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ABSTRACT 

The ai rlin e industry is hi ghl y competiti ve, dynami c and subj ect to rap id change. As a result, 

ai rli nes a re be ing pushed to und erstand and quickly respond to th e indi vi dua l needs and wan ts of 

thei r customers. Most airlines use frequent fl yer incenti ve programs to win th e loyalty of thei r 

customers, by awa rding points that entitl e customers to various travel benefits. Furthermore, 

these airlines maintain a database o f th eir freq uent !"l yer customers. 

Customer relat ionsh ip management (CRM) is the overa ll process of explo iting customer- re lated 

informati on and using it to enh ance the revenu e fl ow from an ex isting customer. As pari o f 

implementing CRM, airlines use their freq uent !"l yer data to get a better und erstanding of the ir 

customer types and behavior. Data min ing techni ques are used to ex tract important customer 

information from available databases. 

Th is study is aimed at testing the applicati on of data mining techn iq ues to SUppOIt C RM activit ies 

at Ethiopian A irl ines. The subj ect of thi s case study is Ethi op ian A irlines' frequent fl yer 

program 's clatabase, which contai ns indi vidual !"li ght ac ti vity and demographic informatio n of 

more than 22,000 program members. 

The data mining process was divided in to three major phases . During the first phase, data was 

collected from different so urces, s ince the frequ ent fl yer da tabase lacked revenu e data, which was 

essenti a l for the study's goa l of identifying profitable customer segments. The data preparati on 
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phase was next, where a procedure was deve loped to compute and fill-in fo r missing revenue 

va lues . Mo reover, data integration and transformation acti viti es were perform ed. 

In the th ird phase, whi ch is model bu ilding and eva luation , K-means clusterin g algorithm was 

used to segment indi vidual custom er records into c lusters with similar behav io rs. Different 

parameters were used to run the c lustering algo rithm before atTiving at customer segments that 

made business sense to doma in experts. Next, decision tree c lassifi cation techniques were 

employed to generate rul es that co uld be used to assign new customer records to th e segments. 

The resu lts from th is study were enco uraging, whi ch strengthened the beli ef that applying data 

mining techniques cou ld indeed suppo rt C RM act iviti es at Eth iopian Airlines. In the future, more 

segme ntation stud ies using demographic in fo rmatio n and employing other clustering algori thms 

co uld yie ld better results. 
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1.1 Background 

Chapter 1 

Introduction 

Marketing is the process of planning and executing the concepti on, pncl11g, promoti on, and 

distribution of ideas, goods, and services to create exchanges that sati sfy individual and 

o rganizationa l objectives (McDaniel et.a!. , 1995). Nowadays, customers, that have rea l va lue to a 

company, a re at the center of marketing strategies. Accordingly, businesses ha ve found it 

essential to acquire new customers as well as retain those that ha ve hi gh va lue. 

The airline industry is complex, dynamic and subject to rapid change and innovation. Doganis 

(199 1) notes that the homogeneo us nature of the ai rline product pushes airlines into making 

costl y marketing efforts to try to differentiate their product from that of the ir competitors. 

One way that airli nes have used to win passenger loyalty is through "frequent-flyer" incentive 

programs (a lso known as customer loya lty programs or FFPs). Under such schemes, passengers 

are awarded points for each flight on a particu lar airline. As their points total builds up, 

passengers are entit led to increasingly attractive free flights or other travel benefits. 

According to Chandler (2001), FFPs are concerned with reward ing behav ior that is assumed to be 

loya!. A irlines later found o ut customers tend to fi xate on the rewards. Moreover, with many such 

programs, o ne rewa rd is gene rall y as good as another for a customer, thus creating costs for the 

company with no sustainable d ifferemiab le competitive adva ntage. 



Accord ing to most o f th e resea rch that ha ve been do ne with members of popular FFPs, it has 

been determined that only about II percen t o f acti ve members fall into a defined category as 

being ' loyal' (Chandl er, Ibid). The reason for thi s low figure is that custom ers usuall y perce ive 

the mi leage award ing airli nes as co mpani es o f convenience, rath er than as companies of care. 

Airlines ha ve started looki ng at the ' lifetime va lue ' of eac h customer so they know which ones 

are wo rth in vesting money and effort to hold on to and whi ch ones to let go. T hi s change in focu s 

from broad market segments to ind ividual customers requi res changes throughout th e enterpri se, 

but nowhere more than in marketing, sa les, and customer support (Berry et.a!. , 1997). 

Custoill er r eialiOllsliip mallagellleill (CRM) is the term used for th e overall process of exploiting 

customer-related informatio n and usi ng it to enhance the revenue fl ow fro m an ex isting custo mer 

(B igus, 1996). Customer segmentation , according to Bounsaythip (200 1), is the process of 

di vidi ng customers into homogeneous grou ps on the basis of shared or common attri butes, and is 

at th e heart ofCRM. 

Segmentation describes the characteri sti cs o f the customer groups (called segillelits or cluslers) 

within th e data. By determining similar c lasses of custo mers, more targeted comm unicatio n is 

poss ible, and market ing return on in vestment can be enh anced s ince marketing messages are 

acc urate ly reaching those customers most likely to respond. Furthermore, different marketing 

strategies can be developed that are more appea ling to members of the spec ifi ed group. 

Segmentati on req uires the co ll ection, orga ni za tion and anal ysis o f customer data. 

Ai rli nes, through interacti ons with their customers, generate vast amo unts of customer data. Data 

is be ing extracted from th e reservations, departure contro l, and sa les in formation systems. 
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Accord ing to Fickel (200 I), even though ai rlines have a vast store of customer information , th ey 

have not been ab le to put it to good use. 

Machine lea rning and statis tica l tec hn iq ues can be used to automatica ll y extract info rmation fro lll 

data. Data lIIining, whi ch is also referred to as knowledge discovelJl ill databases (KDD), is 

defi ned as the efficient discovery of va luable, non-obvio us infol111ation from a large co ll ecti on of 

data (Trybula, 1997). Data mining centers on the automated discovery of new facts and 

relati onships in data . 

The data min ing process invo lves the major activ ities o f understand ing the business, data 

co llecti on , da ta preparati on , model bui lding, eva luation, and fi nall y the deployment o f results. 

Accord ing to Two Crows Corporation (TCC) ( 1999), the data collection and preparation steps 

may take between 80% - 90% of the time and effort of th e entire data mining process. 

Usi ng data mining techn iques against databases with marketi ng in fo rmation is generall y referred 

to as database lIIarketillg, and it can be used in severa l aspects of the customer-business 

relat ionship (Bigus, 1996). Bounsaythip (2001) notes that data mining techn iques have been used 

to identi fy customer groups with high reven ue potential , se lect cri teri a for mailing li sts, and 

impro ve customer reten tion rate by identi fy ing customers who were li kely to switch to a 

competito r. 

According to Pritscher (n .d.), data mining and data analys is are prereq uisites to push C RM ahead 

in th e airline ind ustry. Pritscher ( Ibid) furthe r notes that know ledge about data mining techniques, 
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marketing stra tegies and a irline business processes need to be integrated to successfull y 

implement CR M. Even though C RM is not well developed in the airline busi ness, FFPs provide a 

wea lth of data , thus allow ing to get a better understanding of customer types and their behav ior. 

Ethi opian Airl ines (ETHIOPI AN) currently has a FFP named "ShebaMiles" wi th more than 

22,000 members. Data perta ining to an individual member's fli ght activi ty deta il s and personal 

detail s (li ke name, address, con tact, date-of-birth , etc .) a re stored in a database. Furthermore, the 

tota l member s ize increases as new members enro ll and ex isting members' data is updated each 

time there is a fli ght activity. 

T he researcher chose to study the possible app li cati on of data mining tec hniques to support C RM 

acti vities at ETHIOPIAN. The ava ilabili ty o f the FFP database with customers' in fo rmation, 

wi llingness of ETHIOPIA N to allow the study to be conducted , and the researcher's fam ili arity 

with th e ai rline were instrum enta l in decidi ng to proceed with the study. 

1.2 Statement of the p.-oblem 

Competit ive press ure is very strong in the ai rline business . The homogeneous nature of th e ai rli ne 

busi ness makes product diffe rentiation very d iffi cult and costly. As a res ult, a irlines have shifted 

the ir focus towards understanding th eir customers better that enables them to quickl y respond to 

their indi vidual needs and wa nt s. 

ETHIOPIAN cu rrentl y has a FlOP (ca ll ed ShebaMiles) in order to increase and award th e loya lty 

of its customers. The key program features a re mil eage accru a l (where members can ea rn mil es 

for air travel) and mileage redemption (members can spend mil es for a ir travel), both on 
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ETHIOPIAN. Therefo re, the 'currency' of th e FFP is mil es. Furthermore, the program is also 

used to identify customers with ' hi gh va lue' and provide them with spec ial benefits and services, 

such as access to lounges and free upgrades to an upper cab in . 

Currently, 'customer val ue' is based on mi leage. However, accord ing to Pritsc he r (n.d .), mil eage 

is not a good meas ure of customer profitabi li ty. Furthermore, since FF data are co ll ected onl y for 

admini strative purposes, mo netary meas ures (which are re levant for CRM) are miss ing. 

The C ustomer Loya lty Department (CLD), which is managing ETHIOPIAN's FFP w ith over 

22 ,000 mem be rs, has embarked on bui lding a C RM environment. The CLD peri odica ll y 

ad verti ses specia l promoti ons to ShebaM il es ' members, where members eal11 bonus miles over 

and above th e usual num ber o f base mil es if they can fl y on one or mo re of the specia l 

promotional fli gh ts. These promotio ns are adverti sed to a ll members, irrespective o f whether 

these promotions apply to them or not. In add ition to the additional promotiona l costs incurred by 

advertisi ng to members fo r whom the promotions do not appl y, members co uld get th e 

impress ion that the ai rline does not know them, and that th ey arej ust getting 'junk ma il. ' 

According to Chandler (200 1), 80% of a company's revenu e comes from 20% o f its customers. 

Furthermore, it costs more to get a new customer than to retain an ex isting one. If members that 

a re more va luable in terms o f their reven ue contribution co uld be identifi ed , the C LD co uld 

design spec ial marketing strategies that wou ld engender th eir loyalty to the ai rlin e. Furthermore, 

a separate st rategy co uld be devised to make the rema ining members more valuab le . 
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The C LD al so wa nted to know wheth er va luab le customers were be ing le ft unrewa rded whil e less 

va luable ones enjoy pri vil eges. The program's currency being mere mil es, th e C LD needed new 

information to better manage members. 

The CLD va lidates that correct flight activity informati on is upl oaded into the database da il y 

(both automated and manual), handles members' queri es (te lepho ne, e-mail , and fax) , and 

periodi ca ll y sends out statements to its members rega rding the ir account mileage balance. With , 

more than 91 ,000 records o f members ' fli ght acti vity da ta, whi ch is stored in its database, it has 

not been poss ibl e fo r the C LD to anal yze its member data and ga in better insight into the 

behav ior and preferences of its members. 

1.3 Justification 

In today's competitive airl ine business, ETHIO PIA needs to understand its customers better, 

and q ui ckl y respond to its customers' indi vidual needs and wants. Furthermore, it wa nts to fo rge 

its C RM acti vit ies forward , whi ch inc ludes retaining custom ers that have hi gh va lue, and 

acquiring new ones. 

According to Pritscher et.a l. (n.d.), CRM in the airline industry is rather at a starting point. 

Pritscher continues, a wea lth of data is ava ilable from airlines' FFPs, which leads to better 

understanding o f customer types and behav ior. 

ET HI OPIA 's CLD has a customer database, whi ch conta ins information on the over 22,000 

ShebaM il es members, that inc lude their fl ight ac ti viti es, demograph y, and their current status in 
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the program. These data need to be anal yzed in order to find information that could help develop 

new business strategies and opportun iti es. If found , thi s information ca n increase the share of 

wallet for eac h customer and enable the C LD save costs by focu sing on more targeted 

promotions. 

Data mll1l11g, according to Bounsaythip (200 1), can hand le large amounts of data and ' lea rn' 

inherent structures and pattern s in data as well as generate rules and models that are use ful in 

replicating or genera li zing dec is ions that can be appli ed to cases in the future. Data mining 

techniques are very usefu l in market segmentation and customer profiling. 

Pritscher (n .d. ) notes, by making use of data mining techniques, FFP members can be divided 

into si milar groups on the bas is of their common attributes such as their tra vel behavior and their 

revenue contribution. 1f valid and mea ningfu l segments are found , they cou ld offer the CLD an 

opportuni ty to know more about th e loya lty and proti tabi I ity of ShebaM i les' members. 

The customer knowledge deri ved fi·om these segments will enable th e C LD to foc us on more 

targeted promotions. Furthermore, knowing customers' needs better and treating them 

accordingl y can increase the ir li fe time value. 

In addit ion, the researcher beli eves th e segmentation mode l, wh ich will be the result of this study, 

can lead to better understanding of a irline customers' beha vior, especially in the African co ntex t. 

Most importaml y, it is beli eved that thi s study w ill make a co ntrib ution to ETHIOPI AN's 

endeavors in implementing C RM. 
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1.4 Objectives 

1.4 .1 General Objective 

The general objective of th is resea rch is to study the applicati on of data mining techniques on the 

freq uent fl yer customers' database, in order to di scover strategic customer segments that could 

support CRM activi ti es at ETH IOP IAN . 

1.4.2 Specilic Objectives 

The specific objectives of thi s study are the following: 

I . Identify sou rces of customer data that are required fo r the segmentation study. 

2. Co ll ec t data fro m the sources identified. 

3. Prepa re data for model build ing by selecting, cleaning, constructing and integrating the 

col lected data. 

4. Identi fy an appropriate data mi ning so ftware and app ly the algorithm of choice th at would 

segment the FF members' records, based on their shared attributes. 

5. Evaluate, wi th CLO staff, whether the discovered segments are meaningful. 

6. [ f segment s are meaningful , identify deci sion ru les to classify new member records to the 

segments found. 

].5 Research Methodology 

[n order to achieve the objectives or thi s research, the researcher has adopted the CRoss- Industry 

Standard Process ror Data Mining (C RI SP-OM) model (SPSS, 2000). The primary reason for 
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choos ing th e CRISP-DM process was the fact that thi s approach has been widely applied for data 

mining studi es in other industries, including similar customer data mining studies conducted for a 

major European ai rline consorti um (Pritscher, n.d .). Accordingly, the fo llowing methods have 

been emp loyed fo r thi s stud y. 

a) Identifying available data sources 

The primary so urce of data for this stud y was ETH IOP IAN's FIO database (S hebaMil es DB), 

wh ich contains fl ight activi ty and demograph ic data pertai ning to members of ShebaMiles. 

Another important variab le, which is the correspondi ng revenu e value for each fli ght acti vity 

made by a member, was not ava ilable in ShebaM il es DB. A revenue accounting database was 

th e so urce of thi s revenue data , where revenue information regard ing individual fli ght activity 

is availab le. 

b) Data collection and preparation for a nalysis 

Members' flight activi ty data was initi a ll y co ll ected from Sheba Miles DB. The main iss ue 

being the ass ignment of a revenue va lue for each flight acti vity from a revenue acco un ting 

DB, revenue data was filled for the fligh t acti vities, where a unique match ex isted. A 

proced ure was developed that wo uld fill mi ssing revenue data for the remaining flight 

acti viti es. The exec uti on of thi s procedure ti ll ed in revenue values for the majority of th e 

fli ght act ivity reco rds. Those records, fo r whi ch thi s procedure was not able to fi ll mi ssing 

revenue data, were exc luded. 

Since th e fli ght acti vities data was complete at thi s point, the following task was the selecti on 

of sample records from the universe of the members' data. The sampli ng cri teria used was 

members ' records, whi ch had at least one fli ght activity w ithin a 12 months period (whi ch 
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correspo nded with CLD' s ca lendar year). The result ing fl ight ac ti vity data were then 

aggrega ted at member level, and new attri butes were deri ved from the ori gina l ones. 

c) Model buildin g and eval uation of results 

Clustering algorithms were appli ed to identify segments that were di fferent from each other, 

but whose members were very si mila r to each other. C lustering algo rithms were used s ince 

th ere were no predefin ed customer segments. Normali zed counts and numeri c vari ab les were 

used to ensure that the in fl uence of all variab les was sim il ar. 

The segmentatio n results were rev iewed with CLD staff to verify whether the c lusters made 

business sense. Once meaningful segments concerni ng the business problem were fou nd, th e 

segmentati on rul es were applied to the va lidati on set in order to further evaluate the results. 

Nex t, by means of dec ision trees, rul es were identified, whi ch co uld be used to classify new 

members. to th e respecti ve segments. 

1.6 Scope and limitations 

The scope of this research is limited to the members of the frequent flyer program of 

ETHIOPI AN, where th e req uired customer data was ava il able. Furtherm ore, the study was 

limi ted to the development of a customer segmentati on model, and does not inc lude the 

deployment o f the same. 

Re lated literatu re on the application of data mining techniq ues in the airline ind ustry was very 

limited. The acq uisition of appropriate data mining software was a time tak ing activity. 
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1. 7 Organization of the thesis 

The thes is is organized in fi ve chapters. The first chapter is main ly introd uctory, whi ch 

illuminates on the problems that fo rm th e basis for thi s stud y. The general and speci fic objectives 

of thi s study, as we ll as the methodology used to achi eve th em are discussed. 

In the second chapter, literature on the technology that is at th e center of thi s study, namely data 

mining, and its application for CRM , is reviewed. C lustering techniques, such as the K-means 

and self~organi zing map (SOM), which are commonl y used for customer segmentation , are also 

reviewed. 

The third chapter contains a business survey of CRM activi ti es at ETHIOPIA N. The overall 

business process of the FFP is surveyed and problems are identified. Moreover, poss ible 

solutions to th ese prob lems are indicated. 

In the fourth chapter, which is the ex perimentation part of this research, the different steps 

follo wed in coll ecting and preparing data a re described. Furthermore, the model building process 

using K-means c lustering and dec ision tree algorithms, including the various parameters used, are 

di scussed in detail. Finall y, summary and interpretati on of the experiments ' res ults a re given. 

In the fifth chapte r, concluding remarks and recommendations are made. 
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Chapter 2 

Customer Relationship Management and Data Mining 

2.1 Loyalty and Customel' Relationship Management 

2.1. 1 Overview 

Loyally is defi ned as a true and faithful act or behavior (Ox fo rd Dictionary, 1997) . Businesses 

have long known the importance o f creating and maintaining customer loya lty. It is a common 

belief am ong businesses that it costs mo re to find a new customer than to keep and grow an 

ex isting one. However, recent studies indicate that desp ite heavy in vestments in customer 

satisfact ion efforts and rewards programs, loya lty remains an el usive goa l in almost every 

industry (Mc Kinsey & Com pany, 200 1). 

The primary job of" a loya lty-based marketing effort is to enable the firm to find and retain the 

right customers. Re ichhe ld ( 1995) bel ieves that th e right customers are those to whom the best 

va lue can be de li vered by th e firm over a sustained period of time. Companies study their 

customers' base and segment it into those who are hi ghl y loyal and those who are less loya l. In 

respo nse to these findings, compan ies foc us all thei r marketing activiti es on the loyal customer 

segment. 

The recent trend in loya lty management is changing from a reward-based relat ionship to o ne that 

is defined through sharing information wit h customers . Petersen (as quoted by Chandl er, 200 I) 

believes it is about letting th e customers dec ide that the company und erstands who they a re, 
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rather than what they are. It is the understandi ng of 'who' the customer is that underl ies what is 

known as customer relatiollship mallagemellt (CRM ). 

Subject experts advocate that there is a vast diffe rence between loya ltylreward programs, and 

CRM. According to Petersen (Ibid), the fi rst is concern ed with reward ing behavior that is 

ass um ed to be loya l, wh il e th e second is concerned with manag ing behavior to create loya lty. 

Petersen continues that the first dea ls wi th c reating va lue for a customer, whil e the second with 

developing va lue fro m a custom er, and th at th e rea l va lue of C RM is when th e company ea rn s 

loya lty w ithout rewa rd. 

Market segmen tati on, acco rdi ng to DSS Research (200 I) , descri bes the d ivision of a market into 

homogeneous gro ups, which will respond differentl y to promotions, communicati ons, adverti s ing 

and other market ing mi x va ri ab les. Furthermore, each grou p or 'segment ' can be targeted by a 

d ifferent marketing mix , because the segments are created to minimize inherent differences 

between respondents with in each segment and maxi mi ze differences between each segment. 

