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Abstract

Strategic Customer Relationship Marketingand Reintermediation Models in the

Insurance Industry

This research uses case study of aJK car insurancecompanyto investigate the
relationships among price aggregatori(rermediation) purchase channel, purchasing
habits, marketing response models, marketing mix variablesiness models, and
strategic customer relatiamp marketing.The introduction of aggregators within the
industry has changed the UK car insurance environment substantially in tethes of
above core aspectEheresearchexplores the following questionslow do the insights
map to the particuldbusiress contextsf the case company and its drive for simsd
growth and profitability?How does reantermediation relate to strategic marketing
planning and implementationiav the marketing mix? How can the results help to
reposition the case company witlgards to its future gwnth and profitabilitythroughan
integrated business mo@dHow has the performance ekistingdistribution channels
been affected by the advent of price comparison models?

A wide range of statistical models and data mining taelse applied to this research
including vectorautoregressive (VAR) modellinggeneral linearegression, quantile
regression, autoregressive, moving averaggoregressive integrated moving average
GARCH, logistic regressiondedsion trees and neuraletworks models. Theesearch
also usescenario testing for business model understanding and hypothesis testing for
marketing framework.These methods allowed the researchdvetterunderstand the
new aggregator enriched environment.

By way of main theretical and practical contributions to knowledges study
provides an in-depth knowledge of the insuranceiméermediation problem and the
construction of anntegrated BsinessRe-intermediation Mvdel (IBRM) that enhances
growthandprofitability of company xand insurance companies in gengrais the first
to study the effects of reintermedation within the UK car insurance industry which
compares thbusiness prospeots thecasecar insuranceompanypre- and posjoining
an aggregator. Thanalses show that price aggregator channel significantly interact
with other channels in influencing the customer retention rates and life time values
available to the company and hence its fugnewth and profitabilityInsights from the

IBRM model could le used to develop the car insurance and related businesses further.
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Chapter 1: Introduction

1.1 Introduction

The purchasing of car insurance has changed dramatically in the last thirty years. The
Road Traffic Act 1988 (c. 52)J H T X L U &lpérsbrkniugY npt use a miovehicle on a
URDG« XQOHVYVY WKHUH LV LQ IRUFH LQ UHODWLRQ WR
SROLF\ RI LQVXUDQFHY 8. VWDWTI3 |vDakes Dt\d 2gdt DV H
requirement for drivers in the UK to mivase car insurance anslsuchcar insurance is
RIWHQ YLHZHG DV SULFH LQHODVWLF pWKH RYHUDOO
VLIQLILFDQWO\ ZKHQ WKeét a§ RA06,pl8)L Qldiddds Yidd Mdan thax\ W
the market is not competitive, as customers wiltitengo for the cheapest price.

Price comparison sites (aggregators) have had a major effect on both the way people
buy their car insurance and the car insurance industry itself (David, 2008). Therefore, the
focus of this thesis is to explore the impagt@ comparison sites have had on the car
insurance market.

This research uses an established UK car insurance company as a case study. The
empirical investigation of price comparison sites will provide useful information about
the effect of price compison sites on the car insurance industry from purchasing habits,
marketing, marketing response models, business models and strategic customer
relationship marketing. These issues have been discussed separtieljteraturebut
not combined for UK cainsurance (Morgart al, 2006; Keller and Lehmann, 2006;
Papatla and LilR009; Stone and Foss, 20@21dHanssenst al, 2003.

Moreover, this research will have wider implications for markeéntermediation in
general including for example theffects of social networking and electronic media
channels ands is the case witlhusic ande-books andplatform migration ¢se ofphones
instead of computerdor example).Hence, to make this research contempotagy
researcheexplores at agropriate settons of this thesishannel conflicts and electronic

media distribution channels.



1.2 Rationale for research

The key rationale for this study is as follows. Firstly, there is a dearth of research into the
UK car insurance. Secondly, although thee some studies of reintermediation, there

is no comprehensive study of the key aspects of how aggregators have dlffedtéd

car insurance industr§tudying these key aspects will provide a better understanding of
how price comparison sites have affecthe UK car insurance industrihis study
explores these aspects using data from an edtalicar insurance compagpgrticularly

the business model and strategstomer relationship marketing ideas.

Financial aggregators are a relatively new phemameso this researadh the first
tomeasure theimpact within the UK car insuranaadustry, albeitfor the case company
The research, therefore, compsitee behaviours of theasecar insurance company pre
and posfoining an aggregators reveked by the key themes studiednderstanding
these effects will provide insight for senior managers of the insurance company involved
as well as other industries who wish to include aggregators in their distribution mix.

As will be described later in thisehis,the researchvill enable informed decisions
as to whether aggregators will be beneficial for their own companies or not, in any country
that has price comparison sité®r instance, companies will understand what main parts
of the business are affed for examplesales, marketing and customer retention. The
emphasis, therefore, is that all the channels through which the customer can make contact
and purchase their car insurance are fedglored

This knowledge will also allow senior managemeribtus their marketing activities
for improved efficiency and operation&lso, this research will allow senior management
to focus on not just gathering new customers, but on retaining profitable customers.

By using appropriate statistical and data miniagls to study the full impact of
aggregators within the UK car insurance as a case study, the research contributes to the
literature basen strategic customer retention analysis and market response modelling.

In summary, his study provides a comprehars analysis of the effects of price
comparison siteen a case compamwithin the UK car insurance indtry. Moreover it
provides some insightsnto the current state of the UK car insurance industry and how
FRPSDQLHV DUH DG DSW L RidtennedisishrtharQeb of HistfibutiHiv. Q H Z



1.3 Rationale for choosing the UK car insurance as a case study

Car insurance is a legal requirement in the UK, soallownersn the UKmusthave a
car insurance produdin 2011 the UK car insurance indosreceived £13.3 billion in
premiums and insured 23.8 million private vehicles (ABI, 201Phese figures
demonstrate the significant size of the industry anevttier business implicationsf this
research

The research will provide a detailed insigttb the UK car insurate company which
is used hereThis study will help this company understand their efficiencies and any
weakneses in their current strategAs mentioned earlier, the results have wider
marketing implications for electronic commersatated work in other industries (Doherty
and EllisChadwick, 2010).

As a tool for customers to contact an insurance company, price comparison sites
UHSUHVHQW pD UHODWLYHO\ QHXWKMIHOEXX WLL@GHMV 'RRPE
2002, p.154). Ths gives the power to the customer and leaves the car insurance
companies to adapd their new business climaf€his demonstrates that customers and
insurance companies need to work together so they can both reduce costs and thus be
beneficial to each o#r. Interest therefore lies in this relationship being a reflection of
market response within the UK's car insurance industry.

Numerous papers discussing marketing response models, disintermediation,
reintermediation (cybermediation) and strategic custowlationship management tend
to keep all these subjects separate and do not consider the UK car insurance industry (see,
for instanceBouwmanet al, 2005; Dumm and Hoyt, 2003; Sophonthummapharn, 2009;
Verhoef and Donkers, 20D™Hence, studying thesssues together will provide a better
understanding of the industry in its current state and provide a further strategic insight for
thecasecompany used in this research.

The arrival of price comparison sites has produced a major shidlok distribution
channelsFinancial price comparison sites are not just located in thebuKare also
being used in other EU and non EU countries, which means that this research could be

adapted fobusiness development in other financial organisationcanudtries.



1.4 Research Issues

As noted earlier, this study aims to asses®tfeet of aggregators have had for the case
companyusing some statistical models and data mining tools in studying the holistic
impact of aggregators on key business aspects suchust®nger valug retention
relationship managemeand strategic marketingyhich contribute to the growth and
profitability of an insurance business.

1.4.1 Objectives of the research

The specific objectives of the research are as follows:

1. To explore he effects of rentermediation and the marketing mix on the profitability
of car insurance business in general, using an established car insurance aBsygany
case study

2. To explore the suitability of own/different types of business models for car ntgura
financial management for antablished car insurance company, amap alternative
scenarios which will guide the future management of growth and profitability of an
established car insurance compdased on the business models

3. To expbrethe implicatons of these results for acquiring and retaining customers in

the context of rentermediatiorfor the case company.

1.4.2 Research questions

The main research questions associated with the research objectives are as follows:

1. Research Questiorl: How does reintermediation relate to strategic marketing
planning and implementation via the marketing mix, in helpirg researcheto
reposition the case company with regards to its future growth and profitability?

2. Research Question:2How has the performae ofexistingchannelsbeen affected
by the advent of price comparison models with respect to customer retention, new

business and profitability?



Based on insights from the foregoing research questions, it is expected that the study
will yield an improvel understanding of business process modelling for managing growth
and profitability in the car insurance industry in the context ahtermediation. Given
the limited number of similar studies in the fidlie reseechfindings may provide useful
inputinto future studies beyond the UK.

To reflect the linkages among the key aspects in the research, including the
knowledge domain (DK), problemstuslied and why (PS|W methodology and
contributiors to knowledggCsTK), the following coneptual framework igprovided for
this research.

In order to make the chapter more focused on the rationale for the study and the study
objectives, further details on the background to the study are presented in Appendix 1 of
the thesis.



Figure 11: Concepual frameworkof research



1.5 Indicative structure of the thesis

This thess is divided into 8 chapter€hapter 1 provides the aims and objectives of the

study, research questions and the study motivation.

Chapter Zoresents general literaturesview of the different aspects of thedy related

to the objectives and following the broad headings in the conceptual framework.

Chapter 3 introduceshe researchmethodologyincluding the sources of data, the

underlying principles andata analysigsechniques.

Chapter 4 explores the effects of reintermediation on different customer acquisition
channels, acquisition rates, retentirates, and marketing spend@ihe effects of

aggregatorsremonitored using a vector autoregressive (VAR) modelling@gch.

Chapter 5 uses alternative scenarios and different statistical modelling approaches to
investigate different aspects of the business model such as marketing, sales, retention and

return on investment.

Chapter 6implements related customeegmerdtion analysesbased on predicted

customer value, actual customeruabhnd predicted renewal rate.

Chapter 7 reviewslifferent marketing techniques in orderdevelop a new marketing

framework for thecase company (and hence the thf insurance indty).

Chapter 8 summarises the research findings, including the implications of the research
for the UK car insurance industryhis chapter also summarises the main contributions

of the research to knowledge



Chapter 2: Literature review

2.1 Introduction

This chapter critically reviews the literature on econometric and applied statistical/data
mining models as applied to marketing, customer campaign and response modelling
(customer analytics) and reintermediation, with an emphasiseotlkhcar insuance
market. Thechapter starts with an overview of the knowledge domain, followed by the
theoretical issues studied.

Car insurance in the UK is not a wedisearched area; one rare study of the UK car
insurance industrwas discussed by Blytted Hacklg (2005), who noted how Frizzell
Insurance targeted its audience. They found that Frizzell Insura

nce had adapted their marketingtBatit attracted one particular type of customer
and did not attract high risk customers.

In this section the emphasssplaced intuitively on the key aspects of these issues,
whilst more technical treatment of relatebbas is presented in appropriate subsatu
chapters of the thesis: for examplggas related to customer relationshpnagement
are explained brieflyn this chapter and developed in more detail in chapter 6.

In a nutshell, the strategy for literature review used in this ttessdistributed model
in which key concepts are explained in this chapter and more techspedtof these
concepts, incluaig relevant modelling equations are presented in future chapters. For
easy followthrough the chapter headings are informed by the key sections of the
conceptual franework (CF) in chapter @figure 1.1)of thethesis.

2.2 Knowledge domain

2.2.1 Purchasig habits

Consumers use the different distribution channels to gather information for shopping.
Weltevreden (2007) found that customers will use the internet as a source of information
for their purchases from a brickscamortar shop, and vice versaompanies that make
themselves available on different platforms enjoy the exposure of being more contactable,
even though there may be some conflict in the channels.

The way a customer can purchase car insuranteeitK is always evolving, for

example frombrokers,to phone to internet and mobile phone®Vith UK price

8



comparison sites (aggregators) trying to persuade customers to use them frggpaagl o

to the insurance companielrectly, this is having m effect on the way consumers
purchase their carnsurance.'Firm marketing efforts, channel attributes, channel
integration, social influence, situational variables, and individual differences’ (Né&slin

al., 2006, pp.101) all contribute to tleastomer purchasing journeiyrom the list there

is not oneoverriding factor, so it could be best practice for a company to use as many
contact points as possible, especially when aggregators have their own marketing spend.

How people purchase products is very important with the internet opening up new
avenues tht were previously unavailable. 2012, price comparison sitesthe US. are
not prevalent as in the UK, with the traditional distribution channels still the main choice
for car inswmance purchases (Honka, 2012his could be due to factors as a otfunce
to change shopping habits, as well as internet spefuisther factor to consider is that
within Europe, the UK has one of the highest proportiohsnline shopper (Ofcom
2011). This demonstrates how new financial price comparison sites areoanthéir
impact in other counes is still in development

To predict that all countries will be adapting financial price comparison sites in the
very near future would be shesighted as they require both fast internet speed and for
insurance companies be fully compatible.

Price comparison sites displagr insurance quasea customer would get if they
contacted the insurance company directly, so the price strategy of contacting the company
directly has to be amended for the price comparison markamaket al. (2010 found
that the two main factors that affected salesewmoduct and distributiorf.he product
criteria must be relevant and whereas insurance can be bought at three different levels
(comprehensive, third party fire and theft and tlpedty only) where comprehensive
cover tended to be the most the most preferred chal#hough this study does not
consider the different types of insurance cover, this would provide a potential avenue for
future research.

The distribution of the proad must also be considered in the contextwafi\eng
technologiesFor the UK car insurance industry, the internet has changed the way people
shop and gives customers the choice of going to numerous companies withkuigspea
to anyone to get a pricBrice comparison sites have expanded this by giving the customer
a choice of getting quotes from many compaiggust visiting one websitéAtamen
(2009) does not mention the importance of how the distributor gets the customer in the
first place, and alsoK H SURGXFWYV EUDQG HTXLW\ ZKLFK LV JH



2.2.2 Marketing

Selling car insurance directly to the customer is not new, with Direct Line adopting this
route in 1985, but this does not mean it should npéeixany shocks to the sgst.When

a company does experience a shdokexamplethe arrival of aggregators, it has been
VKRZQ WKDW PDUNHWLQJ FDQ SOD\ ubDQ LPSRUWDQ
SHU IR U PHa@WvEIB §nd Hanssens, 200307). If the company were to keep its
advertising the same and remain famlaptive to its new environment, then this may cause

the company ttosemarket share. Marketing departments need to evaluate the situation
thoroughly and in the case of price comparison sitiélserejoin them or fightthem.
Whichever scenario the company chooses, they must change their marketing strategy.

The main goal of marketing is to @ttt customers to the busineSkrketing has to
MFDSWXUH WKH WDVWHY DQG VWDQGDU GtE (Relyedanti U\ RQ
Schwager, 2007, p.10Marketing can be considered as one of the a@partments in
any businesdt is up to the marketing department to arrange the strategy that attracts the
FRPSDQ\YV LGHDO FXVWRPHUV ZKLOH DbdinindskoHthea/ DPH
marketing budget. Marketing provides the face of the company to the public while also
needing to be adaptive to new surroundings.

Withoutmarketing, there will be no way of distinguishing one company from another
in the same industry so efttively. The arrival of aggregators has meant strategic
marketingplanning is increasingly importafr the car insurance industriylarketing
GHYHORSV D FRPSDQ\TV EUDQG HT XdowpaniésikdincyeBs® X H R |
throughmarketing commuigation effectiveness and brand awarer{8sshlet al, 2012).

' LWKLQ WKH LQWHUQHW HQYLURQPHQW RQOLQH WKH
EHWZHHQ WKH FXVWRPHU DQG WKH LQVXUDQFHtFRPSELC
al., 2000), but agregators have the ability tofluencethis experience as they become

the first point of contact.

Aggregators can potentially give the insurance company extra customers, so if the
company joins an aggregator the marketstigategy needs to be adjust&tlithin the
PDUNHWLQJ GHSDUWPHQW uVHOOLQJ YLD LQWHUPHC
GLUHFWHG DW ERWK WKH LQWHUPHGLDULH9).DigG WKH
insurance company would prefer the customer to contact them directly intgadan
aggregator, as this would save the insurance company money, but with the aggregator
marketing budget greater than the insurance company budget, the marketing strategy

needs to benodified.The insurance company may have to demonstrate with risetiray
10
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aggregate, but not all customerd&dd EHWWHU RII1Y 7 KR$sbeviario woul®
hopefully make more customers contact the company directly, the dustomer does
purchase via an aggregator, they should expect aduglity product.

Using the marketing strategy tocrease the value of the brardg brand equify
therefore, cannot be underestimated, either for the companies on price comgtegon
or for the sites themselvelk has been shown thgt FRQVXPHUYVY DUH OLNHO
receptive totryingonOLQH RITHULQJV IURP D WU XBalest& aed) D Q G
MunueraAleman,2005, p.193)Due to aggregators being online, this doesmedn that
the traditional (offline) marketing should not be usedl.company that has developed a
good reputation offine can expect the reputation te@ lransferred to the internet.
Building brand trust will help brand equity, which could give an insteactompany a
better standing when being compared against a different insurance company with a
cheaper price.

Being able to measure the effectiveness of advertising is important for companies, as
the marketing department has to keefiddudget and usié wisely. It has been shown
that marketing does have an impact on sales, though not always imme(Raiaels
and Hanssens, 2007)o fully understand the impacts of aggregators in relation to
marketing, market response models need to be developed.

2.23 Marketing response models

Marketing response models have been used in the industry for over 40 years, since the
creation of the Bass Model in 1969. Marketing models are normally developed to help
businesses understand how productive their marketingl spesithin the current market.
The models provide information for the business to bedn generate greater revenue.
Models that want to compare themselves with competitors tend to view all marketing
spend as one variabB JDLQVW WKH FRPSHWLWRUVY VSHQG

Market response models are flexible enough to be used for different scenarios. Onishi
andManchananda (2013) demonstratav the new media (blogs) and traditional media
(TV) interacted wih each other to predict salekashi and DQVVHQV TV UH\
show a direct relation between marketing and stock performance on movie launches.
Simon and Sullivan (18) and Srinivasan and Hanssens (2009) rfieldtionships with
marketing andorand equity, which also affeete FRPSDQ\TV VWRFNTHSD UNHW

11



demonvWUDWHY UHVSRQVH PRGHOVY IOH[LELOLW\ DQG K
UK car insurance industry in an aggregator environment.

So far the review has discussed the applications of the market response models
without mentioning the models themselvegjich tend to be complex. Comparing
PXOWLIXQFWLRQDO DQG IXQFWLRQDO IRUPV LW KDV E
approximations are too simplistic for capturing realistically the complexity of the sales
response phenomen§in 3 D Q W H ORuGn) RDDS,pEY&. The models tend to be
complex due to the interactions between the variabies lag effects of marketing.

, QWHUDFWLRQ EHWZHHQ PDUNHWLQJ LV QRW QHZ ZLW]I
PL[T VL Q FMarket response modelseaypically multivariate statistical time series

with different specifications depending on prior knowledge of the relationships among
variables and their timearying behaviours. They are discussed in some detail in Chapter

4 of the thesis.

Market respors models are not simplistic and can be difficult to understand, which
can cause a problem with implementation. For any type of response model to be implanted
MGHSHQGY FULWLFDOO\ RQ WZR FKDUDFWHUIlEVWLFV«V
2005, p.43). There are many different advertising outldts, example TV, radio and
magazine.To address all these in a response model may pprgblematic in
implementationFor the case companyhe marketing department does not come from a
statistical backgraud with the capability toformulate many different scenarios, but to
not give peoplehe choice of different modeis itself may inhibit the implementation.

Another issue to consider when implementing a modelsisugability within a
company.The model HHGV WR EH pVLPSOH UREXVW HDV\ WR
as possible, and easytocBh X QLFDWH ZLWKY /L Widreskarch will n8ed
to address how to provide the model and the toestat for the company to us&his
raises the sue of whether a traesf needs to be considered Wween complexity and
usability. In a sense, the approach taken in the research is to build insights from the
models intuitively into the proposed IBRM for car insurance in a way that marketing staff
can understand thenUltimately the choice should be with the company on their desired
method of using the model and theferred choice of the company. As mentioned earlier,

more technical issues of market response modelling are covered in chapter 4.

12



2.2.4Businessmodel

Business models help align compatniategy to the changing environments of a business;
in this research, the IBRM shows how the case company can remain profitable in an
aggregator environment. The need for the development of a new busmdsisextends
beyond enabling aggregators in the car insurance environment. Teece (2010) states that a
EXVLQHVV PRGHO *FDQQRW EH DVVHVVHG LQ WKH DEV)
against a particular business en\@® HQW D Q G F Ro@.19 1 i this padir® of
view, the business model must be specific to its environment and would be difficult to
use in a completely different scenario, e.g. selling petralpetrol stationThe business
model applied should assess the way a firmlwoes a value proposition with supply
chain management, the interface with customers, and a revBooas(and Ludeke
Freund, 2013). Additionally, Girota and Netessine (2013) note that whenever new
technologies are developed, there is a lack of busimesiels to accommodate these.
Thus this research contributes to the development of a business model that encompasses
aggregatorsby focussing on the generating customer value for the customer as well as
for the company.
Between 1995 and 2010, the numbiepuablications referring thbusiness model’
has increased substantially, but without a unified view of the conceptetZaitt 2011,
Lambert and Davidsqr2013).Within the research carried out by Zettal.(2011), four
important themes about busines®dels were discovered: 'a new unit of analysis, a
systematic perspective on how to do business, encompassing bespdamng
DFWLYLWLHV« DQG IRFX(bidQp.1R38).YDOXH FUHDWLRQ
CasadesuMasanell & Ricart, (2010, pp.195) considers the filetme as a
‘reflection of tKkH ILUPTV UHDOTHH Gr WWiMrdriedVindstry is full of
competitors, so its unique position will need to be predominantly -pased, while
maintaining good customer service to its customeitse Second themis to apprehend
how the insurance company can connect its techmeaketing and analyticgdotential
with the recognition of financial valueChesbrough2007). For the case insurance
company, they would need to consider the costs of implementing an aggretyatisr
customer contact channelhe third theme can danked tohow theycanconduct their
business with theustomers and partnefiSrankenbergeet al. 2013). Implementing a
price aggregator would introduce new partners and components into tleebubmess.
A car insurance company that uses direct avenues only for the customer to contact them

will need to evolve to allow third party companies to gather quote information and still
13



be able to reach the customer. Finally, the fourth component rosnealue creation:
efficiency and novelty (Zott and Amit, 200&fficiency value for the company considers
cutting costs, and the novelty involves new avenues for conducting business transactions,
which is the whole basis of aggregatofor the compayused in this study, the value
SURSRVLWLRQ DOVR LQYROYHYVY FUHDWLQJ D FDU LQVX
needs at a low price, while still generating profit for the compafyese themes are
HLQWHUFRQQHFWLQJ D Q GttRtal2RI] @rol038)Hbhdh&follBwigyJ § =
notes use the themes as the basis for the rest of review about business models.

Aggregators will have a profound effect on the car insurance company's business
model, even if the insurance company chooses notdgrate them imt their distribution
channelsDue to time, money or even technological constraints, adaptingusemer
contact channels can be too difficult for some companies, thus affecting their value to the
customer. Another reason why companies/mot wish to expand their contact channels
may be due to retention raté®nuset al (2008), Ansaret al (2008) and Neslirt al
(2006) notethat people who use a choice of multichannel distribution networks tend to
be less loyalGiving the choicef a multidistribution contact strategy, especially on the
internet, makes it easierrfoustomers to compare pricé&$e easier it is for customers to
compare prices the easier it is fdrem to switch (Israel, 2005Multi-channel
distributions may redte customer loyalty, but within car insurance the main reason why
customers leave their current company is due to their bad claims history, which increases
thar renewal price (Cohen, 2012 FXVWRPHUYYVY FODLPV KLVWRU\
considering the ctismer value, as is explained in more detail in chapter 6.

The company has to weigh up the pros and cons of implementing achauttel
distribution sincenot only could this cause conflict within the company and possibly
erode loyalty (as it gives cushers the chance to search other compgnies)alsoby
not enhancing the new distribution technologiibs size of the company may be affected
due to customers preferring the new contact channels.

The car insurance business model will need to condidepérceived value of the
product,especially when the comparny on a price comparison sit6€. KH FRPSDQ\{V
perceived value is usually communicated through its marketing, which is diddasse
more detail in chapter Bethuramret al (199) find that a bwer priced brand can be
affected when a higher pricedand has discounted its pridea perceived better quality
brand reduces its price and enters a lower price brand, customers would prefer this brand
over a consistently low price brand. If the companarkets itself as being a good product

with high standards with a price that seems reasonable, this will have a strong effect whe
14



the price is being compareds car insurance is price sensititke company has to be

careful and taatal with its priagng. Shapiro (1983,.678)notesW KDW pKLJK TXDOL
VHOO IRU D SUHP notheDoRIY, the Febswmey is willing to pay extra for

what WKH\ SHUFHLYH DWitbhighlqRi&iy cQniz® &ldbod reputation, which

can be perceived posigly by the customer.

Regulation, new servicand product offers pressure to reduce costs and customer
expectationsend to be théur main factors that can affect the insurance businesieimo
(Labush and Winter, 2012price comparison sites belongtive new service segment as
they chang the way the product is soldhe way a company positions itself in relation
WR RWKHU FRPSDQLHYV PD\ KDYH D SURIRXQG HIIHFW F
differentiates itself from its competitors is known aartat equityor its branding Brand
equity is acquired through marketing theique selling point®f the brand itself: the
product; the name; the promotion, and its complete present@donphy, 1992.
Branding allows the company to be moreogriisable ver other companiest$ EUDQG LV
an entity that offers customers (and other parties) added value based on factors over and
above its functidd DO SHUIRUPDQFH106).@i¢ comparisBn sites need
customers and they need to develop their own begnody, as well as that of thesiarance
companies they compare.

If an insurance company has robust brand equity, this will also benefit the price
comparison site, as the price comparison site can advertise that it has big name brands.
Rios and Riquelm (2008) researched online companies and their brand equity,
examining brand awareness, valueled brand, trust and loyaltf¥heir research found
WKBWDIQ G OR\DOW\ DQG EUDQG YDOXH DV\ORIFA7BSN LR QV
but they alsaote that customers need to be aware of the company. This shows that the
company cannot rely on just the interfat brand equity and that they still need to use
traditional advertising methods, which must be incorporated into the car insurance
company'dusiness model.

Companies that markéhemselves as high quality maypwever get away with
charging more monelthough this idea has not been fully investigated on aggregators,
it provides further opportunities for future wolBlattberg and Wisniewsk1989) and
Glynn and Chen (2008) finthat higher quality brands get their custom from their own
price tier competitors, but lower quality brands rarely getsstabm higher tier customers.

This demonstrates the power of brand marketing and how pedlceage fom a brand

affects its saledf, however, a company sets an unrealistically high ptedfectively
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price, then this will affect consumefigew of thecompany negatively

2.2.5 Strategic customer relationship

Car insurance companiean grow their customer base by taking customers from their
competitors, so retaining their customers is important. Customer retention is therefore
important, and has becosh D PDMRU IDFWRU DV pWKH FRPSHWLW
LQGXVWU\ FRQWLQXHYVY WR HYROYH « DQG WKH LPSRU\
DQG FXVWRPHU UHWHQWLRQ FRQWLQXHV WR JURZT
loyalty practices shouldebas standard in all industrjedong with a clear indication of
which customers it would be profitable to retain.

Payne and Frow (2005) note that thera iigck of agreemeran the definition of
Customer Relationship dhagement (CRM). There has bekscussion whether CRM
should be considered as a strategy (Payne and Frow, 2005; Duffy et aM2(XE3jee,
2013 or to be part o& general management process such as a system for &Rt 4,
2013; McGrath 2010; Fosst al 2008). Within the car insuraze, CRM should be
consideredoth asa strategy and process, so that this research supports CRM strategy

and process as relates to car insurance

CRM as a strategy can be defined as a:

Business strategy and mode of operation deployed to maintain and
develop relationships with profitable customers, and manage the cost of doing
business with less profitable customers

Stone and Foss, 2002, p.14
CRM as a system can be defined as a:

Technologybased business management tool for developing and
leveraging customer knowledge to nurture, maintain, and strengthen profitable
relationships with customers.

Fosset al.2008, pp.69

The implementation of a CRM strategy helps businesses to generate more profit from
customers by either croselling pralucts or by getting the customer to continue
purchasing from the company (retention). The CRM system supports the stsategy,
without the systernthere would béenadequaté&nowledge of how to contactistomers or
who the company's most profitable custrs areUsing CRM as a system can improve
datadriven marketing strategies and provide a holistic profile of the customers across
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different contact points (Internet, email and telephone) (Evah, 2010; Verhoeét al.,
2010). The availability of high-quality data within a CRM database hgh in many
applications including car insurancdeyt developing clear datdriven strategies and
procedures t@nhance the business performance frarmerous CRM systems is still
unclear (Zahay et al, 2012). Redass$ of this uncertaintyn this researchthe CRM
strategy is built upon accumulatddta toa case insurance company in UK in order to
enhance the customer experience

Customer relationship management and relationship management may be similar but
relationship management deals with building relationships with all contacts, whereas
CRM is a more focussemodetbased approach which deal#th prdfitable customers
(Das, 2009)Being more focussed on the customer may mean contacting the customer
directly with promotiors/offers. Building a relationship with the customer, with the
FRPSDQ\ EHFRPLQJ pPRUH WKDQ MXVW D FRPSDQ\Y DQ
thecustomer less likely to leavim the UK car insurance industry price is a major factor,

S0 giving the customer more for their money will ensure greater customer retention.

CRM is an important strategy to capitalise on customers that are worth retaining by
building strategic relationships with them. CRM uses customer data gathered from its
systemsd incorporate better strategiesdaio use the resources in a more efficient way
(Ngai et al, 2009). This allows predictive analysis tools to analyse data within the CRM
frameworkwith customer retentiotbeingthe most prevalent conce(Mizaei and lyer
2014). Within this research the predictive analysis tools are used for churn rate and
customer lifetime value.

The CRM in this research is part of the IBRM which also includes the business
model. The CRM creates customer segmentation for customeiigptstnategies from
potential high valuable customers, to those customers of a high risk of costing the
company money. Every customer that purchases their car insurance via aggregators, costs
the car insurance company money. Retaining the correct custowteonly builds the
customer base more ceeffectively, but also stops them from leaving only to come back
again a year later, possibly via an aggregator, which results in additional expenditure.
CRM should be a vital strategy for all companies, idiclg car insurance companies.

