeknown data. Second goal of



analysis is identifying the nature of the phenommeno obtain insights into the
mechanism that generates the time series. A timessmodel can be decomposed
into trend component T(t), cyclical component C&gasonal component S(t), and
random error of irregular component E(t) (Gorunegfi1). The trend is a linear or
non-linear component, and does not repeat witha ttme range. The Seasonal
component repeats itself in systematic intervalerdime. So an additive model of
mentioned components can be expressed by thisiequait)= T(t) * C(t) + S(t) +
E(t). The next figure shows a mix of resulted répan which a visual representation
of the forecasted values (the dotted lines) isldigul, as well as the highlighted

forecasted values that are appended back to thmardata source.

200911 £117,684.89 £182,154.21 £115,378.50
200912 £228,304.01 E311,473.65 £11,524.95
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201002 £198,44.14 £205,32.11 £108,539.53
201003 £182,128.01 £214,584.07 £110,859.52
201004 £182,254.21 £214,609.07 £117,619.49
201005 £184,774.20 £405,993.24 £103,849.55
201006 £295,483.72 £115,249.50
£184,306.03 £85,701.65
7 £85,885.22 R
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£85,834.37 {1
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Figure5. Forecasting Resultsusing Time Series Regression Algorithm

4.3  Association Rule Model

As discussed before, different data mining modela be used in each mining
structure layer to provide more enhancements. kamele we used association rule
algorithm in EBAF first layer in two important remonendation engine and market
basket analysis subjects. Association rule algmsthcan discover correlations
between different attributes in a dataset and éodasired itemsets and rules (Wang,
2010). Itemset is a group of items in a case @ fransaction. An association model
consists of a series of itemsets and the rulehenX>Y form that describe the
mutual relationship and interdependence betweaensitevithin the cases.

4.4  Naive Bayes Classification M odel

In the second layer of enhancement, the dataséwdex items that have been
previously optimized as targets. In a case studiassification model is used for this
layer. Decision tree algorithm and Naive Bayes u@llgm are most important



classification algorithms. Given an object withriatites {Al, A2... An}, we wish to
classify it in class C. According to Naive Baseoalitnm, the classification is correct
when the conditional probability Pr(Ck|Al, A2... Areaches its maximum among
other classes. Based on Bayesian Theorem, we Ra{@€jAl, A2... An) = Pr(Al,
A2, ..., An | C)) * Pr(Cj) / Pr(Al1, A2, ..., An). gsuming mutual independence of
attributes for a given class C, results: Pr(Al, A2 An |C)) = Pr(A1|Cj) * Pr(A2|Cj) *

.. * Pr(An|Cj).

By estimating all the probabilities Pr (Ai|Cj) faH attributes Ai and classes Cj, a new
object can be classified to class Ck if the prolitgbassociated to it is maximized

among the other classes:

Pr(Ck) * 1_[ P r(Ai|CK)
i=1

One of main advantage of this algorithm is thataih easily handle irrelevant input
attributes. Other advantages include robustnessndise and missing values
(Gorunescu, 2011).

The input attributes through the case study arepoments of a low level of
conversion model components e.g. Facebook markasrg social media marketing,
Google Adwords as a kind of PPC, and organic SE€arcé® engines are the most
common tools that new visitors use to find a comyfmmebsite. PPC advertising
refers to a marketing activity in which a comparayp to a website owner if his
visitor actually clicks on the company’s advertiggmand is redirected to the ad link.
Email marketing is divided to two third-part andhouse solutions. Considering these
influencers, a dataset for a second layer miningcgire in an experimental study in
EBAF is shown in fig. 6:
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Figure 6. A Dataset for Second Layer of Mining Structures

When the algorithm analyse the data for identifyikgy influencers, it creates
predictions that correlates each column of data wie specified outcome, and then

uses the confidence score for the predictions eatity the factors that are the most



influential in producing the targeted outcome (ZiaB007). ID columns or other
columns that have a lot of unique values are nosidered in building the related
mining structure, but as Fig. 7 shows, leaf levafadiike customer’'s demographic,
geographic, and transactional data can be analysed.