2.1.2 Loya lty a nd CRM in T he Airline Industry 

The competiti ve nat ure of the ai rlin e industry di ctates that air lines put in a lot of effort and money 

to ensure th at the ir customers remain loya l. To thi s effect air li nes have launched loyal ty 

programs, the ea rl iest of which are Frequent Flyer Programs (FFPs). 

Accord ing to McDonald (200 I) , American Airli nes Inc. were pioneers in launching AAdvalliage, 

th e first true FFP in the ai rl ine industry. Under this program, passengers are awa rded mileage 
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points for each night th ey new. As their points total bui lds up, th ey are entitled to increasingly 

attractive free fli ghts or other trave l benefits. Free fli ghts are no rma ll y offered only on low load 

factor l services, so the ai rli nes can claim that the cost of their program is low. 

Petersen (as quoted by Chand ler, 200 I) te ll s us that, altho ugh reward programs were success fu l 

in creati ng a form of loya lty, ma ny such programs fo und that a irlines are only as valuab le to their 

customers as the last major awards. One shortcoming of such programs is that customers tend to 

fi xate on the rewards. Consequently, product superiority becomes less of a priority. Moreover, 

w ith many such programs, one reward is genera ll y as good as another and creates cost fo r the 

company with no sustainable differentiab le competitive advan tage. 

According to Chandler (200 I), in most of the research that has been done with members of 

popu lar FFPs, it has been determined that on ly about I I percent of active members fa ll in to a 

defined category as being ' loya l' . The reason g iven for th is rather low fi gure is that customers 

usua ll y percei ve the mi leage award ing ai rli nes as 'companies of convenience', ra ther than 

'compani es of care'. 

Ever s ince American Airl ines lau nched the fi rst frequent nyer progra m of its kind , other airlines 

started to emulate it in sett ing-up their own freq uent fl yer programs. The source of the airlines' 

insp irati on was how wel l the 80/20 Pareto principle applied to their business; where accord ing to 

Holtz (1992), 80 percent of th ei r business was attributable to 20 percent of their passengers, the 

passengers who fl ew regularly on business tr ips. 

I Load factor is defi ned as the num ber of passen gers carri ed as a percentage of seats available (Dogan is, 1991 ). 
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FFPs, whi ch a re a lso known as loya ltylrewa rd progra ms, are concerned with rewa rding behavior 

that is assumed to be loya l (Chandler, 200 I). The key feat ures o f the program be ing members 

ea rning and spending mi les for a ir travel, mil eage accrua l and redemption2 were possible fo r 

ac ti viti es such as hotel stays, ca r renta l and credit card usage. Chandl er further notes that Airlines 

often spend 3 to 6 percent o f thei r revenue on frequent fl yer programs compared to 3 percent on 

adverti s ing . However, frequ ency programs alone do not produce a very good return o n 

in vestment if ai rlines ' a im is to retai n their top custo mers. 

Many a irline freq uent fl yer programs genera te mass maili ngs to virtua ll y every program member. 

According to Mammano (as quoted by Chand ler, 200 I) members later fi nd o ut that the 

promotion can ' t poss ibly appl y to them, thus lowering the ir op inion of the a irline in the process . 

On the other hand, targeted promotions based on a customer's behav ior and inclinati ons have a 

chance o f work ing and earning loya lty in the process . 

Petersen (Ibid) notes that, instead o f concen trating onl y on rewarding behav ior that is ass um ed to 

be loyal , airl ines rea li zed that they sho ul d co ncentrate on manag ing behavio r to create loya lty, 

whi ch is the theme of CR M. Furthermore, the mil es and points which are acc rued are not th e 

meas ure of a good CRM program, and that the rea l va lue of CRM is when loyal ty ex its without 

reward . 

It is widely shared in th e loya lty and CR M industry that, loya lty programs could be an entree into 

C RM, whil e fj·equency programs a lone are not. Frequency programs are not loya lty programs; 

but legitimate loya lty programs often lead to CRM (Chand ler, 200 I ).Chandl er beli eves that the 

2 Redem ption is the act of spcnding miles for air tra ve l, hotel stays, etc. 
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pnmary focus of freq uency programs is to bui ld repeat business, whil e the focus for loya ll y 

programs is to build an emoti onal attachment to the brand, 

More focused and more prod uctive promotions are one advantage of CRM, According to 

Anderso n (as quoted by Canaday, 1999), the big advantage starts w ith an a irline's abi li ty to 

segment its customers based on th eir profi tability, Ma rketing will then be able to run more 

targeted promotions gea red towards th e d ifferent customer segments, In addition, the new 

custom er insight can be used to improve customer services, 

A nother note of advise that comes from Dettman (as quoted by Canaday, 1999) is that airlines 

should not just focus on selling more, that they have to inc lude service, I-Ie beli eves that the 

hardest part of CRM is integrating sales, marketing and service, Integrati on in the airline industry 

is espec ial ly hard because much of the se lling is done indirectly, In a ir travel, 70-80 % of the 

sa les are made through ind irect channels (through tra ve l agents), Therefore, airlines should sh'i ve 

to integrate their service process with direct and indirect sales channels, 

According to Pritscher (n,d ,), most market leaders in the airline industry orient their CRM around 

frequent nyer programs, The reason is that there is a wea lth of data ava ilable in these frequ ent 

nyer programs, whi ch allows to get a better understand ing of customer types and customer 

behavior. For instance, when a FF customer ca ll s Delta Airlines ' sa les offi ce and inputs a 

membership number, the sa les agent starts th e conversation wi th the customer information 

already disp layed by mea ns or a customer management system (Donoghue, 2002), 

16 
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programs is to build an emoti onal attachment to the brand. 
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is especial ly hard because much of the selling is done indirectly. In air travel, 70-80 % of the 

sales are made through indirect channels (through travel agen ts) . Therefore, a irlines should stri ve 

to integrate the ir service process with direct and indirect sa les channels. 

According to Pritscher (n.d.), most market leaders in the ai rline industry ori ent th eir CRM around 

frequent fl yer programs. The reason is that there is a wea lth of data ava il ab le in these frequent 

flye r programs, whi ch a ll ows to get a better understand ing of customer types and customer 

behavior. For instance, when a FF customer cal ls Delta Airlines' sa les offi ce and inputs a 

membership number, th e sa les agent starts the conversation with th e customer info rm ation 

already disp layed by means of a customer management system (Donoghue, 2002). 
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By making use of their marketing database, organi zat ions have been able to impro ve marketing 

results or lower th ei r marketing costs. Thi s general area of making use of marketing databases is 

known as database marketing. l-[o ltz ( 1992) de fi nes database marketing as marketing in which the 

app roaches, s trategies, methodologies, and other key marketing factors are founded on a 

consumer database that has thi s wea lth of info rmation about the customer in it. 

In the airline industry, CRM is hea vily dependent on IT. CRM being about appeali ng to the 'top­

tier customers' (that section which generates the highest yie ld) , it is very difficu lt to exp loit top­

tier data witho ut the a id of [T. Data ana lysis tool s can be used to ex tract knowledge from data. 

Among these too ls, data mining tools can handle large amounts of data and learn inherent 

structu res and patterns in data. Bounsaythip (200 [) notes that, data mining tools can al so 

generate rules and models that are use fu l in replicating or generali zing decision that can be 

applied to future cases . 

2.2 Data Mining 

2.2.1 Overview 

According to Berry et.a!. (2000), although th e rapid pace of change in the past century was felt in 

nea rl y every area, it is hard to find examples of anything, anywhere, that has changed as fa st as 

th e quan tity of stored information. Berry et.a!' assert that thi s in forma tio n explosion has created 

new opportuniti es and new headaches in every fi eld, ranging from marketing to med icine to 

manufacturing. 
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Fayyad et.a!' ( 1996) note, hi storica ll y, th e notion of finding use fu l patterns in data has been given 

a variety of na mes, inc luding data mining, knowledge ex tracti on, informat ion discovery, 

in formation harvesting, data archaeo logy, and data pattern process ing. Furthermore, th e term data 

millillg has mostl y been used by stati sti cians, data analysts, and the management informat ion 

systems (M IS) communiti es and a lso ga ined popularity in the database field . 

Many defini tions of data mining co uld be found in the litera ture, Berry et.a!. (1997) define it as 

the explo ratio n and anal ys is of large quantiti es of data by auto matic or semi automatic means in 

order to di scover mea ni ngfu l patterns and rules. According to Big us ( 1996), data mining is the 

efficient di scovery of va luable, non-obvious in fo rmation from a large collecti on of data. The 

steps in the evo lution of data mining a re dep icted in Table 2. 1, which is taken from Thea rl ing 

(n.d.) . 

Evolutionary Step Enabling Technologies C haracteristics 
Data Collecti on ( I 960s) Computers, tapes, disks Retrospective, static data 

deli very 

Data Access ( 1980s) Relational databases (RD BMS), Retrospecti ve, dynamic 
Structured Query Language (SQL), data deli very at record 
Open Database Con nection (ODBC) level 

Data Warehousing & On-li ne analytical processi ng Retrospecti ve, dynamic 
Dec ision Support (1990s) (OLAP), multidimensional data deli very at multipl e 

databases, data warehouses levels 
Data Mining Ad vanced algorithms, Prospecti ve, proactive 
(Emerg ing Today) mUltiprocesso r computers, mass ive information deli very 

databases 

Table 2.1 Steps in the evo lution of data mining. 

The term knowledge di scovery in databases (KDD) is synonymously used w ith data mining. The 

phrase kllow/edge discovelY ill databases was coined at th e fi rst KDD workshop in 1989 

(Piatetsky-Shapiro, 2000). The purpose was to emphasize that know ledge is th e end product o f a 
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data-d ri ven di scovery and it has been popularized in the 'a rtiti c ial intelligence' and 'mach ine-

learning ' fie lds. In Fayyad 's et.a \. ( 1996) view, KDD refers to the overa ll process of di scovering 

use ful knowledge from data and that data mining refers to a particular step in the process. 

Furthermore, data mining is considered as the application o f specifi c algorithms fo r extracting 

patterns tj·om data. 

Trybula ( 1997) states that knowledge di scovery (KD) is the process o f transforming data into 

prev iously unknown or unsuspected relatio nships that can be employed as predictors o f future 

actio n. Furthermore, Trybu la notes that KDD is a term that has been employed to encompass 

both data mining and KD. Essenti all y, the basic tasks of data mining and KD are to extract 

parti cular info rma ti on from ex isting databases and convert it in to understandab le or sensible 

conclusions (i.e. , knowledge) . In th is resea rch paper, the term data mining refers to the entire 

process fro m construction of databases through pattern identification and reporting. The KDD 

process is described in a graph ical form in Figu re 2. 1, whi ch is taken from Fayyad et.a \. ( 1996). 

Data Target 
Data 

Preprocessed 
Data 

Pattern s 
Data 

Figure 2.1 An overview of the steps that compose the KDD process. 

Interpretation/ 
Eva luati on 

Data mini ng involves more than merely appl ying software. Acco rd ing to Levi n et.a \. ( 1999), it is 

a process that involves a seri es o f steps to preprocess the data pri o r to mining and post-processing 
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steps to eva luate and interpret the modeling resu lts. Starting with the defi nition of the business 

prob lem, data mi ning is an iterative process requ iring quite an important input from the user. 

Data mining is a too l and its e ffective use requires a business to have good know ledge of its 

business process, comprehend its data and mainta in an understand ing of analytical methods. 

According to Berry et.a!. (2000), Data mining assists business ana lysts with fi nding patterns and 

relationshi ps in the data - it does not tell the va lue of the patterns to the orga ni zati on. 

Furthermore, the pattern s un covered by data mining must be verified in the rea l world. 

According to TCC (1999), the basic steps of data ml11l11g fo r knowledge discovery can be 

summarized as: 

I. Understand the busi ness problem 

2. Buil d data mining database (incl udes the co ll ection, description , selection, cleansing, 

and conso lidat ion and integration of data) 

3. Explore data 

4. Prepare data fo r mode ling (includes the selectio n of variab les and rows, as well as 

constr ucting new vari ab les and transfo rmin g them) 

5. Bu il d model 

6. Evaluate model 

7. Dep loy model and results. 

Understanding the availabl e data be fore embarking on bu ild ing a Illodel(s) is a very important 

step. Data can be cOllliIILiOLlS, havi ng any nume ri cal va lue or categorical, fitt ing into di screte 

classes. Ca tegorical data can be further defined as ordilIal, having a mea ningful order, or 
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110m ilia I, that is unordered. Accord ing to TCC (fbid), graphing and visua li zation too ls are vital 

aids in data preparati on and very important to e ffective data analysis. 

Data mining models co ul d ei th er be descriptive or predictive. In descripti ve models, the tra in ing 

is conducted using data fo r whi ch a ll va ri ab les are illdepelldent, and there is no dependent or 

t(l/get variable. Thi s kind of model building is kn own as unsupervised learning or undirected 

data milling. 

In predicti ve models, the va lues or classes that are pred icted are call ed dependent or tmget 

variables, while independellt variables are used to make the pred iction. Thi s kind of model 

bui lding is referred to as supervised learning o r directed data mining, because un li ke descriptive 

model s the tra ining is conducted using data for whi ch the dependent or target va riabl e is already 

known. 

Two of the maj or descripti ve data milling tasks are clustering and link analysis. Clustering 

di vides a database in to different groups, and its goal is to find groups that are very different from 

each other, and whose members a re very simil ar to each other (Han et.al., 200 1). C lusteri ng is 

different fi·om classification in that the re are no predefined classes and it be longs to what IS 

known as unsupervised learning. The cl usters must be interpreted by someone who IS 

knowl edgeab le in the business. The most common algorithms used to perfonll clustering include 

K-means and Kohonell feature maps. Table 2.2, which was taken fro m Biglls (1996), shows the 

common data mining tasks. 
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Data Mi ning Task Techniques Applica tion Examples 

Association di scovery Stati sti cs, set theory Market basket analysis 
Classi fi ca ti on Dec ision trees, neural networks Target marketing, quali ty 

control , ri sk assessment 
Clustering Ne ural networks, sta ti stics Marketing segmentation, 

design reuse 
Regression Linea r and nonli nea r regression , Ranking/scoring customers, 

Curve fitti ng, neural networks pricing models, process 
models 

T ime-series fo recasting Statistics ARMA models, Box- Sa les forecasting, interest 
Jenkins, neural networks rate predi c tion, in ventory 

control 
Sequentia l di scovery Stati sti cs, set theory Market basket analysis over 

time 

Table 2.2 Most common data mining tasks 

Another descripti ve data mining approach th at can help identify re lationshi ps among va lues in a 

database is link analysis. Accord ing to TCC (1999), two of th e most common approaches to li nk 

analys is are association discovelY and sequellce disco vel)'. In the case of association di scovery, 

ru les abo ut items that appea r together are fo und. Affill ity groupillg, which is also known as 

marker basket analysis. is a well known technique used in Associati on discovery. Sequence 

d iscovery is an assoc iation related over time. 

Classification, according to Berry et.a!. (1997), th e most common data min ing task, consists of 

examining th e features of a newly presented object and ass igning it to one of a predefined set of 

classes . Han et.a !. (200 I ) state that class i fi cation and pred iction are two form of data analysis that 

can be used to extract models describing important data classes o r to predict future data trends. 

Classi ficati on models are created by examining already classifi ed data and inducti vely findi ng a 

predi ctive pattern. 
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Other types o f models that are commonl y used fo r prediction are regression and tillle series 

forecasting. Regression uses ex isting va lues to fo recast the outcome of other va lues. Standard 

sta ti sti cal techniques such as linear, nonlinear, and genera li zed li near regression models. Ti me 

series forecasting predicts unknown future va lues based on a time-varying seri es of predicto rs. It 

uses known results to make its pred icti ons, just like regress ion. The most widely used tec hniques 

fo r class ification a re deci sion trees, neural netwo rks and memory-based reasoni ng (Berry eLa l. , 

1997). 

The application of' data mll1l11g spans various industries. Telecommunications and insurance 

industri es make use of data mining techniques to detect fraudu lent acti viti es. In medicine, data 

mining is used to pred ict th e effectiveness of surgica l procedures and medical tests. Compa ni es in 

the financial sector use data mini ng to determine market and industry characteri stics as well as to 

predi ct indi vid ual compan y and stock performance (TCC, 1999) . 

2.2.2 Data M ining a nd C RM 

In describing the very important ro le that data mining plays in CRM, Berry et.al. (2000) note that, 

it is only through th e app li cat ion of data mining techniques that a large enterprise be able to tum 

th e myriad reco rds in its customer databases in to some sort of coherent picture of its customers. 

According to TCC ( 1999), many orga ni zations are lI s ing data mining to help manage all the 

phases o f a customer lifecyc le, incl uding acquiri ng new customers, increasing revenue fro m 

ex isting customers, and reta ining good customers. Us ing data mining to profil e its customers, a 

compan y can better treat its customers with s imilar characteri sti cs. 
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One of the most w idely used appli cations of data mining fo r CRM is in understanding customer 

behav ior. In a cus tomer segmen tati on study for a telecommunications company, BelTY et.a !. 

(2000) note that, initially th ey co nducted an in vesti ga tory wo rk to determine what in forma tion is 

interesting by talking to business experts, s ince it was important to use data that business users 

understand and find valu e. In th e model-building phase, onl y four fi elds were chosen for th e 

segmentation , from th e many tab les w ith customer information. Their stud y res ults showed that 

'ca ll deta il ed' records cont ai n a weal th o f information on customer behavior, and that detail ed 

transaction records in other industri es a lso provide im portant information about customers. 

In the retail sector, data min ing is used to mine po int-of-sa le transacti ons to find associations 

between products (Bigus, 1996). Th is in formation is used to determine product gro upings and 

devise promotion strategies th at can max imi ze profits. [n data mining studi es made on 

superm arkets, Berry et.a!' (2000) used K-lIIeallS algorithm to find gro ups of customers wi th 

simila r behav ior. Data mining techniques were used to improve 'shelf pl acement ' dec is ions and 

to uncover a small , but very profitable group of customers. 

Accordi ng to Schultz (2001), a food sto re in th e U. K. has used data mining to deri ve 157,000 

different seglllents from th e II milli on households in its database. Accord ingly, each household 

is placed in th e segments so that it would be eas ier to p lan strategies to move customers from one 

segment to the next. 

Chum, according to Berry et. a!' (2000), is th e word used in the wire less telecommunications 

industry to refer to customers' likeli hood to defect to competito rs. Churn modeling, whi ch 
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pred icts customers who a re likel y to leave in th e near future, is becoming a common data mini ng 

application. Berry et.a!' further note that dec ision tree techniques are more adva ntageous for 

churn modeling. 

Levin et.a!' ( 1999) conducted a study to increase do nation amounts, by using data mll1l11g 

techniques to exc lude people that a re not likely to respond to a charity soli c itation. The target 

marketing models identified a subset of the testing audience to so li c it, which increased the net 

donati on amount by a lmost 40% as compared to maili ng to everybody. 

Recent use of data mining is by on- li ne banks, where dec isions as to whi ch customer to cross-sell 

(sell additional services to existing custom ers) are supported. Accord ing to Berry et.a!. (2000), 

decision tree models were buil t befo re arri ving at the best cross-se ll mode!. 

[n the hospi tali ty business, data mini ng is used to support CRM. According to Sickel (as quoted 

by C handl er, 200 I), cluster models of customer segments are supporting differentia l marketing 

acti viti es at Six Continents Hote ls. Furthermore, predicti ve models are built based on the 

segmentation results. 

2.2.3 Data Mining in the airline industry 

Accordi ng to Pritscher (n.d.) , the most obvious app licati on of data mining in th e ai rline business 

is related to frequ ent Il yer programs. In a study conducted for a major European airlines alliance 

gro up (Q ualifli er) , Pritscher et.a!' (n.d.) note that the objecti ve was to ex plore the ava il ab le 

databases by use of data min ing methods in order to support the implementation of an effi cient 
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CRM, in whi ch case the first task is to identi fy market segments containi ng customers with high 

profit potenti al. 

The segments, accordi ng to Pritscher (n.d.), must be exp la inable and the added va lue must be 

ev ident. S ince the va lue of a passenger is measu red in mil es, a mo netary va lue must be ass igned 

to each passenger, whi ch can be used to ca lculate profi tability based on segmentation res ults, and 

a ll ow to identi fy co re customers. 