Sophonthummapharn (2009) researches the adoption of an electronic customer
relationship management-(@RM), but the main theme, that of building a relationship
with the most profitable customers, idlgirevalent in his reearch.This demonstrates
that as technologies evolve so must the compaagpt to the new surroundings.

&RQWDFWLQJ FXVWRPHUV HOHFWURQLFDOO\ FDQ QRW
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for examplenumber of emails oped, number of emails clicke@his can benefit the
company as those people who do not respond to emails can then be contacted another
way.

CRM should be considered as part of theurancebusness model and strategy.
Improving the customer experience increases loyalty and should generate
recommendations from customers to other potewtistomers (Sweeney and Swait,
2008; Meyer and Schwager, 2007for the case company, word of mouth
recommendtions are a valuable tool as the person who recommends the company, will
probably remain loyal to the company, and their recommendation will provide free
advertising.

Making the CRM part of the business strategy should lead to increasing the employee
experience (making the employerjey his or her time at workYhis has been shown to
have a positive experience on customers, which itself has an indirect effectanerust
retention (Mosley, 2007)mproving employee morale will have a pise effect orstaff
turnover.This has the cumulative effect of ensuring staff are more experienced, as they
stay with the company longer, and are therefore more confident and capable of dealing
with customers, who after contact with staff are satisfied with the lavelistomer
service receivedlhis should be prevalent in car insurance especially when sthencer
reports a car acciderfome car accidents can be quite traumatic for the customer, so
when the customer first reports their accident to the insurance ogrtipey need to be
comforted and reassured that they are dealing with someone experienced and
knowledgeable.

Price comparisons sites like to retain the companies on as an exclusive basis; that is,
that type of car insurance company idycavailable at tis web sitelt has been shown
PWKDW LQWHUPHGLDULHY GR QRW OEKB QOQKIHOL G DMXSB S K
(Coelho and Easingwood, 2008.38), especially if the companies adopt a different
pricing structure foreach individual intermediaryThe more exclusive companies an
aggregator has, the betacing it has in the markedn the other hand the consequences
of using a single channel for the company are that they are limiting their distriligion.
using various distribution channels, lmding intermediaries, a company can use the
advertising of the distribution channel to promote its own product and make contact with

potential customers that they normally would not reach.

18



2.3 Technical issues studied

2.3.1 Business context

As mentionedreviously, in section 2.2.4, there are four main events thaaféect the
insurance companyegulation;new serviceandproduct offers pressure to reduce costs
and customer expectatiofisabush and Winter, 2012)hese are specific to the insurance
industrybecause it ia traditional busiess (Labush and Winter, 201Zhe car insurance
industry must always bedaptive to its new surroundings as well as kaapeye on
managingdown the costslt is for this reason that the company used in this castys
uses the marketing budget to pay for the sales attributed to tregatyy.
$JJUHIJDWRUYVY FKDQJH WKH FDU LQVXUDQFH FRPSDQ
do not need to contact them directliChanges to distribution channels have been
researchedui tend to focus on companies utilising the internet for customers to contact
them drectly (Huang and Swaminathan, 2009iel et al, 2007; Wolk and Skiera, 20P9
or the impact of insurance companies using a direct channel on a brick and mortar
intermedary (Bouwmaret al, 2005;Hoyt et al, 2006;Pfeil et al, 2009. The research
reflects how companies should expect some channel cannibalisation and that pricing
strategies should reflect the new distribution channel.

The adoption of the internet as ewndirect contact channel for a UK car insurance
company may run into issues @ price comparison site arendK car insurance
customers on the internet have a choice of two avenues to get a quote, either through a
price comparison st or via the compandirectly. The main selling point of price
comparison sites is that they can produce many quotes as quickly as a cgsiog&y
one company directlyf a customer chooses the price comparison site route only and the
insurance company is not on theirbs#e then the company will lose out, but if the
company is onwvebsitethismay lead to cannibalisatioRrice comparison sites also show
the price a customer would get if they contacted the insurance company directly, so the
price strategy of contactinthe company directly has to be amended for the price
comparison markeMore technical issues of the business context are covered in chapter
6.

2.3.2 Reintermediation and strategic market planning

Selling car insurance directly is quite a mature markbigivdoes not mean it should not

expect any shocks to the system. As noted earliberma company does experience a
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VKRFN LW KDV EHHQ VKRZQ WKDW PDUNHWLQJ FDQ S
GHFOLQLQJ S(RaunslhaRMDHaRsHems, 20073@7). If the company were to

keep its advertising the same and +aolaptive to its new environment, then this may
cause the compang tlecline in its market shafdarketing departments need to evaluate

the situation thoroughly and in the case of pricagarison sites, either join them or fight

them. Whichever scenario the company chooses they must change their marketing
strategy.

Certain customers have particular shopping habits, \ketieey continue to
purchase their goods the same manner constantilarketing can be used to change a
FXVWRPHUYfV VKRSSLQJ KDELWYV RU WKHLU HQWUHQFK'
get used to buying certain products through particular intermediaries and have an inbuilt
LQHUWLD WR Fefal Q008 p531).0he Rter side to this argument is to stop
customers going to aggregators to chatiggr insurance companyggregators need
customers to change their insurance each te@enerate the most prof¥arketing
techniques have the potential to stystomers leaving their current insurance company
and from using aggregators to review their renewal prices

There are many tools available for car insurance companies to contact their customers
to enhanceftange their purchasing habitsots and Gobler2013) found that a mixture
of technologies worked in building relationships with the insurance custamkirding
SMS on mobile phonehis technology will allow the company to contact their customer
at any time the customer has their mobile phone wigm with their latest offers.
However, contacting the customer by email, direct mail and texting may lead to the
customer being bombardedth too many communication3his may have a negative
effect, as the customer may opt out of further marketing ngailor &en worse cancel
their policy.lt is vitally important therefore to maintain the correct equilibrium, which is
of course what relationshimanagement is concerned wittiore technical issues of

marketing in an aggret@ environment are covered irh@ptes 47.

2.3.3 Future profits and growth

Customer growth and profitability can be created in two wayarfansurance company
via new cutomers and retained customefide way customers shop for theiar
insurance is diffeent to other insurance fggs. Customers tend to buy their insurance
online rather face to face (Rokaghal, 2013. This gives car insurance the capability to

grow at a more profitable ratkan the other insurance typ&siving more customers to
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shop online bypasses thaeedfor staff to answer phoneand also reduces building
running costs. In this instance, aggregators should not be considered as a competitor, but
a useful tool to help company growth and profitabilitynbgximising the use of the web.
Ideally, for the instance company, it would be more beneficial for the customer to go to
the insurance company only, as this wbsve them aggregator costs.

Other financial institutions may gather extra income from the customer via cross
selling further financial product@Kaishevet al, 2013) but for the company used in this
study, this is not an option, as they deal in car insurance only. To gather further profit and
growth for the company they will need @ consider customer retentio@ustomer
segmentatio is a commo tool in insurance as well as other industnesgdto highlight
which customers it woulddomost advantageous to retdiabusch and Winter (2012)
comment on one companyatihclassifies customer A to D. TherAnked customers are
treated afigh quality whereas the Danked customers are the ones the company wishes
to leave. As mentioned previously, in 2.2.4, customers with a bad claims history can cost
the insurance compang significant amount of moneyCustomer segmentation of
profitable customerssidetailed further in chapter 6 of the thesis.

If a customer is determined to leave their currentrsarance company, they will.

As mentioned previously, aggregators have reduced the switching costs so locating
potential valiable customer is a necessiBustomer campaign and response modelling
are used to maximise profits by either targeting potential customers or targeting profitable
customers. Unlike mass media marketing (e.g. TV, outdoor posters, radio), direct
marketing, as the name suggests, apgnes its clients directly. The most common
model used tends to be the Recency, Frequency and Monetary {REMjvork mainly

due toits simplicity in applicationRFM is a segmentation technigtiatcanbe applied

to any servicebased business includjrcar insurance (Nanet al, 2013):

X Recency: time since the customer made his/her most recent purchase
X Frequency: number of purchases this customer made within a designated time period

x Monetary: average purchase amount

RFM has been compared with othecchniques to pinpointhe most profitable
customer.Olson et al (2009) comparean RFM model with data mining techniques
(logistic regression, decision trees and neural networks) to evalusitenar response
models and findhat data mining techniquesgwide a more useful tool than RFM in

locating the most profitableustomersData mining can involve a wide range of variables
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to help build its model and can give individual customers asboit it also has its faults.
Logistic regression results can c@mplex to understand, decision trees need to keep the
number of rules applied small for ease of interpretatiod neural networks work like a
black box, with the user not fully understargilrow it achieves its resulfglore technical

issues of the datmining are covered in chapter An issue with RFM is that it can have

a high correlation betweehe frequency and monetargetrics but RFM is much easier

to understand and implement, thus its populaimyhis study, these different approaches

to customer segmentation are attempted in order to compare their potential merits to the
case company.

Another problem with RFM is that it cannot be used to locate potential customers,
HGXH WR WKHUH EHLQJ QR LQIRUPDMLR DEADHBIAMAIG L QJ S
2007, p.657)This will raise an issue with the company as sales teams need to be able to
contact potential customers and without a profile of the customer available to make sale
to, this can be problematic. Typically, sales teams need textismally purchased data
on consumer attributes and behaviours and conduct own surveys of potential customers
in order to augment the ennal database with these datstypical example of such data
gathering may include gathering car tax renewal dateih may fall on car insurance
renewal date as wellAnother issue with the RFM model for insurance is that higher
monetary amounts usually signify a greatsk to the company.

As indicated above, naalternative to RFM is to use data mining toalsrharketing
response metric.hey tend to work more favourably with direct marketing, as they can
help pinpoint the best responders to a certain piece of direct mailing and imgiave
on investmentData mining is @ien used in response modellinghich an benefit
FXVWRPHU UHODWLRQVKLS PDQDJHPHQW E\ -$eXdJHVWL
up- VHO O ReriyHabdfLingtf, 2004, p.121Yhe main problem with data mining is the
complexity of the results when they are prEed to management perseh This issue
may, in effect, reduce the popularity and therefore the impletn@mtaf a data mining
strategy As a result despite the limitations of RFM in comparison to data mining, RFM
remains a popular method but, this does not mean that datagroannot be used with
RFM. The application of data mining with RFM explored further in chapter 6 and the
decision to build in their insights into the IBRM framework addresses the problems of

complexity and usability on the part of marketing staff.
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2.4 Contributions to knowledge

2.4.1Theoretical contribution

This is the first research to study the effects of reintermedation within the UK car
insurance industry. The research applies structural time series models such as Vector
Autoregression (VAR) and \étor Error Correction (VEC) models to the analysis of the
differential effects of price reintermediation (use of price comparison sites) on different
channels and marketing data used in insurance marketing. Whilst the statistical theory of
structural timeseries is weldeveloped in the literature, the use of such models in
studying the persistence effects of different marketing decisions in insurance, especially
in the context of reintermediation, has not been noted by the researcher in the literature.
Using appropriate data on car insurance from the UK case company, this research applies
such models for the first time in the UK car insurance industry.

Related to the use of structural time series models in car insurance marketing, the
research also applieslevant data mining models (neural networks, logistic regression,
and decision trees) to the analysis of car insurance data in the light of price
reintermediation. The data mining models particularly show how relevant data on
customer life time values atsed to segment customers into different categories which
can targeted differently in order to grow a car insurance business profitably. The results
provide comparative insights on how price reintermediation effects could be modelled in
order segment cansurance customers appropriately, and thereby support marketing
decisions on car insurance retention quantitatively. There is no other study known to the
research which uses data mining tools in this way in car insurance marketing.

Importantly, the resean develops an Integrated Businessiftermediation Model
(IBRM) integrated business model which combines insights from the statistical modelling
of the car insurance data for managing car insurance businesses in light of price
intermediation. The modelrpvides theoretical support for understanding how changes
in marketing, customer retention practices and purchasing behaviours, especially
involving internetbased purchases, can be strategically managed. The model can
therefore be adapted by other caunagsce companies and also other insurance products
which are accessible through price comparison sites. In other words, within this new
environment the IBRM links a car insurance business model with a CRM framework to

create new theoretical understandirfidhow price aggregation affects different parts of
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the car insurance business, for example sales, marketing and IT systems. This is a key
theoretical contribution of the research to knowledge.

In summary, the theoretical contributions of the researchstayfaise of appropriate
statistical time series and data mining models in studying different aspects of car
insurance including the effects of price aggregation on key marketing variables and other
channel effects, and the creation of the IBRM for caurigasce within a price aggregation
environment. The researcher reiterates that this is the first time such quantitative
marketing and model development work has been conducted with a link to sales, channel
effects, CRM perspectives, and in a way that adeeshe growth and profitability

prospects of a car insurance business.

2.42 Integrated business model that enhances growth and profitab(line IBRM)

Car insurance purchasing tends to be an annual event, so it would be wise to make sure
that contactig customers coindes with their date of renewabonul and Hofstede
(2006) noteWKDW WLPLQJ LV LPSRUWDQW IRU FRQWDFWLQJ
EH UHGXFHGY *|Q-+O DfXs).Bvern ddh @idasearch uses catalogues,
timing or when the person is most likely to purchase should be considered. As purchasing
car insurance is an annual event in the UK, people maybertythe market for 3 weeks.
If the company were to deliver mailing to the customer every month, this codldolea
11 out of 12 mailings going to waste.

For a complete picture of which technique to use for the UK car insurance, a test
would need to be carried out @f the different techniqueRust and Verhoef (2005) use
an insurance company for their reseatding direct mailing and loyalty magazines and
control groups for each medieheir research compared the RFM model against a Markov
&KDLQ ORQWH &DUOR 0&0& KLHUDUFKLFDO PRGHO D
better predictive results in a holdoutrgale than segmetiiased approd€ HVY 5XVW D
Verhoef, 2005, p.486)RFM models, when compared dther techniques, do not tetad
fare well, and in the case of insurance, RFM was again proven not to be as adcurate a
predicting customer behaviour, hertbe use of different modelling approaches in this
researchMore contributions to thbusiness model that enhances growth and profitability

are covered in Chapters7/of the thesis.
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2.43 Consumer behaviour modelling

With the internet being used forfarmation, this also allows customers toveaheir

reviews of companies, W KDV E HH Qn¥gatRe& aplivg EdDadmer reviews have a
PRUH SRZHUIXO LPSDFW RQ SURGXFW DWWLWXG@GHH WKD!
al., 2008, pp.34152). By opening themselves up to numerous distribution channels,
companies may leave themselves more prone to bad reviews\soeed to keep on
monitoring their customer feedbacKhis may require additional resources from the
company to monitor feedback from toimers on the most popular social networking

sites, to control any negative feedback.

Price comparisons sites like to retain the companies on an exclusive basis; that is,
that type of car insurance company igyoavailable at this web sitét has beentsown
MWKDW LQWHUPHGLDULHYVY GR QRW OEKB QQKIHOL & DB S
(Coelho and Easingwoo@008, p38), especially if the companies adopt a different
pricing structure foeach individual intermediary using various distribitin channels,
including intermediaries, a company can use the advertising of the distribution channel to
promote its own product and make contact with potential customerthéyahormally
would not reachMore contributions to the customer behaviour-@ed posjoining
aggregators are covered in Chapters 4 and 5 of the thesis.

2.4.4Informed decisions

When a company concentrates its marketing into one contact channel, this thean
focus is on the producthis focus can be strengthened as the comangt altering its
message to appease different channels simultaneously (e.g. Direct Line insurance will
keep on usig a direct method only routeThis strategy can also make companies
MFRQFHQWUDWH RQ WKH FKHD S H V(@odhiK &n@ Easir@gwedd/ W H P
2008, p38).This may be beneficial to the company, but unless there is an available budget
to get their voice heard over all the other distribution channels this may lead to the
company lecoming smallerParadoxicallythen, a company wit a strong marketing
message may suffer financially if it is unwilling to extend its message to encompass
different channels.

As mentioned previously, although a company can get more exposure on the internet
using an established distribution channel, tisitution channel also needs the company

to improve their brand eqyi and attract more customerBtachtenberg and Fowler
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(2010) reporbn how Macmillan publishers were able to negotiate their sales price with
Amazon, or they would refuse be part oAmazon.This comes in direct response to the
iPad device, which offers a new platform foustomers to view their book¥Vith
customers being given more choice of different platforms for their purchasing habits, the
B2B scenario will also need to evolveradlect this.

Another issue companies need to consider about the distribution networks is that
other devices may be a@&bto copy their functionalityn March 2011 Google bought a
price comparison site, BeatThatQuote (Williams, 2011) and since July 281Belen
competing withaggregators for car insuran&his shows that companies must always
look at other avenues and the evolving market to keep up to date. Price comparison sites
are still new and evolving, but they need to keep an eye on differefurpiatthat may
offer the same functionality, but may charge the financial companies less money, thus
making the compari sites themselves redundahli. of these scenarios demonstrate
how customers choodgow they wish @ contact a companyore contribdions to the
informed decisions fahe case car insurance company are covered in Chapiestthe
thesis.

In summary, the above literature review highlights the need for gathering richer
datasetgsee section 3.2.3yhich will enable (insurance) commuas to perform further
analyses including the effects of branding within an aggregator environment, wider CRM
studies which incorporate employee morale and satisfaction, possible cannibalisation
effect of using aggregator channels, monitoring social n&ing sites, and effective use
of external and internal data on customer surveys (McCarty and Hastak, 2007), for

example.
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CHAPTER 3: Data and nethodology

3.1 Introduction

This chapter details theesearchmethodology required for the reseasimmarised in

the conceptual framework in Chapter 1 and literature review in Chapkarsfy, the
following section contains a brief description of the data and selected data analysis
software. This is then followed by the research objectives and questiooh are
recalled in this chaptdor easy followthroughof the methodology. The final section

summarises the chapter.
3.2 Data and computer programs

3.2.1 Data

7KH GDWD SURYLGHG E\ WKH FDVH FRPSDQSeEdddar\EH FR (
datb DUH GDWD WKDW KDYH DOUHDG\ EHHQ FROOHFWHG
(Malhotraet al. 2012, p115). The data used is derived from the data warehouse, which
can be considered structured, regularly updated, reputable and trustworthyt(®tiho

al. 2012). The use of the secondary data is important as the case company was able to
provide data that cannot be effectively duplicated by another researcher, while also saving
time and money

The main disadvantage of the data is the lack of mareparison site data, as this
belongs to different companies and not the case study. Also, price comparison data
contain additional information such as where the insurance company is located, their
ranking on the websites and who their competitors areditiddally, competitors can
affect their prices by changing their excesses, which makes it even more difficult to
compare the effectiveness of the brand on the aggregators website. Furthermore, the case
insurance company only sells car insurance, wheggaegators sell numerous products.

In this scenario, it is difficult to track any brand effects from a company selling other
types of insurance product, e.g. house and motorcycle.

The results from the data used can be used to help other industriededogsi
implementing price comparison sites into the acquisition channel mix. The results show
how the business model has to change to implement price aggregation and how
FRQGXFWLQJ EXVLQHVV pDV QRUPDOY ZLOO QRW VXIIL
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The researcher notes that desite lack of richer data sets from price comparison
sites noted above, other insurance companies can use similar approaches in the research
to explore how to grow their companies by appropriately modelling the effects of price
comparison sites on their bussses. It is not expected that other companies will obtain
the same results as in this research, so that it is the approaches and model can that can be
applied to other companies. Given that the research is the first to develop the IBRM, it is
also expect that both the case company and other companies will benefit from using
the model as a basis for further studies which will help the companies to continue to grow
the companies profitably in the future, although with appropriate modifications as more
dataare accumulated.

Two datasets from an established UK car insurance p@vided for this research.

The first dataset contained monthly figures (between the datésno2006 to August
2009)detailingspend, quotes and sales from the different media efeohaquisition

to be investigatedThese date periods are relevant as they cover the dates before the
company joined a price ogparison site, and afterward§he data provided by the
companyshow that until April 2000 W KH FRPSDQ\ RQO\clickQUEEWR ) MR R
to retrieve a quotelhat is, a potential customer had to: go to the aggregator; fill in their
details; get a list of quotes; click on this company banner which did not have a quote next
to it; go to the car insurance company directhyd ghen complete their details again on

the car insurance web site. Between May 2007 and August 2007 the company was in its
testing stage to make sure that its systems and infrastructure co@dewsith this new
channelFrom September 2007, the compavgs fully incorporated with the aggregator.

The second data set contained customer specific lotigseenJanuaryMay 2010
(inclusive).The data setontained 189,798 rows of data from polidieat were due for
renewal.The data containetthe fields: aye group;alowed to contact policy holder; car
age; car colour; claimed on insurance; gender; married; marketing cost; marketing source;
no claims bonus (years); no claims bonus proteatadhiber of drivers;pay method;
renewal yearsocial grouping;total claims coststotal premiumtype of insurance cover,

UK region; customevalue and \ehicle group

3.2.2 Selection of software programs

The main statistical software package used for this research is SAS sujiyyoeck!

spreadsheet analysiBhe jusification for the use DSAS is that it is an industrwide
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accepted software capable of modelling large data sets. SAS also hasiratoatitbr
data nining called Enterprise Minelt is these tools that allow data interrogation and

model building.

3.3 Overview of the research methodology by objectives and research questions

3.3.1 Linking the research objectives and questions

Figure 3.1 below visualises the overall methodology for the research discussed in this

thesis It illustrates the links betwedhe research strategy, objectives, questions and the

thesis chapters.
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Research Objective

Objl: To explore, theefore, the effects of

reintermediation and the marketing mix o

the profitability of car insurance business i
general, and using an established car

insurance company in particular.

Literature
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car insurance financial management for g

established car insurance company. Td
map alternative scenarios which will guid
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models
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Research

Strategy

Data
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understand
reintermediation via
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and predicting return
rate (chap 6)

Monthly
data

RQ2: How has the performance

of existing models been affecteq
by the advent of price compariso
model with respect to customer —>

retention, new business and

profitability?

Test time series for|
fluctuations scenario
testing for businesg

model (chap 5)

Main Results and Suggestions fi

Data

Analysis

Customer

data

Descriptive
Statistics
Data mining
General linear
model

Quantile model
VAR model

Logistic model

Figure 3.1:

further studies (chap 8)

Overall methodology for the research with links among the research strategy, objectives, questions and thesis chapters




It should be noted that not all of the data is suitable fartelpters. Henceéhe chapters

specify what dta is relevant for specifespects of the data analysis

3.3.2 Summary of the research methodology by objectives and questions

Theapproaches for investigatispecific objectives of the research are as follows:

Objective 1 and 3 (RQJ):
Investigating this objective will require ¢huse of the information gathered from the
literature ad applying statistical model$he interaction between marketing variables is
complex, which is why a vect@utoregressive model will be used to meashesé
interactions (Chapter 4)Also, by compang different statistical and data mining
techniques, the research can discover the most suitable method to predict customer
lifetime value and probability to renew (Chapter 6).

LWK D UHFRPPHQGDWLRQ RI D PHWKRG Wéhad®UJIHW
considers best pracés on acquiring new customer8 VLQJ WKH 3V DQG K\
testingfor new marketing framework will be developed (Chapter 7).

Objective 2 (RQ2:

This objective involves a literature review of the car insurance businessl mode
with/without price comparisorlhe research will demonstrate how the introduction of

price comparison sites has affected the UKirsurance industry as a whole. KH pZKDW
LIT VFHQDULR ZLOO QHHG WR FRYHU WKH TXgedtéldfV VDC

the insurance companyhe issues covered would include:

X If the insurance company did not join a price comparison site
X The optimal marketing spend

x If the company chose to abandon a certain media type

7KH pAKPWFHQDULRYV ZL keqifflerentsages Rf the Gustdrier journey,
from marketing, enquiring about a price (a quote), purchasingsuaaince and customer
retention. Also for this objective, time series statistical methods are to be used to
understand the underlying relationsh between marketing andffdrent acquisition

channels (Gapter 5).
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The statistical models applied inet data analysis and modellingp&@pters (46) are

summarised below.

3.3.3 Summary of methods in key chapters

RQ1 tHow reintermediation relate to stiegic marketing planning and implementation

via the marketing mix?

This research question is spread acrossetdifferent chapters, 4, 6 arindFor example,
Chapter 4 considers the overall effetaggregators and channels on each otheapt@r
6 consders targeting specific customersing customer segmentation, whileapter 7
considers the strategic marketing aspects.

Chapter 4 reviews the concepts and the importance of measurtig $b a business
environment using market response models, for ek@nmtroduction of price
comparisonsites into the marketing mix. For thitye Vector AutoregressionMAR)
approach to market response modelisngsedo examine the direct and indirect effects
of customer aggregation ehannels and other marketingtnnes includingthe marketing
spend, compared to traditional channels, such as TV, radio and the press.

Chapter 6 considers segmenting customers by their value and likelihood to renew.
To determine the most predictive tool, decision trees, neural netwgekeral linear
models, quantile regressions and logistic models were oetetir for detailed
comparisonTo limit the influence of outliers, this research also considers Winsorization
within the statisticahnd data mining modefer completeness.

Chaper 7 reviews different marketing techniques, to develop a new marketing
framework for the UK car insurance industry. The framework would need to consider

how different marketing practices affect customer acquisitions and renewal rates.

RQ@2 - How has theperformance ofexisting models been affected by the advent of

aggregators?

Chapter %egins to develop the IBRBusiness modeah orderto explorethe key aspects

of insurance marketinthat are affected by the introduction of aggregatddgferent

time series techniques were constructed: autoregressive; moving average, autoregressive
integrated moving average, aBlARCH modelsThese models are applied to different

scenarios to establish a deeper understanding of the mechanics within the business model
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3.4 Summary

This chapter describes the overall methodology used in this research by linking it to the
researchobjectives and questionk. provides detail of the data and some of the core
themes that require different levels of aggregated data, maanttilgat customer level.

Also, thechapter summarises the different types of statistical models and data mining
tools used in the descriptive analysis of the effect of price comparison environment within

a price comparison environment.
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Chapter 4: Price comparison and market response modelling in car

insurance

4.1 Introduction

The introduction of financial price comparison sites (aggregators) has had a major effect
within the calinsurance companfy looking at different customer acquisition chats,
acquisition rates, retention rates, and marketing spend, the effects of aggregators was
monitored by using a vector autoregressive (VAR) modelling approach. An application
within the car insurance industry reveals that aggregators have a long [asitige

effect on future acquisition. Comparative results on other market response factors which
potentially influence customer acquisition and business performance were explored in the
chapter. Hence, the chapter uses the VAR approach to market respatesiéing to
examine the direct and indirect effects of customer aggregation on the marketing spend,
compared to traditional channels, such as TV, radio and the press. The results have
strategic marketing implications for the UK car insurance indubfryyvay of optimal
allocation of marketing spends on the different customer acquisition channels.

The purchasing of car insurance has changed dramatically in the last 30 years. The
Road Traffic Act 1988 (c. 52) UH T X L lalgarsalv Kisiviojuuse a motehicle on a
URDG«XQOHVYVY WKHUH LV LQ IRUFH LQ UHODWLRQ WR "
SROLF\ RI LQVXUDQFHYT 8. VWD WhisHaw DakessiDaVvIEggID V H
requirement for drivers in the UK to mirvase car insurance and as scahinsurance is
often viewed as price inelastic, so thaWKH RYHUDOO GHPDQG IRU WKF
GHFOLQH VLIJQLILFDQWO\ ZKH& aWw206b, piJd).Fhis do€smbtH D V H
mean that the market is not competitive, as with all purchpseducts/services, price is
important.

The way a customer can contact a UK car insurance company is always evolving.
Direct channels involve phones and internet and indirect channels include brokers and
price comparison sites (aggregators). Aggregaceselatively new phenomenahich
operate by comparing many car insurance companies for their car insurance quotes from
WKH LQIRUPDWLRQ SURYLGHG E\ WKH FXVWRPHU $JJU
the way people buy their car insurance and thielt LQVXUDQFH LQGXVWU\
2008.
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How a company operates in a new distribution channel environment will have an
impact on old established as well as new compaAigsough an established company
will have built up its brand equity which willhable it to attract customers more easily
compared to newer entrants, some customers will shop on price alone, which may give
QHZ HQWUDQWY D TXLFN VWDUW IRU OHVV PDUNHWLQJ
activity can potentially enhance or t@qW DLQ FRQVXPHUVY DZDUHQHVV
IDYRXUDELOLW\ VWUHQJIJWK DQG XQLTXHQHVV T 5HVHI
has shownthap FRQVXPHUV DUH OLNHO\ WR H{ird ofdRitgsifrobt FH S W
D WUXVWHG Beipap®allesteP ahfiMunueraAleman, 2005, pp.193). A
company that has developed a good reputatioireffcan expect the reputation to be
transferred to the internet. Building brand trust will help brand equity, which could give
an insurance company a bettsanding when being compared against a different
insurance company with a cheaper price.

A review of marketing literature shows that the effects of online price aggregation
have not been studied in the car insurance industry, compared to many studies of
effects, for example brand equitipékimpe and Hanssens, 199%)deed, given the
competition among insurance companies, it is important that management optimizes its
marketing decisions in order to ensure sustained business performance. Fosdims rea
management needs to understand how such marketing decision factors as customer
acquisition channels, price, marketing spend, acquisition costs, and retention,
interactively influence the profitability of the companies over time. In modelling these
effects in this study, the focus is on the effect of the aggregator channel of customer
acquisition on business performance indicators, for example acquisition costs, marketing
spend and retention.

As mentioned above, the rationale for this study is thaetiea dearth of such
quantitative modelling in the car insurance industry particularly targeted on
XQGHUVWDQGLQJ WKH HIITHFWYV RI DJJUHIJDWRUV RQ PL
knowledge, this is the first study to explore these effects in kheddinsurance industry.

Modelling the effect of marketing decisions and price aggregation on business
performance variables such as marketing spend, customer retention and acquisition costs
is important for a number of reasons. First, it explores tfeeteof aggregators on
customer acquisition. Second, the approach examines the direct and indirect effects of
FXVWRPHU DJJUHIJDWLRQ RQ WKH LQVXUDQFH FRPSD

traditional channels, such as TV, radio and the press. Thirdlyetluits have strategic
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marketing implications for the UK car insurance indudbsy way of optimal allocation
of marketing spends on the different customer acquisition channels.

The remainder of thishapteiis organised as follow&ectiord .2 reviews thgeneral
literature on marketing response variables for example brand equity and distribution
channels, and persistence (market response) modelling. Sec8odiscusses the
theoretical background to the statistical models used in implementing markensesp
modelling and justifies the choice of the VAR methodology for this study. Setdon
presents the empirical analysis and the interpretation of the modelling regtlts
implications for marketing action. Sectidrb summarises the main results andcludes

the chapter.