Children 2 Facebook

First time Customer No Facebook
Children 5 Word of Mouth |
Children "3 v
Children i v
Yearly Income "70000 Google Adwords
Yearly Income "10000 Google Adwords
Purchase Amount >= 17836 Google Adwords
Yearly Income "80000 Magazine

urd] 5774-10280  Newspaper
10280 - 17836 Newspaper
65-77 Newspaper

Yes Third-Party Solution
"10000 banner
Gender Female banner
Age Discretized 54-65 banner
Yearly Income "30000 In-house Solution
Purchase Amount 1860-5774  In-house Solution
Yearly Income "40000 Blog
First time Customer No Street Graffiti
Yearly Income "60000 Paid Search Engine
Yearly Income 20000 Paid Search Engine
Yearly Income "10000 SMS
Yearly Income "10000 RSS
"70000 Forum
"70000 Youtube

31-42 Radio
"40000 Radio
Purchase Amount 1860-5774  Radio

Figure 7. Key Influencers | dentification by Naive Bayes Algorithm

In a Naive Bayes model, all columns must be eitlierrete columns or be discretized
during data preparing process. That is becausaltweithm cannot use continuous
columns as input and cannot predict continuouseglif the input column contains
continuous numeric values, EBAF segments the neumeaiues into buckets. The
number of buckets to be generated is calculatagsing the following rule:

Number of buckets = sqrt (Number of distinct valoédata in the column)

45  Clustering Segmentation M odel

Third layer includes components that previously agded in second layer of
enhancement. As an example the dataset can comm&mshation about customers’
main awareness and contact channels. We chooseestgion technique as the case
study in this layer (Jin, 2006). During developiBBAF conversion model, the fact
that segmentation is extremely valuable in all ph@ases was revealed. It was also
discovered that any situation may need its spddrad of segmentation strategy.
Although segmentation, as a whole, is necessarg sarccessful awareness campaign,
transactional segmentation, as an example, maybaohelpful in that area but
definitely is very useful in increasing retentidffi@ency of a website. Segmentation

algorithms split data into groups, or clustersit@is that have similar properties.



Before applying the clustering algorithm as the msegmentation technique, it is

useful to explore the dataset.

Search Tradmonal Email Soclal Medla Other Ambient
Engine Media channels  Marketing

Figure 8. A Dataset for Third Layer of Mining Structures

Customers’ demographic data, geographic data, bmiraV data, transactional data,
and other leaf level data can be considered ircliigering model, but attributes like
ID, first name, last name, and email address shioelleixcluded from mining structure
because they have distinct values and do not hayveféect on analysis. Initial results
of applying algorithm shows the clusters and alsoas that which object belong to
which cluster. A category characteristics resulteeds valuable details about the
similarities in each category (Kogs, 2006). Theulssalso shows the relative
importance that indicates how important the atteband value pair is as a
distinguishing factor for the category. We woul@rrexplore the generated customer
segments in further detail to better understandttezall attributes of customers who
belong to this category (Chen, 2007; Gorunescu,1R0BEor this ecommerce case
study, Fig. 9 shows details about the cluster tbptesents most valuable customers.
This cluster was selected and scrutinized with ésgjlattention because finding out
about characteristics of this cluster helps in ionprg marketing campaigns and to

enhance the business.



Cluster Diagram | Cluster Profiles | Cluster Characteristics | Cluster Discrimination
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First time Customer No . |
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Contact Channel Physical Store ]

Amareness Channel details Organic Search Engine [ |

Amareness Channel Search Engine [ |

Purchase Amount 5774 - 10280 [ ]

Age 46 -56 |

“early Income 20000 [ ]

“early Income 30000 [ ]

Purchase Amount 1860 - 5774 I

Age 3045 I

Marital Status Married [ |

Amareness Channel Other channels [ |

Contact Channel Ecommerce Website [ ]

“early Income 70000 [ ]

First time Customer Yes [ ]

Purchase Amount 10280 - 17836 [ ]

Age 56 -E0 [ |

Amareness Channel details word of Mough [ |

Aoe <30 | A
< >

Figure9. Cluster Characteristicsfor the cluster that represents most valuable customer s

Segmentation algorithms, as well as other algmrithin this research, have been
widely used in business applications to supporisittat-making. It is important to
know that segments change over time as well agmess tend to change behaviours.
Therefore, the algorithms should be recalculatedaomore recent data source to
check for correctness.

5.0 Conclusion

It appears from the preceding discussions and ewpatations that the proposed
multilayer data mining approach to an ebusinessdr@ork may increase overall
amount of business intelligence that an enterprése gain. The concept contains a
new methodology and its associated mining strustarel mining models. The paper
used this novel methodology and introduced an apéichframework called EBAF, to
provide intelligence for SMEs and help them to geompetitive advantages. To
support the theory, an experimental study congjstihvarious algorithms applying
on different mining structure layers presentedrwvjgle a better understanding of the
concept and to be a proof of usability of the neathrndology. The next step of this
research is planned to integrate the methodologyrnultidimensional data and cube
structures and also deal with fast-generated degarss to support real time decision
making.
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