Pritscher (n.d .) notes that th e resultant segmentation , which was based on travel behavior, led to 

s ix customer segments that made sense to the business problem. Pritscher advises that, since there 

is no actua l quanti ta ti ve definition of a good segmentation , assessing th e groups by in vestigating 

th eir revenue distribution (customer va lue) is important. These found segments co uld therefore be 

used for specia l marketing strategies. 

Accordi ng to Pritsc her et. al. (Ibid), in an initia l phase of C RM, customer segments based on 

indi vidua l patterns are found , descri bing groups of custo mers with di stinct needs and va lue. 

These segmentation results are useful for marketing concerns and for improving customer 

services, and conclude that data min ing is very useful to support CRM in the airline industry. 

Acco rd ing to Harri s (n.d .), Briti sh Airways analyzed customer data to di scover instances where 

hi gh reven ue genera ting customers had r-l own one-way, but used another a irline on the return. It 

then offered these va lued c Li stomers a spec ial incenti ve to use their services both ways. 
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Acco rdi ng to IB M (2000) , Ca thay Pac ifi c Airways (Hong Kong's nationa l airline) has all 

re levant freq uent fl yer customer data in a data wareho use, from wh ich vari ous segmentation 

models are derived , thus enab ling the airli ne to foc us on spec ific customer segments. 

Gobena (2000) studi ed the poss ible app lica ti on o f data mining tec hni ques that co uld help in 

fo recasting I:li ght revenue information for ETHIOPIAN . Neural network algorithms, specifi ca ll y 

multi-l ayer perceptro n back propagati on netwo rk and rad ia l bas is fun cti on architectures, were 

used for th is study. According to Gobena, the fi na l revenue model selected fo r hi s study had an 

average of 33-37% error rate, and beli eves that better results were possible with more training. 

Mo reover, he believes that data mi ning techn iques could be applied to SUpp011 decision making at 

ETHIOP IAN. 

Data mining in the a irl ine business is not limited to customer databases. Another area where data 

mi ning has been put to use is 'a irline pric ing' . According to Data Wa reho use Report ( 1998) 

onl ine a irline pric ing employing speeded-u p data mini ng techniques are employed to all ow Reno 

Air to qui ckly track riva l ai rlines ' fa re changes, and suggest competi tive fa re matches . These on­

line, a irline pricing, sol uti o ns store hi sto ri ca l market data (including fa re changes) fo r compari son 

purposes and ' w hat-ifa nalysis', as well as to highli ght compet itors' changes by market. 

EDS (200 I) have used data mini ng to study the cause for delays at airports. The vari ables used 

were the fli ght sched ul e, wea ther cond itions, and the types of fli ght de lays. The study results 

ind icated what th e maj or ca uses for the delays were, and steps were ta ken to mitiga te the prob lem 

accordingly. 
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2.3 Customer Segmentation 

2.3.1 Over view 

Bounsaythip (200 1) descri bes customer segmentation as the process of divid ing customers into 

homogeneous groups, where customers within each group are si milar to each oth er th an to others 

on the basis of shared or common attributes. 

The data mJllJllg techniques mostly used fo r cllstomer segmentation a re clustering and 

c1assificatiol/. Saarenvi lta ( 1998) notes that customer c lustering and classifi cation are two of the 

most importan t data min ing methodologies used in marketing and CRM. Furthermore, 

Saarenv irta be li eves that businesses can use thi s data to di vide customers into segments based on 

such va riabl es as current customer profitabili ty, a measure o f the lifetime val ue of a customer, 

and retention probab ility, whi ch highlight visib le marketing opportuniti es. 

2.3.2 C lusteri ng Techniques 

The ultimate goal of cl ustering is to find groups that are very d ifferent from each other, and 

whose members are very s imilar to each other. Clustering, according to Berry et.a!. (2000), is the 

ta sk of segmenting a di verse gro up into a number of more s imila r subgroups or c lusters. 

Basically, clustering di vides a database into different groups. C lusteri ng is also the tec hnique of 

cho ice at th e beginning of a new da ta mining proj ect. 

Th is process of building models that fi nd data that a re sim il ar to each other (c lusters) belong to 

/II/directed (1I11supervised) data lIIil/il/g, the goal of which is to find prev io usly unknown 
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sim il arities in th e data. There is no prior knowl edge of what the clusters will be, or the at tributes 

by which th e da ta will be cl uste red. Berry et.a!' (2000) state that it is up to the data miner to 

determine what meaning, if any, to att ach to the resulting c lusters. 

Pritscher et.a !. (n.d .) note that c lustering algorithms a re appropriate, if there is no prede fined 

segmentation. According to Tee ( 1999), a person knowledgeable in the particular business 

doma in mll st interpret the c lusters. It is often necessary to modify the c lustering by exc ludi ng 

variables that have been used to g ro up insta nces, whi ch upon exami nation by the domain expert 

have been identi fi ed as irrel evant or not meaningfu!. 

Accordi ng to Bisho p (1995), as an improvement on simp ly choosing a subset of th e data points as 

the basis functio n centers, cl ustering techniques can be used to find a set of centers, whi ch more 

accurately re fl ect the distribution o f th e data points. The most common methods used to perform 

clustering are K-lIlealls and Kahallell feature maps (also known as se/fOiganizillg maps or SOM) 

(Bou nsaythi p, 200 I). 

In a customer segmentation study, whi ch was conducted on a FFP database, Pritscher et. a!. (n.d .) 

app li ed the K-mea ns clustering algorithms to identi fy groups which are different fro m each other 

according to their product mix, but whose members are very s im ilar to each other. Accord ing to 

Pritscher et. a!. , several runs o f K-m ea ns were applied with 6 - 10 clusters befo re arriving at s ix 

segments, which made 'business sense' . The SOM algo rithm was used to va li date the c luster 

resu lts from the K-means algori thm, where th e c lusters were separated in the SOM , and the 

propel1i es of neighboring c lusters were sensib le, thus indicating a stable clustering solution. 
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In another study, whi ch was conducted for a loya lty group th at runs an 'a ir miles' reward 

program, Saarenvirta ( 1998) notes that the spec i fi c objecti ves were to create a customer 

segmentation using the K-means c lustering algorithm . In the study, a maxi mum of nine c lusters 

were chosen and a maximum fi ve passes through the data (iterati on). According to Saarenv irta, 

the results from th e study we re va lid. 

2.3.3 The K-Means Method 

The K-means algori thm for c luster detection, accord ing to Berry et.a!' (2000), is the most widely 

used in practi ce. This method (algorithm) div ides a data set into a predetermined number of 

clusters. That number is th e "K" in the phrase K-means. Just as a mean is an average stati stica ll y, 

it refers to the average locat ion of all of th e members (which are records from a database) of a 

particul ar c luster. The K-mealls algo rithm 'se lf-organ izes' to create clusters. According to Bishop 

(1995), the a lgori thm in vo lves a simple re-estimat ion proced ure. 

Supposing there are N data points x" in total , and the intention is to fi nd a set of K representative 

vectors Pi where .i = I, . .. , K, the algorithm seeks to paJ1ition the data points {x"}into K disjoint 

subsets Sj containing Nj data points. Thi s wo uld minimize th e sum-of-squa res clustering function 

given by 

'"' k '"' " 2 J = "'-j_1 ",-" ,sj Ix - flj I ....... ........ .. ....... . (1 ) 

Where flj is th e mean of the data points in set Sj and is given by 
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As described by Bi shop (Ibid) , th e process begi ns by assigning the points at random to K sets and 

then computing the mean vecto rs of th e po ints in each set. The algo rith m assigns each of the 

points to the cluster to whose center it is closest in Euclidean di stance. Nex t, each poi nt is re-

ass igned to a new set accord ing to which is the nearest mean vector. The means of the sets are 

then recomputed. Th is procedure is repeated until there is no further change in the gro uping of 

th e data poi nts. At each such iteration the va lue o f J will not increase. 

Bishop (Ibid) further states that the ca lculation of the means can be formu lated as a stochasti c on-

line process. In thi s case, the initi al centers are randoml y chosen from the data points, and as each 

data point x" is presented, the nearest !lj is updated using 

(3) 

, where 11 is the lea rning rate parameter. Once the centers of the basis functi ons ha ve been fou nd 

in thi s way, the covariance matri ces of th e basis funct ions can be set to the co-variances of the 

po ints ass igned to the corresponding clusters. 

In order to form cl usters, each record from a database is mapped to a point in ' record space.' The 

num ber of dimensions contained in the space correspond to the number of fi e lds in the records. 

The va lue of eac h fie ld can be geo metri ca ll y interpreted as a di stance fro m the origin along the 

correspondi ng ax is of the space. In add it ion , to ensure the usefulness of thi s interpretation, the 
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fields must all be converted into numbers and the numbers must be normal ized so that a change 

in one dim ension is comparabl e to a change in another. 

As descri bed by Berry et.al. (2000), reco rd s are assigned to c lusters through an iterative process 

that starts with clusters centered at essentiall y random locati ons in th e record space and moves 

the cluster means (celltroids) around until each one is actua ll y at the center of some c luster 

records. Though thi s process can best be illustrated using two dimensional diagrams, in rea li ty 

the record space wil l ha ve man y more dimensions, because th ere wil l be a d ifferent dimension for 

each fi eld in the reco rds. This has been depicted in Figure 2.2, whi ch is taken from Berry et.a l. 

([bid) . 

Seed 2 

x, 

Seed I 

• • •••• 

• • 
Figure 2.2 Initial C luster Seeds 
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In Figure 2.3, whi ch is taken from Berry et.al. (Ib id), th e new centroids are marked with crosses . 

The arrows show th e motion li"o m the pos ition of the origina l seeds to the new 
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centro ids of the c lusters. Once th e new clusters have been found , each point is once aga ll1 

assigned to the cluster with th e c losest centro id . The process of assigning points to c luster and 

then re-.calculating centro ids contin ues until the cluster boundaries stop changing. The cluster 

bo undaries are set a rier a handfu l of iterat io ns fo r most data sets. 
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Seed I 

o 0 

009
0 
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Figure 2.3 Cluster seeds after one itera tion 

X, 

Seed 3 

00 

According to Bounsyathip (200 I), K-means is based on a concept of distance, which requ ires a 

metric to determine d istances. Euclidean d istance can be used for continuous attributes, whil e fo r 

categorical vari ables, one has to fi nd a suitab le way to calcu late the di stance between attri butes in 

the data. Bounsyathip further believes that, s ince choosing a suitable metric is a very delicate 

ta sk, a business ex pert is needed to help determine a good metric. 

The orig inal cho ice of a val ue for K determ ines the number of c lusters tha t will be fo und. 

Furthermore, if thi s number does not match the natural structure of the data, the technique will 

not obtain good results. Unl ess th e data miner suspects the existence of a certain num ber of 

c lusters, she/he w ill have to experiment with d ifFerent values for K. 
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Every set of c lusters will then have to be evaluated. BetTY et.a!' (1997) believe that, in general, 

th e best set of c lusters is th e one that does the best job of keeping the di stance between members 

of the same c luster sma ll and the di stance between members of adjacent c lusters large. They 

fu rth er state that, th e best set of clusters in descriptive data mining may be the one showing some 

unexpected pattern in the data. 

Once the clusters have been created, they need to be interpreted. Though there are severa l 

approaches to understand ing c lusters, according to Berry et.a!' (2000), th e three that are 

commonly used are: 

I. Bui lding a dec ision tree with the c luster label as the target variable and using it to deri ve 

rul es explaining how to assign new records to the correct clustt;r. 

2. Us ing visuali zation to see how the cl usters are affected by changes in the input va riab les . 

3. Exami ning the differences in the distributions of variables from cluster to cluster, one 

variab le at a time. 

Automatic cluster detection using the K-mea lls algo rithm is an undirected knowledge d iscovery 

process. Accord ing to Berry et.a!' ( 1997), the a lgo rithm works well with catego ri ca l, numeric, 

and tex tu al data. Furthermore, it is easy to apply. 

2.3.4 Se lf-Or ga nizing Map (SOM) 

The other popu lar c lusteri ng algorithm is se lf-o rgani zing map (SOM), which is also known as 

Kohonen fea ture map. According to Bounsyath ip (200 I) , SOM is a spec ial kind of neural 

network archi tecture that provides a mapping from th e multi -dimensional input space to a lower-
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order regu lar latti ce o f cell s, wh ich is typ ica lly a two d imensional grid . Such a mapp ing is used to 

identi fy clusters o f e lements that are simi lar (in a Euclidea n sense) in the original space. 

A SO M tri es to tind clusters such that any two clusters that are c lose to each other in the gri d 

space have clusters to each other in the in put space. But the reverse does not hold, that is cluster 

centro ids that are c lose to each other in th e input space do not necessa ril y co rrespond to clusters 

that are close to each other in the grid. According to Bigus ( 1996), SOM is a feed fo rwa rd neural 

network with no hidden layer that uses an unsupervised trainin g a lgorithm and Euc li dean 

d istance measu re. SOM has two layers of nodes, the input and output layers. The input layer is 

full y connected to one, two or multi-dimensional output layer. 

In SOM algorithm, cluster centroids are assigned a location in spatia ll y organi zed matri x. 

Acco rding to (Bo unsyathip, 200 1) the data is processed as fo llows: 

I . Assign a ' neighborhood ' function which, for a g iven centro id , identifi es ' ne ighboring' cluster 

centro ids. 

2. For each data point: 

a. Fi nd the cluster centroid w hi ch is 'c losest ' to the data po int (the willller) . 

b. Move th e w inner centro id towards the data point. 

c. Use the ' neighborhood' functi on to identify neighbo r centroids and move them 

towards th e data point. 

3. Decrease th e s ize of the neighborhood and repeat the process until the neighbo rhood onl y 

incl udes the winner cen troid. 
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This way, the c lustering sta rts out as a very general process and proceeds becoming more and mo re 

loca li zed as the neighborhood decreases . 

In the grid in Figure 2.4 , which is taken from (Bounsyathip, Ibid), each square corresponds to a 

c luster. Each custom er point has its di s tance computed from 16 c luster points. The cl uster centroid is 

closest to thi s customer point is chosen to be the c luster center. Next all th e other cluster centroids 

wil l mo ve towards thi s chosen cluster center. This process is iterated until th e cluster centroids can 

hard ly move. 

Val'l 

Var 2 

Val' 3 

Input layer 

Figure 2.4 Example of SOM 

2.3.5 Decision Trees 
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According to TCC (1999), dec ision trees are a way of representi ng a series o f rul es that lead to a 

class or va lue. There are two types of dec ision trees, namely c1ass i fi cation trees and regression 

trees . C lassification trees label records and ass ign them to the appropriate c lass . Class ification 

trees can a lso prov ide the confidence that the c lass ifi ca ti on is correct. In such cases, the 

c lassi fi ca ti on tree reports th e c lass probability, whi ch is the confidence that a record belongs to a 

given c lass. Regress io n trees estimate the va lue o f a target variabl e that takes on numeric va lues. 
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Decision tree learning, acco rding to Bounsyathi p (200 I), is a meth od for approx imating di screte­

val ued target functio ns, in wh ich the learned functi on is represented by a decision tree. Decision 

trees make man y tests and try to arri ve at the best seq uence for predi cting the target. Each test 

creates branches that lead to more tests, until testing ends in a leaf lIode. The route or path from 

the roo t to the target leaf is the rule that classifi es the target, and the rul es are ex pressed in if-then 

form. 

A decision tree grows from the root node, at each node th e data is split to form new branches, 

until reaching a node that can not be sp lit any mo re (leaf node) . Traversing the tree from the best 

lea f node to the root provides the ru le that class ifies the target variab le. 

A ll records that arrive at a given leaf of a tree are classified the same way. Moreover, there is a 

unique path from the root to each leaf. That path is an exp ression of the ru le used to c lassi fy the 

records. Figure 2.5, whi ch is ta ken from Berry et.a l. (2000), depicts a typ ica l decision tree. 
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Figure 2.5 A Decision Tree. 

Trees can grow in many form s. They could be bi nary trees of non-uniform depth, that is, each 

node has two children and th e di stance o f a lea f to the root vari es . [n Figure 2.5, each node 

represents a 'yes ' or ' no ' question, the answer to whi ch determines by whi ch of two paths a 

record proceeds to the next level of the tree. Dec ision trees co uld have a mi xture of binary and 

ternary nodes. 

According to Berry et.al. ( 1997), dec isio n-tree-bui Id ing algo rithms begin by trying to find th e test 

that does the best job of splitting the data among the des ired categori es. At each succeedi ng level 

o f the tree, the subsets created by the preceding sp li t are further split accord ing to rules that are 

appropri ate at that level. The tree continues to grow until it is no longer poss ible to find better 

ways to split up incoming records. 
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Decision trees a re built through a process known as rec ursive partitioning. According to Berry 

et.al. (2000), recursive partitioning is an iterati ve process o f spl itt ing the data up into partiti ons, 

and furth er spli tt ing it up some more. All of th e reco rds in the training set, whi ch are the 

preclass i fl ed reco rds that are used to determin e the structure of the tree, are initia ll y together in 

o ne big box . Nex t, the algorithm tries breaking up the data, using every possible binary split on 

every fi eld . 

The dec ision tree a lgori thm chooses the 'spli t' th at partitions the data into parts that are purer 

than the origina l. Each of the new boxes are furth er split or partit ioned until no more sp lits can be 

found. The most important component o f the al gorithm is the rul e that determ ines th e initial spli t. 

Han et. al. (200 1) note that va rio us dec ision tree a lgo rithms produce trees that differ from one 

another in the number of spli ts all owed at each level of the tree, how those splits are chosen when 

the tree is buil t, and how th e tree grow th is limited . Amo ng the various dec ision tree algorithms, 

the maj or ones are Classifi cati on and Regress ion Trees (CART), C4.S/CS.0, and Chi Square 

Automatic Interaction Detectio n (CHA ID). 
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Chapter 3 

A Survey of CRM at Ethiopian Airlines 

3.1 General 

This survey intends to assess th e customer relationship management (CRM) process at Ethiopian 

Airlines (ETHIOPIAN). The purpose is to conduct an ana lysis of the current CRM process, to 

identify th e crit ical functions and act iviti es invol ved, and to identify and assess the availability of 

data so urces that can support to derive a custom er segmentation model that yield a reliable 

revenue value for each customer. 

According to Toon Quee ( 1999), the primary function of markcting research is to utilize research 

abilities/facilities for gath eri ng facts and knowledge to support marketing decision-making. 

Kotler (1998) describes that marketing research is the systematic design , co ll ec tion, analysis, and 

reporting of data and findings relevant to a specific marketing situation facing the company. 

In the process of conducting thi s survey, a seri es of interviews were made with staff of concerned 

departments. Furthermore, secondary so urces of information, such as documents, departmenta l 

memos, and publications were made use of. 
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3.2 Ethiopian Airlines 

ETHIOPIAN, w hi ch is a commercial ai rl ine, was fo unded in 1946 with an inaugural fli ght to 

Ca iro in a wa r surplu s airplane (Ethi opian Airli nes: Bring ing Africa Together, 1988). Today, 

ETHIOPIAN serves 40 internat io na l and 28 domesti c destinations in the tra nsport of passengers 

and ca rgo. In addition , more than half of its intern ationa l destinati ons are in Afi·i ca (Ethi op ian 

Ai rlin es: Worldwide Ti metable: S umm er, 2002). 

In 200 I, ET HI O PI AN's internationa l passenger carriage increased by 4.2% bringing up the tota l 

passenger vo lu me to 970,000. During the sam e peri od, th e a irli ne rea li zed a net profit of 6.S 

million U.S. do ll ars (Ethi op ian A irlines: Annual Report, 200 1). 

Among the ai rl ines' service imp rovement strategies, the a irline has fina lized a study to purchase 

new aircra ft. Furthermore, the airline has also given d ue emphasis to improv ing its informatio n 

systems infi·astru ctu re. A major accomplishment in thi s regard has been the imp lementat ion of a 

w ide area network (WAN) con necting its fie ld sa les o ffices to the head office using a virtual 

private netwo rk (VPN), whi ch was leased from an international telecommun ications services 

provider (Eth iop ian Ai rlines: A nnual Report, 200 1). 

3.3 The Freq uent Flyer P rogram 

ETHIOPI A la unched its frequent fl yer program (FFP) named "ShebaMiles" in Ja nuary, 1999. 