4.2 Literature review and theoretical framework

As hinted in the introduction, customer acquisition in car insurance industry includes
direct purchase of car insurance from companies through telephone and internet, indirect
purchasehrough intermediaries (broker) and more recently through aggregators such as
price comparison sites. Direct Line is one of the first companies to start selling car
insurance directly to the customer in 1985, thus removing the intermediation role of
insurance brokers (intermediaries) from customer acquisition, (a process referred to as
disintermediation).

The growth of online marketing in different industry sectors has introduced shock
effects on the business strategies and performance indicators pamesiin different
industry sectors, including mature companies. Examples include the impact of Amazon
as an online aggregator in the book market, impact of Netflix in the film industry, and
online shopping/home delivery of supermarket groceries by tkes lof Tesco,
6DLQVEXU\TV DQG $VGD

Similarly in the car insurance industry, online reintermediation through aggregators
introduces shocks in the marketing of car insurance policies which have not been closely
studied, hence this UK case study. Thesekleffects extend to mature channels of car
insurance business e.g. direct marketing. As noted above, this research explores similar
effects in light of key marketing preforming dynamics and indicators such as impacts of
different channels on acquisitioates marketing spend, customer retention anebauk.

KHQ D FRPSDQ\ H[SHULHQFHVY D VKRFN LW KDV EHH
LPSRUWDQW UROH LQ WXUQLQJ DURXQG (RauvieBaiLQJ S
Hanssens, 200p,307). If the company were to keep its advertising the same and remain
nonadaptive to its new environment, then this cazddse theFRPSDQ\fV PDUNHW
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to decline and/or reduce its profitability. Marketing departments therefore need to
evaluate the impact of aggreget on market performance and adapt thearketing
strategies accordinglyzor example, a company may choose to jihia aggregators or

fight them.Whichever scenario the company chooses, they must change their marketing
strategy.

In support of the abav points, marketing decisions affect the different channels
through which the customers make contact with the company. For example, if a company
informs customers that they could save 10%lio@, this will drive them to use the
internet channel. It is netl that within marketing there are three channel types:
communication; transaction; and distribution channels (Peteetoral, 1997).
Communication channels include T\doordrops, and advertisements;ansaction
channels include telephone and onlinecpases; and distribution channels include
purchases through telephone, web sites, and in some cases intermediaries.

Measuring the effectiveness of marketing within a company is not new, with
marketing response models being a common tool to monitor suettseff Marketing
response models are statistical frameworks for monitoring customer behaviour and
responses in light of business perfonoa variables such as marketsmend, reteion,
profitability and salesMajority of market response studies haveused mainly on the
direct customer channels which have been in existence longer compared to the online
channels.

Even so, the studies have also concentrated attention on tiesnoance markets
such as effects of print versus TV/radio advertising dassaf home improvement
products (Dekimpe and Hanssens, 1995), pharmaceuticals and fast growing products
(Dekimpe and Hanssens, 1999) and myriad studieseofmifrketingfinance interface
(Dekimpe and Hanssens, 2000). The above studies show that as wedl effects of
different marketing channels on marketing spend and related business performance
variables (acquisition and retention), market response models explore the interaction
effects of these channels as single factors and each other. Therefxplained in more
detail in sectior.3, this study examines the interaction effects on car insurance marketing
ZLWK D VSHFLDO IRFXV RQ WKH DJJUHJDWRU FKDQQHC
be the first market response modelling into thea# of online price aggregation or re
intermediation in th€UK) car insurance industry.

The rest of the literature review discusses the key input variables into the
marketing response model, such asdaafrmouth, price comparison e, retention and

win-back.
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4.2.1Word-of-mouth (WOM)

Wordof-PRXWK LV WKH PDUNHWLQJ WHUP IRU WKH LQIOXF
experiences with purchases of services/products have on their social group. Before the
advent of the internet, this was mairilyited to relatives and friends talking to each other
about their experiences, but is now transmitted through the social media sites. Social
network sites allow more people to influence prospective customers in their social circle
based on their experierg;eeven if network relationship are not that strdrapnfpe.et al,
2007).In addition, social network sites can be adowest channel to keep customers up
WR GDWH ZLWK D FRPSDQ\YVY FRPPXQLFDWLRQV DQG H:
their custome experiences about the company, which influence far more prospective
customers than traditionalord of mouth (WOM)an achieve.

The use of social networks sites a8/@M channel has been researched previously
with an application within marketing.rusovet al (2009) use impulse response functions
derived from Vector Autoregressive (VAR) models and find that WOM referrals have a
stronger acquisition impact, compared to traditional marketing and media appearances,
on new customers. VAR models are stat@timmodels used for market response analysis
which will be investigated in sectiof.3. Villanuevaet al (2008) explored woraf-
mouth (WOM) acquisitionsfor examplefriends and websites and found WOM will
double the number of acquisitions compared tditieal marketing.

This differential channel effect of WOM compared to other channels is the kind of
insight that market response modelling provides in this line of research. Consequently,
the analysis in sectiof4 of this chapter will focus on théfects of WOM aggregators,
direct channel on customer acquisition and retention and marketing spemaeet al
(2007), Trusov et al (2009) andVillanuevaet al (2008) demonstrate how important
personal referrals are, whether from social network sitd®m other avenues, since they
provide a cheap accessible way to communicate to their audience how the market views

the company.

4.2.2 Price comparison sites

In the early stages of research into online price comparison sites, such aggregators were
thought to be time consuming such that theyy not be worth much given the small
differences in price between different vendors'dt_al, 1999, online). Later research
offers a different view wittGorman & Brannon (2008,.@¢0) notingthat buyers benefi
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both in the short run through search cost savings, and in the long run through faster
equilibration process to lower transacpetes'.These remarks suggest the need for more
studies into the effects of online price comparison sites on customer heksasio
business in different industry sectors, particularly car insurance which this research
addresses.

Indeed, it is likely that insurance customers acquired thraggjnegator channels
will behave differently from other customers because of a nunibeagsons. ggregators
have their own marketing budget to stop customers going to insurance companies directly
and it has been shown that 'more peasitive customers will gravitate to channels with
lower search costs and higher price comparison caggeddi(Granadost al, 2011). The
lower search cost tends to highlight that consumers are less likely to contact multiple
insurance companies, when they can just visit one price comparison site. Also, through
aggregatorscustomers may compare companiesrenregularly on just price alone,
especially among the companies which meet key requirements of the customers.

The previous sections clarifies the need of a study of price aggregation effects in the
carinsurance industry Consequently, the empirical @gses in this chapter and thesis
could be interpreted in light of their implications for marketing decisions by management

of aggregator and insurance companies.

4.2.3 Retention

Retaining customers that can generate the most value is an importantgsalefor

any company. Pauwels and Neslin (2008) found that adding a new customer channel
affects customer retention. Alsgpo and Hanssens (2008) researched customer equity
based on a single product using six vector endogenous variables, one of whkich wa
customer retention. Among other findings, the authors notice a channel effect on customer
acquisition and retention behaviours. This shows the need to investigate the differential
impacts of different channels when considering market response modats,thes
approach in this study.

Given the centrality of retention to customer value which underpins business
performance, it is not surprising that customer retention features in most askelt
analysis of such performance. A review of the literaturenarket analyses shows that
such customer value metrics as retention are used as multivariate inputs into statistical
models that enable marketing modellers to measure the effects of marketing decisions on

these metrics, in addition to other marketing gnafit-related variables, for example
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advertising, promotions, own and competitor prices and price differentials, sales calls,
and brealkeven margins (Dekimpe and Hanssens, 1995, 1999 and 2000).

Other studies listed in Dekimpe and Hanssens (2000) modaél isput/output
variables as economic value (profits and brand equity), and customer value (customer
intimacy, retention, and acquisitipnShaferet al, (2005, p.201) list the following
variables as key components of a business model which differotsekamined in the
period 1998003- customer targeting, relationships and benefits, revenue and pricing,
sustainability, and transaction costs. Winer (2001, pp9190notes that the relative
improvements in business value of the studied companieshahe attributable to 10%
improvements in the customer attraction, conversion, and retention factors are
respectively 0.79%43.1%, 0.8%4.6%, and 5.899.5%. This shows that customer retention
is an especially important swariable of the customer value cpaonent of a business
model, and accounts for why analyses of the markédtivamnce interface uses retention
as an input variable, where appropriate.

The above studies also show, as we shall see later in Sé@&iohthischapterand
Chapter 7 of the tlsgs, that market response modelling is a form of applied marketing
research which uses the marketing mix to determine strategies for improving business
value of companies. The sense in which the marketing mix concept is usedhafhter
is similar to hese studies, which are empirical applications of the standard 7Ps of
marketing, which is the theoretical marketing mix with the elements product, price, place
(distribution), promotion, people, processes, and physical evidence. Clearly, this research
is focused more on place (as with customer acquisition channels) and promotion (as with
marketing spend and acquisition costs).

In further support of the above points, other marketing response analyses which
explore the causandeffect relationships in the stomer relationship management
literature use variables which are strongly related to customer value, for example
improved customer loyalty, customer acquisition and retention, decreased customer costs,
and increased profits (Kinet al, 2005, pp. @) and pricing in order to achieve
profitability (Smithet al, 2000, p. 539).

The above points justify why this study focuses on similar variables that capture the
customereconomic value potential of marketing decisions in the context of online price
comparisos, for example customer retention, win back and marketing spend. These ideas
are revisited more technically in Sect8 of this chapter, which looks at the statistical
underpinnings of market response models, and in Chapter 5 of the thesis whiatnfocus

business modelling.
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4.2.4 Winback

Win-back refers to marketing practices used by companies to bring back customer who
have left them. Within the car insurance industry, it has be@md that winning back
customers is more cost effective than acqginew customer (Evans, 20023keeet al

(2008, pp370) note thaprevious customers are less costly to-vactk compared to the
costs of acquiring of new customers'; viaack costs can sometimes be cheaper than half
the costs of new customer acquisisp see also Thomaet al, 2004). A plausible
explanation for this point is the fact that a company does not have to spend more-in a win
back scenario, since it has already attracted the customer before and may only need to
address particular comptds which made the customimave. In other words, customer

under a wiRback scenario will have experience of the company and thus would have
heard of the company before.

In a nutshell, the studies show that veiack customers thus tend to behave
differently than retained or newly acquired customers and that havingbaak
customers potentially improves the effectiveness of marketing decisions significantly.
Since these findings are not based entirely within the insurance sector, it is important to
explore he winback scenario in the car insurance industry; hence, the examination of the

effect of price aggregation on wiack in this chapter.

4.2.5 Persistence modelling: using market response models to explore long term effects

of marketing decisions

An important objective of market response analyses which has implications for the design
of marketing strategies that deliver sustainable competitive advantage is finding out how
long-lasting the effect of marketing decisions on business performance are (Belaohp
Hanssensl995, 1999). Villanuevat al (2008) note that word of mouth marketing will
acquire double the number of acquisitions than traditional marketing, but the effect is
long term rather than short term.

Dekimpe and Hanssens (1995) study thesiseence of marketing effects on sales
using multivariate timeseries models of sales and marketing expenditures. These models
HQDEOH WKHP WR GHWHUPLQH ZKHWKHU VDOHYV DUH
if observed evolution is associatedhwtersistence effects of advertising. Continuing this
line of research, Dekimpe and Hanssens (1999) use persistence modelling to explore
long-term marketing profitability across four highly insightful strategic scenarios
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determined by temporary versus pamant marketing effort and response. These

strategic scenarios are:

X business as usudibr which shocks in marketing effort have shiertm impact after
which the business performance reverts teiprervention levels

X escalationof marketing mix activies without compensating lorgun persistence in
business performance;

X hysteressisZKHUHE\ pyWHPSRUDU\ PDUNHWLQJ DFWLRQ FDX

X evolving business practice Q ZKLFK pVXVWDLQHG PDUNHWLQJ F
[business peRUPDQFH@ UHVXOWVY 7-Wotld DIXSivakdRs) MhdSUR Y |
explanations of these scenarios which inform similar applications in different industry

sectors.

The strategic choices provided by the scenarios are such that in the bassmes$s as
usual a company may achieve marketing profitability by timing and harvesting
marketing actions in short enough periods before the business impact peter out, and
repeating such actions in the future at carefully chosen time points.edd#tation a
company should again escalate marketing action in the period when the business impact
outweighs the marketing costs. Witlgsteresisa company typically realizes sustained
business value and should identify the winning sterh marketing actions. Finally, in
the case ofevolving business practicea company should identify and sustaire th
profitable marketing actions.

In this study, the above mentioned importance of persistence modelling motivates
the analyses of ovgime effects of customer acquisition chais and marketing spend
on selected business performance variables, for example customer win back, retention
and acquisition costs, subject to the limitations of the available case data. 8&ctbn
this chaptertakes a closer look at the species ofitimariate time seriebased market
response models which support this line of analyses, namely vector autoregression (VAR)
models and vector error correction (VEC) models. These models are respectively suitable
for modellingstationaryversusevolvingmarketing and financial time series such as used

in this study.
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4.2.6 Usefulness of market response models and their strategic marketing implications

Related to the above pointsord of mouth, price comparison sites, retention and win
back) on the strateg marketing choices available to companies based on modelling
scenarios and insights, we note that market response models can be difficult to understand
for nonstatistically literate company staff, which can cause implementation problems.
For instance,iere are many different advertising outlets in this study such as TV, radio,
and magazines. To address all these in a response model may prove problematic in
implementation. Simplicity and robustness are two essential usability characteristics of
such moels (Hanssenst al, 2005, pp433). As further noted by Little (2004, pp.1852),
WKH PRGHO QHHGY WR EH pVLPSOH UREXVW HDV\ WR
DQG HDV\ WR FRPPXQLFDWH ZLWKYT 7KHVH-&mee@VWV UD
to be considered between complexity and usability. This research will address this trade

off for the benefit of effective marketing decisions in a car insurance business.

4.3 Theoretical background on market response modelling

This section providea theoretical background on the types of multivariate time series
models typically used in modelling the marketiingancial performance interface as
foreshadowed in the aboweotes on persistence modellinhese VAR (Vector
Autoregressive) and VEC (Vemt Error Correction) models extend standard univariate
autoregressive models, by juxtaposing a simultaneous set of such models in which all the
input variables depend on each other according to specified intensity coefficients.

Aspects of the models ofterest and their (marketing) applications include: their
formal specifications and what the model parameters measure; when and how they are
used, for example VAR models for stable (or stationary) time series and VEC models for
nonstationary (evolving orrénding) series; and key steps in their diagnostics and
applications such as statistical tests of model stability and suitable time lags. These
DVSHFWV DUH H[SODLQHG LQ WKLV WKHRUHWLFDO E
specificat RQV Y D QG § O \wefttk&Ipatiating on the model specifications,
the following notes brief introduce the measurement of some key variables used in the
chapter and enable the researcher and reader to make a connection between ideas in the

model specifications ahthe variables.
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4.3.1 The method taken to model the effects of price comparison sites within the UK

car insurance environment

Using an econometric time series model, the dynamic relationship between the marketing
mix and the introduction of price cqrarison sites can be exploreda a vector
autoregressive (VAR) model (Dekimpe and Hanssens, 1%8stly, the different
endogenous variableseed to be considered as reviewed aboviée endogenous
variables can be considered as the main effect a castmgounters that prompts them

to get a quote from the companyecondly, the various tests to develop the appropriate
VAR model needs to be conducted. Finally, the short and-tlknmg impact of the
introduction of aggregators is investigated.

The acqisition rate can be calculated by the total number of car insurance purchases
divided by the total number of people who received a car insurance quote within a given
time period. For car insurance, consumers may not purchase the same day as getting a
quote, which could lead toumerous dates being available this instance, to calculate
the acquisition rate the researcher will be use the original date the prospecting client first

enquired.

(4.1)

where is the number of purchases and is the number of quotes (enquiries) during
a particular period of timeThe acquisition rate equation (4.1) will be amended for
aggregator, witback, wordof-mouth and other direct channels, bué thame logic
applies to all four.

To calculate the retention rate, the channel of purchase will not be considered.
Retention rate will be calculated using the total number of people who renewed their car
LQVXUDQFH GLYLGHG E\ WKH W& Wk QuafsrRieid téndval F X V
during a given time period. As renewal date would be the same date as the renewal

purchase date, there will be no date confusion.

(4.2)
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Here, RET is the retention rate, is the number of customer who renewed their
policies, is the number of customer who did renew and is the total number of
customers who were due for renewal within a given period of time. Siecetios are
valued between 0 and 1, they are transformed using a logit operator, for example for

retention

(4.3)

The second stage involved carrying out different tests to develop the nvédel,
including

X The suitabldag order

X Stationaritytests for each endogenous variable, and

x Cointegrationtests.

The first step in the model approach is to find the lag order which is calculated using
Akaike's information criterion (AIC) and Bayesiaformation criterion (BIC)The AIC

test will show the lag order required for the VAR maaledithe BIC will not only back

up the AIC test results, but will also test whether a Vector Autoregressive Mean Average
(VARMA) model will need to be developed.

Whenmodeling a time series scenariadhé mean and the variance of the underlying
process are stationary, we can presume that the model will just require a time lag, but in
many time series scenarios, the variables tend to bstationay. To test for sthonarity,
Dickey-Fuller unit root test that Enders (1995) proposes and&wiatkowskiPhillips-
SchmidtShin KPSS) Kwiatkowski, 1992)tests will be carried out. The KPSS tests are
carried out to verify the Dickelguller results.

If two or more time seeis, to a limited degree, share a certain type of behavior they
can be thought of as cointegratddurray (1994) expanded the drunkards walk to explain
a nonstationary proces which as a rule tend to be unpredictable, to encompass
cointegration. The scano entails a drunkvith an addition ofa puppy walking home
from a pub.

If one were to follow either the drunk or her dog, one would still find them wandering

VHHPLQJO\ DLP OH Vb ¥ yowfind tkeH th@ ddgdisrlikely to be very

far away. If this is right, then the distance between the two paths is statiandry

the walks of the woman and her dog are said to be cointegrated of order zero

Murray (1994), pp.37
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The existence of cointegration implies that Granger caug&8itgnge, 1969; Hanssens
et al, 2001) exists between the variables, thus making éhdogenous variablesot
independent. If a variable can be predicted more accurately using the histories of two or
more variable histories, rather than itself, then this meats#hniables exhibit a Granger
causality.If cointegration exists, then error correction terms are added to correct the
cointegrating variables. To test for cointegratidohansen (1988, 1995a) and Johansen
and Juselius (1990) proposed the cointegratemk rtest by using the reduced rank
regression.

By completing the tests fetationarityandendogeneitythe Vector Error Correction
model (VECM)was developed in equatigh5 (Yoo and Hanssens [2005) In this
model, retention rate, word of mouth raggregator rate, win back rate, their acquisition
rate and marketing spend are the endogenous variables, as they can be explained by their
own history and the history of the other endogenous varigbllsmpe and Hanssens,
1999).In the VAR model,exogenas variablesneed to be included as they affect the
modelwithout being affected by iThree variables which may be included in the model
are: time when the insurance joined first price comparison site; seasonal adjustment; and

premium/price index.

(4.4)
(4.5)
where =( , , , , , )is avector of endogens variables;
is the Retention rate; is the Word of mouth rate; : is the Aggregator
rate; is the Win back rate; is the Other acquisition rate; is the Marketing
spend. = ( , ), the exogenous variables; is the dates joined
aggregator; is the seasonaldjustment variable and is the Price change Index.
represents theointegratingerror terms ( , , , , );cis a
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YHFWRU RI LQWHUFHSWY - DQG DUH &RIH lislavédtbQW P D

of white noise processes with a zero mean and covariance malfiite above concepts,
equations and notationseeclarified in Sectiod.3.3 below.

To capture the dynamic interactions among endogenous variables the coefficient
matrix - LV X VIHeGcoefficient matrix- RQO\ FRQWDLQV WKH ODJJH
variables within the VAR systenso existing relationsps are acquired by placing
restrictions on the residual covariance matrix

The next stage in the modelling involves using impulse response functions (IRFS)
WKDW DUH GHYHORSHG IURP WKH 9(&0 ORGHO ,5) DU
reordering of the Vd LDEOHYVY LQ WKH 9%$5 >PRGHO@9Y 3HVDUD
Dekimpe and Hanssens (1998%ed the IRF derived from VECMas theVAR model
parameters are not decipherable by themselves (Sims IH8)RF will be used to
capture the shocks of the intradion of the price comparison sites. Again, the notes in
Sectiond4.5.1explain in more detail the meaning of IRFs.

The final stage in persistence modeling uses the chosen model to estimate the short

and longterm effects of aggregators. From these resthlesimplications are concluded.

4.3.2 Model specifications

Marketing response modelling enables a company to derive therdanfinput and
output) effects of marketing actions by a) capturing the complex interactions of different
factor effects and bnterpreting what the sherun effects mean for loagin business

performance (Dekimpe and Hansseb899, p. 402). In this research, the marketing

variables of interest have been presented above as , : , :

This section describes the statistical models, Vector Autoregressive (VAR) and
Vector Error Correction (VEC) models, which are typically used in modelling the
persistence (log-run) effects of marketingnterventions for example an insurance
FRPSDQ\YV GHFLVLRQ WR MRLQ DQG DJJUHJDWRU $**
key business performance variables such as retention (RET), marketing spend or
profitability (if data onthis are available) can be considered as output variables in the
models, while the other variables which are known to influence them are considered as
input variables. Hence, such statistical models are potentially useful for this study.

VAR and VEC moded are species of multivariate mudtijuation models in ich

each equation relates onktbe variables in the system as autoregressive and/ or mixed
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autoregressive moving average regression functions. The idea is that every variable is
potentially capableof influencing other variables, and the direction of influence or
causality may or may not be known from marketing or economic theory, for example. In
this study, for instance, RET and WOM may tElQ I OXHQFH RQH DQRWKHU \
WOM could impact n¢ W \HDUYV UHWHQWLRQ DQG ODVW \HDUTY
number of customers who could tell other customers of their experience and thereby
impact future WOM effect. In a basic VAR model, because of the -wiansable effects,
all the variablesra treated symmetrically as joint influencers without the need to specify
which are outputs (dependent) or inputs (independent) (Er2418, p. 272).

In a nutshell, there is provision in the character of VAR and VEC models for

incorporating prior knowlege or theoretical assmptions in the modelling The next

sectionpresents the models in some detail in order to explain the key model features

which justify the choice of model forms and tests used in this chapter.

4.3.3 Multi-equatian times series and intervention analysis

Intervention analysis uses a time series to explore -shod longrun impacts of a
business decision through changes in the mean of a tine series. Consider the simple

example of an autoregressive tine series us&shders (2010) as follows:

(4.6)

Here, is a dummy variable which takes values 0 for periods t before an intervention

and 1 for periods after an imention (which in that example is the introduction of metal
detector technology on the number of skyjacking incidents in the US from the first quarter

of 1973 onwards) and is a white noise disturbance or innovation term with a nbrma

distribution The model is autoregressive because successratugs depend
on previous yvalues, which applies to the variables in this study.

Using the lag operator so that équation 4) is rewritten as

which gives 4.7)

From the properties of lag operators (Enders 2010, pg234 is known that
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(4.8)
so that using (lags of constants are constants) and sum to infinity of a

convergent geometric series

(4.9)

Equationd.7 is an impulse response function (IRF) which enables us to measure the over

time response of y to the intervention z or the effect of z on y. From eqgddiothne

immediate (contemporaneous) effect of z(t) on y(t) is To see the effect of z

RQ \ IRU « DQG M SHULRGV DIWuJd QubatitutibnLirQeNdH U Y H (
obtain y(t+1) as

(4.10)

Clearly, the combined effeconsists of the immediate effect of z(t+1) on y(t+1) given by

and the effect of z(t) on y(t) also given by cO multiplied by the effect of y(t) on y(t+1)
given by al. By successive substitutions in the same way, it isstep phed impulse

response of y(t) to z(t) is given by

(4.11)

This is the shortun impact measure for different lags from the start of the intervention.

Taking limits as j tends to infinitygnd using the sum to infinity of the geometric series

in the bracket the longrun impact of the intervention becomes

If 0 <al < 1, the impact of the intervention increases with j towards thisrlongalue,
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but if -1 < al < 0, the impact induces a damped oscillation of y(t) toward theuong

level

The above notes used a single autoregressive time series of order 1 to explain
intervention effects which typically combine effects of pasd future values of y(t) and
z(t) on the values of y(t) at different time lags. In a simultaneous equation VAR model,
instead of one equation, each variable in the system is expressed as an autoregressive time

series model of all the other variables, eagrder p as follows.

4.3.4 Some notes on VAR analysis

Suppose it is not known which of two variables x and y are dependent or independent
only that each variable potentially influences the other. Treating each variable

symmetrically, we set up a\&rable equation system as follows:

(4.12)

(4.13)

In this system, each variable is a function of its lag and that of the other variable and since

the maximum lag is adrder 1, it is called a VAR(1) model. The error terms are assumed

to be white noises with means zero and respective variancesl In matrix form,

the equations can be rewritten as:

(4.14)

To extend the system to more than 2 variabl@er example the 6 variables modelled in
this chapter) and more than one |&g® that each variable is a function of the pdags
of itself and the other variables, wedamore terms in4(10) to obtain

(4.15)
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In this chapter, we use av@riable VAR(k) system which mimics equatidrll as

follows:

(4.16)

where the superscripidentifies the matrix of interaction model coefficientdor each

lag k. In this specification, the variables on the L.H.S. which are, respectively, retention,
word of mouth, joined or did not join market aggregators, customebadhk strateigs,

other channels, and marketing spend, can potentially affect each other. The VAR model
relates the values of these variables at titoeghose ak time points in the past including

the immediate time poittl. The mediators of this relationship arset of initial constants

or average values of these variables captured as the first vector on the R.H.S. of the model,
and a series of matrices withh €élements that capture the different tivarying force

effects of one variable upon the other, andeator of error terms which model the
deviation of predicated and actual model results. Since these mediators are intrinsically
vectorsor matrices and the relationships aegressionsof a bunch of variables on
themselves and each othauto regressions the label vector autoregression (VAR) is
applied to this species of structural time series models.

The VAR model assumes that the variables are stationary and integrated of order zero
1(0), so that the system can be estimated using least squares apmech question.
However, if the variables are nonstationary, integrated of order one I(1), and not
cointegrated in the sense that there is no relationship binding all of firenvariables
are differenced once to make them statiorféyll, et al.2012, p 499500). That is, the

interrelations among them are examined using a VAR framework in their first differences.

If the variables in the model are netationary, 1(1) integrated and jointly cointegrated in

the sense that there is a linear relattop among them, then a special form of the VAR
model is used. This special form of a VAR model introduces successive error term from
WKH OLQHDU UHODWLRQVKLS DQG LV NQRZQ DWtD p9HF
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al 2012, p. 506601). A generalVEC model is of the fornearlier specified in equation
4.5above and recalled beldi@quation 4.17jor easy follow through

(4.17)

In this study, it is not easy to know apriori the relationship among 6 marketing variables.
Herce, a standard VAR model of the form in Equation 4.12 is used to estimate the impulse
response function (IRF) effect of every variable on the others, which is the main focus of
this research, particularly the effect of aggregators AGG(t) on other variédlides as
argued in Sims (1980), VAR analysis should be conducted where necessary without
differencing, since the main goal of the analysis is to determine the relationships among
WKH YDULDEOHV QRW WKH SDUDPHWHU WKWRPYWHD\
information about the possible comovements or cointegration relationships in the data
sets.

Implementing VAR analysis involves a number of steps which are summarised in

the empirical analysis below.

4.4 Empirical analysis and interpretationsof modelling results

4.4.1 Data description and exploratory data analysis (EDA)

The data for this research was provided from an established UK car insurance company
between the dates dan 2006 to August 2009The data contained monthly figures of
speml, quotes and sales from the different media channels of acquisition to be
investigated. The different channels investigated are: Retention, Word of mouth,
Aggregator, Win back, and Other direct channels (this includelsradit web and phone
channel).

When gathering a quote from the car insurance company, the company requests the
customer to choose where they had heard the company, which provides thefWord
mouth and other direct channels acquisition routes; for aggregator, this information is fed
diredly via the price comparison site; retention uses the retained flag from the system,
and for win back, the customer has to respond to an email sent to them. For customers
that may have contacted the company on more than one different channel, elg. direct
and via a price comparison site, the data uses the initial contact channel, which also

contains the initial contact date.
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4.4.2 Data

When investigating the effect of aggregators on price comparison sites, certain customer
acquisition chanels needd be investigated: m-back quotes, whera customer had
previousy left and has since returnedvordof-mouth, when a customer had
recommended the company; renewed, where the customer has renewed their car
insurance; aggregator, where the customer cteatdlce company via an aggregasod

finally, all the other direct channelis get a quot&hether online or by telephone.

Table 41: Descriptive statistics for quote channels prior and post aggregator

Month | Win Word of | Other Direct | Marketing Average Renewal
Back | Mouth Channels Spend* Premium rate
Feb07 | 1821 | 13453 161033 £857,210 £487 71.5%
Mar-07 | 1950 | 13933 169642 £970,420 £499 71.3%
Apr-07 | 1695 | 13738 149075 £518,864 £494 72.0%
May-07 | 1907 | 13999 143331 £527,128 £AT7 71.6%
Jun07 | 2280 | 12854 123387 £415,724 £489 72.0%
Jul07 2698 | 13523 122563 £295,158 £483 70.1%
Average 2059 13583 144839 £597,417 £488 71.4%

Joined Aggregator August 2007

Feb08 939 8316 61552 | £317,871 £452 | 69.6%
Mar-08 1188 11841 | 79921 | £293,482| £456 | 69.9%
Apr-08 1238 11042 | 75584 | £285,194| £471 | 69.5%
May-08 1081 10786 | 73773 | £264,978| £458 | 70.7%
Jun08 1031 10481 | 68290 | £170,769| £446 | 71.1%
Jul08 1119 11146 | 67695 | £297,372| £436 | 72.2%
Average 1099 10602 71136 £271,611 £453 70.5%

% Difference -46.6% -21.9% -50.9% -545% -7.2% --1.3%

*Marketing spend excludes any payments made to aggregators
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Using a monthon-month comparison, seasonal effects camliseegarded As can be

seen fronthe aboveable4.1, apart from renewal rates, aggregators have had a dramatic
impacton all channels as well as marketing spend and the average car insurance premium.
Win-back channel has dropped by 47%, wofdanouth by 22%; other channels by 51%,
marketing spend by 55% and average premium 7% (£30). This demonstrates that
aggregators hava negative effect on all channels and can also affect car insurance
premiums.

The above facts are demonstrated graphically below for a full two year period, from
August 2006 to July 2008. The year prior to joining a price comparison site (2006) and
the year following joining (2008) are used to demonstrate any changes recorded. It is
noteworthy that aggregators had been established prior to the company joining
aggregators and that the insurance company had also withessed some degradation in their

total quote volumes prior to joining.

Figure 4.1:Descriptive Statistics ofim-back quotes before and after joining aggregator

Observations 24
Mean 1836
Median 1733
Maximum 4355
Minimum 826
Std. Dev. 794
Skewness 1.40
Kurtosis 3.05

The company involved did not appear on aggregators when they first appeared so some
degradation can be observed prior to joinin§ince joining aggregators, it can be
observed that the wiback channek not as effective as it was.
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Figure 4.2: Descriptive statistics of ther channel quotes before and after joining

aggregator
Observations 24
Mean 111,071
Median 98,099
Maximum 183,757
Minimum 50,065
Std. Dev. 42362
Skewness 0.30

SULRU WR MRLQLQJ DJJUHJ Dal§ Revevdedréasing. RAVEK 6inubfithe L U H
of joining, the trend had started to plateau. The graph above represents the main channel
for contacting the company directly, thus the effects are more visible, especially when
viewing quote volumes, Jan 2007 (1837aiy Jan 2008 (84792) a decrease of nearly
100,000 quotes.

Figure 4.3: Descriptive statistics of avd of mouth quotes before and after joining

aggregator
Observations 24
Mean 11,968
Median 11,626
Maximum 6,287
Minimum 17,777
Std. Dev. 2,665
Skewness 0.06
Kurtosis -0.09

The word of mouth metric has been one of the least affected in terms of in the number of

guotes Bice joining aggregators. This could be due to the rise of social media, such as

Facebook, that encouragesrd-of-mouth recommendations.
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Figure 4.4: Descriptive statisticef renewal rates before and after joining aggregator

Observations 24
Mean 71.38%
Median 71.13%
Maximum 75.06%
Minimum 69.50%
Std. Dev. 0.01
Skewness 0.78
Kurtosis 1.11

From the graph above #ight decrease in renewal rates can be observed. If customer
think that their renewal price is cheap enough, then this may not cause them to investigate

other companies and more efficiently with lower skargsts, using aggregators.

Figure 4.5: Descriptve statisticsof aggregator quotes before and after joining

aggregators
Observations 24
Mean 400,633
Median 320,817
Maximum 941,951
Minimum 3,189
Std. Dev. 379,616
Skewness 0.12
Kurtosis -1.93

Prior to joining the aggregator, the company was testing its quote process to establish
whether its systems could manage with the increase in quote numbers. August 2007 is
when thecompany went fully live with aggregators. Before this, the main acquisition
channel (other) had its largest number of quotes (183,75Jannary 2007 (largest
number).However, aggregators managed to gather 941,951 quotes in March 2008. This
clarifies why the company had to test its quote engine process and why the other

acquisition channels haween affected so dramatically.
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Figure 4.6:Descriptive statisticef average premium before and after joining aggregator

Observations 24

Mean £472
Median £AT7
Maximum £507
Minimum £436
Std. Dev. 20.80
Skewness -0.18
Kurtosis -1.07

As well as quotesaveragepremiumcan also be seen to be affectedThe insurance
company had not joined aggregators as soon as they were formed and decided to wait.
The effect of aggregators can be seen at the beginning of the time period chosen in the
graph, with a slight downward trendWhen the insurance company decided to join
aggregators, did their average premiums truly started to decrédse.decrease in
premium could be attributed to the way that customers can easily compare different
FRPSDQLHV ZKHUH EHLQ a battértplacindgidh Bhs hgrégfitoBsit D Q V
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4.4.2 VAR Test results

The reason for the numerous testpureed before producing the IR$that if there exists

unit roots and/or cointegration, then the IRF loses its predictive power.

Step 1

The first partof the model developments used the AIC and BIC tests to verify the lag
order and to also check that a VAR model would produce the necessary results, instead
of, for example, a vector auto regressive moving average (VARMA) model. The results

verified presated in Tables 2.and 4.3 show that a lag order of 4 should be used.

Table 42: AIC results for the lag order of the model
Order 1 Order 2 Order 3 Order 4
AIC -20.2714| AIC -20.5659| AIC  -20.6251| AIC -21.2219

Table 43: BIC Results for the ordeaf the model
MA O MA 1 MA 2 MA 3

Lag MA 4 MA 5

ARO

13.85663

13.82101

13.76469

13.83584

14.61243

13.76066

AR 1

19.67225

19.16311

18.59353

18.45116

18.85895

17.42494

AR 2

19.88681

19.3296

18.60412

17.97094

17.91678

16.01783

AR 3

20.06206

19.24973

18.17964

16.82996

16.49364

13.22352

AR 4

20.71461

19.45398

18.0062

16.3699

13.38679

9.198823

AR5

19.62387

17.97812

16.02435

13.10496

8.796386

1.834561

As shown in table 4.2 and table 4.3 the tests show that the model should have a lag order
4 due to oder 4 having the lowestalue.Using the BIC results, table 4.3, it can also be
shown that a VARMA model is not required (due to the highest value being found at AR4
MAO) and a VAR model should be the one to use.

Step 2
The second part of the analysis tested for stationfanitgach endogenous variablehe
Dickey-Fuller test along with the KPSBund that they are not stationary and seasonal

differences will need to be taken. In Addition, the KPSS test statistic provides proof that
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we cannot rely on thBickey-Fuller Unit Rootiest alone. The tests are presented in Tables
4.4, 4.5 and 4.6 below.

Table 4.4 DickeyFuller unit root test

Variable Type Tau | Pr<tau
Other Zero Mean | 0.89 | 0.8981
Other Single Mean 0.49 | 0.9853
Other Trend -1.10| 0.9211
Word of Mouth| Zero Mean | -0.63| 0.4403
Word of Mouth| Single Mean -1.45| 0.5537
Word of Mouth| Trend -1.08| 0.9249
Win back Zero Mean | 0.26 | 0.7580
Win back Single Mean -2.70| 0.0797
Win back Trend -2.73| 0.2280
Aggregator ZeroMean | 0.48 | 0.8154
Aggregator Single Mean -1.43| 0.5626
Aggregator Trend -2.70| 0.2398
Retention Zero Mean | -0.65| 0.4307
Retention Single Mean -2.84| 0.0580
Retention Trend -3.50| 0.0470
Spend Zero Mean | -1.29|0.1791
Spend Single Mean -0.31| 0.9169
Spend Trend -2.79| 0.2059

The results fronTable 4.4 shows that the retention channel may be stationary, the KPSS
test will be carried out to verify this. Tinell hypothesis of the KPSS states that the time
series is stationary. As the modelshan intercept, it performs two tests: single mean
(mu) and trend (tau)The null hypothesis of stationarity is rejected if the KPSS test

statistic exceeds the respective critical value.
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Table 4.5:KPSS test

Variable ETA (mu) | ETA (Tau)
Other 0.8131 0.4231
Win back 0.3519 0.2099

Word of Mouth| 0.6407 0.3963
Aggregator 1.1765 0.1240
Retention 1.1365 0.1391
Spend 1.5539 0.2399

Table 4.6 KPSS criticalvalues

Type | Prob10pr | Prob5pr | Problpr
Mu | 0.3470 0.4630 |0.7390
Tau | 0.1190 0.1460 |0.2160

From tables 4.5 and 4.6 the stationary and linear trend all exceed 10%, so we can say that
they are not stationary and seasonal differencesneéd to be taken. The KPSS test

statistic provides proof that we cannot rely onEhekey-Fuller Unit Root test alone.

Step 3
The third section involved testing for the cointegratidincolntegration exists then error
correction terms are added to@xt the cointegrating variables @ggling on its trend.
The tests results had shown that there is a separatardtifto separate linear tremle
to evidence of cointegration, a Vector Error Correction model (VECM) will need to be
developed as in eqtian 4.5.

To test for any exogeneity between the endogenous variables, after the VECM was
created thé&rangerCausality Wald Test was carried outy Bejecting the null at 10%
mark, we conclude that there are no significant exogeneity effects upon eteh of
variables, so the impulse response function can be developed from the parameter effects.

The test results are presented below.
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Cointegration test results

If cointegration exists, then error correction terms are added to correct the coingegratin

variables depending on its trend. The following alternative test scenarios are explored:

X

X

X

Case I there is no separate drift

Case 2 no separate drift, but a constant enters with the error correction term
Case 3 a separate drift with no separate lingand

Case 4 a separate drift with no separate linear trend, but a linear trend appears
with the error correction term

Case 5 a separate linear trend
(SAS, 2008)

Tables 4.7 and 4.8 demonstrate that there is cointegration, either Case 2 (the tsypothesi

HO) or Case 3 (the hypothesis H1) and the significance legelto be considered (table

48).

Table 4.7: Cointegration rank test using trace

HO: H1: 5% Drift in | Drift in
Rank=r | Rank>r | Eigenvalue| Trace | Critical Value | ECM process
0 0 0.6179 152.706| 93.92 Constant| Linear
1 1 0.5053 91.1282| 68.68
2 2 0.2628 46.0871| 47.21
3 3 0.2427 26.5724| 29.38
4 4 0.1281 8.7779 | 15.34
5 5 0.0001 0.0065 | 3.84

Table 4.8 Cointegrationranktest using trace undeestriction

HO: H1: 5% Critical | Drift in | Drift in
Rank=r | Rank>r | Eigenvalue| Trace Value ECM process
0 0 0.6189 154.9596| 101.84 Constant Constant
1 1 0.5057 93.2272 | 75.74
2 2 0.2684 48.1334 | 53.42
3 3 0.2446 28.1301 | 34.8
4 4 0.1281 10.176 | 19.99
5 5 0.0217 1.4026 | 9.13
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From table 4.8 the cointegration rank is chosen to be 1 by the result previously, and the
p-value is 0.8353, the Case 2 can be rejected at the significance level of 10%. So we can
say that there is a separate drift and eymesatdinear trend (case 3Rue to evidence of
cointegration, a Vector Error Correction model (VECM) could be deve|opedas
argued in the notes on VAR and VEC modelling, for interest in determining relationships

among the marketing variables, a standardRAodel is adequate.

Table 4.9 Hypothesis test of theestriction

Restricted
Rank | Eigenvalue| Eigenvalue | DF Chi-Square | Pr > ChiSq
0 0.6179 0.6189 6 2.25 0.895
1 0.5053 0.5057 5 2.1 0.8353
2 0.2628 0.2684 4 2.05 0.7272
3 0.2427 0.2446 3 1.56 0.669
4 0.1281 0.1281 2 14 0.4971
5 0.0001 0.0217 1 1.4 0.2374

Table 4.10 GrangerCausality Véld test

Test DF Chi-Square | Pr> ChiSq
1 20 58.63 <.0001
2 20 59.02 <.0001
3 20 95.73 <.0001
4 20 72.71 <.0001
5 20 140.21 <.0001
6 20 31.21 0.0525

The compete VAR model is diglayed in appendix 4.2.
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4.5 Empirical Results

4.5.1 Using impulse response functions to measure the impactio¢ gomparison sites

on marketing mx components

To measure the impact of the different customer channels (ermegeariables) on each
RWKHU LPSXOVH UHVSRQVH IXQFWLRQV ,5)V DUH X\
represent a time path of the effects of dependent variables on other variables. The IRF
will be used to investigate the effect of one of the vargabdevards another when an
unexpected shock enters the system (introduction of price comparison sites). Adopting a
15-month lag, the short and long term effects can be measured.

The graphs will use an accumulated IRF, so we can monitor the trend over a
particular period of time for each of the different channels. Should the shock become
stable then we would expect the graphs to level off and plateau, any increase or decrease
in the gradient of the graph would demonstrate a longer lasting effect. Htieitgla

between the variables is comparable, as they have been transformed with a logit function.

Short and longterm effects

Figure 4.7: IRFs forother channel ratio effects
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The other ratio effects can be considered as the main direct channeks ¢astbmers.
From Fig. 4.7 it can be seen that customers acquired via other direct routes, have a long
lasting positive effect on wordf-mouth, aggregator, spend and on itself, due to the
gradient of the graph increasing. The spend increase confirmssriesAmbler (1997,
SS WKDW pGHPRQVWUDWLQJ HIITHFWLYH OHDGV QR)
but biggerEXGJHWYV EHLQJ PAYyGAY dlsy providilesEr@ighy into how new
acquisition targets behave differently with respto retenobn and winback.As for both
retention and witback, both types of customers have heard of the company before, the
figure demonstrates different attitudes to new and old customers. This demonstrates that
customers who regularly shop around for their caurance may influence others for new
acquisition, rather than going back to their old company or renewing their car insurance.
The majority of the effects can be considered weak, when considering the scale of

the axis.

Figure 4.8: IRFs for Word of MouthlfOM) advertising

From the Fig. 4.8, the customers acquired through WOM have a strong positive effect on
future wordof-mouth acquisition. The other channels react negatively, with the other
channel exceptionally negative, which differs from the viewnmsovet al (2009) that

there are increases in acquisition across all channels when usingfwoalith. As

expected, worgbf-mouth acquisition has virtually no effect on marketing spend.
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WOM also has little or no effect on aggregator acquisition rateish demonstrates
that people who contact the company via wofdanouth tend to contact the company
directly rather than compare the company on aggregators.

WOM provides a good value channel for businesses, and its strong acquisition rate
takes the goodkads from the other channels, thus having a negative impact on these

channels

Figure 4.9: IRFs for Win Back

Win Back customer are communicated with via email campaigns. The customers are
targeted between 11 and 12 months since leaving the compahg simings of the
campaign should target the customer when they are in the market of acquiring car
insurance.

From Fig. 4.9, the effects of Win Back acquisition seem quite erratic short term
within the first 6 months, but the longrm effects demonsteat strong negative effect
on the other channel acquisition rates, a negative effect on retention rates and a slight
negative effect on aggregator rates. What is noted is the strong positive effect on the
WOM channel, which demonstrates that customers hiaake been woidback may
influence their friends to purchase their car insurance from the same company.

Geeet al (2008, p Q RW A wdKdek\strptegy is recommended as previous
customers are less costly to wiack compared to the costs of acoug of new
FXVWRPHUVYTYT :H FDQ DOVR H[WHQG WéelWworddfout FO X Gt
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acquisitionswhich are free, anthay stop customers from using price comparison sites

which saves even more money for the company.

Figure4.1Q IRFs for Retention channel

Figure 4.10 demonstrates that retention has a slight positive effect on aggregator and win
back rates, which shows that people who stay with the company may slightly influence
those people who purchased via price comparison sites tamaimg customers.

Retention also has a strong positive effect on other customers who stay with the
company and renew their insurance. This may show that people who stay with the
company tend to influence the other direct channels and those custorheraeig tend
to keep renewing. For customers who renew, they tend to stay away from price
comparison sites compared to people who use the other direct channels. Customers who
renew have a negative effect on word of mouth acquisition rates, which maytmata
even though the customer stays with the company, they may not be telling other people.

The graph also agrees with the common mantra that it is cheaper to retain a customer
than acquire a new customégRosenberg and Czepiel, 1984; Blattberg ancdgbten,

1996) as the effect marketing spend is negative.
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Figure 4.11 IRFs for Aggregator channel

As it is the price comparison sites marketing that brings the customer to their site and not
WR WKH FRPSDQ\ GLUHFWO\ pWKHW\Q GAKRIFEOG PEHHD VX @
REMHFWLYH PHDVXUHV RI FRQVXPHU FKRL&EHIMBKHQHY
pp.65).Figure 4.11 shows the effect of customers who use aggregatarsgitese given
customer choicdrigure 4.11 demonstrates that customersieegjwia price comparison

sites tend to have a strong positive over other users of aggregators sites, which also
denonstrates strong brand equifter 12 months, price comparison sites have a positive
effect on retention and other ratios, which shows sloae customers may not use the

price comparison site when their esval for car insurance appears.

The cost of customers purchasing via aggregators comes from the marketing budget,
so the negative impact is demonstrated, i.e. as more people are atgough the price
comparison sites, this cost is ¢éakfrom the marketing budgéthe graph also shows that
certain winback customers would prefer to try out a price comparison site rather than

going straight back to their old insurance company.
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Figure4.12: IRFs for Marketing Spend

The results show that the marketing spend seems to be concentrated mainly on acquisition
channels rather than retaining and winning back lost customers. The strong effect on
acquisition is clearly seen due to the coning increase in the gradient of the slope. The
graph also shows that its strategy may be based on building customer size based on
acquiring customers from other companies.

The results differ from Yoo, S., and Hanssens D. (2005) who found that ratentio
rates are not affected by advertising, but as we can see the marketing spend (the
advertising) has a strong negative affect on customer retention.

Figure 4.2 also mimics the behaviour as in Figurewifh new acquisitions always
on the increase and egttion/wirtbackon the decreas&his demonstrates a strong link

between advertising and direct channel customer contact, which is expected.
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4.6. Summary and conclusion

4.6.1 Discussion of the results in light of the research objectives

The main puypose of this chapter and study is to increase the understanding of the effect
of aggregators withinhe UK car insurance industryhis research results presented
above provides an insight of haerintermediation relate to strategic marketing planning
andimplementation via the marketing mix, in helping us to reposition the case company
with regards to its future growth and profitability. This objective will be explored in more
detail in Chapter 6 of the thesis which will focus on business modelling.ollbaving

points relate the findings to previous work and present further insights which will inform
the in subsequent analysis chapters, for example Chapter 7.

Firstly, the market response model findings agree ®Rahwels and Neslin (2008)
that adding aew channel does affect customer retentidggregators make it easier for
the consumer to shop around and get the best deals when considering car insurance, but
the results provide insight that customers who used aggregators initially, may be more
inclined to renew.

Aggregators have a strong effech dthe main acquisition channelfhis may
demonstrate that customer nag/going to the company directly first to get a quote, then
use the price comparison site to compare prices. People who sHimg @me more
impulsive and are more responsive to direct marketBrgshearet al, 2009). If the
insurance company used their marketing spend on DM, this may limit the number of
customers using aggregators, thus saving the company the commission it has to pay fo
each sale to the price comparison site.

The market response models demonstrate the cannibalising effect-backiand
word-of-mouth with the introduction of price comparison sites, which atk bbeap
acquisition channeldlhese channels are not th@imsources of customer acquisition,
but do demonstrate that price comparison sites do not affect the car iessa@sc
positively as a wholdt is also worth noting that aggregatti@vea negative shoitierm,
but a positive longerm effect on customeetention. This may be because a customer
who already purchases a prAcempetitive quote through an aggregator will be more
likely consider the insurance company cheaper than competitors in the future, having
observed the differences in prices at theetiof searching for the competitive quote.

This research shows that aggregators negatively impaebaak customers, but
have a positive effect on retention and support other channels' acquisition, although these
effects are nly apparent in the long tetmAlso, this research shows that wiack,
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retention and woraf-mouth require little spend so represa good source of customers.
Finally, the results also show that traditional marketing is still needed to generate new
customers.

Car insurance comparsien the UK should not be treated as a standard company.
Due to the legal requirement needed to purchase car insurance, the companies must be
aware of their ideal customers. Aggregators can give the car insurance companies access
to a wide range of custeers if they choose to adopt them. Thbg workmay contain
some important implications fosuch companies considering the usage of price
comparison sites. linay provideinsighs into the effect of aggregators on customer

acquisition and the effect$ marketing spend on retention and other channels.

4.6.2 Future research and limitations

This chapter has ste limitations for future workFirstly, this chapter only considers
those companies that have joined an aggregator, so neglects the ude @istomers

whochose not to join aggregatoBecondly, this chapter only codsrs one car insurance
companyijt does not review the impacts of aggregatoretber car insurance companies.
Lastly, this research only considers the car insurance mantetegylects other insurance

products that malge affected by aggregators.

7C



Chapter 5: Price comparison sites, car insurance business modelling

statistical analysis and scenario modelling

5.1. Introduction

Financial price comparison sitesggregators) are instigating considerable changes
within the UK car insurance industry. Regardless of whether a car insurance company
decides to join an aggregator, or not, their impact has changed how their business
operates. To fully understand the impaxf aggregators within the car insurance
environment, business models can be used. Business models break down complicated
components of the business into easier to understand processes. Even though business
models may lackheoretical grounding in econades or in business studi€Beece, 2010,

p.175), used correctly they cha used to look at the business processes for creating value
(Petrovic et al, 2001). This chapter provides analytical support for this logic and
economic value with regards to thesea&company.

Although business models have been researched for different scenarios, there is little
research on the effect of the adoption of an aggregator within the UK car insurance
industry. The claims processes for car insurance have been reseafohelatang &

Singh, 2009; Oliveirat al, 2007), but aggregators do not directly affect these processes,
so cannot be further considered. This leads to an absence of a business model detailing
the effects of aggregators, which needs to cover the agpatw@re directly affected by
aggregators. In modelling these effects in this study, the implications within the business
model will be observed, such as sales, customer retention, return on investment and
marketing.

Investigating different aspects of thmisiness model such as marketing, sales,
retention and return on investment, the effects were monitored by using different
statistical modelling approaches. An application within the case company reveals that
aggregators have a dramatic effect on the rarmob customers contacting the company
as well as its return on investment (ROI). Hence, the chapter uses general linear models
as well as time series techniques such as autoregressive, moving averages, autoregressive
integrated moving average and GARCH duals, in order to explore the effects of
insurance companies implementing aggregators. The results have strategic implications

for the UK car insurance industry, with regards to whether or not companies should use
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aggregators in their distribution chanmeix, by using key aspects of the new business
model.

The main focus of this chapter is to begin to develop a business model which includes
the implementation of aggregators. This will be achieved by reviewing relevant literature
regarding business modelstin the insurance industry and other industries that are
affected by aggregators. The second aim is to map different scenarios with regards to the
adoption of a price comparison site, and the effect this will have upon the business model.
The final aim § to provide further insight into the sales, retention and return of investment
by statistical modelling techniques.

The outcomes of the research will produce a deeper understanding of the case
company and UK car insurance that will benefit future reseamstior managers within
the car insurance industry and other industries considering adopting an aggregator to their
business.

The remainder of this chapter has the following layout. Section 5.2 reviews the
general literature for the development of theibess model which will cover different
types of business and will also need to include the role of aggregators. Section 5.3
discusses the theoretical background to the statistical models used in providing the
necessary insight into the business model.i@eét4 presents the empirical analysis and
the interpretation main results and concludes the chapter.

5.2. A business model framework and alternative scenario development

Research into companies adopting new technology and encompassing a new st@annel i
their marketing mix has been accomplished using a&tyadf theoretical frameworks.
Reviewing relevant different business dets based on relevant reseamshl help
construt a business model (Figugel). From this review, the key constructs of the
business model can be defined, using the relevant research to support the outcomes.
Aggregators are still a relatively new phenomenon and their emergence within the UK
car insuranceds yet to be fully researchedgrstly, by reviewing the price compariso

site industry, this chapter will be able to delve into the effect they have had within the

UK car insurance industry.
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5.2.1 Price comparison sites

Since the advent of the internet, the acquisition process of most products has been
affected, with aggrgators changing the purchasing landscape even more dramatically.
$JJUHIDWRUV KDYH HYROYHG IURP VFUHHQ VFUDSLQJ
target site by logging in as the customer, electronically reads and copies selected
information from the whplayed webpage(s), then redisplays the information on the
D JJUH JD W(B-befiking/ hotfatky, to using XML which connects straight to the car
insurance quote engines. This produces a faster response for the customer, thus saving
the customer even mmtime. The rise of the price comparison sites being the channel of
choice of the customgiis seen in the fact that theyLQVWLJIJDWHG Rl DOO ¢
LQVXUDQFH VROG LQ T %%& DQG LQ R
price compason site (OFT 2010).

Aggregators allow the customer to view many prices from many different car
insurarce providers at the same tinkhis process reduces tieXVWRPHUfV EX\HU

costs.This transparency of costs can benefit the customer in three way

X Search costs decrease as more information is made available at no additional cost
X The value of a purchase is more apparent
x Information may become available that allows a consumer to transact at a lower
price for a given product.
(Granado%t al., 2006,pp.154155)

7KH GHFUHDVH LQ VHDUFK pFRVWVY FDQ DOVR EH VI
been spent searching numerous companiberddy phone or the interndthe value of a
product increases, as a product may offer more benefits for the saynatashmoney,
this being the decisive factor faipotential customerhe transparency of the aggregators
may also encourage companies to lower their prices, both to attract new customers and to
retain current customers.

Aggregators make their money whttie customepurchaces their insurance via the
comparison website and the insurance company giveadgregators a certain ratée
rate charged differs between the differentiblsHUV Y FRPSD QL HWsuallyP R Q
the insurance companies have gnsa contract saying that the price viewed on the price
comparison site, is the same as if the customer went directly tosilv&ance company

themselves Competition between the aggregators is prevalent, each site wanting a
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particular company to be on thsite and on no one elsed3ue to this scenario customers
would have to use more than one price comparison site if they wish to probe more of the

car insurance market.

5.2.2 Business models

The ability to break down complicated components into &asyderstand processes is
the man strength of business modeBifferent industries require different types of
business models, as thereisp&R QH VL]H | LW YoDs@ehsdhE-asglection Rf
papers was used to develop thwposed IBMRbushess modelin this research
(Ostewalder and Pigneuir, 2003hafteret al, 2005 Bouwmaret al., 2005; Chesbrough
and Rosenbloom, 20QRlaakeret al, 2006; and HameR002)

Although the research papers listed above use different components, teey adi
agree on the importance of creating value lher brand and for the custom&hey also
provide valuable insight into theedelopment of a business modghis research will use
a foursegmentation approach (Figrd) with an emphasis on a casuranceeompany
joining an aggregatonalue proposition; value relationship; customertrefeship, and
financial costsThe four main segments will contain module areas that make up the main

segments.

Figure 51: Business wdelcomponents

Value Proposition Value Relationship

Product/Price Value chain

Marketing the product/brand Relationship building with partners
Distribution channels Infrastructure

Customer Relationship Financial Costs

Locating profitable customers Costs of the other segments
Creating relationship with customers | Profitability

Satisfying cgtomer needs Competitor cost strategy

The business model needs to be adaptable to sudden shocks in the market. The

business model proposed in this research will provide a framework for the UK car
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insurance industry within a price comparison site environment, and using the case
company as the focus of related statistical analykiss these four segments that will
provide the basis for the statistical models, which will be discussed in morkindeta
section5.3.

The next sectiondiscusses the key segnis within the business modelalue
proposition; value relationship; customer tigaship, and financial cost¥.hese four
segments also provides the basis for the scenarios proposed witlahaweng section.

5.2.3 Value proposition

In the UK, car insurance is a legal requirement under the Road Traffic Act 1988. The
more comprehensive the insurancwer, the greater the premiuiWithin these levels,

there could be a monetary excess to kid pg the cusomer towards any claims costs.

The greater the excess the lower the customer should expect to pay foarthesurance

and viceversa.Within a price comparison site scenario, the different levels of cover and
excess can make a car inswaritompany appear at the top of a price comparison site
with the cheapestrige, but with fewer benefitI.he pricing strategy within car insurance

can affect the type of customer the company attracts. Comparing price sensitive customers
with loyal custom&JV. upWKH IRUPHU FDQ H[SHFW WR SD\ D O
counter LQWXLWLYHO\ WKH ODWWHU FDQ H[&S HF3W06NR SD)\
p.135).So a company could increase their rates without losing loyal customers, but they

should expecthte price sensitive customer to leave or negotiate any further premiums.

Customers prefer to get value for their money, and although initial low prices may
first attract the customer, it is the further benefits which are more important (Gratados
al., 2008). This scenario does not however mean that companies can charge as much as
WKH\ ZzZDQW DV FXVWRPHUV ZLOO PEDODQFH WKH EHC
(Grewalet al, 1998, p.56)If a company chooses to target the price sensitive customers
only, this would not suit customers whoetea more comprehensive covéhis would
create a dilemma for the car insurance company as price sensitive customers may be ideal
for quick growth, but for long profitable relationships then a more expensive but

comprehensiveroduct should be considered.

The way a company targets their customers can provide an insight into how they
conduct their business. 'The creation of a customer through marketing and innovation
that manages a business must always be entexprahin character' (Drucker, 2007,

p.40).A company must therefore consider the pros and cons when considering whether
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or not to join a price comparison site and the effect this will have on their marketing

strategy.

Marketing gives the copany its identy, its equity. The brand equity gives the
FRPSDQ\ LWV YDOXH HJ pZKHQ FHUWDLQ RXWFRPHV U
service because of its brand name that would not occur if the same product or service did
not have KDW QDPHY .ppAPBMWRSOHYY SHUFHSWLRQ RI D F
derived from marketing, so the more familiar costumers are with the company, through
advertising, the more likely they will trust the brand (Keller and Lehman, 2006).

If a company chooses to join a pricarguarison site, then their marketing strategy will

need to change as they could be proved incorrect in quoting that theywdié H FKHD SH
quite quickly. As aggregators tend to sort the insurance companies by price, how a
company propositions itself sitorand equity, will become important. When a company
has a strong brand it becomé&HVY YXOQHUDEOH pWR FRPSHWLWLYI
greater intermediary edk S H U DD¢lg&iGBRllester and MunuerAleman, 2005, p

187). A company with str@nbrand equity could gain customers from companies with

a weaker brand equity (Leuthessdral, 1995; Lim et al, 2012), so the marketing
VWUDWHI\ ZLOO QHHG D FOHDU VHW RI JRDOV pGHULY
et al, 2001, p.342)Adjusting the marketing to a branding perspective from a direct
perspective puts the company in a more competitive, stronger position from both a price
comparison site andirectapproachpoint of view. This section leads to consider the

scenario:

Scenard 1: - the effect on marketing if a company does not join a price comparison

site

Marketing within the insurance industry provides the customer valuable information
about the company itself, the service they prowideé how to contact therfhis scenario
will provide insightful information in how the insurance company should position itself

in the future.

5.2.4 Value relationship
The value relationship segment considers the process of creating relationships with the
aggregators and how aggregators afiact the customer relationshiphe aggregator

would affect the direct relationship a customer may have had previously when contacting
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the insurance company to get their car insurance, by adding an extra link of chain between

the cusbmer and the insuraa company.