The name Sheba Mi les is inspired by the legend of Makeda, the Queen of Sheba, who ruled 

Ethiopia arou nd the 10lh cen tury B.C (S hebaMil es Membership Appli ca tion , n.d. ). The prima ry 
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reaso n for introducing Sheba Mil es is to increase and award loyalty of customers. Moreover, the 

program is a lso used to identi fy high va lue customers and provide them with specia l services and 

bene fi ts (li ke award tickets, upgrades, check-in and executi ve lounge privil eges, special baggage 

a ll owances, etc.) by means ofa top tier program. 

Accord ing to the survey's resu lts, over 22,000 members are currentl y enro ll ed in ShebaMi les . 

These members fall in one of the three C lub levels o f the program, whi ch are Bl ue, S il ver and 

Go ld. Membership level is determin ed by the number of Base Miles fl own annually. Base Miles 

refer to the number of miles a passenger flies on ET HIOPIAN, and is award ed for the sector 

fl own. 

There is no en rollment fee to become a member o f ShebaMi les. Blue Cl ub membership is granted 

when o ne enrol ls in the program, making the member eligible to immediately start earn ing award 

miles. Members will be eligib le for upgradi ng to S il ver or Go ld Club membershi p as soon as they 

have ea rned the requ ired num ber of Base Mi les. 

When a member travels in excess of25,000 Base Miles a year, she/he becomes e li gi ble for Sil ver 

Club membership (S hebaM il es FFP Membership Gu ide, 2000). Some of the spec ial pri vil eges 

and benefits that Si lver Club members are entitl ed to inc lude: booking pri ori ty on waiting- li sts, 

easier and more conveni ent check-in , excess baggage allowance, access to executi ve lounges, a 

certain percentage bon us on al l Base Miles ea rned, advance board ing, and extended mil es va li dity 

period. 
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The top ti er of the program is the Gold Club membership which req uires a member to fly more 

than 50,000 Base Miles in a yea r (Ibid). Though the types of bene fits are s imilar as for Silver 

Club members, Go ld Club members get to ha ve better bene fits such as: hi ghest booking priority 

on wait ing-list, a hi gher excess baggage allowance, a higher percentile bonus on all Base Miles 

earned, and a 24 hours hotline reservat ions service in Addis Ababa. 

ShebaMiles members earn two types of mil es, Base Miles and Bonus Miles . Bonus Miles are 

specia l member awards designed to reward frequent fl yers as generous ly as possible. Each time a 

member ea rn s Bon us Miles, they are added to her/hi s Base Mi les to become part of her/hi s 

Award Mi le balance (Base Miles + Bonus Miles = Award Mi les). 

There are different types of Bonus Miles that members can earn. Enrollment bonus miles are 

awarded to every new member across the board. C loud N ine Class Bonus Miles entitl e members 

to earn double the miles they wou ld have ea rned in economy c lass. The airline runs specia l 

promotional programs on a regular basis. These include specia l promotional routes, where 

members w ho fl y on these ro utes earn Promotion Bonus Mi les over and above th e usua l number 

of Base Mi les . 

According to thi s survey, th e Custom er Loyalty Department (CLD) is responsib le fo r running 

ShebaM il es. This department fall s under the Market Development Di vision. Headed by a 

depa rtment manager, the department engages in developing, coo rdinating and directing al l 

activiti es pertaining to keeping the loyalty of customers and on al l matters related to the frequent 

fl yer program. The department is responsible for ShebaMi les' objecti ves, policies, procedures, 

products, plans , programs and other related activities. 
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3.3.1 Business Processes of the Frequent F lyer Program 

The CLD interacts with frontlill e customer service offi ces. These are offices that are in direct 

contact with the passengers of an airline. They include ti cket offices, tra vel agencies, airport, 

reservations offices, in-flight services, ETHIOPLAN lounges, etc. 

Reservations, Ticket Offi ces and Travel Agents 

It is at one of these front-line customer serv ices offices that passengers are likely to make their 

initial contact with the airline. When a ShebaMi les member makes a reservation, th e reserva ti ons 

office wi ll make sure that they include her/h is program membership deta il s in the booking 

profil e. The book ing profile of the member w ill be access ible to all the other offices of the ai rline 

through the a ir li ne's automated reservations system . Bilatera l agreements between airlines to 

award ti'eq uent travelers may contain provision to exchange thi s information between 

International Ai r Transport Assoc iation (lATA) member airlines or from Computerized 

Reservation System (CRS) supp liers. 

Ticket oftices and travel agents also promote th e program to potential passengers and so li c it their 

enrol lment in ShebaMiles. 

Airpor t Offi ces 

The mal11 functi ons of these offices are check-in and boa rding of passengers. The board ing 

information IS prov ided electronica ll y through the departure contro l system. The departure 

control system automatically generates a frequent tra veler li st (FTL) . The FTL, a list conta ining 
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boarded passengers who ha ve frequen t tra ve ler numbers is sent to the CLO. In addition, a 

departure information message (DIM), a post departure li st containing the detail s of departure 

information form s (O IF) fo r a given !light, is composed and sent to the CLO as soon as a fli ght 

has departed. A OIF is a form to be filled Ollt and signed by a ShebaMi les member before flight 

departure and veri fied by an ai rport staff. 

The interactions of th e frontline custom er service offices with the CLO as well as the ShebaMiles 

members, which have been identi fi ed during the survey, are illustrated in Figure 3. 1. The fi gure 

attempts to depict the overa ll business !low of Sheba Miles. 
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C ustomer: Appl ies for the program by 
completing all elemen ts on the form & retains 
temporary members hip card 
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eLI) 
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File 
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Date OrBinl! 
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the Reservation System 
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FTL DIM 

eLI) 
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Accounts 
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I Local Mail 

S hebaM iles Member 
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~=---' Copies 

Ac kn owledge to member 
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e LI) 
Receives correcti on and correct 
member accou nt 

Figure 3.1 Business process of the ShebaMi les FFP Program at ETHIOPIAN 
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3.3.2 Overview of ShebaM iles ' Database System 

The CLD maintains a database (ShebaMi les DB) in order to store information and manage the 

program. Data perta ining to ShebaMiles members ' ac ti vity is obtai ned th rough a customi zed 

interlace to the airli ne's as we ll as other automated DCSs. The database consists o f member 

acco unt in fo rma tio n, progra m requ irements, and other pertinent data. 

The computer programs that interact with th e database regularly receive in put data from users 

and other systems (primarily the DCS). These programs update the database with new, current 

infOllllation . In additi on, the programs use database information to create several output fi les, 

whi ch are used to print member materi a ls (such as awa rd redemption certificates and acti vity 

s tatements) . 

The main purpose of the ShebaMiles D B system is to: 

• Establi sh and maintain the requ irements o f the ShebaMiles program ru les. 

• Establi sh and maintain member account data. 

• Trac k member points w ithin the establ ished requirements. 

[n order to fulfi ll thi s purpose, th e ShebaMiles DB system perfo llllS the foll owing processes: 

• Receive th e input data provided and use it to retri eve the appropriate member account 

data from th e database. 

• Compare the ac ti vity-re lated input data to the fli ght segments, bonus and promoti on 

programs. 
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• Perform ca lcu lations, such as comparing th e member acti vity to th e bonus and 

promotion requiremen ts already establi shed and determ ine the approp ri ate number of 

po ints to post to th e member account. 

• Apply the data to the member account and update the database. 

• Make the database in fo rmation availab le through repo rts. 

The Database Sys tem 

Input Data 

>-~ A pp licati on 
Fli ght Activi ty programs Database 
Member Enrollments 
Data Entry 
Manual Adj ustments 

, 
/ 

Output Data 
Redemptions 
Member Credentia ls 
Member Activity Statements 
Promotion Q ualifi cations 
Extract Data for Reporting 
Predefined RepOits 

Figure 3.2 The data flow of ShebaMiIes' database sys tem. 

The overa ll data fl ow of the ShebaMil es DB is ill ustrated in Figure 3.2 . The data input 

funct ional ity that the database system supports are: 

• Flight Activity: The airli nes' host departu re control system creates a data fil e and 

elec tron ica ll y transmits th e til e (usua ll y dai ly) to the database (DB) system. The data fi le 

consists o f all member activity that occurred during the peri od . 
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• New Member Enrollments: Indi vidual s wanting to join ShebaMil es sho uld complete 

and mail enrollment fo rms to the a irline. The inform ati on from the fo rms may be 

manuall y entered into the DB system o r be electronica ll y transmi tted . 

• Data Entry: Data entry c lerks manua ll y enter fli ght acti vity. Thi s fo rm of input is used 

when oth er computer systems do not electronicall y transmit fli ght ac ti vity. 

• Manual Adjustments: Enab les manual entry o f adjustments for fli gh t acti vity. This fOIl11 

of in put is used when the DB system fa il s to automati ca ll y track points for an acti vity. For 

instance, if a fli ght reservati o n does not include a membership number, and the member 

fa il s to provide hi s/her number at the airport prior to fli ght depanure, the airline host 

system does not include th e acti vi ty in the flight acti vity data fil e; therefore, the acti vity 

data will not be entered into the member's acco unt. 

The ShebaMiles DB system crea tes th e fo ll owing output data: 

• 

• 

Redemption file: T he DB system searches th e database, locates instances where 

members redeemed points [i'om th e ir accounts to cla im awards, and copies information 

for those members accounts into thi s fil e . The CLD uses the 111e to print letters and award 

certi fi cates. 

Member credential file: The DB system sea rches th e database, loca tes instances where 

members requested replacement ca rds or where the ti e r leve ls assigned to their acco unts 

changed, and copi es informa ti on for th ose member acco unts into thi s fil e . The CLD uses 

thi s fi le to print letters, replacement ca rds, and packets of information fo r tier level 

changes. 
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• Member activity statement file : The DB system searches the database, locates acti vity 

records in member acco unts, and copies th e activity informati on into thi s fil e. The CLD 

uses the file to print member acti vity statements. 

• Promotion qualification file: The DB system searches the database, locates instances 

where member activity qualified fo r a promotion , and copies information for those 

member accounts into thi s file. The CLD uses the file to print letters and promotion 

results (s uch as awa rd certifi cates). 

• Extract files for reporting: The DB system extracts requested information from the 

database and places the information into a file. Too ls (such as Microsoft Access) can later 

be used to perform data queri es o r reporting analysis. 

• Predefined reports: The DB system searches th e database and generates predefin ed 

reports that can either be viewed or printed. 

3.4 Findings of the Survey 

The CLD is in the process of building a CRM environment at ETH IOPIAN. The department 

wants to enrich its knowledge of ShebaM il es ' members so that it could run more targeted 

promotions, rather than the mass mail promotions it currentl y conducts. 

The ShebaMiles DB, which runs on a Microso ft Visua l Foxpro database management system 

(DBMS), contains over 22 ,000 program members that ha ve accumulated over 90,000 tli ght 

50 



acti viti es over the three years' li fetime of the program, The complete activity history of 

ShebaM il es members is stored to keep track of accrued and redeemed miles, and of the 

qualification for a tier leve l. 

The resea rch er has found o ut that CLD currentl y ho lds a wea lth of customer data, which co uld 

help to get a better understanding of customer types and custom er behavior. The researcher 

bel ieves that exploring thi s customer data may revea l new information that co uld help the CLD 

manage its customers better. 

In the course of working wi th the doma in ex perts in order to get an understanding of the business 

process, the researcher has identi fi ed some im po rtant questions, whi ch cou ld not be di scovered 

by mak ing use o f conventio nal database query methods, It is the researcher's belief that the sheer 

vo lume of data and bus iness requirements necessitate the use of data mining techniques to get a 

better custom er understanding, 

If 'valuable customers' co uld be identifi ed among the ShebaMi les members, it could help CLD 

take acti ons that wou ld reduce the ri sk of losing 'valuable custom ers' by rewa rding them 

properl y, and also reduce lost revenue fro m customers who wo uld be more va luable if better 

rewarded , The CLD co uld a lso reduce costs of rewarding customers that do not deserve to be so , 

C urrentl y, customer va lue is based on individual mil eage, whi ch according to Pritscher (n,d,), is 

not a good measure of customer profitabi lity, Although members may pay di ffe rent fa res for the 

same flight and class, th e mileage poin ts whi ch acc rues to their acco unt is the same, To illustrate 

this poin t, for instance, if the ticket pri ce for an ' Economy Class' round trip night ti'om Add is 
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Ababa to London ranges between 500 - 1500 US dollars, each member receives the same 

mileage reward of 3,686 mileage points per eac h ni ght segment irrespecti ve of whether he/she 

paid 500, 1000 or 1,500 US dollars. 

Based on the survey results, the next task is the exp lo rati on of th e available databases by using 

data mining tec hniques, in order to determin e whether the results could add va lue to the CRM 

implementation process . 
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Chapter 4 

Experimentation 

4.1 Overview 

This section makes up th e central and most important part of this research project. Them'ling 

( 1999) notes that in order to enable success ful CRM, th e ini tia l task is to identify market 

segments containing hi gh profit potential. Accordingly, the mai n objective of thi s research was to 

provide customer segmentation with respect to the important dimensions of customers ' needs and 

va lue. 

This research project incorporates all the typical stages that characte rize a data mining process, 

and espec iall y the CRoss- Industry Standard Process for Data Mining (CR1SP-DM) process cycle, 

which is depicted in Figure 4.1 (SPSS, 2000). 

Data Mining 
Goa ls 

Data 
Understanding 

Data 
Preparation 

Figure 4.1 Phases of the CRISP-OM process cycle 
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4.2 Data Mi ning Goals 

The business survey, whi ch was conducted earli er, revea led that current customer val ue is based 

on ind ividual mil eage, and that mil eage is an arbitrary measure of custom er profitability. Thus, 

the first data mining goa l was to co mbine di stinct data sQQrces and arri ve at a re li ab le revenue 

va lue fo r each custom er, based on individ ual night activit ies. 

Data Mining 
Goals 

Data 
Understanding 

Data Mining 
Tool Selection 

Data 
Preparation 

Figure 4.2 T he data mining goa ls setting phase 

Mode l 
Building 

Evaluation 

Deployment 

The va riables that determine customer va lue were to be used to derive customer segments, which 

in tUIll would pro mpt the fo rmation o f strategi c marketing in itiatives. The most appropri ate data 

mining techniques, which are c lustering and decision tree classification, were chosen for thi s 

purpose. 

In o rder to provide segments that cou ld be exp lai ned to domain ex perts from the CLO, emphasis 

was to be g iven to data prepa ration and an ex ploratory data anal ys is. Thi s process a ll owed the 

identi fication of important att ributes as input for the model building phase . 
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The success criteria fo r thi s data mining project was the discovery of customer segments with 

hi gh protit potentia l. Provided that meaningful segments were to be di scovered, the CLD could 

dev ice spec ial marketing strategies geared towards each of the segments, that wou ld enhance 

the ir pro fi tabi lity as we ll as ensure their loya lty. 

4.2.1 Data Mining Too l Selection 

Amo ng th e factors considered in the selection process fo r an appropriate data mining too l, th e 

important ones were: 

• The data mining tasks that the tool is intended for (cl ustering and classification) 

• The algorithms supported (K-means or SOM, and dec ision trees) 

• Architecture and operati ng system: the computer architecture on wh ich the software 

runs (stand alone) and a MS Wi ndows operating system. 

• Data sources: possible formats [or rhe data that is to be analyzed (MS Access or MS 

Excel) 

• Size: the max Imum number of records the software can comfortably handle (up-to 

10,000 records) 

• Visual izatio n capabilit ies 

The identi fication of an appropriate data mini ng tool was a time taking process. Reviews of data 

mining tools, by Elder et.al. ( 1998) and Goebel et.al. (1999), were used as bas is for further 

in vestigation on the Internet. The researcher finall y approached the vendors of two software tools 

that more or less fu ln li ed the above factors, namely Knowledge Studio version 3.0 of Angoss 

Soliware Corpora tion (A ngoss), and Clementine version 5.0 of SPSS Inc. 
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An eva luation vers ion of C lementine was not ava il ab le and the cost of th e tool was beyond the 

budget allocated for thi s project. The other option was Knowledge Studio, where subsequent 

contacts were made with Angoss (the vendor) before downloading the software on the Inte rnet. 

Though it was the so le tool to be eva luated, Knowl edge Studio fulfi ll ed most of the criteria set 

above, and perfo rmed well d uring ex perimentation. 

4.3 Data Understanding 

Having defined the data mining goa ls, the next step was the investigation of which data were 

ava il ab le and useful fo r ach ieving the goals. Most of the data co llected by the CLD are for 

admini strati ve purposes . The refore, a meth od had to be devised to c lose the gap between the data 

requirements for thi s experiment and the ex isting data situation. 

Data "'" Data "'" Mode l > Evaluation ~ Dep loymen t 
Understandiny Preparation / Building / 

Initial Data Description Data Quality 
Collection of Data Verifi ca tion 

Figure 4.3 T he data understanding phase 

4.3.1 Initial Data Collection 

The primary source o f data for thi s research is the ShebaMiles DB. Demographic data as well as 

the current sta le of each member in the program are co ll ected in the database. The database 

contains a li st of single past fli ght activiti es, which contain departure and arrival airports, 
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information pertaining to th e booking made, as well as the member's ulllque membership 

number. 

Info rmation perta ining to eac h passenger's revenue is not ava ilable s ince the ShebaMil es DB is 

basica ll y used for adm ini strative purposes. In order to complete the fl ight activities in th e 

ShebaMil es DB wi th revenue data, corresponding revenue va lues were extracted from a revenue 

accounting database and assigned to the indi vidual fli ght segments from a revenue accounting 

database, where revenue information o f indi vidual fli ght segments is ava ilable . 

Further ex plora tion of the ShebaMiles DB reveal ed that, a key identifi ca tion variabl e, that is 

ticket number, wh ich is necessary fo r a unique match to ex tract sa les in formation from a sales 

information database concerning the flight activities, was miss ing. 

The a irlines ' host departure contro l system creates a data fi le and e lectronica ll y transmits the fi le 

(usua ll y dail y) as input to the ShebaM il es DB. The data fil e consists of all member acti vity that 

occurred during the period , inc luding ticket number information, which is not a mandatory fi eld 

for the Sheba Mi les DB. These data were archived in 306 sepa rate fil es. 

The first task in the data co ll ection process, which is dep icted in Figure 4.4, was the ex tracti on of 

the member activity load fil es from th e archi ved 306 data files. A procedure was used that read 

through eac h record and merged the records into a s ingle member acti vi ty data fil e. T hi s exerc ise 

was very cruc ia l as th e ticket number information was conta ined in these separate data fil es. The 

resu lting s ing le data file was exported into MS Access and a tabl e named Trips Load was 
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created. Trips Load contained 101,1 89 reco rds with members' flight activity and ticket number 

information. 

~ 
Member activity I'--- ..-/ 
load files with Merge Sing le member Export 

ticket numbers activity load file Trips Load 
(306 archi ved with ticket numbers Table 
files) ( 101, 189 reco rds) (MS Access) 

Figure 4.4 Extraction of archived member activity load files 

The next task, whi ch is illustrated in Figure 4.5, was the ex traction of 90,833 records of member 

flight activ iti es with the corresponding mileage awards from the ShebaMiles DB into another 

table named Trips . The Trips table lacked ti cket number information, which was later extracted 

from Trips Load table using a matching query. The number of reco rds in Trips Load being 

greater than Trips can be ex plained by the ex istence of dupli cate records in the fonner, which 

were later fou nd ancl excl uded. 

,r-
---- Member i'-- --- r----

-----ShebaM iles 0 B acti vity file 

(MSVisua l 
Extract (w ithout Expo rt 

Foxpro DBMS) ticket Trips tabl e 

numbers) (MS Access) 
'--- ---

Figure 4.5 Extraction of member activity files from ShebaMiles DB 
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In order to match th e Trips tabl e with the Trips Load table and extract the ticket number 

information , records in both tab les needed to have the same ShebaMiles permanent member 

number. Unfo rtunately, many records ex isted in Trips Load with temporary member num bers. 

Therefo re, anoth er procedure was used to read through a table in ShebaMi les DB (named Alias) , 

and retri eve the corresponding permanent number for reco rds that lacked thi s in fo rmation in 

Trips Load. 

Next, a procedure was used to match records in the Trips tab le with the Trips Load tabl e, get the 

required ticket lIuII/be/, info rm atio n, and insert it as a new fie ld in the T rips tabl e. Out of the 

90,833 reco rds from the Trips table, co rrespond ing va li d ticket numbers were ava ilable in onl y 

24,687 (27%) of th e records in Trips Load. This is depicted in Figure 4.6. 