If a new channel is introduced into the mix, the company will need to consider how
people search, pchase and behave after sales. The reseaadhpt the general model
of customer choice (Blattbergt al, 2008)to include a triple channstrategy instead of

a duo channel strate@g follows

Figure 5.2: Framework of triple acquisition channel strategy

Channel Attitude

\ 4
y

Search / quote Purchase
After Sales
Channel
A \
Channel Channel \4/
A P _ B Evaluation
Channel
\ A A
/
Channel \A Channel |-
c B

Marketing efbrt

Key: Channel A = telephone, Channel B=own web §iteannel C = price comparison

site

Figure 5.2 demonstrates how a consumer can use multiple channels for their tesearch
get a car insurance quoté. FXVWRPHU FDQ HDVLO\ SKRQH YLVLW
to a price comparison site or use a combimatball three to get a quote for their car
insurance, but can only purchase from one of theretlarmf the insurance compare

way that the customer can only purchase from the insurance company can be likened to
a car sales person showing the cainigkhe car for a test drive, then before the contract

is signed, the car sales leaves the customer nlete the process themselvasis

leaves the aggregator in a strange position as being able to cothple@es process
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themselvesFor the case copany after sales is conducted by telephone only, so for a
customer to make any amendments to their policy or if they need to report a claim, this is
conducted by phone, as shown in figure 5.2, after sales.

To drive people to make contact with the inswwe initially, we would eed to
consider the marketingVithout the insurance company marketing, the customoedd
not have contacted theiarketing create the opportunities for the customers to become
aware 6 the company and its purpoddarketing alsaaffects the search/quote, pursha
and after sales segments of Figure .. fully understand the marketing impact,
FXVWRPHUV DUH D VRH & HIZK HUER XCW GWHisHleddR BI2Q \" |
pvaluationy ZKLFK SURYLGHV LQVLJKWmMdmR tbh &udbld theD UNH YV
marketing strategy to be more profitable.

The final part of the diagrampscifics the channel attitudelhis segment
encompasses the marketing activity and the distabwahannel of choic& his will allow
company to budget theitagfing levels more accurately, that there are enough staff to
maintain the website, as well as to answer the important telephone calls.

Cooperation between a car insurance company and an aggregator is an important tool
when building a relationship. Using cooperative approach benefits both parties
involved, more than working independently (Brgtral, 2013), or as the common saying
JRHV UDPSWUKRIEWHIG LV D S Ué&theOtheRprikdx@MphriSoh site or the car
insurance company thinks thtaey could function better alone, then this may eatmsne
conflict. As well as cooperation, trust is also required. In some instances a car insurance
company may need to provide the proenparison site with the fuligures of purchases
made via theiwebsite, so that billing can be se#fgulatory. , Q WKLV VFHQDULF
EHFRPHY HYHQ PRUH LPSRUWDQW IRU UHCabeget 8QVKLS
2008,p.688).

When a company joins a price comparison site they need to consider the

organisatioal arrangements. There are two such arrangements:

x the closed model, in which there is a relatvieted consortium of partners,
x the walled garden model, in which new partners are only allowed to join the value
network if they comply to a certain rule
(Reuver and Haaker, 2009, pp.242)

The main reason why a UK car insurance company may wish to join an aggregator is that

they may give the insurance company wider exposure in theetn@he most common
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jurisdiction for a price comparison site is thiae quote you get from them would be the
same as if you contacted the car insurance directly. If this rule does not satisfy the car
insurance company then this may cause some condiateden both companieA.price
comparison site enforcing a walledrdan approach, may give a sense of exclusivity, but
since they make money by customers purchasing via their web site, this could mean losing
money and customers using other sites to get a fuller range of quotes frertJiKnoar
insurance companies.

It is not in the best interests for an aggregator to favour one insurance company over
another, as this may drive oth@ympanies away from the websitberefore he price
comparison site needs to be fully transparent. A fully transparent site will needittepr
accurate information about the product, as well as price (Graeadbs2006).Having
full transparency will strengthen the comparison site by attracting more customers,
however one adverse effect could be that the company may lose sales dumisidmer
being more informed (Porter, 2001).

The relationship between the aggregator and the car insurance company must involve
many different departments to sdew the two companies can be aligned.
Communication between all parties involved in settipgthe compatibility between a
price comparison site and a car insww& company is very importanAs more
information is shared between the members of a supply chain, this reduces the uncertainty
and enhances the performance between the suppliersiy&enet al 1994). The
flipside to this argument would be that if either party withholds information from the
other, this could lead to delaysdaa poor working relationship.

On the basis of the previous section we would need to consider the following

alternative scenario, with a recall of the first scenario for easy follow through:

Scenario 1= the effect on marketing if a company does not join a price comparison site
Scenario 2:- the effect on the number of customers contacting the company by not

joining a price comparison site

This scenario will provide the company important information about potential customers
and more vitally, if they will still generate the same number of customers. If company x
notice a steep decline in customers, thendbidd mean that the company may not be as
profitable as before, thus potential job losses. If the company discovers no effects, then

they could proceed as before, without considering extra costs to the aggregators.
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5.2.5 Customer relationship

CarinsuDQFH FRPSDQLHV WHQG WR JLYH VL[ ZHipi¢® J QRW
before the renewal datPotentially, this could lead to customers searching for cheaper

car insurance quotes, for a cheaper price. For a company that concentrates on new
custoner sales, this may have ampact on customer retentiodoining a price
comparison site may introduce new customers to the company, but it may have a negative
effect on loyalty (L&fey, 2009). Price comparison sites have the potential for car
insurance cmpanies to lose their loyal customers due to the ease of comparincgtheir
insurance renewal quotekhis does not mean that the car insurance company should not

try to maintain tleir most profitable customemReichheld (1996p. 57)notesthat the best

way to locate such customers is to answer three questions:

1. Which of your customers are the most profitable and loyal?
2. Which customers place the greatest value on what you offer?

3. Which of your customers are worth more to you than to your competitors?

Knowing whether a profitable customer is going to defect or not can cause some concern
to car insurance companies, as they will want to adjust their pricing to keep the most
profitable customers. QRZLQJ ZKDW PDNHV D FXVWRPHU GHIHFW
aPRQJ FXVWRPHUV ZKR VWD\ ORQJHUY S5Hefkicth®G DQ
company knows about their customers, the easier it will be to try to stop them from
defecting.A customer who bought their insurance directly from the insurance company,
for example may be easier to retain, as they could have been influenced by the insurance
brand, rather than the aggregator brand. Although to fully understand all of the different
mechanisms that may make a customer leave would require big data anatysis a
qualitative research, within car insurance the most common reason tends to be increase
in premiumgCohen, 2012)Only when this factor has been attributed, other patterns may
occur for richer customer insight.

KnowLQJ \RXU FXVWRPH U\ 2WIQKML\ BYHEH GX/OF D@OH Q K D (
profits. 6DWLVI\LQJ D FXVWRPHUYfV QHHGV KDataQ28R)Y LWLY |
It has been shown that in many different industries a reduction in people defecting by 5
% has generated extra profits D Q\ GLIIHUHQW FRP S®pdfitd M ddeJ
EDQNTV B0 WMoreHNn an insurance brokerage and 30% more in arsantice
FKDLQY BS5HLFKKHD®, p.00GTiO dehbhstrates that customer loyalty
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programs work across many differentlustries and that customers do respond to them
positively.

Retaining profitable customers jisst as important in the insurance industry as in
other industris. Whenthe insurance compamynbarks on a loyalty progmme it has to
gives thecustomer a enseof belonging and that they can see the relesaicthe
offerings to the product (Broph013) Insurance companies will need to consider the
SURFHVVHVY DQG WKHLU FKDQQHO IXQFWLRQV WR HQF
satisfy their needs.
Cudomer relationship building is important, so we would need to consider the impact
of customer retention, which leads us to the next scenario, again with the previous

scenarios recalled for easy follow through:

Scenario 1= the effect on marketing if@mpany does not join a price comparison site
Scenario 2: the effect on the number of customers contacting the company by not joining
a price comparison site

Scenario 3:- the effect of customer retention if a company does not join a price

comparison si

As mentioned in chapter two, business growth can occur in two ways for company X, new
acquistions and customer retentioBcenario twdocuseson customer acquisition and
scenario three considers customer retention. If customers are renewing atsamalleh

rate due to aggregators, then this will cause the comfgaognsider its core strategy.
Without customers, new and returning, the company should expect a decrease in profits,

which would create anxiety with their shareholders.

5.2.6 Financial csts

When considering implementing a price comparison site in the businessybseed

to be consideredAggregators will affect many areas of the insurance departneegts,

sales, marketing and IThe IT systems may need to be updated so thatddweywvork

with the aggregator sites and the pratectof customer sensitive dat&he changes

within the IT department may include new staff, software and hardwaret $belpaoject

can take placelo join a price comparison site the IT infrastructuredseo be informed
andupdated,7 LQIUDVWUXFWXUH FDQ uDFFRXQW IRU PRUH W
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RlI ODUJH ILUPVY %URD G.EH.ThW den@@tratés badjoining a [Bice
comparison site will affect the budgetary requiremémtshe company.

Not only are the costs relevant to the camyg but also to the custom&hen a car
insurance company joins a price comparison site, the insurance company has to be aware
of the switching costs, the time and effort required by the mestavhen chaging
providers (Porter, 2004As a customer does not need to download any new software or
invest in new hardware, the switching cost of using a price comparison is almost zero
(Chircu and Kauffman, 20Q00Aggregators tend to benefit the cus&r when considering
switching cost strategy more than the car insurance company, but the company may reach
customers that would not have gone to them initially.

Whether or not a car insurance company joins a price comparison site, the insurance
F R P S D@dfffasility needs to be consideredihe two essential factors that establish
profitability are:

X Industry structure, which determines the profitability of the average competitor; and
X Sustainable competitive advantage; which allows a company to outpetfe
average competitor
(Porter, 2001, pp.68)

Competitors keep their future strategies a closely guarded secret, to make sure that their
competitors do not beat them to it and become potential market leaders. It has been shown
that established compasieare more inclined to embrace a waitdsee strategy to
electronic mediation opportunities (Granadbal 2013).This riskaverse approach may

mean that established companies might lose out on early potential gains at a cost to their
customer base.Another reason why an insurance company may not join a price
comparison site is so that the insurance company does not become tocoretiaein
(Chunget al, 2012).

The price of the insurance affects prefitability of the companyThe arrival of the
internet and customers purchasing from the websites did not affect the premium too much
as the customer needed to contact the different companiesdumllyi The internet
benefited the insurance companies more than the customer as it meant employing less
staff to answer numerous phone calls foraa insurance quot&Vhat has been shown
though is that when a company is on a price comparison site, this does have a reducing
effect on thei premiums (Brown and Goolsbee, 20@3yeet al, 2004).With the seath
FRVWV ORZHU FDU LQVXUDQFH FRPSDQLHVY QHHG WR I
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would need to at least match them, thus reducing ria@ipms.Lower premiums may
not mean less profit though, as the company could gather more customers.

Aggregatos give car insurance companies a wider basket of potential customers, but
they must not neglect their core principles. Even though aggregators may give some
companies some competitive advantage, total reliance on IT will not sustain this
advantaggMata et al. 1995). Customers may go to companies that are not on price
comparison sites, if their original insurance company only concentrated on the IT side
instead of the human and relationship side.

This section considers the financial costs of joining aepdomparison site, which
prompts us to consider scenario 4 highlighted below with previous scenario shown for
easy followthrough.

Scenario 1= the effect on marketing if a company does not join a price comparison site
Scenario 2: the effect on theumber of customers contacting the company bjoiong

a price comparison site

Scenario 3:- the effect of customer retention if a company doasjoin a price
comparison site

Scenario 4:- Is it worth investing in extra resource and expenditure to adxbe

aggregators?

As with all projects major projects in companies, they have to be cost effective. Such
recent IT disaster projects where costs have spiraled and were no longeffexiste

have been the BBC digital media project that cost £100 mi{lghosh, 2013) and the
£10bn abandormkENHS IT project (Syal, 2013Jhese two examples demonstrate the need
to fully understand the complete project with costs, so that the company can still function,

even if they do enable aggregators into their distidibuchannels.

5.3 Theoretical background on regression models
This section explores the methods taken to model the effects of price comparison sites

within the UK car insurance environment, regardiatgs, retention, marketiagd return

of investmen(ROI).
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Linear regression

To test the impact aggregators have had on total sales a lineassieg model was
constructedA simple linear regression model (equation 5.1) is used to test if there is a

relationship between a dependent variajplea(d a exploratory variablexj.
< . [ O (5.2)

In this scenaridr is calculated by multiplied byx, plus a constant (sometimes referred
to as the intercept) This relationship is not always exact, so an error term needs to be
introduced into the equatio@ The error termQGends to have a zero mean armbastant
VWDQGDUG GKIH YW KR @b .2) is calculated by squaring the standard
deviation, which calculates how far thbservations are from the medequation 5.1

presents provides a trend line beamthe dates and the total sales.

A 5 =4

&b L i AbsiUF ;6 (5.2)
where $is the mean and n is the number of observations

Time Series

The linear regression model provides a stralgig curve which does not always suffice

in a time series environmeniVithin time series modelling thgariance has to be
considered.f the variance is constant and independenk,ofhen this is known as
homoskedasticity, but if the variance varies with the sizexoft is known as
heterokedasttity. The variance is important when considering time series as it can
dictate which time series technique to use.

This research uses fodifferent time series modelling techniques to provide further
insight into the sales behaviour and to forecastrégales: autoregressive (ARMoving
average (MA); autoregressive moving average (ARMA); and generalized autoregressive
conditional heteroskedasticity (GARCH).
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Autoregressive nodels

Autoregressive models are a very common time series technijuteregressive uses

the variables history with its present figure to predict the dependent variable and is usually
dictated ARp). Thep represents the period up to which the historical data will be used
and is usually referred to as the order of the autoragesgsocess.

oL AT uiooE % (5.3)

where Ts & 4T jare theparametersof the model
Due to autoregressive models using their history, autocomelatill need to be
consideredAutocorrelation refers to the corrélan of a time series with its own past.

Moving average models

Another common method in time series is the moving average model, usuttgdias
MA(q) (Equation 5.4). 7KH PRYLQJ DYHUDJH XVHV WKH PHDQ

observations to smootiut anyfluctuations.

AU
ACB- o

P

/# L

(5.4)

wKHUH 1WK Kare the parameters of the model andepresents the order of the

moving average process

Autoregressive integrated moving averagenodel

Box and Jenkins (2008) combirtke AR(p) and MA(qg) techgues to producean
autoregressive integrated moving average model, usually dictated as ARGVGA(
These models may contains a mixture of autoregressive {pjnmoving average terms
(q), differencing termgd) or use all threeDifferent types of ARMA models are shown

below to demonstrate their versatility.

An ARIMA(0,1,0) model is sometimes considered as a random walk model as it

concerns with the differencing aspects only
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Ug F Ugs; L & (5.5)

where [ is the constant term

If a series is said to follow a random walk, the series itself is not random, but the
changes fm one period to the next afiéhis means that the past cannot be used to predict
the future.

Sometimesysing differences could lead to the terms being autocorrelated, therefore
autoregressive and/or moving averages are used to fix such proAleARIMA(1,1,0)
is a differenced firsbrder autoregressive model, which tend to be used if the efriirs

random walk model are autocorrelated.
U.g; LaE U.g?5; E T :U.(;?S; F U.g?6; , (5-6)
WKHUH — LV WKH FRQVWDQW WHUP DQG LV WKH DXWR
An ARIMA(0,1,1) uses the moving average to correct the autocorrelated errors in the
random walk.

U.g; L akE U.g?5; F é-A.g'?S; (5-7)

where %, 5. is the error at period1 and Eis the coefficient of the lagged forecast error.

JRU D uyPL[HG PRGHOY WKDW KDV DOO WHUPV $5,09%
Us L & E T:Ugps; F Ugs;; E Ugrs, F aAgs; (5.8)

Normally, an unmixed model is used because including both terms could lead to over

fitting, thus making the model unsuitable for use.
Generalized autoregressive conditional heteroskedasticityodel

When using ARIMA modelsiesearcherassume constanbiatility (homoscedasticity).
For time series models that have a 4constant wvlatility (heteroscedasticity), Engle
(1982) derived the Autoregressive Conditionatétleskedasticity (ARCH) moderhis

model was then developed further independently by Bxaie(1986) and Taylor (1986)

to produce the generalized autoregressive conditional heteroskedasticity, denatbd
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as GARCHp,g). Volatility loosely refers to the variance from the sample observations
(Equation 5.2).
The GARCHY(p,q) can be expressexs follows

UL T.E Y (5.9)

YL ¥DQ &y (5.10)

where gg= is a sequence of independent, identically distributed random variables with

zero mean and (the varianckis expressed as
DLAE GOQVYE 4D (5.11)

The GARCH(p,q) uses the conditional variance and is alsmedr function of its own
lags. 1 7 Kritdst widely used GARCH specification asserts that the best predictor of the
variance in the next period is a weighted average ofaihgrlin average variance, the
variance predicted for this period, and the new information in this period that is captured
E\ WKH PRVW UHF H Q BhgleT2001UH GB0)GIRRAHZp(dpranflels have
been used for financial forecasting in the p@3sttaet al, 2007)so to develop one for
the insurance industry would deem appropriate.

The GARCH(1,1) model is most commonly used, as it uses a normal distribution and
denotes the fact that its volatility component incorporates 1 return variameg(der

autoregressive lag) with 1 volatility term (or ARCH term) reads as follows:

D.s LAE GDYE 4D (5.12)
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5.4Measurement and data

5.4.1 The data

To test the different scenarios, an established UK car insucanggany was used. As

it had recently joined a price comparison site effects could be measuredvo data

sets provided from the car insanc& company for this analysighe first contained dataset
contained relevant information aggregated at the nhpr#vel covering the dates
between 2006 and 2008 inclusively (table 5.1). The second dataset contained relevant
information aggregated at the monthly level covering the dates between 2005 and 2009

inclusively (table 5.2).

The first data set contained

x Policy Inception Month

x Direct premium

x Direct channel marketing spend

x Direct channel sales

x Direct channel cancelled policies

x Direct channel retained policies

X Aggregator premium

X Aggregator channel marketing spend
x Aggregator channel sales

x Aggregator channelancelled policies

x Direct channel retained policies

From policy inception monthgriginal inception date can be derivéariginal inception

date is the date the company first started to insure the custBe@ple who quoted with

the insurance company atteen purchased are called customers. People who quoted and
did not purchase are known as prospectors. To limit the impact of returning customers
appearing as a prospector, original inception date is used. If a customer first had a quote
in April 2007 and purchased and then proceeded to quoted again in April 2008, this would
not be used as he first purchased in April 2007.
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Table5.1: Shapshot of data set 1 (excludes aggregator information)

Policy Direct Direct Direct | Direct Direct
Inception Premium Spend | Sales | Renewed| Cancelled
month 1 Year | year
Janr06 £9,302,864| £535,711| 14623| 8950 5673
Feb06 £8,354,070| £597,194| 14515 8743 5772
Mar-06 £9,287,437| £637,455| 18181 | 11194 6987
Apr-06 £8,697,362| £577,327| 17176 10506 6670
May-06 £8,814,488| £494,644| 17485| 10568 6917
Jun06 £8,546,649| £508,889| 17169| 10420 6749
Jul06 £8,171,530| £520,002| 16629 9754 6875
Aug-06 £8,176,305| £482,807| 16593 9827 6766
Sep06 £8,030,591| £570,675| 17407 9960 7447
Oct-06 £8,044,128| £615,200| 15934 9253 6681
Nov-06 £6,697,540| £389417 | 13885| 8140 5745
Dec06 £5,168,480| £243,855| 10992| 6376 4616
Jan07 £8,779,279| £685,647| 13753| 8147 5606
Feb07 £7,539,943| £857,664| 14019 8080 5939
Mar-07 £8,600,331| £970,998| 16894 9870 7024
Apr-07 £8,031,444| £519,181| 15186 8484 6702
May-07 £7,332181 | £527,901| 14826 8459 6367
Jun07 £6,304,683| £416,555| 12498 | 7130 5368
Juk07 £6,259,833| £296,067 | 11960 6927 5033
Aug-07 £4,773,418| £472,752| 10170 6013 4157
Sep07 £4,106,008| £543,292| 9225 5584 3641
Oct-07 £3,870,732| £317,317| 7845 5378 2467

The dah was created to monitor first year renewal rates. This means that policies that
were created in January 2006 will have they policy renewal and policy canuathdxbrs
attached to that montfihe second data set provided was aggregated at a monthly level

detailing

X Month of insurance quote enquiry

x

Marketing spend
x Number of direct car insurance quotes

x Number of direct car insurance Sales
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x Number of Aggregator car insurance quotes

x Number of Aggregator car insurance Sales

Table5.2: Snapshot of table (excludy later months and aggregator information)

Month Marketing Direct Direct Direct
Spend guotes Sales Premium
Jan04 £1,152,850 213223 9648 £4,126,671
Feb04 £1,156,962 218867 13688 £5,872,840
Mar-04 £1,304,980 241085 15375 £6,566,116
Apr-04 £1,064,349 214256 14838 £6,547,028
May-04 £1,254,696 219658 17065 £7,519,854
Jun04 £1,149,435 194767 12393 £5,467,834
Jul04 £1,084,320 208591 12900 £5,698,880
Aug-04 £1,363,891 209871 13862 £6,168,909

These date periods are relevemtthe studyas they covethe dates before the company

joined a price cmparison site, and afterward$he data provided by the company details
WKDW XQWLO $SULO WKH FRPSDQRRIOW RRMF W RR Q|
qguote.That is, a potential customer had to:tgdahe aggregator; fill in their details; get a

list of quotes; click on this company banner which did not have a quote next to it; go to
the car insurance company directly, and then complete their details again on the car
insurance web site.

Between May2007 and August 2007 the company was in its testing stage to make
sure that its systems and infrastructure caumlahage with this new channdtrom
September 2007, the company was fully incorporated with the aggregator.

The data provided were in CSV flewhich were then converted into SAS data sets for
data cleansing and summaris@dhis data was then transferred into Excel for further

analysis and graphs.
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5.4.2 Measurement

The data provided was rich in detail and had oetyired little dataleansing.The data

came from the data warehouse developed by company x. The data provided had been
used for many management information reporting, thus its reliability has been paramount
for the company.The data provided insight into the direct effeatgrice comparison

sites on:

x Sales

X Retention

x

Marketing

x

Quotes

As an indirect measure we could hypothesise and formulate the impacts on the business

itself and the strategy the business had to apply to adaggdfnegator into their business.

Quotes amnl Sales

To assess the effect aggregators have had within the car insurance industry, graphical
analysis was produced detailing the percentage split of quotes between the aggregator and

nonaggregator channel (direct).

For Aggregator AGG (5.13)
AGG(q) + DIR(q)

For Direct quotes DIR (5.14)
AGG(q) + DIR(q)

Where DIR(q) = direct quotes and AGG(q)= Aggregator quotes

Secondly, a graph detailing the number of quotes trgreggtor versus direct channels
adhieved by month is constructedustomers who contacted an aggregatorcamtiacted

the company directlyvould be counted twe. The next scenario would investigate the
HITHFW RI DJJUHJDWRUV RQ WKMHOHRP ZKQ FKV LYHW KEFK \F
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primary choice of metric for customer growth size, a graph was produced investigating
the total number of new sales the company &gperiencedThe graph will detail four
different plots

1) Aggregator sales
2) Direct sales
3) Total sdes (aggregator + direct)

4) A trend line to investigate the overall effect on sales

The trend line was produce using a simpiedir regression (Equation 5.)a customer

acquired a quote from more than one channel, the initial contact channel was used.
Further analysis was also conducted on the total sales to see if time series modelling

was suitable for forecasting future sales. Three different modelling techniques were

considered:

X AR (1)
x MA (1)
X ARIMA (1,1,0)

A graph was produced to cqare the diférent technigueSwo graphs were produced

to measure the impact of the marketing on aggregator. Sdledfirst graph contains a
double axis graph with one axis measuring the number of direct and aggregator sales, and
the other axisneasuring the markegynspendThe graph will potentially investigate the
relationship between marketing spendhwaggregator and direct salése second graph

is to calculate the efficiency of the marketing by using a return on investment (ROI)

metric.

ROI =(Total Prenum +Total marketing spend) (5.15)

Total marketing spend

Advanced forecasting method®re used for further analysis for the ROl metric. ROI
behaviour has a time varying volatility, so a GARCH(1,1) model, with sethgglue of
was developed, that enablee@ tolatility to be calculated’he results of the model were

plotted upon a graph, which also included the actual figures for comparison.
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The final scenario to be investigated would be the effect aggregatorsohave

retention. First, a graph was constructed with four different plots:

1) Aggregator retention rates

2) Direct retention rates

3) Trend line of the aggregator retention rate
4) Trend line of the direct retention rate

Retention rates are calculated as

For Aggregator AGG(n)
AGG(r) + AGG(nr) (5.16)

For Direct quotes DIR(r)
DIR(r) + DIR(nr) (5.17)

where: AGG(r) = Aggregator customers renewed; AGG(nr)= Aggregator customers did
not renew; DIR(r) = direct customers renewed, and DIR(nr) = direct customers not
renewed

To decide whether the customer belonged to an aggregator or direct channel route,
WKH FXVMi& gudteldhenmhel was usdebr the trend lines, a simple linear etijoa
will be used as emonstrated with equation 5Bhe problem when considering a simple
linear model is the assumption that all the error terms, when squathd,3ame at any
given point. When this is not the case then the model is said to suffen fro
heteroskedasticityA GARCH(1,1) model with a lagged value of 1 was developed and
plotted against actual data to verify its forecasting accuracy.

When analysing whether or not a customer has renewed, the customer will have to
have had their policy for ehfull term, and it will have had to have been due for renewal.
If the customer prior to their renewal date cancelled any policies, then these policies were

excluded for final analysis.
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5.5 Results

To investigate the different scenarios different geaphe produced highlighting key

components that are affected by the aggregators:

x

Quotes

X Sales

x

Marketing

Customer Retention

x

Figure 5.3: % quote split between direct and aggregator channel
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Figure 5.4: total number of quotes split by direct agdregator channel

The results for all periods are summarized in table 5.3 below.

Table 5.3: Descriptive statistics of aggregator and direct quotes for different periods

Period / mean Std. dev. | max min skewness | kurtosis
statistics

% direct quote | 97.05% 0.0246 99.00% 93.34% | -1.02 0.08
(Jan@ Yun07)

% agg quote | 2.95% 0.1%% 6.66% 1.00% | 1.02 0.08
(Jan04gun07)

Direct quote 202,891 | 34,345 254,541 | 107,140 | -0.86 0.68
(Jan048un07)

Agg quote 6,209 3552 15,271 1,452 1.19 0.88
(Jan048un07)

% direct quote | 6.70% 0.03% 11.12% 1.65% -0.32 -1.70
(Oct07 $5ep09)

% agg quote 93.30% 0.03% 98.35% 88.88% | 0.32 -1.70
(Oct0745ep09)

Direct quote 68,988 15,413 97,039 46,015 | 0.19 -1.19
(Oct07:5ep09)

Agg quote 1,238,268| 644,561 | 2,736,920| 456,796 | 0.78 -0.76
(Oct07:5ep09)
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Figure 5.3 and table 5.3 demonstrates the proportion of quotes that arrive to the insurance
company via the price comparison site and answers scenario 2, the etfeehomber
of customers contacting the company by not joinimgiee comparison siteFigure5.3
also illustrates how rapidly a price comparison site can domin&X& WRPHUfV FKR]|
channel. Figure 5.4 demonstrates the actual figures and the extra coverage aggregators
provide an insurance compar he shape of the distribution of taggregator quotes can
be considered exponential, thus demonstrating the input aggegain have for the
businessin 2009 direct channels had a total of 547,083 quotes, which is less than half
the amount of quotes achieved by an aggregator in one ritatiary 2009 received
1,936,986)The insurance company cannot directly influence customers to go to a certain
price comparison site: that will always remain within the remit of the aggregator and their
marketing team/budget.

Figures 5.3 and 5.4 demorae that aggregators can increase the amount of
potential customers gathering a quote from the company, but the actual number of sales

needs to be investigated.
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Sales

Figure 5.5: Total sales by month split by aggregator and direct channe

Table 54: Descriptive statistics of aggregator and direct sales for different periods

Period / statistics mean | Std. max | min skewnesg kurtosis
dev.

Direct sales (Jan04 16,055| 3,159 21,897/ 8,730 | -0.50 0.00
JunQ7)

Agg sales (Jan0#un07) | 561 615 2,364 |24 2.01 3.54
Total sales (JanG4un07) | 16,620| 2,972 22,382| 9,205 | -0.64 0.36
Direct sales (OctOZ 5,093 | 1,875 7,954 | 2,362 | 0.01 -1.62
Sep09)

Agg sales (Oct0Bep09) | 14,537| 3,026 18,911/ 7,302 | -0.88 0.13
Total sales (OctOZ 19,630 4,120 25,822| 10,747 | -0.36 -0.55
Sep09)
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Table 55: Correlation statistics between direct sales and aggregator sales Janr04
07

Direct sales | Aggregator sale
Direct sales 1 -0.392 (0.012)
Aggregator salg -0.392 (0.012) 1

Table 5.6: Correlation statistics between dirsales and aggregator sales Oct-8&p
09

Direct sales | Aggregator sale
Direct sales 1 0.379 (0.067)
Aggregator salg 0.379 (0.067) 1

From Figure 5.5, it can be shown that prior to the company fully adopting the
aggregator into its channels mix, ttieect channel had started a downward trend. This
pattern is even more extreme when the company is fully integrated widlgdginegator.
What is prevalent aréne number of sales via the aggregator channel not only makes up
for the shortfall of direct sak, butalso increases thwrerallcustomersAlso from Figure
5.5 the trend line shows that the extra sales generated from the aggregators have reversed
the sales decline. Finally, figures fraabless.5 and 56 showsthat trereis no correlation
betweendirect sales and aggregator salésom these statistics and graphs we can
partially answer scenario 4, is it worth investing in extra resource arghéixyre to
enable aggregatord/ithout aggregators, we can presume that the number of sales would
continue to drop, so for maintained customer growth, aggregators could provide the

answer.
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Figure 5.6: @mparing different time series techniques for sales

From Figure 5.6 the plots of any of the three time series techniques could be used, but
for forecasting, the ARIMA(1,1,0) plot tels to provide further insighThe plot does
demonstrate that even though a trend line can provide some insight, to get a clearer view
of the sales pattern, autoregressive moving average time series analysis wotihdoeeed
considered for moraccurate monthly forecasting.