The remaining reco rds had either missing or invalid nu mbers. A procedure was used to fill the 

miss ing va lues in the ' data prepa ration ' phase. O nce the key identificati on variable was 

ava il ab le for the 24,687 records, the corresponding revenue va lues in U.S. dollars had to be 

extracted, yet from a separate revenue accou nting database. Another procedure was used to 

extract revenue data from a revenue accounting DB . 

I'-- Data Collection DB (MS Access) ,.......-/ 

--.., 
Ticket Ticket r---- .../ 

Trips Load Number Trips 
N lIll1h~ r 

Revenue 
Accounting DB 

Revenue 
(ADABAS DBMS) 

.../ 
O M;:} 

Figure 4.6 The revenue data coll ection process 

59 



The revenue data ex tracti on revea led that out of th e 24 ,687 records, a uniqu e match was found 

for 20,158 (8 1 %) of th e records. A unique match was not found in 4,529 o f the records. Records 

w ith matching revenue data were later integrated in to the Trips table. 

Furthermore, the Member and Members Point tables, whi ch contain members' demographic 

data and th eir mil eage point statu s respecti vely, were exported to the same data co ll ection DB as 

the others. 

4.3 .2 Description of the Data Collected 

After the in itia l data co ll ec ti on, the new database created on MS Access contained the fo ll owing 

tables: 

i) Trips 

This ta ble conta ins a tota l o f 90,833 reco rds and 10 fi elds. A desc ription of the fi eld names as 

well as the ir data types is li sted as fo llows: 

Field Name Data Type Description 
FF _N um (Primary Key) Tex t ShebaM il es member num ber 

Orig Tex t Origin city 
Dest Tex t Destination city 
Flight Tex t Fli ght num ber 
Date Date/Time Date of ni ght 
C lass Tex t Reservati ons (booking) c lass 

(Fi rstlB usi ness/Economy) 
Po ints N umber Total po ints awarded per each night 

segment ' traveled 
Revenue Number Revenue in US Dollars per each 

n iaht se.gment trave led 

* A trip from one ori gin city to another destinati on c ity makes up one ni ght segment. 

Table 4.1 Attributes of the Trips table 

60 



ii) Member 

This table conta ins demographi c data pertaining to each of Sheba Miles member. This table 

contai ns 22,022 records and 15 fi e lds describing the member. A description of the fi elds 

names as well as their da ta types is li sted as follows: 

Field Name Data Type Description 

FF _ Num (Primary Key) Text ShebaMiles member number 

Lname Text Member's last name 

Fname Text Member's fi rst name 

Address Text Member's mailing address 

City Tex t Member's city of residence 

Country Tex t Member's co untry of res idence 

Zi p Text Member's zip code 

Tier Text Member's current statu s in th e program 

(Blue, Silver or Go ld tier) 

En rl date Date/time Member's enrollment date In the 

program 

Lang Tex t Member's language of preference 

Dob Date/time Member's date of birth 

Phone Tex t Member's phone number 

Email Text Member's e-mail add ress 

Smoking Tex t Member' s smoking habits (yes/no) 

Seat ing Text Member's sea ting preference (Window 

or Aisle seat) 

Table 4.2 Attributes of the Member table 
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iii) Members Point 

This tab le co ntai ns the number of points posted to each of the 22,022 members and 5 field s 

that a re desc ribed as follows: 

Field Na me Data Type Description 

FF _ Num (Primary Key) Text ShebaMiles member number 

Exp_date Daterrime Points exp iration date 

Points Number Base poi nts 

Bonyoints Number Bonus points 

Rdm_points Nu mber Red eemed points 

Table 4.3 Attributes of the Po in ts table 

4.3.3. Data Quality Vel'ifi cation 

The revenue data extraction revea led that out of the 90,833 records in the Trips tabl e, a unique 

match was found for 20,158 (22%) of the records. Since it is imperative that a revenue value be 

ass igned to each fli ght acti vi ty in order to provide a reliab le customer va luation for the complete 

individua l history, a procedure had to be developed to fill records whose corresponding revenue 

va lues were miss ing. T hi s activ ity was perform ed in the data preparatioll phase . 

4.4 Data Preparation 

The ma in goa l of th is ac tivity was the production of the dataset (data sets) used for mode li ng by 

the data min ing tool of choice. The main acti vities during this phase included data cleaning, 

se lection , transfo rm ation and aggregat ion, integration, and formatt ing. 
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Figure 4.7 The data preparation phase 

4.4.1 Data Cleaning 

This phase is abou t raI sIng th e data qual ity to the leve l required by th e proj ect. Acco rding to 

C RISP-OM (2000), thi s may involve selection of clean subsets of the data, the inserti on o f 

suitabl e defau lts or more ambi ti o us tec hniques such as the esti mation of missing data by 

modeling. 

There are various recommend ations as to how to compute miss ing values of key attributes, such 

as revenue. Saarenvirta ( 1998) notes that methods range fro m assigning the average va lue, to 

bu ilding a c lassification model and compute the mi ssing va lues. Revenu e va lues for a given fli ght 

segment result from several fares , whic h a re publi shed for thi s fli ght segment and are usuall y 

co nstant for a certa in peri od. Pritscher et. a!' (n.d .) believe that airli ne fares are no random va lues, 

and it is advi sab le to make use o f observed va lues within a subgro up . 
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Subsequently, a proced ure was used to ca lcu late mea n revenue va lues for the fli ght acti viti es, by 

using hi storical data o f similar flight segments. The results of th is exercise were look-up tab les by 

whi ch revenue values were matched to flight activit ies with unknown revenue. The entry for the 

look-up table was the average revenue of a certain subpopulation , wh ich was determined by the 

attributes' origi n and destination c ity pa ir and booking c lass. The matching procedure was 

applied in steps, and at the same time th e matching criteri a were sequentia ll y relaxed. 

Out of 70,675 of the reco rds, the procedure successfull y fil led reven ue va lues in 53,6 13 of the 

records based on the matching criteria, whil e such a criteri a co uld not be found for the remai ning 

17,082 records. T hi s exerci se sign ifi cantl y raised the number of records with revenue va lues to 

73,75 1 records from the origina l 20, 158 reco rds. The results were 

va li dated by domain ex perts as being reali sti c . 

4.4.2 Data Selection 

During thi s phase, selection decisions were made on the data to be used for analysis. The criteria 

included relevance to the data mining goa ls as well as qual ity constraints. The data mining goal 

being the poss ible identification of va luable customer groups, records with miss ing revenue value 

were exc luded in order to avoid compromising the results. Accordingly, this phase saw the 

select ion of 73,75 1 of the reco rds fi'om the Trips tab le with complete revenue data. 

4.4.3 Data Transformation a nd Agg regation 

This task, acco rd ing to CR ISP-OM (2000), includes constructive data preparati on operations 

such as the production of deri ved attributes, complete new records or transformed va lues for 

ex ist ing attributes. 
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The fi rs t task performed in thi s case was th e aggregation of the member acti vi ty record s in the 

T rips table. The aggregation o f the records was done by each member 's records, thus red ucing 

the tota l num ber o f reco rds from 73,75 1 to 11 ,922 . The aggregation o f records a lso necess itated 

th e numeri c representation o f some attr ibute va lues. The new aggregated Trips tab le had the 

attributes shown in Table 4.4 . 

T he key attributes from th e Trips table that were used as inputs to Knowledge Studio's clustering 

a lgorithm were the tota l number o f ind ividua l segments [l awn, the tota l revenue coll ected, and 

the total base po ints he has been awarded. 

Field Name Data Type Description 

FF _ N um (Primary Key) Text ShebaMil es member number 

Ttl_Trips Number Tota l num ber of segments [la wn by member 

Ttl Revenue Num ber Tota l revenue co ll ected from member -

T tl Points Number Tota l base mi leage points awa rded -

Table 4.4 Attributes of the Trips table aggregated a t member level 

Data in tegrati on was essenti a l at thi s point as informati on perta ini ng to the demographic 

characteri sti cs o f each member was located in a di fferent table, that is th e Member tabl e. 

Records in following fi elds perta ining to each member were first assigned a numeric code and 

then integrated into the Trips table. 

Field Name Datu Type Description 

Tier Nu mber I = Blue; 2 = Silver; 3 = Gold 

Member Tenure Number N umber o f mon ths s ince member fi rs t enro ll ed in 
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Sheba Miles 

Country Number Member's country of res idence (numericall y 

represented from I to 132) 

Table 4.5 Attributes from the Member table integrated into the Trips table 

The demographic va riabl es, whi ch are shown in Figure 4.5, fro m the Member tab le were used to 

deri ve new va ri ab les that are shown in Figure 4.6. According to Saarenvirta ( 1998), data creation 

invo lves the creation of new va riabl es by combining ex isting variables to fo rm rati os, difference 

and so fo rth . The new deri ved attributes are the ones listed in the fo ll owing table. 

Field Data Type Description 

Rev Points Number Ratio of Tota l Revenue to Total Mil eage Points -

Rev Tenure Number Ratio of Total Revenue to Member Tenure 

Rev_Trips Number Ratio of Total Revenue to Total Number of Segments 

Trips_Ten ure Number Ratio of Total Number of Segments to Member's 

Tenure 

Table 4.6 Derived attributes on the Trips table 

Since the data set that Knowledge Studio accepts is a single table, all the above customer spec ifi c 

attributes were aggregated into a single tab le by mak ing use of MS Access database query 

utili ties. The fac t that Kn ow ledge Studio had Open Database Connect ion (ODBC) faci liti es 

enab led the resea rcher to import the data set directl y from the data mart , which was constructed 

on MS Access. In additio n, Knowledge Studi o had options for choosing which of the attribut es to 

consider in buil di ng a model fro m the 's ing le table' data set. 
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Figure 4.8 shows the data model of the ShebaMiles data marl, which contains the dataset lhat was 

in put into the modeling tool. The Trips and Member tables were joined to create a data set with 

records aggregated al a member level. 
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i address l orig 
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Figure 4,8 The ShebaM iles Data Mm't data model 
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4.5 Modeling 

The major tasks perfo rm ed during the mode ling phase were the selection of the modeli ng 

tec hnique, layi ng o ut a test design, bui lding a model, and the assessment o f the model bu il t. 

Data '" Data '" 
Model > Eval uati on ~ Dep loyment 

Understandin g/ Preparation / Building / 

I 
Se lection of Test Design Model Model 
Model ing Generation Bui lding Assessment 
Tech nique f---

Figure 4.9 The model building phase 

4.5.1 Selection of Modeling Technique 

The major objective of thi s proj ect being th e generation of strategic customer segments among 

ShebaMi les members, a clustering algorithm was applied in order to identi fy gro ups whi ch were 

di fferent from each other acco rding to the ir product mix as well as to their va lue, but whose 

members were very similar to each other. S ince no predefined segmentation ex isted, employing 

c lustering a lgo ri thms was approp ri ate. 
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KJ10wl edge Studio supports two types of Clustering Algorithms; K-m eans and Expectation 

Maximization (EM). Unlike K-mea ns, similarity in the Expectation-Maximization (EM) 

a lgorithm is based on the probab ility theory. A reco rd being assigned to a particu lar cl uster when 

it is most like ly generated by the probabili ty di stribution corresponding to thi s c luster, with 

distributions being di fferent for indi vidual c lusters. Accordi ng to B ishop ( 1995), EM is best used 

when o ne has to deal wi th large amounts of missing data. S ince the number of mi ssing data was 

very minimal , K-means was used for this stud y. 

The K-means cl usteri ng algori thm passes through each customer record, assigning each to the 

closest ex isting c luster center. According to Pritscher (n.d.), a critica l task of using the K-m eans 

clustering a lgo rithm is the choice of the right variables and the right sca les. 

The K-means algori thm req uires that input va ri ables should all be co nverted in to numbers, and 

that the numbers be further norma li zed to ensure that the innuence of al l variables is similar. The 

task of converti ng the inpu t va riabl es to numbers has al ready been performed in the data 

preparation phase . Furth ermo re, data is normali zed automatically in Knowledge Studi o. 

Once the clusters were created, the interpreta tion of the cl usters rested with the domain experts 

and th e resea rcher. The following three app roaches were employed to und erstand the clusters 

using Knowl edge Studio: 

I . Visua ll y analyzed how the c lusters were affected by changes in the input variab les 

2. Examined the differences in the di stributions of variab les li'om cluster to cluster, one 

va ri able at a time 
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3. Finally, automati ca lly grew a dec ision tree wi th 'cl uster index' as the dependen t variab le, 

and used it to derive rul es exp laining how to assign new records to the correct cluster. 

4.5.2 Test Design 

The fi rst activ ity perfo rmed in th is phase of the modeling acti vity was coming up wi th a test plan 

fo r tra in ing, test ing and eva luating the mode ls. Among the ava ilable member acti vity da ta, it was 

dec ided (with the invo lvement of the domain ex perts) to consider those members records whose 

fl ight ac tivities occ ulTed during a 12 months period between April 0 I , 200 I and Ma rch 3 1, 2002 

based on two fac tors. 

The basic factor for the above selection criteri a was that the peri od corresponded to ShebaMiles' 

ca lenda r year, and fu rthermore, the number of records for this period were mo re than those in 

e ither of the previous years. Accord ingly, thi s sampl ing criteri a yie lded 7,602 reco rds out the 

to tal 11 ,922. 

Out of th e 7,602 reco rds, 4,000 records were randoml y se lec ted to train the clustering model, 

whil e the remain ing 3,602 were set as ide to assess how we ll the model assigned them to the 

diffe ren t c lusters . 

• Tota l number of segments fl own by member (Ttl_Trips) 

• Total number of segments fl own by member during the 12 months between Apri l 200 I and 

March 2002 (T tl T rips Year) 

• Tota l revenue co ll ected fro m member (Ttl_Revenue) 

• Tota l base mileage poi nts awa rded (Ttl_ Poi nts) 

70 



• N umber of months s ince member first enrolled in ShebaM il es (Tenure_Months) 

• Ratio of Tota l Revenue to To ta l M il eage Points (RevPerPo ints) 

• Ratio o f Total Revenue to Member's Tenure (RevPerTenure) 

• Ratio o f Total Revenue to Tota l N umber of Segments(RevPerTrips) 

• Ratio o f Total N umber o f Segments to Member Tenure(TripsPerTenure) 

4.5.3 Model Building 

Automatic C luster' Detection 

After the selecti o n of the data set and K-m eans c lustering algorithm in the previo us phases, the 

next step was the process o f choosing th e bas ic run parameters for th e a lgorithm. The basic 

parameters avai lable in Knowledge Studio for K-m eans clustering includ e: 

• Number o f clusters: the number of c lusters (k in K-means) that need to be created. Th is 

value has to be manuall y input into the system. 

• N umber o f iterations: This parameter indicates the maX I111llm number o f times the 

a lgorithm will read th e data. The higher th is number and th e lower the accuracy criterion, 

the longer the al gorithm will ru n, and the more accurate the results wil l be. This parameter 

is a stopping a criterion for the a lgorithm. If the algorithm has not sati sfied the accuracy 

criteri on a fter th e max imum num ber o f passes, it w ill stop. 
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K is a user-defin ed number. Initi a ll y, different values o fK, whi ch ranged between 4 and 10, were 

rando ml y used . Saarenvirta ( 1998) advises, the num ber o f c lusters chosen should be dri ven by 

how man y c lusters th e business can manage. The business experts were then consulted in setting 

values for K fo r th e vari o us c luster runs in order to make the who le exercise more rea li stic. 

Fina ll y, the va lues chosen fo r the fina l experim entati on were 4, 5 and 6. 

The data overview report fi·o m Knowledge Stud io was the basis fo r determ ining the threshold 

values (very low, low, med ium, high, very hi gh) that were used in the analysis o f the resu lts. The 

report prov ides a summary of th e minimum, maximu m, mea n and standard deviat ion va lues for 

th e d ifferent data sets. 

The c lustering experiments cond ucted have been broadl y divided into fo ur. In each of the 

experimen ts, di fferent combinations of va riables were used for the c luster runs. Moreover, in 

eac h o f the ex peri ments, the same variables were used for cluster runs by altering the K va lue and 

the max imum nu mber o f iterati ons. 

Experiment 1 

Duri ng th e first ex perim ent, a ll of th e va riabl es were input into the c lustering run . S ince 

cl ustering is an unsupervised data mining technique, a ll th e vari abl es were set as independent 

variab les. The parameters set for th e cluster runs are shown in Tab le 4.7. 
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Cluster run No. of variables No. of records No. of cluster s No. of iteration 

I 9 4,000 6 10,000 

2 9 4,000 5 10,000 

Table 4.7 Summary of clusterin g input para meter s for the first two ru ns 

Kn ow ledge Studio's data overview report, shown in Figure 4.1 0 was used to se lect variables to 

be used for the clustering runs. 
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Figure 4.13 Output of the flrst cluster run 

The outpU1 of both c Juster runs was a dec is io n tree wi th the C luster Index as the dependent 

variabl e. The dec is ion tree provided a descripti ve class ifi cation model of the c lusters, thus 

enabling exp loration and detection of the characteri sti cs of each cluster. 

Analys is of the outputs of the clusters revea led that it was quite diffi cult to detect patterns 

identifying the characteri sti cs of each c luster. Furtherm ore, additional 5 c luster runs with K set at 

4,7,8,9, 10 did not yield in segments that were meaningful. 
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Figure 4.14 Output of the second cluster run 

First Cluster Run Second C luster Run 

Cluster Frequency of reco rds Cluster Frequency of records 

I 505 ( 12.6%) 1 88 1 (22,0%) 

2 474 ( 11.9,%) 2 1987 (49,7%) 

3 112 (2.8%) 3 24 1 (6.0%) 

4 878 (2 1.9%) 4 705 (17,6%) 

5 42 1 ( 10,5%) 5 186 (4,7%) 

6 16 10 (40,3%) 

Table 4.8 Summary of cl uster res ul ts 
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The descriptive dec ision tree with the cluster index as the dependent va ri able indicated that 

among the nine va riables, Ttl_Trips, Ttl_TripsYear, Ttl_ Revenue and Ttl_ Points were the top 

fo ur vari ables used for classifyi ng the clusters. These vari ab les were chosen for the cl uster runs to 

be conducted in the next experim ent. 

Experiment 2 

Based on results from th e prev ious ex periment, the va riabl es chosen for the cluster run during 

thi s phase were: 

• Total num ber of segments ilown by member (Ttl Trips) 

• Tota l number of segmen ts nown by member in the la st 12 months (Ttl_TripsYear) 

• Tota l revenue co ll ected from member (Ttl Revenue) 

• Total base mileage points awarded (Ttl_Points) 

For the third c luster run , the number of clusters (k) was set at 5, and the maxi mum number of 

iterations at 1000. 
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Figure 4.1 5 Th ird cluster run 
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The resultant mode l was assessed with the doma in ex perts to decipher what th e different clusters 

referred to, so that a segmentation metric cou ld be developed from the member's behavior based 

on the input variables. Since there were no predefined customer segments that ha ve been created 

to compare the results with, th e resea rcher had to rely on the expertise of the domain experts to 

find patterns of customer behavior in the clusters. 
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Figure 4.16 Summary of the third cluster run 

The clusters were ana lyzed by visua li zi ng the in put variables and splits one at a time. 