Figure 5.7: Marketing spend and aggregator sales
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Table 5.7 Descriptive statistics of marketing spend for different periods

Period / mean | Std. dev. | max min skewness | kurtosis
statistics

Marketingspend | £726,610| £317,032 | £1,431,977| £243,855| 0.83 -0.57
(Jan04gun07)

Marketing spend | £207,085| £119,852 | £515,638 | £27,022 | 0.58 0.10
(Oct07Sep09)

Table 58: Correlation statistics between direct sales, aggregator sales and marketing

spend Jan 04un 07

Direct sales

Aggregator sale

Marketing spend

Direct sales

1

-0.392 (0.012)

-0.274 (0.087)

Aggregator sale

-0.392 (0.012)

1

0.670 (<0.001)

Marketing spenc

-0.274 (0.087)

0.670 (<0.001)

1

Table 59: Correlation statistics between direct sales, aggteg sales and marketing

spend Oct0Bep09

Direct sales | Aggregator salg Marketing spend
Direct sales 1 0.379 (0.067) | 0.659 (0.005)
Aggregator sale| 0.379 (0.067) 1 0.352 (0.091)
Marketing speng 0.659 (0.005) 0.352 (0.091) |1
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Table 510: Descripive statistics of aggregator and direct sales for different periods

Period / mean Std. dev. | max Min skewness | kurtosis
statistics

ROI direct 114.0% | 3.17% 120.2% 108.8% | -0.441 0.742
(Jan06Jun07)

ROl agg 111.7% 1.32% 117.7% 109.9% | 1.655 2.38
(Jan0&dun07)

ROI all 114.1% 3.14% 119.8% 107.8% | -0.578 0.558
(Jan06Jun07)

ROI direct 115.2% 9.50% 147.2% 104.8% | 1.943 4.611
(Oct075ep09)

ROl agg 109.4% 0.41% 110.5% 108.7% | 0.762 0.611
(Oct07:5ep09)

ROI all 110.1% 1.38% 107.1% 112.9% | 0.022 0.047
(Oct075ep09)

The company for this research uses the marketing budget to pay for their price sompari

sales.Figure 5.7 demonstrates that a lower marketing spend and an introduction of

aggregators may also mwibute to lower direct salehe pattern of aggregatsales

follows the pattern of marketing spends, which suggests the branding effecttablesm

58 and 59, it was shown that a correlation occurs between marketing spend and

aggregator sales pre integom but not post integrationAlso, before aggresgor

integration, marketing spend on direct sales were not ctedeldutthey are post

integration.This demonstrates that whtre case&ompany xhasa link on an aggregator

website, the advertising was strong enough to make customeptetethe quotprocess

again. Finally, from tables5.8 and 59, marketing does influence direct sales in an

aggregator environment.
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Figure 5.8: Return of investment (ROI) split by direct and aggregator channel

Figure 5.9: Predicted ROI rate v actual for direct aaitl

From Figure DV H[SHFWHG WKH 52, $// SORW zZDV KLVWR
but is now mainly influenced by the aggregator due to the majority of thedsgstoming

from this channelThe ROI used ia premiumbased, not a valubasedmetric.The direct

channel does produce a better ROl when considering premiums only, but aggregators
provide more sales, thus potentyallacilitating company growthFigure 5.8 also

demonstrates that the ROI for aggregators is stable, with little flicotueatross the mean,
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thus should not be considered with a GARCH(1,1) rhdéem table 5.10, it can be
shown that aggregators have a slight negative effethetotal ROI (114% to 110%).
This is predominantly driven by the lower ROI attributed to theeggors.

Figure 5.9 compares the GARCH(1,1) model of Direct R@d All ROI against
actual ROIL.The graph demonstratesathROI behaves in a stochasti@anner and that
GARCH(1,1) could be considered for forecasting ROI.

Figure 5.10: Retention rates sphy direct and aggregator channel

Table 5.11: Descriptive statistics of aggregator and direct renewal rates

Period / statistics| mean | Std. dev.| max | min skewness kurtosis
Direct renewal 60.1%| 0.03% 70.2%| 56.8%| -2.48 8.73

Agg renewal 58.9%| 0.04% 74.2%| 551% | 2.86 10.65

Table 5.12Correlation statistics between direct and aggregator renewal rates

Direct renewal| Aggregator renewa
Direct renewal 1 0.833 (<0.001)
Aggregator renewa 0.833 (<0.001) 1

From Figure 5.10 andable 5.11, scenario 3, the effeon custorer retentioncan be
observedThe figures showhat renewal rates have stayed consistent with aggregators,

but have been decreasing for customers edrgact the business directlyhe reduction
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in direct channel retention rates suggests thstbooers may be more willing to research

their renewal quote, thus leading meteh customers to aggregatdfeomtable5.12, it

shows that the renewal rates between direct channels and aggregators channels are highly
correlated. This gives rise to sugg¢hat renewal rates may be driven by additional

factors and is not purely channel specific, which isidatthe scope of this research.

Figure 5.11:Predictive andactual retention rate

Figure 5.11 demonstrates that direct renewal rates behav&AR&LH(1,1) manner,

unlike aggregators. From Figures 5.10 and 5.11, aggregator renewal rates may produce
the same error around the mean, thus making it difficult to impose a GARCH(1,1) model
to predict it. From viewing the figure 5.11, it can be obsetivatithe aggregator renewal

rate seems erratic, with its peaks and troughs, compared to the actual predicted rate. As
aggregators areelatively new there is limited informatioavailable so it would be

difficult to know if this will be the aggregatoemewval rate long term behaviour or not
5.6 Summary and conclusion
5.6.1 Summary

Figures 5.3 to 5.1and tables 54to ZISURYLGH LQVLJKW LQWR D FRP!
an aggregator environment. Considering the four different scenarios of a company no

joining a price comparison site, the following table was constructed
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Table 513: Results of scenarios

Scenario Description Results

1 Effect on Marketing A Good Return on Investment

2 Customer Contacting Reduction in new business

3 Customer Retention Reduction in customer Retention

4 Extra resource/expense | Increased sales will make this feasible

From the graphs, it can be shown that time series modelling can be used in a number of
scenarios within the car insurance industry. Although sales cannugle $ime series
techniques, for ROI and retention rates, more advanced modelling techniques need to be

considered.

5.6.2 Discussion

The findings provide insights into the UK car insurance market within an aggregator
environment, by producing a new busss model and investigating alternative scenarios.

For scenario 1, Figures 5.8 and 5.9 wible5.12 have shown we would expect
marketing to produce a stable return of investment if the company did not join an
aggegator site as time progress&tie numier of new business sales had been declining
prior to the company joining the aggregator, as more potential customers are hw&ing dri
to price comparison sitel§ the company chose to reduce its marketing to try and improve
its ROI, this may lead to mopstential customers not contacting them diretklys being
counterintuitve. $OVR WKH JUDSKV KDG VKRZQ WKDW PDUNH
choice on price comparison sites, bable 5.9showed this effect to be weakith a
correlation statistic d0.352 The results also show that aggregators are taking customers
away from caotacting the company directlyhe results correspond with the findings of
Coelho and Easingwood (20038 LQ WKDW SULFH FRPSDULVRQ VL
variablecos¥ DQG SURYLGH D PXFK IDVWHU DQG ZLGHU PDU

From Figure 5.7, it is also noted that the direct ROI is greater than the aggregator
ROI, which could beaused by price transparendfe reduction in ROI could be due to
the way that aggregatorgsglay all the available prices, which may narrow price
discrepancy, which follows the findings of Stigler (1961).

For scenario 2, we could see from Figures 5.3 and 5.tahleb 4 that if a company
decides not to join a price comparison site, then waldvexpect fewepeople to contact

the companyPrior to joining an aggregator, the number of customers contacting the
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company for a quote had been decreasing, even though the marketing budget had stayed
quite casistent. By employing a muithannel striegy, the results generated more
customers, supporting Nesliet al (2006) and Blattberget al (2008). The extra
customers may have been gained from lesser known brands (Leudieds&®95), but

this would need further research.

As aggregators el to have a bigger marketing budget than car insurance companies,
the channel choice of the customers tends to be the aggregator site, which is consistent
with Ansariet al (2008).

Scenario Xonsiders retention (Figure 5.10 aadble’5.11), price compason sites
have a lower rate of renewal then direct channels, but the trend of the direct channels was
decreasing. When switching costs are set higher it is easier to retain customers (Gronhaug
and Gilly, 1991), but with reduced switching costs, the comgaould expect a lower
retention rate. The lower retention rate with aggregators could be due to thatfftoey
are a web based todhfsariet al, 2008).

Another issue that would need to be considered with the renewal rates is the
relationship biding process with the customef.the first contact with the insurance
company is via an aggregator and the person then purchases via the aggregator, then this
limits the possibilities of building that initial relationship with the customer, which is
coOQVLVWHQW ZLWK &RXOWHU DQG &RXOWHU TV UHV

Finally, scenario 4, as all the extra quotes are completed online the infrastructure
costs need to be considered in order to enaslli@istomers receive a quotdgure5.3
and table 5.8lemonstratethat aggregators do take customers away from contacting the
company directly, which corresponds with the research conducted by Graetaalos
(2008).The number of quotes the company achieves does grow significantly, so the IT
systems will also needtoh XSGDWHG HYHQ LI RQO\ WR HQVXUH V
do not exceed the current company limit of unique references. This highlights one of the
issues of why infrastructure is so important and can use 60% of the budget requirements
(Broadbent andVeill, 1997).

For insurancecompanies that notice that their sales and retention are decreasing,
price comparison sites could potentially provide a solution, but they come at a cost. As
shown from the business model and analysis, for a company to esg®ggregators
not only can they not influence the type of customer who goes there, they may also notice
a decrease in custwers contacting them directlyhis scenario may lead to the price
comparison site gaining more influence on the insurance compéhat a company can

gain from joining an aggregator is a wider exposure to the customers they usually do not
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reach but want, with a posdlity of an increase in saleBrice comparison sites could
also reduce the need for extra staff to cover potenigglel sales volumes, as all the
processes can be carried out online.

The findings show that GARCH(1,1) is indeedsuitable specification for

describing return and risk behaviour of the insurance companies.

5.6.2 Conclusions

Aggregators impact insurancempanies on all the different mechanisms of the business
model. If an insurance company does not join a price comparison site, then it can expect
its sales and size to reduckining a price comparison site requires a change in the
business model to eampass the extra complexities of a new channel; IT infrastructure
to deal with the numerous additional quotes and provide accurate information to the price
comparison site; staff training, and a change in marketing.

Joining a price comparison site mayM®iURYLGH D pTXLFN IL[Yf IRU D
noticing its sales volumes dropping, but could provide further ingngbttheir current
strategiesThe different scenarios contribute to the development of the IBRM as shown
in figure 5.12.



Figure 5.12:Developing théntegrated Business Reintermediation Mogbelrt 2)

X Marketing does influence X Increased sales will make
direct sales in an aggregat this feasible
environment x Infrastructure will need

x Aggregators will reduce thg improving to handle
declining customer figures increased quote volumes

Value Proposition Value Relationship
Product/Price Value chain

Marketing the Relationship building with
product/brand partners

Distribution channels Infrastructure

Customer Rehtionship Financial Costs

Locating profitable Costs of the other segmer
customers Profitability

Creating relationship with | Competitor cost strategy
customers

Satisfying customer needs

/ \

X aggregators are taking x ROl is positive &er
customers away from integrating with aggregators
contacting the company x Aggregators introduce new
directly customers to the brand

X price comparison sites
customers have a lower ratg
of renewal then direct
channels
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5.6.3 Further work

This chaptemprovides a foundation for further research into the field of price comparison
sites ad the car insurance industiycould be extended to review a longer time period

of retention rate to see if the retention for direct channels keeps on decreasing and to
investigate practice®tincrease customer retentidgtesearch into the purchasing habits
during the car renewal period, for example whether a customer uses aggregators, would
also provide some interesting findings.

The results also provide insight intastanerbehaviour and renewal rates, return of
investment and sales, using tisexies and stochastic moddlkis area could be extended
to model the percentage quote split between direct and Aggregator Channel. This pattern
sees a dramatic shift betweentbohannels which would provide some further insights
into implementing a price comparison site into the acquisition channel mix.

Although the ROI provides an initial insight into the pricing structures of the
company, if claims data was available then galnalysis could also have been
incorporated, as even though price comparison site have a lower ROI, they may produce
a higher customer valuin this research, the company did see a rise in customers when
they joined a price comparison site, but withaubwing at what cost, e.g. lower retention
rates, new drivers or poaching customers from competitors.

Finally, all of this research is based on a company joining an aggregator, so research
into a company that does not join an aggregator would provide ackaldn this vein,
comparison of the prospects of the case company before and after joining and aggregator
provides vital clues to the effects of not joining.



Chapter 6: Customer segmentation in an aggregatorrerironment

6.1 Introduction

Cusbmer relationship management (CRM) has the power to generate extra value for the
company as well as its customefde UK car insurance environment has gone through
some turbulence with the introduction of pricemparison sites (aggregator3his
chapteruses this new environmeas the premise of this researctptomotea powerful
segmentation technique based on predicted customer value, actual custamemdal
predicted renewal ratdhe predicted value model usedlifferent modellingand data
mining techniques ands wellasWinsorization on the data sourc&/insorization is a
robust regression technique designed totrobrthe influence of outliers by setting
extreme values a specified percentifer all the different datanining and modelling
techniques, quantile regression produced the most accurate model, ediratidently,

is the only modelling technique this researcthat s unaffected by Winsorizatiomhese
results will have important strategic repercussions for the UK car insuraihesriyy by
way of focussing their customer retention plans on profitable customers.

The arrival of price comparison sites (aggregators) has changed the shopping habits
of people purchasing car insurance. Price comparison sites have made it easier for
cusbmers to compare numerous car insurance companies by using one internet site,
instead of approadig each company individualhAggregators make their money every
time someone purchases their car insurance via their website, so they would want
customers tbeave their current car insurers, at a cost to the car insurance company. lItis
generally known that keeping new customers is more cost effébhtimeacquiring new
customersThis has led to the creation of customer relationship management (CRM),
wheretargeting the most profitable customer is commonplace.

The literature for CRM within the insurance industry tends to include customer
lifetime value (CLV)for its customer segmentatidPrevious research has used potential
value as a means to target custosnwho could generate the most profit for the insurance
company(Verhoef and Donkers, 2001; Ryals and Kn28Q5; Guillénet al, 2011). Data
mining tools have been used within the car insurance industry with $treth(2000)
using them for retentioma to predict the likelihood of a customer making a clditre

most common absentee from this research is the UK car insurance.
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Customer campaign modelling is used for customer relationship management (CRM)
to help reduce churn and incredseit profit from the customef©ne of the most common
customer segmentation techniques involves customer lifetime value (CLV). Customer
lifetime value is important to companies as if it is used correctly, it can lead to more
intelligent campaigns. For customers watharge CLV, it may be preferable to use a
more valuable promotion to keep their business. Insurance CLV needs to be considered
differently from catalogue/product CLV, as with insurance there is potentially a risk of
the customer costing the company aagi@mount of money through claiming.

This studyconsiders astomer segmentation techniques whictbggond the use of
statistical models and tiamining, but also consid#re outliers that appear on the dataset.
The models developed are more relevanth® prediction of the subsequent period
customer behaviour, rather than to the predicted CLV, so CLV is deduced from the
customers predicted performance.

As mentioned above, the rationale for this study is that there is a dearth of such
quantitative modeilhg in the car insurance industry particularly targeted on
XQGHUVWDQGLQJ WKH HIIHFWV RI DJJUHJDWRUV RQ
knowledge, this is the first study to explore these effects in the UK car insurance industry

The remainder of ik studyis organised as follows. Secti6ér2 reviews the general
literature on CRM. SectioB.3 discusses the theoretical background to the statistical
models and decision trees used in implementing the methodology for this study. Section
4 describes thdata used in this study. Secti6®d presents the empirical analysis and
the interpretation of the modelling results with implications for marketing action. Section
6.6 summarises the main results and concludes the study.

111



6.2 Review

From chapters 4 an5 customer retention hassén measured and investigatdthis
chapter expands the previous work into a framework that can be implementadhégth
car insurance industridence, this review will delve into the mechanics of retaining the

most profitablecustomers.

6.2.3CRM

Companies that concentratebuilding their company size need to thiméyond just new
acquisitions., W KDV EHHQ VKRZQ WKDW pPFXVWRPHU GHIHF)
LPSDFW RQ WKH ERWWRP OLQHY 5)Hdskhe Kdst@iacquiig 6 DV \
a new customer can be as much as five times the cost of retairemgsing one (Pfeifer

2005). Ignoring customer retention couléad to an increased cost in building the
compaty's customer base by just fooug on acquisitotn only. To maintain customers
through retention, customer relationship management (CRM) strategies are applied.

Customer Relationship Management (CRM) can be defined as:

Business strategy and mode of operation deployed to maintain and develop
relationships with profitable customers, and manage the cost of doing business
with less profitable customers.

Stone and Foss, 2002, p.14

Insurance companies, like any other industry, can grow their customer base by taking
customers from their competitors) retaining their customers is important. Customer
UHWHQWLRQ LV WKHUHIRUH LPSRUWDQW DQG KDV EHF
RI WKH LQVXUDQFH LQGXVWU\ FRQWLQXHV WR HYROY
marketing practices and custer retention continuestdURZY 7D\ORU S
Increasing customer loyalty practices should be as standard in all industries along with a
clear indication of which customers it would be profitable to retain.

When a company decides to embark ongtamer retention strategy, they will need
to consider who to maintain, as not all customers aralégeppers and Rogers, 1998).
Certain customers will generate more money for a company than others and within
insurance this is no exceptioithere the ingrance industry differs from other industries
is that its losses coulddoeyond just marketing costsim et al (2006) note the costs of
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customers not fulfilling their payments on a monthly basis, but ultimately it is claims
costs that demonstrate whetlwrnot acustomer is truly profitablepy 7KH FRUH YDC
proposition of the insurance industry iskrcontrol and risk financinght the same time
WKHVH DUH WKH WZR FRUH FRPSHWHQFLHV WKDW DUH
(Muller & Zimmerman, 203, pp.3).The risk aspect within insurance is balanced ley th
quotes given by the companiysurance needs to consider any potential claims made
against the company which in some, although rare, cases may ex@#a000.

The advent of aggregatorsshemeant that car insurance companies within the UK
have had to adapt thieiustomer retention progranWith priceto-price comparison sites
(aggregators), customers who used the internet to compare prices incurredridw sea
costs (Verhoef and Donkers, @). The traditional searctprocess still involved the
customers going to numerous different web sites to input their data, which was possibly
preferable to phoning the insurance company, but aggregators have reédsicsagrch
cost even furtherA custoner can easily compare their insurance quote by visiting just
one web site, instead of contacting the different insurance companies directly. This could
lead to customers leaving, if they do not feel valued and think thegetaa better deal
elsewhereThe difficulties of potential huge claim costs along with car insurance quotes
being compared so easily has made CRM practices more relevant, especially in terms of
ZKLFK FXVWRPHUV LW LV LQ WKH FRPSDQ\YfV EHVW LQV

In insurance the customer withe lowest premium will not initially generate the
biggest profit. 7KH UHDVRQ WR LPSURYH UHWHQWLRQ LV W]
individual customer grows as the customer stays with tire 8® Q\YY 5S5HLFKHOG
p.37). The profit generated by theteation of low premium cstomers need® be
balanced against the risk of someone making a cléiis is usually carried out through
the medium of a pricing modérhis means that if the company does not want to keep a
particular type of customer and wano inflate their renewal price, this can cause
problems with marketingA clear line of communication must be established between the
pricing and marketing departmens® that marketing stops targeting customers that the
pricing department thinks ared risks.

$ F XV W ReRdtidn fonarketingr the channel they use to contact a company can
affect their behaviour, for example acquisition channels affect retention and customer
YDOXH EXW PXFK RI WKH KHWHURJHQ H L} afterkhéRVYV W
firstyeaUY 9HUKRHI DQG pR®@).NWHe Wthdre pricesensitive customer may
leave after the first year of purchasing car insurance, so in this instance it may seem better

practice for the insurance company to wait until the first ye@ewal cycle has completed
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before embarking oa CRM strategyKnowing how the customer contacted the company
may be of benefit to the comparfpr example a customer who contacted the company
via the web could arguably be more inclined to respond fabdyto an email promotion.

6.2.2Recencyfrequency nonetary(RFM) methodology

Companies, regardless of their industry, soon realise that not all customers are equal and
that certain customers mayeed to be treated differenthApplying a customer
segmatation strategy enables companies to group customers based on certain attributes
in which they may be similar$QDO\VLQJ WKH pGLIITHUHQW FXVWI
PDUNHWLQJ VSHQG WR EH SURSRUWLRQHG WR é&HOLYFH
al., 2008 p. 370).For a company to understand their customers, they have to know their
data and be sure that this data is &t Only by knowing the datan the company
produce appropriate and logical customer segmentation.

Recency, frequency and monetary (RFivethodology is a very simple and powerful
segmentation technique. Recency details how long ago the customer had bought from
the company; frequency, how many times they purchase the company in a given
time; and monetary represeritsw much money thehave spent with the company.

Using RFM for marketing is not new and it has been used for over 30($edm=bi and
Khanlari,2007).RFM models are used to represent the behaviour attributes associated
with the customer (Chan, 2009his implies thatlie more the company knows about the
customer, the more insightful the RFM segmentation.

Within the insurance industry, especially within the UK car insurance industry, RFM
may not seem the appropriate segraBohapproach as insurance is purchased omaln
basis, so frequency will be consistent amongstthgrity of the customer. YeRFM
KDV EHHQ VKRZQ WR EH XVH I XoMelp@eWif allaDly/ custdndrs H L Q
and develop effective marketin VW U D W Ethl 201® p.4205)When considering
the different offers a company may use in targeting its customers, it is worth considering

that the simpler the segmentation the easier it would be to implement.

RFM is a simple segmentation technique which can nevertheless ditechdor
different purposesDonkerset al. (2007, pp.173) derived the followirRFM vaiables:
HSXUFKDVH UH bnd @ €ancélldtli fecency dumnoxynership dummies for
each service; customer profitabilitp QG UHODWLRQVKLS DJH § 7KH DC
VHIPHQWDWLRQ ZLWK LWV DELOLW\ WR SURYLGH PRU
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the company, can also lead to a maymplex segmentation techniqu&r an insurance
company that only provides car insurance, the RFM segmentation woulddegag.

Recency could dictate how long someone has been with the companyalgsfmec
first year customersA special welcome email should be used, with more introductory
HPDLOV GXULQJ WKH ILUVW \HDU $IWHU WKHDbDELUVW
considered and frequensyouldbe applied, or the number of times the customer has
purchased theinsurance with the companjonetary would need to consider using

actualvalue, predicted value or both.

6.2.4 Customerifetime value

Customer lifetme value (CLV) is a powerful segmentation technique for companies to
focus on which customers it woubé more beneficial to retaifRocussing on customers
who may produce the greatest value for the company and not contacting everyone is a
view contradictoy to Reicheld1996)(Ryala and Knox, 2005)f an insurance company
decides to focus on high premium customers, this could be counterintuitive as these
customers tend to be higlsk and could generate a loss to the company due to their
claims costs, threfore a longterm strategy should be implemented.

&/9 FDQ EH GHILQHG DV WKH pSUHVHQW YDOXH RI W
FXVWRPHU UHO D ¥t BIRZD06KAp I @) This Ivddiabie s therefore determined
for insurance if we know thprobability of a customer leaving the compé@yelmanret
al., 2012) bQG WKHUHIRUH XWLOLVLQJ WKH FRRSbR\TV KL
when calculating CLVAs mentioned previously, customer value within insurance needs
to consider claims cosas some customers can have a serious negative effect on the
business and should be considefed CLV (Ryals and Knox, 2005; Hawkes, 2000;
Guillénet al, 2017).

Different statistical techniques have beesed to predict customer valuEhe main
goal for- WKHVH VWDWLVWLFDIOR PIRWGHH GV RLI. W\ORE/ @t as XV W R F
2009 p.4). Statistical regression analysis basedtlo® mean (Verhoef and Donkers,
2001) regression baseoh the median (Benoit and Poel, 2p@hd data mining tools
(Wanget al., 2005; Shen and Chuarg§l09) have been used to predict CLV, but research
on comparing these different techniques is still new.

For companies not familiar with CLV, a cost ratio technique (cost of claim by total
premium) could be applied (Smi¢hal., 2000).The main implication, Smitat al (2000)

noted, is the willingness of the cpamy to use data mining tooksor the company this
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would provide another useful tool in their armoury, but without knowledge and an

acceptance for data mining, thesay well turn away from the idea.

6.2.5CRM measurement

As with all projects, the result of the CRM needs to be meassiade without
appropriate measurement, it would be diffictdt judge the benefits of CRMIhe
company would need to look into th&uture applications, instead of their infrastructure,

to monitor their results (Goodhe¢ al, 2002).If the company was to focus solely on the
infrastructure, the benefits of the CRM may be overlooked when considering customer
retention and recommendiew acquisitions from satisfied customers informing their
friends.

A company cannot judge their own CRM success by compagainst different
industries Within insurance, car insurance cannot even be compared against other types
of insurance, as whermmmpared against other insurance types the retention rates tend to
be more negater (Verhoef and Donkers, 2009)his scenario enables the company to
produce a less complicated analysis as they should just need to concentrate on their own
customers, insteanf other industry standards.

When a CRM strategy has been implemented, the company should not expect an
unreaistic turnaround of retentiolNo company can satistyie needs of all customers
and uWFXVWRPHUV ZKR DUH ZRUWK PRUM GVRHFWR P S HWALKNA
1996 p. 6). If the company sets an unrealistic retention rate, this could lead to the CRM
project being classified a failurelime scales must also be considered, especially if
statistical models havbeen used to develop CLV. Tlwempany would need to ask
WKHPVHOYHYV pGRHV FXVWRPHU OLIHWLPH YBt@XH« WX
2004 p.84). This demonstrates that a lotgrm strategy needs to be considered when
considering CLV to ensure that the models perform effigrentl

As well as customer performance, company performance needs to be considered.
Although company performance may not be so easily measurable, Doyle (1989, pp.78)
QRWHV LW LV pQRW ZKDW IVKMHWS W R & XFAO&sempanyl Q@ WK XI
does not perform adequately, then they should notatxgostomer value to increase. This
performance is expected to be enhanced by effective customer marketing and service

strategies which insights from statistical analyses in this chapter support.
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6.3 Theoretical background on regression models and decision trees

The section describes the different modelling and data mining tools used for customer
value and retentionDifferent methods were used so that a comparison could be

conducted to discover the mgreedictive model in this research.

6.3.1 Statistical mdels

General linearregressionand quantile moded

General linearegressiormodels (GLM) ar&eommon tools used in statistics in which it
is aimed to predict the relationship between a dependeableY and a set of predictor
variables X as specified in equatiér below. In this equation, the betas are parameters
which measure the individual effects of eachiatiable when other variables are assumed
constant and is an eror term which is assumed to have a normal distribution with
constant variance across different values of the X's. Hdme&ItM pesumes a normal
distributionwhere the mean medium and mode are the same, and the dependent variable
Y as well as most X'sra assumed to be continuous variablés example of Y is
Customer Value. General linear Models (GLM) haeen used to predict CLi¥/erhoef

and Donkers, 2001

< 0o X1 22X pPXp O (6.1)

In circumstances whethe distribution is not normal, then an alternatiedel
should be considered, eguantile regressiorKoenker and Bassett (1978)Ruantile
regression is a type of regression as@lybut instead of using the mean, the median (or
other quantiles if requiredis used. Due to CLV not always containing a normal
distribution, Benoit and Poel (2009) usedaqtile regression for their research into
predicting CLV.

Customeretention

Unlike customer value, which has a continuous target, customer retenaohbinary

targetor dependent variablerhich depictsvhether the customeemewed their insurance

or not.For this eason a logistic model was used such that if the logistic megehdent

variable is denoted by Y and the vector of predictor variables by X, what is regressed is
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the oddsratio of probability to renew or be retained P to the probability not to renew

given by p/(1p) so that the logistic regression equations are diyen

@i, 61.a.6@iyay;

LL

(6.2)

5> @gl, 61.a.6®I1pay;

Where ,, 4is anintercept, arethe coefficiens of the predictowvariables

are observedlalues of the predictor variables X.

Data mining

Two data mining techiqgues were involved in predictingustomer value and customer
retention:

X Neuralnetworks

x Decision trees

Data mining is an interdisciplinary field that brings together techniques from machine
learning, pattern recognition, statistics, databases and visualization to address the issue

of information extraction from large databases.
(Franceet al., 2002)

Neural networks are data mining tedhat workby training a networlof neurondinked

by connections to learn rules.

Figure 6.1: Diagram of a neural network
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(Rygielskiet al. 20®@)
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The most commonly used neural network is the niayter perceptron (MLP), which can
be trained using the bagkopagation learning rule (Haat al, 2011).Neural network
have been used in different scenarios with large datasets, including@@EW et al.,
2001).

Some of the key concepts which determine a Neural Network (NN) are nodes,
interconnections and architecture. A node is connection point which links input variables
X's to other variables and ultimately the dependent variable Y. Theymeseated by
the first, second and third columns of circles above. The complete design of a NN as
shown in the above example is referred to as its architecture. A gpengeptron NN is
a connection of one column of nodes X's whereby each connectiomiesghé that can
be varied as the NN uses information from an input dataset X to obtain desired values of
Y. The multilayer perceptron includes the main input layer in the first column of nodes
and a number of hidden or middle layers similar to the secohdnn in the above
example, which relate each variable to other variables within the set, and are such that the
layers nearer to the final output layer are lumppdvariables, similar to principal
component bundles of factors which account for most efvériation in the outcome
variable Y. The output layer is typically a single node that captures the dependency of Y
on the predictor variables. given these structures, the output Y is expressed as weighted

sums of the X's as follows, respectively, foirae and a multilayer NN

and

where are weights for the middlievel node connection from inputo contributing

nodeg. NNs generally use bagiropagation to learn the true values ofweeghts which
produce the yalues to a reasonable degree of accuracy from the input dataset (X, Y).
Back-propagation consists of calculating model estimation errors backwards from the

outcome layer and continually adjusting the weights at each layat baghe equation

where d is the desired outcome Y, y is the estimated outcome;¥) #s(the error, is

the new or updated weighting, is the previous weighting, X = x is the vector of

predictor variables going into the NN model ands a learningrate parameter which is
in the interval In effect, the NN continually processes the data modelling

algorithm at each interconnection by refining the ghings in order to minimize the
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errors to a negligible level when the learning process ends. This way, NNs aveid over
learning from the given data and approximate th¢ ielationship closely.

As well as neural networks, dsion trees will also be usedl.decision tree isr@other
data mining technique wheeach branch node represents a choice between a number of
alternatives, and each leaf node represents a classificataectigion Three different

decision tree techniques were used

f Chi-square CHAID(Chi-square Automatic Interaction Detectjon
f Gini Reduction CART (Classification And Regression Trees)
f Entropy reduction C5.0 algorithm

CHAID is one of the oldest tree classification methods,imaity proposed by Kass
(1980). CHAID can build trees #h two more branches, based on a simple algorithm,
where WSSs the total sum of squares after the st TSS is the total sum of squares

before the split.