Conseq uently, the fo ll owi ng pattern was discovered in the five cluster groups with respect to 

each of the input vari ables. The data overview report from Knowledge Studio was used to set the 

threshold va lues to classi fy the records as fo llows: 

I. Ttl_Trips: Very Freq uent; Moderately Freq uent ; Freq uent ; Not Frequen t 

2. T tl_ TripsYea r: Very Freq uent; Moderately Freq uen t; Frequen t; Not Frequent 

3. Ttl Revenu e: High Revenue; Moderately High Revenue; Average Revenue; Low 

Revenue 

4. Ttl_ Points: High Points; Average Points; Low Points 
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1.00 (149) 3.7% 
2.00 (958) 23,9% 
3.00 (22) 0.6% 
4.00 {406} 10.2,*, 
5.00 (2,465) 61 .6"­
TOIaI 4,000 

Ttl Trips 

----:::::::::=====~ \ ~====---
[1.00,2.00) [2.00;3.00) [3.00,5.00} (5.00,9.00) [9.00,20.00) [20M,60.00) , , '-~'--, r-~~-, 

11.00 (0) 0.0% 1 (a (0) 0.0% 1.00 (0) 0.0% 1.00 (a) 00% 1100 (1) 01% 1.00 (146) 37.2'110 
2.00 (0) 0.0% 2.00 (a) 0.0% 2.00 (17) 2.2% 2.00 (444)632% 200 (487}729% 2.00 (10) 2.6% 
3.00 (0) 0.0% 3.00 (0) 0.0% 3.00 (a) 0.0% 3.00 (0) 00% 300 (a) 00% 3.00 (6) 1.5% 
4.00 (0) 0.0% 4 .00 {OJ 0.0% 4.00 (a) 0.0% 4.00 {OJ 00% 4 00 (176) 26 3% 4.00 (230) 58.7% 
5.00 (849)100.0% 5.00 (60S) 100.0% 5.00 (748)97.8% 5.00 (259)368% 1500 ('I) 06% 5.00 (0) 0.0% 
TOIaI 849 21.2 % Total 605 15.1% Total 765 19.1% Total 703 17 6% Total 668 167% Total 392 9.8% 

Figure 4.17 Output of the third cluster run 

C luster 
Frequency Ttl_Trips Ttl_Trips 

Ttl Revenue 
of Records (Frequency) Year 

-

1 149 (3 .7%) VelY High Very High Very High 

2 958 ( 23.9%) Medi UI11 Medium Medium 

3 22 (0.6%) Very High Very High Very High 

4 406 (1 0.2%) High High High 

5 2465 (6 1.6%) Low Low Low 

Table 4,9 S Ul11mary of results from the third cluster run 

79 

[60.00,128.00] , 
1.00 (2) 11 .1% 
2.00 (0) 0.0% 
3.00 (l6) 88.9% 
4.00 (0) 0.0% 
5.00 (0) 0.0% 
Total 18 0.5% 

Ttl Points 

Very High 

Medium 

Very High 

Very High 

Low 



Fu rther anal ys is of the c lusters revealed that members who belonged to clusters I and 3 made 

very freq uent trips, generated very high revenue and had acc umu lated the highest total points 

awarded. Those be lo ng ing to cluster 2 were moderate members with medium va lues with respect 

to the va riabl es under stud y. Cluster 4 was an interesting group with very high total points and 

the rest high. C luster 5 co nsisted of members with all th e vari ab les low. 

A second c luster run was conducted to check the effect of the number of iterat ions on th e 

c lustering outcome. The same data set was input into the a lgo rithm, where the number of clusters 

was set at 5 and the maximum number of iteratio n to 5000. 

~ KnowiedgeSTUDIO -(ClusterAnalysis8) B~f3 

~ f ile .Edit ~ew Insert Iools Y{indow Help 

Cluster ing with Kmeans Clustering 
Time elapsed: 05 min 33 sec 

Current Iteration: 5000 
Maximum Iterations: 5000 

CUllent Status: Training 
Record ProQfess: 

o 
100 % 

4000 

dE 

li.... Resulti Training Clustering 
rr;-ai~ing .. ~'==~~=~:-=~~o!....---------r----; .. ,----rr-r-

Figure 4.18 Fourth cluster run 
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The mode l took twice the time it took to train the first model. The c lustering result shown in 

Figu re 4. 19 revealed that the five c lusters from the second run ex hibit similar characteri stics to 

the c luster o utp uts of the fi rst run. A summary of th e second c lustering results is shown in Tab le 

4. 10. 

1.00 (391) 9.8% 
2,00 (40) 1.0% 
3.00 (2.493) 62.3% 
<1.00 (1S';) 3.8% 
5.00 (923) 23.1% 
Total 4,000 

Ttl Tnps 

-----===-=-==::::=:=:::=====:;>? \ ~==:::::::----[1.00,3.00) (3.00,7.00) (7.00,1'l.OO) [14.00,31.00) [31.00,53.00) (53.00,64.00) [64.00,107.00) 

1

1.00 (0) 0.0% 
2.00 (0) 0.0% 
3.00 (1,411) 100.0% 

1.00 (0) 0.0% 1.00 (26) 3.7% 1.00 (336) 70.0% 1.00 (29) 21.0% 2.00 (0) 0.0% 2.00 (0) 0.0% 2.00 (0) 0.0% 2.00 (7) 5.1% 
3.00 (1,022) 84.1% 3.00 (60) 8.<1% 3.00 (0) 0.0% 3.00 (0) 0.0% 

! 1.00 ,d) 0.0% 1.0 0 (0) 0.0% 
2.00 (13) 59.1% 2.00 (20) 90 .9% 
3.00 (0) 0.0% 3.00 (0) 0.0% 14 .00 (0) 0.0% 

5.00 (0) 0.0% 
4.00 (0) 0.0% 4,00 (0) 0.0% 4 .00 (40) 8.3% 4 .00 (102) 73.9% 
5.00 (193) 15.9% 5.00 (626) 87.9% 5.00 (104) 21.7% 5.00 (0) 0.0% 

4 .00 (9) 40.9% 4.00 (2) 9.1 % 
5.00 {OJ 0.0% 5.00 (0) 0.0% Total 1,411 35.3% Total 1,215 30.'1% Total 712 17.8 % T011l1 480 12.0% Total 1]8 ].5% Total 22 0.6% Total 22 0.6% 

Figure 4.19 Output of the fourth cluster run 

C luster 
F req uen cy Ttl_T rips Ttl_Trips 

Ttl Revenue Ttl Points of Records (Frequency) Year - -

I 39 1 (9.8%) High High High Very High 
2 40 ( 1.0%) Very High Very High Very High Very High 
3 2493 (62.3%) Low Low Low Low 
4 153 (3.8%) Very High Very High Very High Very High 
5 923 (23.0%) Medium Med ium Medi um Medi um 

Table 4.10 Summary of res ults from the fourth cluster run 
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As co uld be seen from tab les 4.9 and 4.10, though the res ults do not exactly match, s imil ar 

patterns were identifi ed in th e results o f both th e clustering runs. The minimal di fference in the 

number or records belong ing to c lusters from the two models exhibiting similar behavio rs could 

be attributed to differences in the maximum num ber o f iteration set fo r th e two runs. 

The c luster groups showing simila r characteri stics are sho wn o n the same row in Table 4. 11 . The 

compariso n elaborates the similarity of the results from the two runs. 

Cluster Freq uency of Reco rds C1nster Frequency of Reco rds 

I 149 (3 .7%) 4 153 (3 .8%) 

2 958 (23 .9%) 5 923 (23 .0%) 

3 22 (0.6%) 2 40 ( 1.0%) 

4 406 ( 10.2%) I 39 1 (9 .8%) 

5 2465 (61.6%) 3 2493 (62 .3%) 

Table 4.1 I Comparison of results from the third and fo urth cluster runs 

Since Clusters I and 3 had the same 'very high ' values, and assuming that reducing the cluster 

num bers wo uld produce better segments, a second run was conducted with the number of cl usters 

set to 4. The same training data set, whi ch was used in the first experim ent, was agai n used to 

train the third c lustering mode l. The max imum number o f iteration was set to 1,000. The results 

a re shown in Figu re 4.20. 
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1.00 (2,880) 72 .0% 
2.00 (39) 1.0% 
3 .00 (801) 20. 1% 
4 .00 (278) 7.0"100 
Total 4 ,0)0 

TtC Tnps 

~~~~~==~ \ ~==~~----~ 
[1.00,2.00) {2.00,3.00) [1.00,4.00) [4 .0:1,5.00) {S.00,9.00) (9.00:-31.00) [31.00,128.00J 

~ ~ ~ 

~
'OO (849) 100.0% 1.00 (60S) 100.0% l.00 (405) 100.0"110 r l.OO (360) 100.0% 

2.00 (0) 0.0% 2.00 (0) O.O'*' 2.00 (0) 0.0% 2.00 (0) 0.0% 
3.00 (0) 0.0% 3.00 (0) 0.0'110 3.00 (D) 0.0'110 ) .00 (D) 0.0'110 
4 .00 (0) 0.0'110 4.00 (0) 0.0'110 4 .00 (0) 0.0'110 4 .00 (0) 0.0'110 
Total 849 2 1.2 % Tot,1 60S 15.1% T ota l ~ OS 10 .1% Tota l 360 9.0% 

, , , 
100 (598 ) 851% 1.00 (63) 7.0% 1.00 (0) 0.0% 
2.00 (0) 0.0% 2.00 (0) 0.0% 2000 (39) 22.7% 
3.00 (105) 14.9'110 1.00 (695) 76.1% 3.00 (3) 1.7'110 
4.00 (0) 0.0% 4.00 (148) 16.3'110 4.00 (130) 15.6% 
Total 703 11 .6% Total 906 22.6% Total 172 4 .3% 

F igure 4.20 Output of the fifth cluster .-un. 

Aga in , the res ulting cl usters were anal yzed making use of Knowl edge Studio 's decision tree. The 

four cluster groupings in th e third run revealed a sligh tl y different pattern than the first run , Since 

the tota l number of clusters in thi s case is less by one than in the first run, no two clusters 

represented very similar pattern, The output and interp retati on of the model is summari zed in 

Tab le 4.12. 

Cluster Frequency Ttl_Trips Ttl_TripsYear Ttl Revenue Ttl Points 

of Records (Frequency) 

I 2880 (72.0%) Low Low Low Low 

2 39 (1.0%) Very High Very High Very High Very Hi gh 

3 803 (20. 1 %) Medium High High High 

4 278 (7.0%) Very High High Very Hi gh Ve ry High 

Table 4.12 Summa ry of resu lts from the fifth cluster run 

83 



Once again , an other clustering run was conducted to check the effect o f the number of iterations 

on the third c lustering o utcome. The same da ta set was input into the algorithm, where the 

nu mber o f c lusters was set at 4 and the max imum number o f iterati on to 5000. 

,. KnowledgeSTUDIO - (Clu.tefAnalllslsBI 1Ir;;) Ef 
file ~drt yie..... Jnsert 1001s Y{lndow Help 

II D i»: ,.. B ~. 'W It? II,,"'''' <ii' ~ R 

C lu s t e ring with Kmean s C luste r ing 
Time elapsed: 05 min 33 sec 

Current iteration: 5000 
Maximum iterations: SCXXl 

CUllen! St~tus ' Trainino ... 
A ecord Progress: 

o 

Tlmning . . 

Figure 4.2 1 Sixth cluster run 

100 % 

1.00 (121) 20.7'110 
2.00 (lOg) 7.nll, 
LOa (641 I., .... 
4_00 (I,'UI70 .0 .... 
Touol ',000 

4000 

, . r 

~----~~~~~~~ \ ~~~~~~~~~ [1_00.;3 ,00) 1l00500) [~00900) [9001100) (I100)11l0) ()rOO,6~GO) (640010700J 

1.00 (0) DO.... ~~.... 1 .00 (0) 0 .0 .... 

1

1.00 (OJ 0.0.... 1.00 (Ill) 10.'.... 2.00 (2) '-I .... 
1.00 (OJ 0 .0.... 1.00 C4~ ) 21.S.... 3.00 (20)90 , ... 
-4 .00 (1,-411) 1000.... 4.00 (0) 0.0'110 - ,DO (0) 0.0'110 

TO l. ' 1,411 15.HIo Tot., 160 -4.o"" Toul22 0.6'" 

Figure 4.22 Output of sixth cluster run 
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Again, the resulting clusters were analyzed maki ng use of Knowledge Studio' s decision tree. The 

four cluster groupings in the fourth run revea led a s li ghtl y different pattern than th e thi rd run. 

Si nce the tota l number of clusters in thi s case is less by one than in th e first run, no two clusters 

rep resented exactl y simi lar patterns wi th respect to the input va ri ab les. The results of the model is 

summari zed in Table 4.1 3. 

C luste r Frequency Ttl_T rips TtI_T ripsYear Ttl R evenue Ttl Points 

of Records (Frequency) 

I 828 (20 .7%) Medium High High 1-1 igh 

2 309 (7 .7%) Very High J-I igh Very High Very High 

3 64 ( 1.6%) Very High Very High Very High Very High 

4 2799 (70.0%) Low Low Low Low 

Table 4.13 Summary of results frum the sixth cluster run 

Similar to ea rl ier cluster outputs, though the cluster num bers of the two results from Tab les 4.12 

and 4.1 3 do not exactly match, similar patterns ha ve been identifi ed from th e data. This minimal 

d ifference between the two models was once aga in attributed to th e 

maxi mum number of iteration . 

C luster Frequency of Records C luster Frequency of Records 

I 2880 (72.0%) 4 2799 (70.0%) 

2 39 ( 1.0%) 3 64 ( 1.6%) 

3 803 (20.1 %) I 828 (20.7%) 

4 278 (7.0%) 2 309 (7 .7%) 

Table 4.14 COml}arison of res ults from the fifth and sixth cluster runs 
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Similar to Experim ent I , the cluster grou ps showing similar characteristics are shown on the 

same row in Tab le 4 .14. The compari son elaborates th e s imilarity of the results fro m th e two 

cluster runs. 

Accordi ng to Berry et. a!' (2000), the best set o f cl usters may be simply the o nes that show some 

expected pattern in the data . The results obtained from the above cluster models were 

encouragi ng to continue the ex perimen tation adding more of th e input vari ables as well as 

making use o f differing parameter settings. 

Experiment 3 

In thi s phase of the experimentation, one more va riable, Tenure_ Months, was added in addition 

to the fo ur va riabl es that were used in Experiment 2. T il t: intention was to see the effect of an 

add itional va riab le on the d istribut ion of the cluster outp uts. The parameters used fo r the first run 

during this phase were: 

• N umber of c lusters = 4 

• Maxi mum number of iteration = 10,000 

The process of c luste ring the data set, the anal ysis, and the cluster outputs are shown in fi gures 

4 .23, 4.24 and 4.25. 
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Figure 4.23 Seventh cluster run 

The introduclion of the additional va ri able brought abo ut a change 111 the di stribu tion of the 

records among the 4 clusters. According to th eir tenure in the program, member records were 

identified as long, moderate (average), and recent. The c lustering output has been summari zed 111 

Table 4. 1 S. 

C .J t. t. . .E 'Ii.!!IMI_tillt .tM t.1!1iiiifi .., 1 :>< 1 
~ £;1.. C d" ~;",..... , ... . ... , Iool.. ~,,",,,,,<>...... Bel", ---""-' 2>J 
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S ...... ~P,e S ."'..", "000 
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Figure 4.24 Summary of the seventh cluster run 
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Figure 4.25 Output of the seventh cluster run 

Frequency Ttl_Trips Ttl_ TripsYear Ttl Rev Ttl Pts Tenure 
Cluster 

-

of Records 

1 1144 (28 .6%) Low Low Low Low Long 

2 2286 (57. 1%) Low Low Low Low Recent 

3 8 1 (2.0%) High High High High Medium 

4 489 ( 12.2%) Medium Med ium Medium Medium Medium 

Table 4.15 Summary of r esu lts from th e seventh cluster run 
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The above summary o f resul ts show that the pattern s di scovered in the four clusters were 

different from th e ones discovered duri ng earli er experiments, in that Ttl_ Revenue was the most 

determining variable than the others. Fu rthermore, the patterns discovered fi 'om th is cluster 

gro uping were more meaningful. Thi s result establi shed the fact that th e inclusion of th e va riable 

Tenure_ Months enhanced the robustn ess of the c lustering model. Another cluster run was 

conducted with the number o f clusters set to 3, keeping th e variab les and the maximum number 

of iterations the same. 

Cluster Frequency Ttl_Trips Ttl_Trips Ttl Rev Ttl Pts Tenure Months 

of Records Year 

I 299 (7 .5%) 1-1 igh High High High Medium 

2 2386 (59.2%) Low Low Low Low Recent 

3 1333 (33.3%) Medium Medium Medium Medium Long 

Table 4.16 Summary of results from the eighth cluster run 
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Figure 4.26 Output of the eighth cluster run 
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Results from the seventh cluster run give consistent results in that Ttl_ Revenue was used as the 

first spliUing va riable, indica ting that total revenue is an important vari able that co ul d measure a 

customers' value. 

Following th ese res ults, the domain ex perts were keen on running more experiments in order to 

arri ve at c lusters that were more descripti ve. In the next experiment, the variabl e Ttl_ Points was 

not considered as results from th e experim ent indicated that it was not important in terms of 

determin ing customers ' va lue. Thi s was a lso shared by the domain ex perts, based on their 

business kn owledge. Furthermore, Tenure Months was replaced by RevPerTenure and 

TripsPerTenure, the latter of which were beli eved to be more descripti ve 

Experiment 4 

Based on results fro m the previous experiment and domain ex peli's comments, six vari ab les were 

used as input to th e clustering run during thi s phase of the experimentation. 

• 

• 

• 

• 

• 

• 

• 

Total number of segments fl own by member (Ttl_Trips) (Val' I) 

Tota l number of segments fl own by member during th e 12 months between April 200 1 

and March 2002 (Ttl_ TripsYear) (Val' 2) 

Total revenue co ll ected from member (Ttl Revenue) (Val' 3) 

Number o f months since member fi rst enro ll ed in ShebaMiles (Tenure_Months) 

(Var 4) 

Ratio of Total Revenue to Member's Tenure (RevPerTenure) (Var 5) 

Ratio of To tal Number of Segments to Member Tenure (TripsPerTenu re) (Var 6) 
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Cluster run No. of No. of records No. of clusters No. of iteration 

variables 

I 6 4,000 6 10,000 

2 6 4,000 5 10,000 

3 6 4,000 4 10,000 

Table 4.17 Summary input parameters for the cluster runs in Experiment 4 

..,.. KnowiedgaSTUDIO - ICh •• te.Analy-a •• 171 1!Ir;) 13 
~ file ,Edit Y:iew Ins",,1 I oois Yiinoo..... t1elp 

C i ustc i- ing w i th Kmean s C lus t e r i n g 
Time elapsed: 02 min 4 7 sec 

Currer,t Iteration: 10000 
Maximum Iterations: 10000 

Cunent Status: TrainirlQ .. 
Record Progress; 

o 

Results T ... ining Clusfl!lring 

1nn % 

Figure 4.27 ninth, tenth and eleventh cluster runs 
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Results from the ninth c luster run showed that Ttl_Revenue was the initi al splitting vari ab le, thus 

indicating that it is a determining variabl e. The fi rst C luster fo rm this cluster run conta ined on ly 

five records (0. 1 %) of the total , thus indi cating that further experimentat ion by reduci ng K was 

va lid. 

Add itiona l runs were conducted by setting K to 5 and 4 respective ly. The outputs, whi ch are 

shown in Figures 4. 30 and 4.3 1, aga in show that Ttl_ Revenue was the first splitting variable. 

Thi s pattern seemed to suggest that total revenue contribution was an impOltant va ri ab le in the 

segmentation of customers. 
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Figure 4.31 Output of the eleventh cluster run 

Metri cs were developed to describe the characteri stics o f each vari able, based o n the di stribution 

o f records in the segments. Representations and the cOlTesponding meaning of the metri cs used 

were the fo ll owing: 

VH = Very Hi gh; 1-1 = High; M = Medium; Lw = Low; VLw = Vety Low; R = Recent; 

Lg = Long; VLg = Very Long. 

Cluster Frequency of Var Va .. Va .. Val' Val' Val' 

Records J 2 3 4 5 6 

I 2 103 (52 .6%) VLw VLw VLw R V Lw M 

2 11 4 (2 .9%) V]-I V1-I V1-I Lg VJ-I H 

3 41 9 (1 0.5%) M H 1-1 M 1-1 H 

4 3 14 (7.8%) 1-1 H VH VLg 1-1 H 

5 1050 (26.3%) Lw Lw M Lg VLw Lw 

Table 4.18 S ummary of the tenth cluster run, with k = 5 
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C luster Frequency of Var Var Var Var Var Var 

Records I 2 3 4 5 6 

I 495 (12.4%) H I-l I-I M I-! I-! 

2 126 (3.1%) V I-l VI-! V H Lg H H 

3 2296 (57.4%) Lw Lw Lw R M M 

4 1083 (27. 1 %) M M M Lg Lw Lw 

Table 4.19 Summary of the eleventh cluster rUII, with k = 4 

4.5.4 Summary of the C luster Results 

An important requirement o f segmentation is that th e deri ved segments can be exp lai ned to 

doma in ex perts. The disco very of patterns req uires that there is c lose interactio n with domain 

experts, which al lows them to interact wi th the output. The eva luati on of the final c lustering 

resu lts heav il y depended on th e domain experts. 

In order to confirm the discovery of meaningful segments, plausibility checks were perfo rmed 

based on additi onal important variables. Several runs of the K-m eans al go rithm were conducted 

with num ber of c lusters set between 4 and 6. The enti re data set output from the different cl uster 

runs was avai lab le with th e c luster index appended to the end of each record. This enabled the 

domain ex perts to compare resulting customer segments from the different c luster runs. 

Except the c luste r outputs in Experiment I, where th e results were difficult to dec ipher, the 

results of the c luster runs in Expe riment 2, 3 and 4 revealed important knowledge as to th e 

characteri s tics o f each discovered segment. According to domain experts, the results o f the 
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models were re levant to the business problem, since each segment d iffered between high and low 

potential customer groups. Pritscher (n.d .) tell us that there is no actual quantitati ve defin iti on of 

a good segmentation, thus assess ing the gro ups by investigating their revenue distribution 

(customer va lue) is wo rthwhil e. 

The cl ustering resul ts from Experiment 4 were more meaningful, where th e input variabl es were: 

Ttl_Trips, Ttl_Tri psYear; TtU'Zevenue; Tenu re_ Months; RevPerTenure 

; Tri psPerTenure . The model with 5 c lusters, created li·om the 4,000 reco rds ' training data set, led 

to customer segments with dist inct travel behavior. In addition to the meaningful pattern s 

identifi ed in these 5 segments by domain experts, the resu lting decision tree found Tt l_ Revenue 

to be the best sp li tting variab le. The fo ll owing is a brief interpretation , w ith domai n ex perts, of 

the fift h c luster run results w ith K = 5 li·om Experiment 4. Furthermore, the res ults are 

summarized in Table 4.20. 

I. Cluster I consists of customers with very low frequency of trips trave led, very low revenue 

generating and quite recent in their tenure as members. The majority of the records (52.6%) 

belong to this segment. 

2. Cluster 2 contains very highly freq uent, very high revenue generating as well as long tenured 

customers. Thi s segment makes up the small est number o f records (2.9%) out of the tota l. 

This c luster represents a segment with high ti ered and a va luable gro up of customers. 

3. Cluster 3 contains medium freq uency, hi gh revenue and medium tenured customers. The tota l 

revenue generated per the members ' tenure as well as the number of trips per the members' 

are bot h hi gh for this group. Thi s segment makes up 10.5% of the tota l records. 
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4. C luster 4, ma ki ng up 7.8% of the tota l conta ins high frequency, very hi gh revenue generating 

and very long tenu red customers. This is the other c luster where another top ti er segment was 

identified. 

5. C luster 5 compri ses of low frequency, medium revenue generating, and long tenured 

members. Making up 26.3% of the total records, this group ' s activity is quite insignifi cant 

compared to its long tenure in th e program. On the other hand, the revenue contributi on from 

the few trips made by th is group has been signifi cant. 

C luster Description Percentage 

2 Very hi gh revenue, very li·equent trips, long tenure 2.9% 

4 Very high revenue, frequen t trips, very long tenure 7.8% 

3 High revenue, med ium trips, medium tenure 10.5% 

5 Medi um revenue, few tri ps, long tenure 26.3% 

I Very low revenue, very few trips, recent tenure 52 .6% 

Table 4.20 Summary of identified clusters based on travel behavio.· 

The res ult of the c lustering model was furth er eva luated by applying it to a data set comprising of 

3,602 new records. The mode l c lustered th e new records into homogenous groups, the results of 

whi ch are shown in Tab le 4.2 1. 
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Training Frequency of Records New Frequency of Records 

Cluster (4,000 records) Cluster (3,602 records) 

I 2103 (52 .6%) I 1890 (52.5%) 

2 114 (2.9%) 2 97 (2 .7%) 

3 419 (10.5%) 3 339 (9 .4%) 

4 3 14 (7.8%) 4 302 (8.4%) 

5 1050 (26.3%) 5 974 (27.0%) 

Table 4.21 Cluster comparison of the training and newly clustered data sets 
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Figure 4.33 Output of the applica tion of the clustering model on a new data set 

Acco rdi ng to Saarenvi rta ( 1998), to be confident in data mllllllg results, one shoul d observe 

current business know ledge in results. Observi ng current business knowledge prov ides 

contidence that data se lection and data preparation effo rts have been va lid. Saarenvirta continues 

that if results are observed that were prev ious ly unknown, one can have confidence in th em. 

T he cluster results confirm the current business knowledge that frequent trave lers genera ll y 

generate high revenue. The clusters a lso revea led that the revenue contribution of customers w ith 

the same hi gh trave l freque ncies di ffered, wi th one segment generating more revenue that the 

oth er. This view of customer segments was new and also made business sense to the doma in 

experts. 
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4.5.5 Bui lding Decision Tree Model 

Duri ng th is phase, th e clustering model that segmented the records into meaningfu l gro ups was 

used to bu il d a decis ion tree us ing Knowledge Stud io. T he c luster index was used as the 

dependent variable and was used to derive rul es exp lai ning how to ass ign new records to the 

correct c luster. The six va riables used in deri ving the cluster model were used as independent 

va ri ables. 

A total o f 40 dec ision tree mode ls were grow n us ing Knowledge Studio' s dec is ion tree a lgorithm . 

T he models di ffered according to the vari ables used to make the first split. Once the models were 

tra ined, they were used to assign (score) new records to the appropriate cl uster. Six models whi ch 

scored high tra ining a nd pred icti on have been reported. 
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Figure 4.34 A full y-grown decision tree clustering model 
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Figure 4.35 Tra ining the decision tree predicti ve model 
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Training Scoring (Prediction) 

Model Splitting Variable Result (%) Result (%) 

(4000 Records) (3602 Records) 

I Tt l Revenue 95.73 92.18 

2 Ttl_Trips 96.60 93.09 

3 Ttl_TripsYear 96.30 92.90 

4 Tenure Months 96.55 93 .27 

5 RevPerTenure 96.00 92.10 

6 TripsPerTenure 95.97 92.53 

Table 4.22 Summary of the clustering models' training and scoring resu lts 

Tn the training results, shown in Table 4.22, the models with Ttl_Trips and Tenure_ Months as the 

first splitting variables had the highest training resu lts respectively. Ttl_ Re venue had the least 

result compared to the other va ri ables. The difference between the highest and lowest training 

results was 0.87%, whi ch was negligible. Furthermore, pred iction resu lts were al so in the range 

of 92% - 93%. 

These decision tree mode ls were used to assign 3,602 new records to one of the five clusters. The 

deci sion tree models with Tenure_ Months and Ttl_Trips predicted 93 .27% and 93.09% of the 

new records respect ively. Mode l I, with Ttl_ Revenue as the splitting variable, predicted 92. 18% 

of th e records correct ly. 

4.6 Evaluation 
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During thi s phase, the degree to which the model meets the business objectives was assessed . 

Furthermore, the whole process has been reviewed and the next steps were determined. 

Data ~ Data ~ Model > Eva luation ~ Deployment 
Understandiny Preparation / Bui lding / 

I 
I 

Review Eva luation or Detennine 
Process Resul ts Next Steps 

Figure 4.37 The eva luation phase 

The data pre-processing phase culminated with the building of model s. The model-building phase 

was di videcl into two . The first phase comprised of building a clustering model using the k-l11eans 

algo ri thm. This exerci se, wh ich was iteratively conducted , yielded various cl uster model s that 

segmented the customer data. 

The va ri abl es used for the cluster runs were those variables, which descri bed a customer's travel 

behavior. Each of the clus ter outputs were analyzed in ord er to estab li sh their business worth as 

meaningful segments that revealed in formatio n pertaining to customers' val ue. 

The analysis, whi ch was closely undertaken with domain experts revea led that the segments 

indeed revea led patterns that grouped customers that exhibited similar characteri sti cs with 

regards to the variab les that were used to segment them. Further experiments were conducted to 

a rrive at a better c lusteri ng model, whi ch in volved testing the effects that the variables had on the 
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resulting c lusters. Dec ision tree models were used to identi fy which of the variab les determined 

the c lustering res ults. 

The cl ustering results from Ex perim ent # 4, which had 5 c lusters was the ' best' fro m the ones in 

th e other runs in terms of meaningful segmentati on res ults they produced. 'Best' by no means 

implies that better res ul ts cannot be fo und. It is the researchers beli ef that more ex perimentation 

could yie ld more meaning ful c lusters. T ime constraint was the major reason for not having built 

more models. Furthermore, Ttl Reven ue was fou nd to be an important vari able in clustering 

customer's reco rds. 

Accord ing to the evaluation made on the results of the ' best ' c luster resu lts, the majority of the 

records (52.6%) belonged to Cluster I. T his cluster contains customers with very low frequency 

of trips traveled , very low revenue generated , and re lati ve ly very recent in thei r tenure as 

members. According to the domain ex perts, thi s segment conta ins members who are not worth 

giving immediate attention in terms of targeted promotions as compared to members in the other 

segments. Furthermore, since the tenure of members in thi s segment is rather recent, it is rather 

prematu re to judge on the poten tial va lue of members of thi s group. [n the nea r future, targeted 

pro mot ions cou ld be designed that wo uld enti ce thi s group to be more active. 

C luster 2 contains very highl y ti·equent, very highl y revenue contri buting as well as long tenured 

customers . Thi s segments makes up the smallest number of records (2.9%) out of the total 

train ing records. Thi s represents th e hi gh ti ered and most va luabl e group among the members. 

Special care should be given to retain thi s group in ord er to avo id customer attriti on to the 

competition. Further analysis revea led that customers belonging to thi s group are what are term ed 

104 



as ' loyal ' . Marketing strateg ies such as th e add ition o f a fourth ti er leve l (possib ly ' Pl at inum ') 

might be a good way to mai ntai n the loya lty of th is group. 

C luster 3 conta ins medium fi'equency, hi gh revenu e generati ng and med ium tenured customers. 

The tota l revenue generated per the members' tenure as well as the number of trips per the 

members' are both hi gh fo r thi s grou p. This segment, whi ch makes up 10.5% of the total tra ining 

records, has a potentia l to j oin the top ti er group provided targeted promotions are run, wh ich are 

enti cing. This customer segment is wo rth giving immediate attentio n, as the likelihood of los ing 

thi s segment to the competition is hi gh du e to its med ium tenure in th e program. 

Cluster 4 , making up 7.8% of the records, contains hi gh frequ ency, very hi gh revenue generating 

and very long tenured customers. Th is is the other top tier segment where more targeted 

promotions could elevate the members' stat us from hi ghl y frequen t tra velers to that o f very 

highl y fi'equen t travelers, th ereby benefiting fro m th e very high revenue thi s group generates. 

Customers belonging to thi s segment show characteri stics of loya lty. 

Cluster 5 comprises of lo w freque ncy, medium revenue generating, and long tenured members. 

Mak ing up 26.3% of the tota l reco rds, thi s group 's acti vity is quite insignifi cant compared to its 

rath er long tenure in the program. Furthermore, the revenue contribution from the few trips made 

by thi s group has been significant. Targeted promotional campaigns might be prepared to enti ce 

thi s gro up to make frequent trips. 

The resu lts seem to confi rm the 80/20 Pareto Principle, whi ch states that 80% of th e revenue is 

genera ted by 20% of the customers. Accordingly, clusters 2, 3, and 4, whi ch are c lusters 
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conta ining th e most va luable custom ers in terms of hi gh revenue generati on , make up 2 1 % of the 

total records. Clusters I and 5 make up 79% of the reco rd s. 

Once th e clustering model th at segmented th e customers in to meaningful gro ups was se lected , the 

nex t activity was to build a dec ision tree w ith th e cluster index as th e dependent va ri able and 

derive ru les ex plaining how to assign new records to the correct c luster. 

Train ing resu lts showed th at th e fina l s ix models with the s ix vari ables as the first splitting 

vari ab les, Ttl_Trips and Tenure_ Months had the highest tra ining res ults respectively. 

Ttl_ Revenue had low tra ining and pred iction results compared to the other variab les, but the 

percentage difference between the hi ghest and lowest scores, whi ch ranged between 0.87% -

1.1 7%, was q uite neglig ible 

Earli er experiments have shown tha t Ttl_ Revenue is a more determ ining variable, and Model I 

has been chosen as a working model as a res ult of thi s study. The resea rcher be lieves that the 

training and pred ictive results of Model I co ul d be further improved by employing pruning 

techniques, whi ch was not fu ll y exhausted during thi s study, mai nl y due to time constraints. 

4.7 Model Deployment 