955L AV AU F 8:° (6.3)
655 Avg A iUF  ° (6.4)

where &, is the mean value ofjyn node j, for g groupand is the overall mean.

Thetest or splittingcriteria are the walue of the F statistic for éhdifference in mean

values between the g nodes generated by the split:

»11 :U?5;

( L pii :4?y; (65)

where BSS=WSSSS

CART (lassification and Regression Trees)
Another popular decision tree technique is CARfich wasdeveloped byBreiman,et
al. (1984).CART uses Gini impurity, which measures how often a randomly chosen

componentvould be labelled incorrectlilCART then applies a goodness of split criteria,
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at each split point and then evaluates the decrease in impurityo(ieteiy) caused by

the split.At each given node, the probability distributions are:

(6.6)

Where R is the proportion of the Kleaf and Rk is the proportion of observations in the
category | (of the dependent variable) in leaf K

Entropy reducton - C5.0

The C5.0 models works by splitting the dataset based on which field provides the
maximum information gain, the difference in the entropy of a hode a&nentinopy after

a node splitsThe split criteria for thesés a masure of Entropy or gairatio.

Entropy at a given node t:

'JPNKIEBW FAJL:FPZ % FP (6.7)

Where p(j|t) is the frequency of class j at node t

Information gain:

)#+ask " IPNKILLF (AR ® JP NKIEY (6.8)
Xb 4o As
5L HE P A0 FlARg H ke (6.9)

Where parent node P with n records is split into k partitiofhgs the number of records
in partition node |.

The ) # + {k z Ameasure the reduction in entropy achieved due to the split.

A°Aguxon

):E4]#6+ag'égb‘?léﬁtﬁgg:¢;é

(6.10)
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6.4 Measurement and data

6.4.1 Data description

The data used comes from an established UK car insurance company hinesny
May 2010 (inclusive)The data set contained 1898 rows of data from policies that
were due ér renewal.Customers that had cancelled their insurancetent were nb
considered in this analysisThe data provided from the insurance contained the
explanatory variables in Table 6.1 below.

Smith et al (2000) used the premium difference between thewal premium and
old premiumThis is not available for targeting customers4taddn, but a customer value
metric can be calculated.

As price comparison sites are a new phenomenon, a graph will be praduced
measure the impact of thearketing communication (media sourag) renewal rates.
Apart from online and aggregators (which are computer generated), the media source is
recorded by the company when the customer answers a specific quizstran their
quote processi.gi+RZ GLG \RX KHDU RI WKH FRPSDQ\"Y 7KH PIL

are as follows:

Table 6.1: Explanatoryariables

Variable Category

Age group <=23, 2428, 2932, 3337, 3846, 47+

Allowed to contact policy holder| Yes or No

Car age 1-2, 35,69, 10 +

Car colour Blue, black, brown, green, grey, pink, red, silver, white,
yellow, other

Claimed on insurance Yes or No

Gender Male, Female, other

Married Single, married, cohabiting

Marketing cost ..TV FRQWLQXRXYV

Marketing Source TV, Directory, Print, radio, win back, door drop, aggregator
online, personal referral

No Claims Bonus (years) 1, 23, 45, 68, 910, 11+

No Claims Bonus Protected Protected or No
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Number of drivers 1, 2, 3 and 4+

Pay method Direct Debit, Credit CardniFull
Renewal year 1,2,34+
Social grouping 1-wealthy, 2prosperity, 3comfortably off, 4moderate meansg

5-Hard pressed,-6ther

Total claims costs ,Q ...V FRQWLQXRXV

Total premium ,Q ...V FRQWLQXRXV

Type of insurance cover Comprehensive / Thirgarty fire and theft/ third party only
UK region East Anglia, East Midlands, Greater London, N Ireland, Ng

North West, Other, Scotland, South West, Wales, West
Midlands, Yorkshire & Humber, Other Southeast

Value ,Q ...V FR@jwatian ¥ RIY V
Vehicle group 1-4, 56, 7-12, 1320, 21+

Table6.2 Marketingsource

Media source Description

AGGREGATOR Price comparison site
DIRECTORIES Telephone Directory

ONLINE Web based search and banner ads
OUTDOR Ambient (e.g. Poster, back of bus)
PRESS & MAGS Newspapers and magazines
RADIO Radio

REFERRAL Recommendations from a friend/family
TV Television advertising

UNKNOWN Unknown

WIN BACK Ex-customers who have returned

These choices gives some insight into customer channel behaviour, as online and
aggregator are internet based channels, with aggregator being the intermediary, and the

other sources representing a mixturendéinet and telephone channels.

6.4.2 Targeting valuable customers

The segmentation strategy will apply two different scenar®RBM and a three
dimensional strategy based on actuduea CLV and predicted renewalhe RFM
VWUDWHJ\ ZLOO QHHG WR EH DPHQGHG DV pu5T ZLOO QF
an annual contract.

The CLV strategy would & extending Verhoef and Dkers (2001)s two-
dimensional approach of customer segmentation (potential and customer value) to include
predictive retention rate (Kirat al, 2006;Hwanget al, 2004 and Guelmaet al, 2012).

Using predictive figures as well as actual figures pravidgoweiul tool in customer
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analysis.Predictive statistics figures are never 100% accurate, so using actual customer
value would highlight custonne that have a negative equifhhis analysis will use a
mixture of data mining and statistical technigteegredict the probability of the customer
retaining their car insurance policy as well as calculatiegy customer lifetime value.

This information will enable policy decision analysis and help marketers with their

customer targeting.
Customer value

Crossselling products is not an option for the company, as they focus on car insurance
only, whereas ancillaries purchased are not considered important enough by the company
for the value metric to be used.

To calculate the value of a customer within asunance companylaim costs as

well as marketing costs neaalbe considered. Claim costs can be calculated as:

?H:EICBKPEH 6KP=H 2=UIA P4A?KRANU(611)
?KO&’OZZE@4A?KRA NAOANRAAARA '

Total paid refers to any outgoings incurred from the policyholder, eiteugh an
accident or a car being stolen. The total recovered would be the amount recovered from
WKH FODLP W\SLFDOO\ IURP WKH W KliHe Garaézidem\iag LQV
QRW WKH SROL F\KdaGasudit\beeD seldblen payment and recovery
reserves will have vaés that need to be consider&daff employed by the insurance
company initially calculate the claim pay out reserveslaecovey reservesWith the

claims costs considered, customer value will be calculated as:

%QOPKIANKP=H #?MQEOEPE)=E| 4APAJPF8é[J
8=HQAK 2NAIEOI=NGAPEKGCP 0 KOP NG APEKCFSO

Total premium will be the total premium gathereécquisition marketing costs are
calculated on a direct basis, depending on the media choicestmenen quoted when
purchasingClaim costs will be the total cost of the claiery(ation6.11). Retention
marketing costs covemy marketing costs associated with¢hebmer to maintain their
custom.The value metric can be applied to each individual customer, which can be used
to predict customer lifetime valués retention marketing has not been implemented,

these costs would be £0.
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Variable selection foralue model

To determine which variables should be used to predict customer value from.1able
tests were carried out-tEsts are significance tests used to determine whether the variable

contributes to the accuracy of the model.

AquaEsr B

(L W (6.13)

Where %is the sample mean in th&' group, « 4is the number of observation¥s the
overall mean, k denotes the number of grouggs the tin the ¢ fout of K groups and

N is the overall sample siz€he final variables were applied to all of the value variables

in Table6.1to obtain the list of significant variables in Tabl8 below.

Winsorisation
As well as different statistical technigg thisstudywill also consider Winsorization.
Winsorization is a robust regression technique designed twotdhe influence of
outliers. Values greater than the ©%ercentile are set equal to the™9gercentile,
therefore the top 2% become £3908lahe bottom 2% becom&2239. The 98"
percentile was chosen as this made commercial sense to remove any extreme negative
values, while using as much actual data as possible.
For the validation testshe data was split into two (using a simple randeohnique),
70% for training and 30% for validation. The explanatory variables were then used for
general linear regression, CHAnalysis and neural network3ue to there not being
an option to use different decision tree techniques for a continamet variable, both
neural networks and decision trees will use the default settings. Decision trees will use
FFWHVW ZLWK D VLJQLILFDQFH OHYHO ZKHUHDYV IRU
perceptromwith no direct connections and the hiddehnthU LY GDWD GHSHQGHQV
p.67).

Comparing their statistical errors and residuals, the most predictive technique will be

found to predict customer value. Statistical errors are the amount the observed error
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differs from its expected value, whesdhie residuals are tldeviations of the dependent

variable observations from the fitted function.

Value performance metrics

Quantile regression uses the median, so using the mean absolute error (MAE) and root
mean square error (RMSE) statistics to suea model performance, as used by Verhoef

et al (2007) and Leeflang (2000), ot feasible in this instanc&herefore to measure

the accuracy of the predictive value against the actual value, tmatéitriterion
proposed by Donkers (2007) will bead.

The hit rate criterion categorizes all of the customers, based upon their actual value,
into four equal segmesmtwith decreasing level valu€hese segments are then used to
compute the percentage of predicted valudichfall into the same categos their
actual value (top quarter = £1373 +, second quarter £1372 to £665, third £664 to £322

and bottom quarter = £321 and less)

Retention analysis

Data specification

To predict the probability of a customer renewing their insurance with the contipaeey,
data mining tools were used: neural networks, decise®s and logistic regressiois
value was one of the explanatory variables for retention, there would be cause for outliers
affecting its distribution (e.g. customers haymnclaim for over £00,000).To reduce the
influence of outliers a 2% Winsorizah was applied, as before ixalues greater than
the 98th percentile are set equal to the 98th perceriilie data was split into two, 70%
for development and 30% for validatiorhis meanshat 70% of the data will be used to
build the model, with 30% of the data to test for stability.

To test for stability and accuracy for the different data mining techniques the root
average squared err@x$E) will be used. The root ASE represents tlaedard deviation
of the differences between the predicted and observed values.

AKK#S' L 35%‘%"%2“@“"'9@' (6.14)

whereXopsiS observed values anGhodeiaremodelled values
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Retention model variable selection

The next stage involved using a variable selection node to pick owribbles that have
a significant impact on whether a customer renews or not (Ebjewhich entailed

using chisquare (equatiof.5).

Modelling techniques

For the data mining exploration of the daaa off the shelf application was us&AS
Enterprse Miner to ensurehe application oheural network and decision treson the

data set The data mining techniques will be usedomgare against logistic regression

For neural networks multilayer perceptron (MLP) will be used. MLP is a feedvard
artificial neural network, which consists of multiple layers of nodes, each one connected
to the next.Theresearch will usé¢hree different neural network techniquesvenberg
Marquardt;Conjugate gradienand QuasNewton) So that the most pradive decision

tree technique is used for comparison with neural networkfogisdic regression, three
decision tree techniques will be compared against each @er:Entropy and, Chi
square. These different decision tree techniquese comparedvith each other,
respectively.Lift charts were produced to discover which decision tree and neural
network technique produced the strongest discriminatory power between those who
renewed and those who did not. Finally, the explanatory variables choserthizom
variable selection process were used for logistic regression, decision tree analysis and

neural networks, based on the likelihood of a customer renewing their car insurance

policy.



6.5Results

6.5.1 Renewal rates by mediaannel

Figure 6.2 Retention rates bynarketing communication across various channels

FromFigure 6.2 customers gathered via aggregator sites during their first renewal cycle
(rnyear 0), are less likely to renew than those gathered through other acquisition channels
(excluding radio). This trend does not carry on in subsequent years as the aggregator
channel performs more favourably compared to the other acquisition channels. This
differs from Verhoef and Donkers' (2005) research, which found that the effects do not

carry on over a number of years.
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6.5.2 Customer value results

Figure 6.3 Customer lifetime value distribution

Figure 6.3hows that CLV does not exhilaiperfect normal distributioithe distribution
tends to be positively skewed, so the linearesgion model and the quantile regression
model should produce different statistical modddescriptive statistics of actual
customer value are displayed in table 6.4.

From figure 6.3, there is a peak at between the £200 and £300 value mark. This peak
caQ EH DWWULEXWHG WR WKH FRPSDQ\TVY DYHUDJH YDO
people have most probably not claimed, so have generated a positive value for the
company. For this peak to move to a higher positive figure, more customers will need to
renew.

The median customer value on the full populatior681f whereas the mean is £790.
When applying Winsorization, using the lower and upper 2£2239 and £3903), the
median stays the same, £661, but the melaanges to £907The change in mean
denonstrates that outliers on the negative side affect the mean more than those on the

positive side. This confirms the view in sect®f regarding high value claim costs.



Variables used for the neural networks, GLM and quantilemodels

For the value moal, each variable from tab&1, Ftest criteria was used.

Table6.3: Variables used fovaluemodels

Variable DF Type lll SS | Mean Square | FValue | Pr>F
Age group 5| 4769857792 953971558 | 33.94 | <.0001
Car age 3| 1281991382 427330461 15.2 | <.0001
Claimed orinsurance 1 | 83074922897 | 83074922897 | 2955.55 | <.0001
Type of insurance cover 2| 297159141 148579571 5.29 | 0.0051
Married 3 356830564 118943521 4.23 | 0.0053
Marketing Source 10 | 733522463 73352246 2.61 | 0.0036
No Claims Bonus 5| 4190869720 838173944 | 29.82 | <.0001
No Claims Bonus Protectd 1| 175404478 175404478 6.24 | 0.0125
Number of drivers 4| 712576459 178144115 6.34 | <.0001
Pay method 2 | 1187998704 593999352 | 21.13 | <.0001
UK region 12 | 2880284164 240023680 8.54 | <.0001
Renewal year 3 | 47172816759 | 15724272253 | 559.42 | <.0001
Gender 1| 484498819 484498819 17.24 | <.0001
Vehicle group 4 | 3386789271 846697318 | 30.12 | <.0001

With the variables created the quantile modgifendix6.1), the GLM @ppendix6.2)
and the Winsorisd GLM (Appendix6.3) were created.
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Figure 6.4: Distribution of the predicted customer value

Due to lack of variance in decision trees, the plot for these readings had to be omitted.

Table 6.4: Descriptive statistics of modelled value

Value mean | Std. dev.| max min skewness kurtosis
Actual £78 | £2595 £11,683| -£178,427| -26.7 1431.3
GLM £786 | £1059 £3,576 | -£2,614 | -0.36 0.164
Quantile £894 | £664 £3,120 | -£549 0.56 -0.80
Neural £867 | £784 £4,110 | -£1,794 | 0.67 0.39
Tree £912 | £727 £2,100 | -£437 0.41 -0.62
Actual (win) | £908 | £1047 £3,903 | -£2239 0.377 1.99
GLM (win) £909 | £807 £3,388 | -£1,296 | 0.30 -0.54
Quantile (win)| £894 | £664 £3,120 | -£549 0.56 -0.80
Neural (win) | £910 | £817 £4,575 | -£562 0.82 0.07
Tree (win) £913 | £742 £2,097 | -£480 0.34 -0.69

From Table 6.4, it cabe observed hovthe extreme values @faims costs attributed to
the company and thaach differentechnique has a different mealthen considering
actual value, it can easily be observed.

From Figure 6.4, neural networks exhibét high number of observations at £1500,
which may contributé¢o the predictive accuracy model. This peak is removed when
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neural networks is applied to thginsolised dataset. Also demonstrated in the above
chart is the effect of applying different statistical techniquegvinsoised and non

Winsolised data sets.

x GLM model on th&Vinsoilised data set tesdo follow the actual customer population
than the nofwinsorised GLM

X Winsorization has no affect when building a quantile model anghgdadconfirms
this

x For neual networksWinsorisation provides a more staldistribution and removes
the peak at £1500

Figure 6.5: Comparison of decision trees

The lack of values from the decision trees does limit its overall predictive power.
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Figure 6.6: Decision tree analysis of value
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Decision trees usthe most powerful explanatory variable that will predict the target
variable, in this case customer value, to créat@itial branch. From thealue decision

tree (Fgure 6.6), it can be shown that renewal year is a very strong predictor for value,
which is expected as the longer the customer stays with the company, the more valuable
they are. Also as expected, claim is the second strongest predictor, as customer value
would be decreased if tmempany had to pay money oktom the decision tree (figa

6.6) it can be shown that customers that have stayed with the company for 3 or more years
and have made an insurance claim, on average, are still worth more than people who have
been with the company for less time regardless of whéikgrhave made@aim or not.

This demonstrates a relationship between customer retention and customer value within

the car insurance industry

Hit rate results

Figure 6.7: Overall hit rate
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Table6.5: Hit rate results

Segment [Segmen [Segment (Segment4 (Overall
Model (E1373+) |(£664£1373)(£321:£664)(under £321)Hit Rate
Neural networks 79.0% 54.4% 35.7% 85.0% 63.5%
GLM 79.2% 42.4% 25.9% 76.4% 55.9%
Quantile 77.7% 57.6% 43.6% 79.8% 64.7%
Decision tree 63.8% 52.8% 45.6% 24.6% 46.7%
Neural netwoks (Win] 79.2% 50.8% 37.4% 85.6% 63.2
GLM (Win) 81.3% 52.0% 32.1% 78.5% 60.9%
Quantile (Win) 77.7% 57.6% 43.6% 79.8% 64.7%
Decision tree (Win) 79.3% 33.9% 45.6% 26.5% 46.3%

The hit rate criterion categorizes all of the customers, based upon thainedte, into
four equal segmestwith decreasing level valu@hese segments are then used to
compute the percentage of predicted valudichfall into the same category as their
actual valuee.g. for neural networks in the first segment, 79% of thbdsgpredicted
values belong in the top segmehRigure 6.7 and table6.4 both confirm that quantile
regression performs the strongesterall,when calculating CLV, which corresponds to
the research condtsxl by Benoit and Poel (2009).

From tables.5, it can be shown that the model loses most of its power ithittte
segment for all models. The differences can be partially explained by how each model
treats its target variable, the mean for GLM and decision trees and the median for the
guantile regressivandthe different techniques applied, especially for neural networks
ZKLFK XVHVERB [ fi ELDIFAN® Qdfionstrated is the fact that Winsorized data
models perform better at the extremes wlwemsidering hit rate analysiginally,
Winsorized datanly seems to improve the general linear model when considering the
overal effectiveness of the modelBhe top segment tends to differ fravtalthouse and
Blattberg (2005), who found that out of the top 20% of the customers 55% would be

misclassified.
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6.5.3 Customeretention

Decision tree results for retention

Three different decision tree techniques (Gini, Entropy ands@are) were tested to

find which provided the most powerful predictive technique.

Table6.6: Decision trees standard errors

Tree Root ASE Test Root ASE | Misclassification| Leaves
Rate

Gini 0.4404 0.4413 0.2667 5

Entropy 0.4390 0.4398 0.2667 7

Chi square | 0.4404 0.4413 0.2669 4

Figure 6.8: Comparison of the three different decision tree models for customer retention

analysis

FromFigure6.8, all three different decision tree techniques outperform random sampling
(baseline). Both the Gini method and the Chi square methods produce the same plot, so
chi-square is hidden behind the Gini plot. By targeting the top 30% cldtamerswe

would expect

x 80% renewal rate for Entropy method

X 76.7 % for Chisquare and Gini

x 73.3% Baseline (not targeting)
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From the above statisticand using table 6.@8he Entropy method is to be applied for
comparison against neural networks and logistigressioras it has the highest 30%
targeting figure and lowest root ASEAIso, from table 6.6 it can be observed that the

root ASE and the test ASE are similar, which shows stability between the build data set

and the validation data set (test).

Logistic regression model esults

Using chisquare, the explanatory variables (from table 6.1) were reduced into the ones

that were most predictive.

Table 67: Variables used foratention

Variable Degrees of] Wald Chi- | Pr > ChiSq
freedom square
Age group 5 160.177 <.0001
Car age 3 491.2033 <.0001
Claimed on insurance 1 382.426 <.0001
Social grouping 18 859.9115 <.0001
Marketing Source 10 148.835 <.0001
No Claims Bonus 5 352.0623 <.0001
No Claims Bonus protected 1 24.9487 <.0001
Number of drivers 4 244.1347 <.0001
Allowed to contact policy holder 1 415.6187 <.0001
Pay method 2 143.4986 <.0001
UK region 12 702.3182 <.0001
Renewal year 3 799.0322 <.0001
Gender 1 372.2064 <.0001
Value 1 42.9459 <.0001
Vehicle group 4 38.5353 <.0001

With the explanatry variables chosem logistic model was created gpendix6.4).




Neural networks results for retention

Using the variables from table 6fhyeedifferentneural network methodsere used to

predict customer retention

X LevenbergMarquardt

x Conjugate gadient

X QuastNewton

The following statistics were produced:

Table6.8: Neural networks statistics

Network | Root ASE | Test root ASE | Misclassification Schwarz Bayesian
Rate Criterion
Levenburg| 0.44568 0.44735 0.26529 157878
Conjugate| 0.44593 0.44701 0.26548 158014
Quasi 0.44578 0.44730 0.26508 157931

Figure 6.9: Comparison of the three

retention analysis

different neural

network models for customer

FromFigure6.9, all three techniques outperform random (baseline), with the Levenberg

Marquardt outpedrming the Conjugate gradient and Quigsiwton techniquesFrom

table 6.8, the.evenbergMarquardttechnique also has the lowest root A&fnpared to

the other two techniquesAlso, from table 6.8, it can be shown the model is stable
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between the buildral validation data sets, root ASB.44568 and the test root ASE

(0.44735. LevenbergMarquardt will therefore be the technique used to compare decision
trees and logistic regression.

Comparison of neural network, decision trees and logistic regression

Figure 6.10: Non-cumulative profit

With a high retention rate for the base line, targeting tirpsovide improved results.

All three techniques perform better than random, with neural networks and logistic
regressionoutperforming decision tree8oth neural networks and logistic regression
perform well and demonstrate that targeting the top 50% percentile would give a better
performance than choosing a random sample.



Figure6.11: Comparison of neural network logistic regression andsien tree models

for customer retention analysis (nocomulative)

Table 6.9 Results of the three different techniques

Tool Root ASE | Test Root ASE
Neural Network | 664.776 671.601
Trees 746.709 751.497
Regression 656.614 665.936

Figures6.10and6.11demonstrate the comparative predictive powers of the different data
mining techniques. From the lift chafigure 6.11) above, all three techniques can
produce an improvement rather than just sampling a random set of customers (baseline).
By targetirg the top 20% percentile, the identification rate of people who are likely to

renew is as follows:

X Regression 23.15%
X Tree 21.76%
X Neural networks 23.22%

x Random (baseline) 20%

From figure 6.11 he further down the percentiles, the moustomerenewals eefound

until the 100% mark is reached. Locating customers likely to renew compared to
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customers less likely to renew will influence how a company treats their customers and
could help them market more favourable offers.

Table 6.9 shows that a generaher model has the lowest root ASE, thus
outperformingneural networks and decision trees, and would therefore be the best
predictive technique for valueFigure 6.11 alsshows that the decision tree performs
adequately, which as Donkers et al (2007, pp. QRWH pZLOO SURYLGH D
to practitioners who use relatively simple models'. Also, from table 6.9, the root ASE

and the test root ASE do not differ too much, whdelmonstratestability in the models.

Figure 612: Decisiontree analysi®f retention

From figure 6.14t can be shown that value is a very strong predictor for renewal.

From the decision tree we note that:

x Customers whose value is greater than £2,449.50 are more to renew than any other
group (82.7%).
x Customers whose vaus between £560.17 and £2499.49 are as likely to renew as

male drivers with one driver on the policy whose value is less than £560.17.

These customers are a slight improvement on picking out a random sample.
The customers least likely to renew are flEssavhose value is less than £560.17 and

male drivers whose value is less than £560.17, and with two or more drivers on their
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policy. In other words, the more money the company has made from the customer, the

more likely they are going to renew.

6.5.4 Qustomer ggmentation

Businesses are aware of the 80/20 rule, where 80% of profits are generated by the top
20% profitable customers and 80% of costs are produced by the top 20% of unprofitable
customers (Duboff, 1992). This awareness can lead to seggenth customers where
possible. Within the claims department, using actual customer value can highlight the
highly unprofitable customers.

The decision tree analysisigires 6.6 & 6.12 highlights the power oRFM
segmentationThe strongest predictiveariable for customer value (figur®.6) was
renewal yearand for retention (gure 6.12) was customer valuks frequency within
the insurance industry is on an annual basis, this leaves R (renewal year) and M (actual
customer value).

The second approhaises the actual value, the most accurate predictive value model

(quantile), and the strongest customer renewal model (neural networks).

Figure 6.13: Three dimensional segmentation plot

Key: - Value groups were split into deciles based ou@akach with the same number
of customers in each group, with group 1 being lowest value and group 10 the highest.

Predicted renewal is grouped into deciles, so 100 equdl(@¥%6 chance of renewing.
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From figure 6.13 it can be observed thiitoh the austomers have a high renewal
rate, with the customers in the highest predicted and actual value groups{i@)xhe
most likely to renewAlso it can be seeWWKDW DV WKH FXVWRPHUVY SUHC(
decrease, the less likethey will renew.Using actual value also demonstrates the
limitations of using just predicted value.

Figure 6.13 is able tprovidefurther insight into planning strategies. It can be used
so that those customers with a high probability to renew do not need to be a@bntacte
Another group not to contact would be those with a low actual value. A simple group to
target could be those with a midnge of likelihood to renew with a high predicted value

and an above than average actual value.

6.6 Summary and ®nclusion

The main purpose of this chapter is to increase the understanding of the effect of
aggregators within the UK car insurance isiiiy business model (objectivg. 2 The
different scenarios reposition the case company with regards to its future growth and
profitability.

Firstly, thischaptemwas created to fill in knowledge gaps within the UK car insurance
industry, within a price comparison site environment, reggrdetention strategies.
Within insurance, customer renewal strategies need to focus on renemingsk
customers, rather than all customers, which difldtsRP SHLFKHOG v JHQ
This chapterhighlighted that customers behave differently depending on where the
customers responded to marketing with price comparison sites to be cedsisi¢ust
another media typ€ustomers from aggregators tend to have a strong renewal rate, which
demonstrates that companies should implement or continue their customer renewal
strategy.

The stating point of any CRM projeawithin the car insurance indug, is to locate
which customers will generate the mpsbfit to the companyfigure 6.3demonstrates
that a low risk customer who renews their insurance, may not initially seem to be the most
profitable, but over time, may end up being very profitabigtie company.

As shown in fgure 6.6 customers that have been with the company three years or
more are more valuable than customers in their first year, even if the customers in the
threeplus years segment have claimddhis statistic should not begnored by the
FRPSDQ\ DQG WKXV KLJKOLJKWYV WKH LPSRUWDQFH RI
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two different segmentation techniques outlined hi¢rie possible to propose strategies

for enrancing customer profitabilityThe simplicity of using dasion trees to create an
amended RFM strategy (RM) provides a clear simple strategy for implementation when
dealing with the customers the company would most like to evolve into high value
customers.

CLV has been used on its own for customer segmentdtoweve as highlighted
by the hit rateanalysis there isosne uncertainty in the resuli/ith budget constraints in
place in most businesses, the ideal would be to create more focussed segments that
incorporate actual customer value and predicted reneatal for a more targeted
campaign.

Also, this chapteralso focussed on creating a segmentation based on actual customer
value with the modelling of customer predicted renewal rates customer potential
value. The chaptercompared different statistical ethods along with data mining to
produce the mosaccurate modelling techniqu&vith respect to predicting customer
value, quantile regression analysis appears to havedhtegt predictive capabilityhis
chapterused Winsorisation to remove the loaged distribution shape, and although this
technique does improve the models using the mean, the quantilessiegrestill
outperformed thes&or predicting renewal rates, neural networks outperformed decision
trees and logistic regression, albeit slight

One of the main uses of CLV is for segmentation purposes anchtpserbelieves
that just focussing on value neglects another key metric: whether someone is likely to
purchase from the company again. Considering this extra dimension will give the
decision maker more information for a better return of investment when focussing on
WKHLU UHQHZDO VWUDWHJ\ 7KLY H[WUD GLPHQVLRC
FRQWDFWLQJ FXVWRPHUV WKDW KDYH DQ RYHU FKI
andso possibly lead the company to focus on the people in the middle range.

Finally, this chaptersuggests that a combination of statistics and data mining are
appropriate depending on the strategy. For a emypsing an RFM technique, the
segmentation suggted from decision trees may be ideal. If a company would like to
score up all customers and have a more granular approach then neural networks would be
used for predicting customer renewal rate, with quantile regredsiompredicting
customer valuelf the marketing team is willing to use data mining and statistical
technigues, then a more granular strategy could be implemented. If a customer has a high
potential value, then that customer could be involved in a customer retention strategy of

a deal vith a free ancillary product.
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The simplicity of the RM model is based on statistical analysis, which may give some

comfort to managers proposiagtrategy.

Implications of the results for car insurance modelling

The above results inform the developmenanofintegrated Business Reermediation

Model (IBRM) for car insurance as shown in Figérg&4 below where the rectangular
boxes denote the insights from the results in Chapter 5 and the elliptical boxes denote

those from this chapter.
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Figure 6.14: Deeloping the IBRM (part 2)

Aggregator retention rate
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6.7 Limitations and Further Research directions

This study hasimitations that future studies could focus on. Firstly, the results of this
study are focussed on the UK car insurance, so other industries have not been accounted
IR U 6HFRQGO\ WKHUH KDYH EHHQ PLQLPDOoOGLVFXYV
renewal vith the companyThis information could provide valuable insight and enhance

the models which futureesearch may attempt to incorporate into their strategy. Finally,

with price comparison sites still new, their full impact on CLV and retention modédts cou

not be fully explored. Further research could study whether customers who come through
aggregators can be treated with the same retention program as customers who approach
directly, or whether a different strategy would be more appropriate.



Chapter 7: Car insurance marketing in the price comparison

environment

7.1. Introduction

Financial price comparisons sites (aggregators) have changed the UKswamae
industry dramaticallyWWhether a car insurance company decides to joirggregator or

not, their marketing strategy hasadapt to this new environmeithis chapter reviews
different marketing techniques, to develop a new marketing framewotkdddK car
insurance industryAn application within the car insurance industoyd that personal
referrals affect aggregator acquisition rates, whereas web marketing and DM marketing
mainly affect direct acquisitiond he research also notes that ambient marketing affects
aggregatas and direct channel acquisitions a®lwas custorar renewal ratesThe
discoveries have strong implications for the UK car insurance industry by way of
focussing their marketing strategies by using the framework proposed.