The segmentati on results were encouraging, and thi s knowledge could be used for more targeted 

marketing. Since the ru les behind the segments are rather opaq ue, it is necessa ry to deri ve rul es, 

whi ch are as s imple as poss ible and whi ch can be appli ed to the entire member database. This has 

been inc luded in li st of further works. 
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Chapter 5 

Conclusion and Recommendations 

5.1 Conclusion 

This resea rch attempted to study the possib le applicat ion of data mll1l11g techniques, and 

especia ll y clustering techniques, to support CR M at ETHIOPIAN. The study was conducted in 

fi ve major phases, namely business understanding, data understanding, data preparation, model 

building, and evaluation. 

The data collection and preparation were major tasks due to the di spersed nature of the required 

data. Next, K-mea ns cl ustering a lgorithms were applied to segment the customer data into 

meani ngful gro ups. The parameters used by K-means a lgorithm were user defined, which made 

the experiment lengthy. The lack of predefined customer segments to validate the results against 

made th e experiment to depend hi ghl y on domai n experts' opinions in di scovering new ones . 

According to in itial clustering res ults, ' tota l trips' was the variab le that best described the 

records, though resulting segments did not make business sense. In subsequent clusters that made 

more business sense, th e most determining variab le was ' total revenue ' . Alt hough it is difficult to 

general ize based on these res ults, findings of th e stud y seem to va lidate the business norm that 

'custom er va lue' is based on th e total reve nue contribution. 

The cluster model, whi ch according to th e domain experts made business sense, segmented the 

records into five clusters. Thrce of the c lusters conta ined 2 I % of customer records that generated 
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the hi ghest reve nue, and differed in the total ti'eq uency of trips and tenure o f customers. The 

c luster contai ning medium and low revenu e generating customers contained 27% and 52% of the 

customer records used in the study respective ly. 

In addition to confirming current bus iness knowledge, the clusters provided a new vIew of 

customer segments with diffe rent travel behavior. The cl uster mode l was later va lidated, where it 

c lustered new records into five homogenous segments. 

The decision tree model that was generated from the cl uster results correctly assigned 92 .1 8% of 

new records to the five clusters, with 'Total Revenue' as the splitting variable. This result was 

found to be lower than the res ults obta ined with 'Tota l Trips' and 'Tenure in Months' as sp litting 

variab les, but the di fference was qu ite negligib le, and the dec ision tree mode l with ' Tota l 

Revenue' mak ing the in itia l split was chosen as a working model. 

In general , the results from thi s study were encouragi ng. It was possible to segment customer 

data using data mining techniques tha t made business sense. It is the resea rcher's belief that a 

more thorough study using data min ing techniques can increase business leverage from 

customers and suppo rt C RM activi ti es at ETHIOPIAN. Furtherm ore, knowledge of data mining 

techniques, marketing strategies and airline business processes sho ul d be integrated to 

success full y im plement CRM. 
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5.2 Recommendations 

The researcher makes the follo wing recommendati ons based on the fi ndi ngs o f thi s study. 

Further data mining studi es 

Even though results fro m thi s study were encouraging, re fi nement to the segmentation results 

could prove va luable. Based on the res ul ts, further data mining proj ects sho ul d be undertaken, 

inc ludi ng further work on segmentatio n using more deta il ed custom er demographic data, severa l 

predicti ve models fo r target (direc t mail ) marketing, and opportunity ident ifi cation using 

association rul e a lgori thms within th e segments discovered. [n additi on, other neura l c lustering 

algorithms (SOM) can also be used to test the validi ty of the cl uster res ults obta ined using the K­

mea ns a lgori thm. 

The researcher believes that the perfo rma nce of the decision tree models fo r asslgnl11g new 

records to the approp riate c lusters, whi ch are currentl y in the range of 92-93%, co uld be 

improved through techn iques such as pruning. Furthermore, more tests should be cond ucted to 

f"i nd va ri ab les that are more descri ptive. 

Even tho ugh the deployment o f the mode l was beyond the scope o f thi s study, the pro fi ling o f 

c lusters, by generating SQL codes to th e ma in customer database, woul d enab le the assessment of 

the potenti a l va lue of each c luster. 
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Members of the frequent fl yer program are a subset of the airline's customer base. A further task 

is to find ways and means to integrate information rega rding flight activ iti es of a ll of th e airline's 

customers. Thi s information can be used to identify futu re potentia l customers. 

Develop a customer data warehouse 

Thi s study has con fi l'll1 ed that data co ll ection and data preparation from different opera tional 

databases is a very lengthy and ted ious task, especially when there are time and resource 

constraints. The resea rcher strongly recommends that the airl ine embark on deve loping a 

customer data warehouse. This data warehouse shou ld be fed by customer oriented data so urces ­

book ing databases, departure contro l databases, sales information databases, freq uent fl yer 

databases, and custom er services databases. 

Building up a core data mining competency interna ll y 

The a irline business, wh ich is hi ghl y data intens ive, cannot ignore the potential of data mining. 

Not limited to customer databases, data mining can be app li ed on operational data generated in 

other li nes of the airline's activities. The first step wou ld be to form a data mini ng team with 

members from both the [T and user departments after assessing th e business areas where data 

mini ng could add va lue. 
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Provide online frequent fiyer information via the Internet 

Extending ShebaM il es in formation over the Internet w ill be a leap forward , whi ch enables 

members to view the ir acco unt and get a ll the necessary information at the ir conveni ence at any 

time and any place. However, first the current mil eage tracking system has to be improved, and 

up to date and accurate rea l-time information has to be communicated to the member. Enabling 

the passenger to view the foll owing information is recommended: 

• Year to date balance of po ints along with the respecti ve ex piry dates 

• An upda te of last ni ght activi ty 

• Online req uest for e ligibili ty of awards (such as Redemption, upgrade, excess 

baggage and other services) 

• Tier status 

• Ex tra mil es requ ired to earn awards 
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Glossary of terms 

Loyalty Programs: It is an integrated system of network by which service giving organizations 

identify indiv idual ma rket segments that use their services with excepti onal freq uency and make 

plan as to what can be done to recognize their loya lty. 

Frequent Flyer Program: One form of loya lty program whereby ind ividuals and groups who 

freq uently travel on ETHIOPIAN earn recogni tion of their patronage to ETHIO PIAN . 

Frontline C ustomer Sel'vices : These are o ffi ces th at have direct contact wi th the passengers of 

an a irl ine. It shall include Ticket Offices , Travel Agencies, Genera l Sa les Agents, Consolidators, 

Sa les O ffi ces, A irport, Reserva tions O ffi ces, In- fli ght Services, Commissary Unit, ETHIOPIAN 

Lounges, etc. 

ShebaMiles DB: ShebaMiles ' freq uent flyer program admini strati on database system . 

Departure Information Form (DIF): is a carbonated paper fo rm to be fill ed out and signed by 

ETHIOPIAN ShebaMiles member before fli ght departure, which must a lso be verifi ed and 

signed by an airport staff. 

C redential: Program materi a ls that are suppli ed by the Customer Loya lty Department (CLD) to 

the Member. 
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Member: is defined as Eth iopian's Frequent Fl yer Program Member whose name is printed on 

the ca rd, who has been assigned a membership number, the account number, and who has signed 

the card. 

Departure Information Message (DIM): The Depa rture In formation Message is an 

ETH IOP IAN standa rd Frequent Flyer Program Message. It is a list con taining the details of 

Departure Information Forms (DIFs) for a given fligh t. It is to be composed and sent as soon as a 

fli ght has departed. 

Frequent Traveler List (FTL) : an automatica ll y generated list, contain ing ShebaM il es 

members' flight activity information, which is input to the ShebaMiles DB. 

Elite levels: th ese are two-step membership leve ls in th e ShebaMiles program namely, Sil ver 

C lub and Go ld Club. 

Silver C lub: An elite c lub leve l wi th a requ irement of25,000 base miles. 

Gold C lub : An elite club level with a requi rement of 50,000 base mil es. 
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Annex 1 

Annex J: Procedures Used for Data Collection 

T hi s ann ex contai ns SQL procedures (deve loped using Microsoft Visua l Basic 6.0 's ADO 

interface), whi ch were used to co ll ect data from different so urces. 

a) T he followi ng procedure was used to read through 306 ShebaMi les DB input data files, and 

merge the indi vid ua l records into a s ingle tab le named Tl"ips Load, whi ch contained 10 1, 189 

records. 

Sub OpenFil eO 

N Fi Ie = FreeFile 
With FrlllJ lllporti ngData 
.Col11l11onD ia log l .Filter = "*'Txti*Txt" 
.Col11lllonDialog l .ShowOpen 
.Com mon Dia log l.CancelError = True 
Open .Col11lllonD ia log l .Fil eNa l11e For In put As #NFil e 

End With 

End S ub 

Public S ub CollectTripDa(aO 

CountFi le = Dir$("C:\Rewa rd Data\Clea ni ng Data\*'trp") 
counting = 0 

Whi le CountFile <> "" 
co unting = co unting + I 
FrmlmportingData.TxtCount.Text = counting 

Open "C:\Rewa rd Data\Cleani ng Data\" & CountFil e For Input As # 1 

Whil e Not EOF( I) 

Line Input # l , Va l 
MelllNu lll = Mid(Val , 52, II ) 
Fit ll111 = Mid(Va l, 27, 4) 
C lass = Mid(Val, 5 1, I) 
Origin = Mid(Va l, 2 1, 3) 
Destn = Mid(Val , 24 , 3) 
TktNum = Mid(Val,64, 13) 
Dte = Mid(Va l, 17, 2) 
Mn = Mid(Val , 15,2) 
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Yr = Mid(Val, 13, 2) 
FltDate = Mn & "/" & Dte & "/" & Yr 

If (FltDate <> " / / ") And (FltDate <> "//") Then 

On Error Resum e ext 

With DEShebaMiles 

.ComlnsertTripData MemNum, FItNum, FltDate, C lass, Origi n, Destn , TktN um 

End With 

End IF 

Wend 

C lose # 1 

CountFil e = Di r$ 

Wend 

End Sub 

b) S ince there were records with temporary member numbers in the Trips Load table, th e 

follo w ing procedure was used, whi ch read through another matching tabl e in the ShebaMiles 

DB (na med A li as), and retr ieved the corresponding permanent member numbers: 

Publi c Sub Co li ectA li asO 

Ca ll OpenFil e 

Whil e Not EOF(NFile) 

Line Input #NFil e, Val 
PerN um = Mid(Va l, I , II ) 
TempNum = Mid(Val , 12, 8) 

With DEShebaM il es 

.ComINsertA li as lnfo PerNum, TempNum 

End With 

Wend 

End Sub 
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c) The follow ing procedure was used to match unique fli ght acti vity records in the T rips table 

with those in the Trips Load tab le, ex tract the req uired 'ticket number' informa tion from the 

latter, and insert it as new field in the T rips tab le: 

Pub li c Sub TktNumColi ecto rO 

Dim Cn As New ADO DB .Connection 
Di m Rsl As New ADODB.Recordset 
Dim Rs2 As New ADODB.Recordset 

Cn.Open "Prov idel= MicrosotUet.OLEDBA.O;Data Source; C:\Reward Data\Reward­
Extracts\ShebaM il es DB.mdb;Persist Security Info; Fa lse" 

Set Rs I ; Cn.Execute("Se lect * from Trips order By ftilLlm") 

Wh il e Not Rs 1.EOF 

MemNum ; Rs I .Fields("ffilum") 
FltDate ; Rs I .Fields("date") 
FltN um ; Rs I. Fields("Flite") 

Set Rs2 ; Cn.Execllte("SELECT [Ticket Number] From [Trip Load] WHERE 
((([Trip Load].[Member Nu mber]); ", & MemNum & "') AND (([Trip 
Load].[Fli ght Number]); ", & FltNu m & "') AND (([Trip Load].[Fli ght 
Date]); #" & FltDate & "#»)") 

If Not Rs2.EOF Then 

TktN um ber ; Rs2.Fie lds("Ticket Number") 

Cn.Execute ("UPDATE Trips SET Tri ps.TktNum ; ", & TktNumber & '" WHERE 
(((Trips.ffnum); ", & MemNu m & ''') AND ((Tri ps. fli te); '" & FltNum & 
",) AND ((Tri ps.da te);#" & FltDate & "#»)") 

End If 

Rs I .MoveNext 

Wend 

End Sub 
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d) The fol lowing procedure was used to ex tract revenue data li'om a revenue accounting 

database and insert it into the Trips table: 

Pu bli c Sub RevDataCollectorO 

Dim Cn As New ADODB.Connecti on 
Dim Rs I As New ADODB.Recordset 
Dim Rs2 As New ADODB. Reco rd set 

Cn.Open "Prov idel= MicrosoftJet.OLED BA.O;Data Source=C:IReward DatalReward­
ExtraclsIShebaMiles DB.mdb;Persist Security In fo= Fa lse" 

Set Rsl = Cn. Execute("Select * Ii'om Rev Data") 

Whi le Not Rs I.EOF 

TklNmbr = Rs I. Fields("TktN u111ber") 
Org = Rs I. Fields("Org") 
Destn = Rs I .Fields("Destn") 
RevVa lue = Rs l .Fielc!s("Revenue") 

Set Rs2 = Cn. Execute("SELECT * From Trips Final WHERE (((TripsFinal.[TktNum])= 
'" & TktNmbr & ''') AND ((TripsFinal. [Orig])= ,.. & Org & ''') AND 
((TripsFina l. [Dest])= '" & Destn & "'))") 

If Not Rs2.EOF Then 

Rs2 .FielC!s("Revenue").Value = RevVa lue 
Rs2.Upda te 

Cn.Execute ("UPDATE TripsFinal SET TripsFinal.Revenue = '" & RevValue & '" 
WHERE (((TripsFinaI.TktN um)= '" & TktNmbr & "') AND 
((TripsFinaI.Orig)='" & Org & ''') AN D ((TripsFi naI.Dest)='" & Destn 
& '''))'') 

End If 

Set Rs2 = Nothing 

Rs I. MoveNext 

Wend 

End Sub 

Public Sub RevenueToTripsO 

Dim Cn As New ADODB.Connecti on 
Dim Rs As New ADODB.Recordset 

122 



Cn.Open "ProvideJ=MicrosoftJet.OLEDB.4.0;Data Source=C:\Reward DatalReward­
ExtractslShebaMiles DB Refined.mdb;Persist Security Info=False" 

Set Rs = Cn. Execute("Se lect * from TripsWithRevData ") 

While Not Rs.EOF 

MemNul11 = Rs.Fields("t1I1UI11") 
FltDate = Rs.Fields("date") 
FltNul11 = Rs.Fields("Flite") 
Rvnu = Rs. Fi elds("Revenue") 

Cn.Execute ("UPDATE TripsOriginal SET TripsOriginal.revenue = '" & Rvnu & '" 
WHERE (((TripsO rig inal. [ffnul11])= '" & Mel11NuJ11 & "') AND 
((TripsOriginal.[tlite])= '" & FItNul11 & "') AND ((TripsOriginal.[date])= #" 
& FltDate & "#))") 

Rs.MoveNext 

Wend 

Set Rs = Nothing 
Set Cn = Nothing 

End Sub 
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Annex 2 

Annex 2: Procedures Used for Data Preparation 

This an nex co ntains the procedu re (developed using Microso ft Vis ual Bas ic 6.0's ADO interface) 

that was used to fill records w ith miss ing va lues in the data preparation phase. 

The following procedure was used to compute and insert missing revenue va lues in the Trips 

tabl e: 

Publi c Sub RevenueFil lerO 

Dim Cn As New ADODB.Connection 
Dim Rs As New ADODB.Recordset 
Dim Rs2 As New ADODB.Recordset 
Dim Org, Destn , C lss, MemNum As String 
Dim A VRevenu e As Double 
Dim FltDate As Date 

Cn.Open "Providel= MicrosofUet.OLEDB.4.0;Data Source=C:IReward OatalReward­
Ex tractslShebaMiles DB Refined .mdb ;Persist Security Info= False" 

Set Rs = Cn.Execute("Select * from TripsWithRevFiIlUp") 

Whi le Not Rs.EOF 

On Error Resum e Next 
Org = Rs. Fields("Orig") 
Destn = Rs.Fields("Dest") 
Clss = Rs.Fields("class") 
FltDate = Rs.Fi e lds("Date") 
MemNum = Rs. Fields("ffnum") 
On Error Resume Nex t 
If Clss = "C" Or C1ss = "0" Then 
On Error Resum e Nex t 

Set Rs2 = Cn.Execute("SELECT Sum(TripsWithRevData. Revenue) AS 
SumOfRevenue, TripsWithRevData.orig,TripsWi thRevData.dest, Cou nt 
(TripsWithRevData.ori g) AS CountOforig From TripsWithRevData 
Where(((TripsWithRevData.orig)="'&Org&"')And ((TripsWithRevDataDest) 
= '" & Desrn & "') And ((TripsWithRevData.Class) ="'& Clss & "')) GROUP 
BY TripsWilh RevData.ori g,TripsWit hRevData.dest,TripsWithRevData.class ") 
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If ot Rs2.EO F T hen 

Else 

A VRevenue = Rs2.F ie lds("SumOfRevenue") / Rs2. Fie lds("CountOfDri g") 
Cn.Execute ("UPDATE TripsWithRevFil lUp SET TripsWithRevFill Up.Revenue = '" 

& A VRevenue & '" WHERE «(TripsWi thRev FiI IUp.o ri g)='" & O rg & 
''') AND «TripsWith Rev FiII Up.dest)='" & Destn & ''') AN D 
« TripsWithRevFiIIUp.date)=#" & FltDate & "#) AND 
«TripsWithRevFiIIUp.ffnum)='" & MemNum & '''))'') 

Set Rs2 = No th ing 

O n Error Res ume Next 

Set Rs2 Cn. Execute("S ELECT SUI11(Trips With RevData . Revenue) AS 
SUl110fRevenue, TripsWi thRevData.ori g, TripsWithRevData.dest, 
Co unt(TripsWithRevData.ori g) AS CountOforig 1'1'0111 

TripsWithRevData Where «(TripsWithRevData.orig) = '" & Org 
& "') And «TripsWithRevData .Dest) = '" & Destl1 & "'» And 
« TripsWithRevData.cIass)='" & C & "')) OR 
«(TripsWithRevData .class)='" & D & "'))GROUP BY 
TripsWithRevData.o rig, TripsWithRevData.dest") 

If Not Rs2.EOF Then 

A VRevenue = Rs2.Fields("Su mOfRevenu e") / Rs2.Fields("CountOfO ri g") 
Cn.Execute ("UPDATE TripsWithRevFiII Up SET TripsWithRevFiIIUp.Revenue = '" & 

A VRevenue & '" WHERE «(TripsWithRevF iII Up.orig)='" & Org & "') 
AND «TripsWithRevF iII Up.dest)='" & Destn & "') AND 
«Tri psWithRevFiIIUp.date)=#" & FltDate & "#) AND 
«T ri psWithRevFiIIUp.ffnul11)='" & Mel11Nul11 & '''))'') 

Set Rs2 = No thi ng 

End If 

End If 

E lse 
'If C lass is Differe nt Fro l11 C & D 

'** ** ****** *** * ** 

Set Rs2 = Cn.Execute("SELECT Sum(TripsWithRevData.Revenue) AS SumOfRevenue, 
Trips W i thRevData.ori g, Trips W ithRevData.dest, 
Coun t(TripsWithRev Data.ori g) AS CountOfo ri g From T ripsWithRevData 
Where «(Tr ipsWithRevData .orig) = '" & Org & "') An d 
« TripsWithRevDataDest) = '" & Destn & "') And «TripsWithRevDa ta.Cla ss) 
= ," & CIss & ''')) GRO UP BY TripsWithRev Data.orig, 
TripsWithRevData.dest, Tri psWithRevData.class ") 
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On Error Resum e Next 

If Not R s2.EOF Then 

A VRevenue = Rs2 .Fie lds("SumOfRevenue") / Rs2.Fie lds("Cou ntOfO ri g") 
Cn.Execute ("U PDATE Tri psWithRevFill Up SET TripsWithRevFi ll Up.Revenue = '" 

& AVRevenue & '" WHERE (((TripsWith RevFiIlUp.orig)='" & Org & 
"') AND ((Tri psWithRevFiIl Up.dest)='" & Destn & "') AND 
((TripsW ithRevFiIl Up.date)=#" & FltDate & "#) AND 
((TripsW ithRevFiIlUp. ffnum )='" & MemNum & '''))'') 

Set Rs2 = Nothing 

Else 

On Error Resume Next 

Set Rs2 =Cn. Execute("SELECT Sum(TripsW ithRevData. Revenu e) AS 
SumOfRevenu e, TripsWithRevData .o ri g, T ripsWithRevData .dest, 
Count(TripsWithRevData.orig) AS CountOforig From 
TripsWithRevData Where (((TripsWith RevData.orig) = '" & Org & 
"') And ((TripsWithRevData.Dest) = '" & Destn & "')) And 
((T ripsWithRevData.c lass)<>'" & C & "')) OR 
(((TripsWithRevData.c lass)<>'" & 0 & "'))GROUP BY 
TripsWithRevData.orig, TripsWithRevData.dest" ) 

If Not Rs2.EOF T hen 

AVRevenue = Rs2.Fie lds("S umO fRevenue") / Rs2.Fie lds("CountO fOrig") 
Cn.Execute ("UPDATE TripsWithRevFill Up SET TripsWithRevFill Up.Revenue 

= '" & A VRevenue & '" WHERE (((TripsWithRevFiIl Up.orig)= '" & 
Org & ''') AND ((TripsWi thRevFiIlUp.dest)='" & Destn & "') AND 
((TripsWithRevFi IIUp.date)=#" & FltDate & "#) AND 
((TripsWithRcvFi Il Up.ffnum)='" & MCIllNulll & "'))") 

Set Rs2 = Nothi ng 

End I f 

End If 

End If 

RS. MoveNex t 

Wend 

End S ub 
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Annex 3 

Annex 3: Training and Clustering Results of Decision T ree Models 

The fo ll owing fi gu res are the c lustering resul ts of the decision tree models that have been used to 

ass ign new records to the appropriate cl usters. The va ri ab les used to make the initial splits of the 

decision trees were T tl_T ri ps, TtI_Tri psYear, Tenure_Months, RevPer Tenure, and 

TripsPerTenure respec tive ly. Furthermore, the decision tree model with Ttl_ Revenue making the 

ini tia l split has been chosen as a worki ng model (refer to Mode l I in Sect ion 4.5.5) . 

.,.... Kno_ludgeSTUDIO - IP'od.c'iv ....... od .. 12) B~1E3 

A file E d It y,,,.... Inse '. Ioo'& ~,ndow Help -=..U!..l~ 

'<~ or _ 111.-. c 
A K n o vv l e d geTREE Decis i o n T r ee P r e dic t ive Model 
Creat ed: Wed nesd ay, M ay o a, 2002 2~: ~O: 1.9 

D epe n d e nt V a ria ble : C k...!sterlndex 

Inde pende nt V ariable s: Ttl_ Reven ue, Ttl_ Trios, Ttl_ T rlpsYear. T enursJ'TlC)rIths, RevPerTen ura, 
T rlpsPerMon t h 

Hidde n bra n ch es: DIsabled 

Tra ining R esu l ts: 

Variance I E n tropy Ex~ained: 0.930920 
Records correctly oredic ted: 3864 
P ercen tage correctly pre d Icte d: 96.60 % 

~L"_I )\. R e s ults A TrainlnIiLA-6c:onng / 

16 . ognohc.,n l :sp lil s found. 

Figure I. Training and clustering results of Model 2 
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TrlpsperMonth 

H i dden bro ..... ches: Disabled 

T r oinlno R e s u l t s: 

Variance I Entr opy Explained : 0.929070 
Raco.'cls correctly predlc: ted: 3852 
Porc:entagG c:orrec:t ly prodlc:ted: 96.30 % 

1 ~...-...ILl ......... I \. I""" u hs /\. T .... .. ,'.ng ./\. Sconng / 
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Figure 2. T raiuing and clustering results of Model 3 
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I n dependen t Variables: Ttl_Revenue, Ttl_Trips, Ttl_TtipsYear, Tenure_months, RevPerTenure, 
TripsPerMon th 

Hidden branches; Disabled 

Training Resu l t s : 

Variance r Entropy Explained: 0.932729 
Records correctly predicted: 3862 
Percentage cCN'rec tly predicted: 96.55 % 

Figure 3. T rai ning a nd cluste ring resul ts of Model 4 
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Figure 5. Training and clustering results of Model 6 
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Annex 4 

Annex 4: Format of the Departure Information Message 

This annex contains the format of the depa l1ure information message (DIM), which is one of the 

messages from ETHIOPIAN's departure control system (DCS) regarding the flight activities of 

members of ShebaMi les. Data from this message is used as input to the ShebaMi les DB, in order 

to track member flight activity. 

i. A sample of DIM 

>ZZ CLP MSR 
DIF CCYYMMDD CC FU-JT ORl 
DES NA ME CL ACCOUNTNUMBR TICKETNUMBERS 

END --------- ------------------------

ii. Descl"iption of Fields on the Departur'e Information Message 

I) ZZ = ETHIOPIAN 's host message type and office address codes (the addressed office 
codes are placed on thi s line). 

2) DIF= Message identifi er - Departure Information Form 

3) CCYYMMDD= Flight date fo rmat. 

CC= Centu ry 

YY= Year 

MM= Month 

DD= Date 

Example: June 08,2002 should be written as "20020608" 

4) cc = Flight Operating Airline 2 letter Code (Example, "ET" for ETH IOPIAN) 
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5) FLI-I T = Flight um ber of the Operating Airline 

6) O RI = 3 letters lATA Departure Airport/City code 

7) DES = 3 letters LATA Arriva l Airport/Ci ty code 

8) NAME = Name of th e Member not exceedi ng 20 Characters 

9) CL = T icketed class (c lass of service on the pa id ti cket) 

10) Accoun t Number = The membershi p number on the membership ca rd of the member as it 

appears on the card. Example 000 I 000 I 000. 

NOTE: the Acco unt N umber should not be more than I I d igits long. 

I I) Ticket Numbers = th e ticket nu mber of lIsed coupon. It sha ll on ly be 13 characters long. 

Exam pl e - 07 12404235236 
071 = Airl ine code 
2404 = Form 
235236 = Seria l Num ber 

iii. Sample of a completed DIM 

>ZZ CLP MSR 
DIF 1999 1 102 ET 0829 ADD 
DES NAMECL ACCOUNTNUMBR TICK ETNUMBERS 
EB B A. Soofie C 000 100 17534 07 1240423829 1 
EBB ADALANO OYVIN D S 0001 000 1084 07 1240445 1382 
EB B ABA DI 'AD m.1 ME BI B 000 10027920 07 1440400000 1 
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Annex 5 

Annex 5: Generation of a Frequent Traveler List 

In order to permit departu re control systems (DeS) a means to exclusively report ShebaMiles 

mem bers' n ight acti vities to the ShebaMi les DB as may be necessary, airlines or airport handling 

agents automaticall y generate a Freq uent Trave ler List (F'TL) message. 

The fo llowing procedure is used to check- in a ShebaMil es member in ETHIOPIAN' s DeS and 

generate a F'T L: 

">PA: I, 2/20,FQTV ET/OOOOOOO" . Where, 

I. "PA" is the command to check-in from the li st, 

I I. " I" is the order 0 f the member on a check -i n li st, 

III. "2120" is the piece and weight fo r the luggage, 

I V . "FQTV" is a request to initi ate F'TL message fo r th e night in general and 

spec itically to the member, 

v. ET is th e membership ca rd issuing ca rrier, 

Vi. "I" Is the separator 

V II . "0000000" is the membershi p number 
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Annex 5: Generation of a Frequent Travele.· List 

In order to permit departure control systems (DeS) a means to exc lusive ly report ShebaMiles 

members' flight activities to the ShebaM il es DB as may be necessary, ai rl ines or airport handl ing 

agents automatica ll y generate a Frequent Traveler List (FrL) message. 

The fo ll owing procedure is used to check-i n a ShebaMiles member in ETH IOPIAN's DeS and 

generate a FTL: 

">PA: I, 2120,FQTV ET/OOOOOOO". Where, 

I. "PA" is the command to check-i n from th e li st, 

II. " I" is the order 0 f the member on a check -in list, 

Il l. "2/20" is the piece and weight for the luggage, 

I V . "FQTV" is a request to initiate Ff L message fo r the fl ight in genera l and 

spec ifi ca ll y to the member, 

v. ET is the membershi p ca rd issuing carrier, 

V I. "I" Is the separator 

VII. "0000000" is the membership nu mber 
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