Marketing provides a pivotal role in business, and the arrival of aggregators has
meant strategic marketing is more prevalent than éggregators have made it easier
for customers to compare numerous car insurance companies by using one internet site,
instead of contacting different companies directly. Marketing is important aseitogev
D FRPSDQ\fV EUDQG HTXLW\ WKH YDOXH RI WKH EUDQ!
marketing communication effectiveness, thus promoting further growth opportunities
(Huang and Sarigollt, 20)L.2Within the internet environment (online) the coby@ \ 1V
website presents the first contact between the customer and the insurance company, the
MFXVWRPHU H[S HalaHXMN fut abor&g@ors have the ability to remove
this experience as they become the first point of contact.

Changes to distoution channels have been researched but tend to focus on
companies utilising the internet for customers to contact them directly (Huang and
Swaminathan, 2009; Pfiet al, 2007; Wolk and Skiera, 2009) as well as the impact of
insurance companies using darect channel on a brick and mortar intermediary
(Bouwmanet al, 2005; Hoyet al, 2006; Pfeilet al, (2008). This research explores how
companies should expect aggregators to affect the channel choice and pricing strategies.
Price comparison sites gisly the price a customer would get if they contacted the
insurance company directly, so the price strategy of contacting the company directly
would need considering. Within the UK, car insurance customers on the internet mainly

have a choice of two aversi® get a quote, either via the company directly or through a
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price comparison site (as long as the company is displayed on a price comparison site).
The main selling point of price comparison sites is that they can produce many quotes as
quickly as a cusmer going to one company directly. If a customer chooses the price
comparison site route and the insurance company is absent, then the company will lose
out, but if they are present on an aggregator this could lead to cannibalisation.

There is extense research regarding marketing a company online and the effect of
price comparison sites, but these price comparison sites tend to be restricted to household
goods (Papatla and Liu, 2009: Waldfogale and Chen, 2006). Financial price comparison
sites are me complex, as they require the customer to input a lot of information about
themselves, sometimes personal, so that an appropriate insurance quote is géherated.
literature for price comparison sites within the UK insurance industry is sparse. The
resarch located by this researcher nd@ebertshaw (2011), who investigated customer
profitability for general insurance. Also, McDonald and Wren (2009) implemented a
manual search of contacting insurance companies directly on the internet, instead of using
D SULFH FRPSDULVRQ VLWH WR ILQG WKDW SUheFH FKD
absence of such research within the UK car insurance market is the basis of this present
study.

This study principaly aims to create a marketing model for the adoptof
aggregators within the UK car insurance. This model is achieved by reviewing previous
literature regarding price comparison sites, across different industries and marketing
strategies, and performing key customer modelling analyses based on ifisightse
literature.

The outcomes of the research will produce a deeper understdadihg UK car
insurancecompanythat will benefit future research, senior strategic marketing managers
andpossiblyother industries considering adopting aggregatopsief their distribution
channel.

The remainder of thistudyis organised as follows. Section 7.2 reviews the general
literature on the key marketing tools available for customer retention. Section 7.3
discusses the statistical models used in thisystbelction 7.4 describes the data used and
the methodology for this study. Section 7.5 presents the empirical analysis with the

marketing framework. Section 7.6 summarises the main results and concludes the study.
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7.2Reviewof key concepts

7.21 Distribution Channels and price comparison sites

The arrival of financial price comparison sites (aggregators) has changed the way UK
insurance companies conduct their business. The UK car insurance market has had to
adapt and change its marketing, so that conegaappear more relevant for their
customers contacting them directly and indirectly via aggregators. Aggregators reduce
search costs for the customer and allows comparison of car insurance prices easier. If a
company chooses not to join an aggregatuos, decision would make it harder for the
customer to compare prices, due to the increased search costs, so the company can still
discriminate their prices (Ellison and Ellison, 200®ven if a company decides not to
join a price comparison site, this wuld still affect their marketing, as they would need to
stop customers comparing their prices, as this could potentially lead to a loss in sales, if
a cheaper price was found with another brand.

When a company concentrates its marketing into one contuheh this means the
focus is on the product. This focus can be strengthened, as the company is not altering its
message to appease different channels simultaneously (e.g. in the UK Direct Line
insurance will keep on using a direct method only route)s $triategy can also make
FRPSDQLHV pFRQFHQWUDWH RQ WKH FKHDSHVW FKDQ
Easingwood, 2008, p.38). This may be beneficial to the company, but unless there is an
available budget to get their voice heard over all the alistnibution channels this may
lead to the company becoming smaller. Paradoxically, then, a company with a strong
marketing message may suffer financially if it is unwilling to extend its message to
encompass different channels.

The arrival of aggregatodoes not necessarily mean that the car insurance company
should neglect its traditional marketing strategies. Customers continue to contact the car
LQVXUDQFH FRPSDQ\ GLUHFWO\ VR D VWUddvies\ QHH!
marketing activity a RVV LQGLYLGXDO FXVWRPHUV FKDQQHC
(David Sheppard associates, 1999, p.71) The car insurance company needs to be aware
that customers are used to using modédia platforms, which will enable the customer
to contact the company mumerous ways, e.g. phone, mobile phone, internet, internet on
mobile phone, aggregator. The marketing department has to be aware that a customer
viewing an advert on a bus can quite easily contact the company, as easily as a customer
at home reading a rgazine or watching television, so all avenues of contact need to be
considered.
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Price comparisons sites like to retain the companies on an exclusive basis; that is, that
W\SH RI FDU LQVXUDQFH FRPSDQ\ LV RQO\ DYDa&ODEOH
intermediaries do not like their suppliers to engage in MIKDQQHO GLVWULEXW|
and Easingwood, 2008, p.38), especially if the companies adopt a different pricing
structure for each individual intermediary. The more exclusive companies an
intermediary possesses, the better placing it has in the market. On the other hand the main
consequence of using a single channel for the insurance company is that they are limiting
their distribution. By using various distribution channels, including aggoes, a
company can use the advertising of the aggregator to promote its own product and make

contact with potential customers that they normally would not reach

7.2.2Car insurance strategies within the UK

Different car insurance companies will appifferent benefits, or remove certain benefits
asFXVWRPHUV PpEDODQFH WKH EHQHILWYV Rét®, K885 X U FK|
p.56). In this instance the choice is with the customer to consider what benefits they would
appreciate the most, e.car breakdown cover, accidental cover and for what Gts.

effect of combining numerous products together is sometimes referred to as bundling.
Bundling numerous products together makes it more difficult for customers to compare
products between compasiand so become more profitable (Linde, 2009). Hence, it is

the insurance company that has to devise the recommended sffategpmpany needs

to consider what bundles should be most attractive to a particular type of customer and
with advances in the amagement of aggregator channels, a company should be able to
use price comparison sites to tailor different packages for the customer. In both scenarios,
both the company and the customer need to consider the relevance and appropriateness
of the product.

Aggregators can rank the product by price, or by benefits and this has led to greater
FRPSDULVRQ &RPSDQLHY EDVHG DW WKH pWRS HQGY
(Arbatskaya, 2007Haan and Morag&onzalez, 2011 For a company to appear at the
WRS RI DQ DJJUHJDWRU Etrsteldn iRepoSqualify goodthattanb Q
RITHUHG DW D Y Hlligon@riel EIiSdn,L206DY. This could leave the customer
with a very basic product #h does not meet their needs. Within a product ranking
environment the insurance company needsito HILQH WKH QHHGV RI XVHU
ZLWK WKH DSSURSULDWH SURGXFWTY /DIIH\ S
insurance company as if ¢camers wish to purchase car insurance with all the benefits,

151



then this will inevitably lead to a high price product which could be harder to locate if all
the low priced, basic aver policies are shown firstAggreators increase price
transparency, but logv distribution costs, so they can sometimes be seen as both a
blessing and a hindrance.

Without any additional benefits to a car insurance price, the price shown would just
be the price attached to the potential customer. As well as customer riskrbattrgate
WR SULFH OF'RQDOG DQG :UHQ DOVR IRXQG WKD
different insurance companies affects their price. This demonstrates that companies use
acquisition channels for their pricing behaviour (Brynjolfsson andtf5r8000). Car
insurance companies tend to advertise that if customers go to their company via their
website, they would make a saving and with comparison sites on the internet, this
behaviour should be expected. One of the main stipulations for aaneslwcompany to
be on an aggregator site is that the price should reflect the price of contacting the insurance
company directly, which could lead to an increase in prices to accommodate aggregator
payments.

When customers visit a price comparison siteythave a perceived cost of the
product. Prices within this bracket are deemed plausible, but prices outside this bracket,
including cheaper prices, could act as a deterrent (Alford and Engellhand 2000).
Customers have a budget and like to weigh up bsnefith the price. Different
customers want different benefits e.g. some customers may prefer to spend more money
on their car insurance if they are guaranteed that all their calls are UK based. This
demonstrates the importance of marketing and the gpessepanies need to convey.

When a customer needs to contact their insurance company, they need to know that
they are being dealt with by trained, professional and experienced staff so employee
selection/training and motivation is important. Deliveringadlent customer service
MUHODWHYVY WR DQG GHWHUPLQHV WKH OHYHOetRll, VDWL
2006, p. 78). When a customer contacts their car insurance company, it could be to report
an accident and make a claim. The claim procassbe quite a traumatic time for a
driver and having motivated trained staff delivering excellent service may ensure the
retention of the customer, even though their premiums may rise. In this instance, a good

customer service could also improve persoegdrrals.
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7.2.3 Social network sites

Aggregators belong on the internet, where customer reviews of a particular brand are
prevalent. Word of mouth (WOM) marketing has been shown to have a stronger effect
on acquisition, than just using traditionalarketing techniques (Trusov, 2009:
Degraffenreid, 2006 and Libat al, 2012). Traditional marketing, (print, outdoor, TV)

is still relevant but within an aggregator environment, insurance companies need to be
aware of the influence of social media sitdsaditional marketing can be used to give a
EUDQG LWV EUDQG HTXLW\ ZKLFK pUHSUHVHQWYV WKFH
FRQWULEXWHYV YROQKHY /HIWKHV8NHIQJ D FRPSDQ\YV E
alongside WOM, may generate more positigei@ws and can help limit any collateral
damage encompassed from negative reviews.

Social networking sites are a powerful way of spreading relevant information to
FXVWRPHUVY DQG SRWHQWLDO FXVWRPHUV W LV HDV
friendsRU FRPSDQLHV IURP WKHLU SDJH VR FRPSDQLHYV (
LV PHDQLQJIXO XVHIXO LQWHUHVWLQJ DQG KDV SHL
company should try to get their customers to share positive company messages with their
friends. When a customer recommends a product to a friend, these friends tend to convert
more efficiently (Degraffenreid, 2006: Truseval, 2009). This scenario indicates that
the car insurance company must keep its updates relevant and interestingwisthtey
convert extra customers that they may not potentially have reached before.

The effect of social network sites cannot be directly analysed, but personal
recommendations can be which gives rise to the following hypothesis:

H1: There is apositive relationship between worof-mouth (WOM) sales and the

aggregator conversion rate

7KLV K\SRWKHVLY ZLOO WHOO WKH FRPSDQ\ KRZ PXFK
acquisition rates. As previously noted, the UK car insurance industry is differethter
industries as it is a legal requirement. Each personal recommendation is a strong
marketing tool, which also gives the company a slight insight on how they are conducting
business. If the company is working positively for the customer, thealtioigenerates

positive feedback and vice versa.
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7.2.4 Advertising in an aggregator world

Aggregators can potentially give the insurance company extra customers, so if the
company joins an aggregator the markestigitegy needs to be amend®dthin the
PDUNHWLQJ GHSDUWPHQW pVHOOLQJ YLD LQWHUPHCG
directed at both the intermediaries and the enddB&PHUY +DUULYV Rl :
insurance company would prefer the customer to contact them directly instead of via a
aggregator, as this would save them costs, but with aggregator marketing budget greater
than the insurance company budget, the marketiagesly needs to be compromised.

The insurance company may have to demonstrate with its marketing that it is anpremi
SURGXFW DW D UHDVRQ@teR payddweridcds @ Ggahégaie\\bufiiot

all customersare b8 HU RI11Y 7 KR.B&).Vhis scenario would hopefully make

more customers contact the company directly, but if the customer does pwizhas
aggregator, they should expect a hgglality product.

Certain customers have particular shopping habits, where they continue to purchase
their goods in the same manner constantly. Marketing can be used to chaXgéW RPH U V
shopping habits or KHLU HQWUHQFKHG EX\LQJ EHKDYLRXU ZKlI
buying certain products through particular intermediaries and have an inbuilt inertia to
FKDQJHY etal(@Ud,@.531)The other side to this argument is to stop customers
going to agregators to change their insurance corgpAggregators need customers to
change their insurance eaclay¢o generate the most profilarketing techniques have
the potential to stop customers leaving their current insurance company and from using
aggre@tors to reviewheir renewal priced his scenario gives rise the next hypothesis,

again with the previous scenario recalled for easy follow through:

H1: There is apositive relationship between wordi-mouth (WOM) sales and the
aggregator conversiorate
H2: The more money spent on advertising, the more customers will contact the

company directly instead of going to an aggregator

As mentioned predominantly in chapters 2 and 4, marketing provides the customer
information of what service they shouldoect from the company and what they sell. For
every sale made via an aggregator, the car insurance has to pay them. If the insurance
company can stop customer using aggregators with their own marketing budget, this

should save the insurance company momsygregator advertising is not considered for
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this hypothesis, as it is reflects the factors that the UK car insurance company can

influence.

7.2.5 Internet advertising

Internet and search engine advertising is very important in this aggregator emritonm

$ FXVWRPHU ZKR VHDUFKHV IRU WKH FRPSDQ\ RQ D VHI
(natural search) demonstrates that the marketing is effective. To become prominent using
a generic term on a search engine, e.g. car insurance, the company hesnie be
prominent/top, where the competition is fierdééaén, and Morag&onzéalez, 2011).
Customers use search engines, as they can provide customers with direct access to the
products and information they require and so that firms can find their targete{Sti,

2012). This could potentially lead to brands spending a lot of money to appear first on a
search engine and neglecting other marketing techniques that would lead customers to
search for the actual brand instead and reduce costs. This impliefod¢hasing
advertising on one particular medium can be counterproductive and expensive.

As well as internet search, the internet contains banner ads, which directs the
customer to the website when the customer clicks on them. The issue with banner ads is
their lack of branding capability (Vries, 2012). Banner ads act as a portal between
websites, but they tend to lack content. Only if other marketing strategies have been used,
to give the brand recognition, can banner ads be truly effective. This doesaothat
banner ads cannot change their message. Any messages on banner ads need to be truthfu
as over two thirds of customers would not buy a product if they found the marketing
message to be untrue (Tapscott, 2009). This demonstrates the needctunistevat clear,
concise and truthful messages in all marketing communications. Any lapse in
professionalism could spread through other acquisition channels.

This section prompts another hypothesis to test whether own marketing practices
have moved customeraway from aggregators online as customers search for the
insurance company directlyhis gives rise tthe next hypothesis, again with the previous
scenarios recalled for easy follow through:

H1: There is apositive relationship between wordf-mouth (WDM) sales and the
aggregator conversion rate
H2: The more money spent on advertising, the more customers will contact the company

directly instead of going to an aggregator
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H3: An increase of internet marketing spend increases the likelihood of customers

choosing direct web channel instead of using an aggregator

As mentioned previously in this thesis, aggregators are web basaddat not function
off-line. This hypothesis tests that if the insurance company tries to compete with the
aggregators in #ir own environment, chine, this will this drive cusbmers away from

the aggregators.

7.2.6 Direct Marketing

For direct marketing to be effective, information about the customesnedizk correct
and relevantDirect marketing can be used not justdontacting and transacting (Kotler,
EXW WR FRPPXQLFDWH pKLIJK TXDOLW\ DQG KLJK
(David Shepard Associates, 1999, p.7Bjrect marketing can be used to provide insight
LOQWR WKH LQVXUDQFH FRRtSV3I fovperfdkhUfbr\thel dust@m@iG K R Z
Done correctly, direct marketing can give the impression of the company being
professional and reliable. The power of direct marketing can be extended to build
relationships with the customerhe main issue with dact marketing in the UK car
insurance industry is that it is an annual product and sending out direct mailing when the
customer has just purchased their insurance from another company, could lead to wastage.
Direct marketing strategies prompt the followmgpothesisagain with the previous

scenarios recalled for easy follow through:

H1: There is apositive relationship between wordf-mouth (WOM) sales and the
aggregator conversion rate

H2: The more money spent on advertising, the more customers watttdme company
directly instead of going to an aggregator

H3: An increase of internet marketing spend increases the likelihood of customers
choosing direct web channel instead of using an aggregator

H4: Direct marketing increases dect sales but not agggator %
Direct marketing can come in numerous forms, email, post, SMS or telephone calls.

Hypothesis 4 tests whether contacting the customer directly, by post, will make customers

contact the insurance company instead of using price comparison sites.
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7.2.7Relationship marketing

The marketing department needs to be aware of its customers and of the Paretos principle,
also known as the 80/20 rule, where 80% of profits are gendratadhe top 20% of
customersRelying on new customers for companywti is shortsighted as long term
customers can generatere profits for the compangZustomer retention must not only
EH SDUW RI PDUNHWLQJ EXW DOVR pWHJLD WHHILUB® HNORG L
pp.64). The insurance market with in an aggator environment has to try and stop
profitable customers defecting asdarching for cheaper quoté®cusing on renewing
profitable customers, through direct mailing offers and great customer service can help
build the company with profitable customers

The insurance market is split into numerous products and each prodst be
treated differentlyWithin insurance, the product and message must be integral as it has
been shown that home insurance customers behave different to car insurance customers
(Thuringet al 2012).A home insurance customer may prefer tips affek® regarding
home insurance and car insurare customer may prefer car tipghis does not
necessarily mean that the car insurance customer should just receive offers regarding cars,
all customers are different and with car insurance being a legal requirement, offers for
hotel trips or days out could be more beneficial for certain customers.

The effect on renewals within the marketing mix prompts the final hypotigsist

again wih the previous scenarios recollected for easy follow through:

H1: There is apositive relationship between word-mouth (WOM) sales and the
aggregator conversion rate

H2: The more money spent on advertising, the more customers will contact the company
directly instead of going to an aggregator

H3: An increase of internet marketing spend increases the likelihood of customers
choosing direct web channel instead of using an aggregator

H4: Direct marketing increases direct sales but not aggregator %

H 5: Non-DM and nonweb (other) marketing affects the renewal rate

Finally, Hypothesis 5, considers the renewal rate. As shown in chapters 4 and 6,
aggregators do affect the renéwates. This hypothesis combines all of the other

traditional marketing spend tcee the #ect it has on renewal rate3he different



hypotheseproposed will provide useful insightful that will enable the development of a

marketing framework.

7.3. Statistical models used in this chapter

For hypothesis 1, the effect of WOM on aggregatonversion rate, the aggregator

conversion rate (ACR) needed to be calculated

cAA:eORD =

0
#%4 ARseacP@AA=2ORD e

(7.1)

To test their influence, correlation statistics, using Pearsoib@mare (PCS) test, were
used.The PCS test calculates if two variables are totallependent or not. PCS is
calculated using the covariance of the two variables, divided by the product of their
standard deviations

boa L2000 (7.2)
Where cov is the covariancé, is the standard deviation of @ P,is the standard

deviation of Y

If the WOM sales increases/decreases as ACR increases/decreases, thanlibey ca
considered as correlatethe closer the value is to one, the less independent WOM and
ACR are, therefore we can measure how mudluence WOM has on ACRFor
Hypothesis 2, the effect of marketing on direct sales and aggregators, the marketing spend
is thenonrinternet and noiDM spend.The marketing spend used in this scenario is more
focused with the outdoor marketing, the brandiighe compan (TV, radio, outdoor,
print). This will test whether an increase in the ambient marketing will make more
customers contact the company directly, thuseesing the ACR (Equation7.8.graph
was produced of spend against sales an® Afy math. The ambient marketing spend

and direct sales (nesggregator) were indexed so that 1 is the average.

304pPclraDAataad

I=NGAPGUQJ@]@A;M%Qé@mépgg.. D 4 x

(7.3)

}A]é@e@@f&@m‘ 2o aad

@E N@\QH:ECD@A;TLA(%,Q&O@%U%M@M’&

(7.4)

Next, hypothesis 3, the effect of internet advertising againsteggtprs is to be

investigatedDue to tmings of gathering accurate data, the dates up to and including
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March 2009 were usedé graph was produced detailing web spend, web sales@Rd
(Equation 7.1), by monthifhe marketing spend and the number of sales was indexed,

where 1 was the average ttack the performance more informatively.

cpGeagaramaad

SA® LAJ@] @Ayméﬂégé@m@égax

(7.5)

6@ Ge ORWaR a4 d

SA®= H:EO@A;Mé“”z@rsszé@eé@rszae

(7.6)

Concerning hgothesis 4, the effect dlirect marketing on aggregators entails plotting a
graph of M spend against ACR, by monfhhe DM spend was indexed, where 1 equals

the average, to track the performance more informatively.

WEeagaahaad
O @ & OAIREB /Ee & D 4 x

&/ OLAJR @ ATLA (7.7)

Finally, hypothesis 5 investigates the effect of M and norweb (other) marketing

spend on the customer renewal rates.

Ceado¥paded

4 AJASEHPIA Ceabppadetxalz8aa@adedx

(7.8)

A graph was produced of the marketing spend agaire renewal rate, by monthhe
ambient marketing spend was indexed, where 1 is the average, to track the performance
more informaively (equation 7.7)



7.4. Empirical analysis and results

7.4.1 Data description

To test the different hypotheses, data from an establishedtildsurance company was
used.The insurance company had joined a price comparison site and hasezating
its marketing budget, due to the costs of aggregales saing the marketing budgéhe
data set provided from the insurance for this analysas msonthly levels for the period

covering May 2007 to August 2009 inclusively, containing:

X Month of insurance quote enquiry

X Aggregator conversion rate (ACR)

x Word of mouth (WOM) sales (indexed)
x Ambient marketing spend (indexed)

x Direct (noraggregator) sales (indexed)
x Web sales (indexed)

x Web spend (indexed)

x Direct mail quotes (indexed)

x Direct mail markéng spend (indexed)

x Percentage of customers retained
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Table 7.1: Descriptive statistics of data used

Value mean | Std. dev.| max min skewness kurtosis

ACR 1.51% | 0.58% | 2.47% | 0.72% 0.09 -1.50

WOM 2603 1543 5273 642 -0.02 -1.60
Ambient 1.03 1.01 4.18 0.10 1.52 1.91

Direct 1.00 0.79 3.22 0.20 1.10 0.93
web 1.00 0.66 2.60 0.27 0.71 -0.20
webspend 1.00 0.64 2.13 0.08 -0.02 -1.31
DMquote | 1.00 0.71 2.71 0.24 1.05 0.17
DMspend| 1.00 0.75 2.86 0.18 0.67 -0.41
Retained | 69.93%| 1.60% | 73.00%| 67.00%| -0.04 -0.80

These date periods are relevant as they cover the dates when the company jageed a pr
comparison site, and aftd@etween May 2007 and August 2007 the company was in its
testing stage to make sure that its systems and infrastructure could manage this new
distribution channel. From September 2007, the company was fully integrated with the

aggregator.
The media source specification for the sales and spend is gathered from either:

x The customer answering a question when gathering a quote
X Being completed aamatically if a specific web link is clicked
X Being automatically completed if quote arises via aggregator

The media source specifications have been broken down into the following segments:

Table 7.2: Media source specifications

Source Example

Web Banne ads and search engine
Direct Malil Postal and email

Word of Mouth Personal Referrals
Aggregator Price comparison site

All Other (ambient) | TV, Radio, Print, Outdoor
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7.4.2 Framework development

To understand the new environment of aggregators magkelepartments need to
develop a new strategic framework. Insurance companies need to understand the current
situation as their marketing decisions are based on their models (Leeflang and Wittink,
2000: Buckin and Gupta, 199%Reviewing the results frorthe hypothesis, a detailed

informative framework can be construct@tlis framework is shown in Figuie5 below.

7.5. Results

7.5.1 Hypothesisesults

Hypothesis 1

Table 7.3: Pearson Correlation statistics of ACR and WOM

ACR WOM Sales
ACR 1 0.76771
(<0.001)
WOM Sales| 0.76771 1
(<0.001)

From table 7.3, it can be noted that WOM and ACR are higlgiyificantly correlated

with each otherwhich means that WOM influences aggregator conversion rate. These
results agree with Degraffenreid (2006) wdlso found that people who refer products
influencHG FXVWRPHUVY SXUFKDVLQJ KDELWYV DQG ZLWK V
in Chapter 4.

Hypothesis 2

From Figure 7.1, it can be shown all the variables are significantly correlated, and that
marketng spend has dropped since the arrival of aggregators, which is due to aggregator
spend using the marketing budgéte graph shows that a reduction in marketing spend
affects both the direct sales and ACR negatively, also there is a lag effect, soabe imp

is not observed initially. The results correspond with Leuthedtsadi(1995) who found
indirect measures for brand equity to have an influence on choice. With less brand

awareness due to a lack of marketing, this conversely reduces the ACR and sales
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Figure 7.1: Comparing direct sales and ACR by marketing spend

Key:indexed refers to the indexed figures as detailed in section 7.3, right axis is the ACR

Table 7.4 Correlation statistics oflirect sales, ACR and marketing spend

Direct sales ACR | Marketing speno

Direct Sales 1 0.487 0.710
(0.009) (<0.001)
ACR 0.487 1 0.470
(0.009) (0.011)

Marketing spenqg  0.710 0.470

(<0.001) | (0.011) 1
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Hypothesis 3

Figure 7.2:Web sales and ACR by web marketing spend

Key:indexed refers to thedexed figures as detailed in section 7.3, right axis is the ACR

Table 7.5 Correlation statistics oflirect sales, ACR and marketing spend
Web sale§ ACR | Web Marketing spen

Web Sales 1 0.538 0.793
(0.003) (<0.001)

ACR 0.538 1 0.679
(0.003) (<0.001)

WebMarketing speng  0.793 0.679

(<0.001) | (<0.001) 1

FromFigure 72, it can be perceived that as web spend decreases, so do web sales and the
ACR and this relationship is statistically significant. In this scenario (H3), web spend
does not take customers ayvfrom the aggregator. This corresponds with Ranfaswamy
ZKR IRXQG WKDW RQO\ E\ REVHUYLQJ FXVWRPHUV
improve understanding of the customer. Aggregators are dagsd tool, but it seems

customers who come to thenspany directly via the web, may not use aggregators.
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Hypothesis 4

Figure 7.3: The effect of DM spend on DM quotes #&CR

Key:indexed refers to the indexed figures as detailed in section 7.3, right axis is the ACR

Table 7.6 Correlation statistics bDM quotes, ACR and DM marketing spend

DM quote| ACR | DM spend
DM quote 1 0.516 0.894
(0.003) | (<0.001)
ACR 0.516 1 0.678
(0.003) (<0.001)
DM 0.894 0.678 1
(<0.001) | (<0.001)

FromFigure 73, it can be noticed that DM does not directly affect but ordgenately
influences ACR, but does influence DM quotes. Direct marketing, in this instance,
behaves differently to outdoor marketing, dueh® small effect it has on ACFigure
7.3 also demonstrates that DM marketing does affect the DM channel, Wigicthys
differs from Coelho and Eastwood (2003), who found that we cannot predict channel

preference with confidence, albeit only in a limited campaign metric.
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Hypothesis 5

Figure 7.4:Marketing spend against renewal rates

Key: indexed refers to thandexed figures as detailed in section 7.3, right axis is the

retained rate

Table 7.7 Correlation statistics oDM quotes, ACR and DM marketing spend

ACR WOM Sales
ACR 1 0.453
(0.016)
WOM Sales| 0.453 1
(0.016)

Figure 7.4 demonstrates some instiéjp but the drop in marketing spend along with
renewal rates can be obsedvThe company had joined an aggregator in May 2007 and
until September 2008, renewal rates had remained quite constant, but the drop in
marketing spend has coincided with a dimpenewal rates. The results correspond with
Leuthesseet al (1995), who found that less brand awareness, due to a lack of marketing,

reduced retention rates.

7.5.2 Development of a marketing framework

From the different hypotheses constructed it barshown that DM (H4) and website
(H3) by themselves moderately influeraggregators conversion rat&§hat has been
discovered is that WOM (H1) and a combined marketing budget (H2) will affect
aggregatoirconversion ratesThis demonstrates that web markg and DM should be

primarily used for customers to contact the company directly, but its secondary influence
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should not be disregarded, as the person who received the direct mail, may pass this to

one of their friends and thusdmme a worebf-mouth cutomer.Also renewal rates (H5)
can be affected by marketing, so this needs consideration when producing the framework.

Figure 75: Marketing framework
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Figure 7.5 demonstrates the primary and secondary actions regarding marketing in an
aggregator environment for UK car insurance companies. The branding marketing affects
all acquisition channels as well as renewals. Branding marketing along with DM and web
marketing contribute primarily for the direct channels, but DM and web can also act as
secondary effect by increasing the brands knowledge Ng (2004).

For aggregator acquisition, social networks/WOM do have an influence, which
agrees with Trusoet al. (2009), who also found that social networks/WOM have a strong
effect on acquisitin. This also implies that the secondary effect on direct aitiquis
should not be dismisseHinally, from graph 7.4, it is seen that traditional marketiogsd
have an effecbn renewalThe framework also points out that the company should not
use social networks and DM just for acquisition; they should also be used to help retain
customers. Shargt al FRQVLGHU LQVXUDQFM\BH EHKD PR/ XE
demongtated strong brand loyalty that is ableW\dD WLV I\ WKH FXTheaRiadl UV ] Q
cover purchased for car insurance can give such companies a chance to build a

relationship with their customers throughout the year.

7.6. Summary and conclusion

7.6.1 Summsay

The different hypotheses produce subtly different insights into marketing and customer
behaviour during the fmtermediation for the UK car insurance industry.

Table 7.8: Hpothesis results

Hypothesis Result

H1: There is a positive relationship meten woregof-mouth (WOM) True

sales and the aggregator conversion rate

H2: The more money spent on advertising, the more customer| Moderately
contact the company directly instead of going to an aggregator | true

H3: An increase of internet marketingesid makes customers choq Moderately

direct web channel over of aggregator true

H4: Direct marketing increases direct sales but not aggregator 9% Moderately

true

H5: NonDM and nonweb (other) marketing affects the renewal r| True
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A combination 6 the different marketing techniques can influence the acquisition rates
across all the different channels and can help retain customers. Also, the marketing
framework must acknowledge the secondary effects, as well as primary effects, of the

different melia campaigns.

7.6.2 Conclusion

The main purpose of this study was to increase the understanding of the marketing mix
within an aggregator environment for the UK car insurance industry and by building a
framework to represent the challenges of the memfedtrategies (objectiv8). To
develop this framework, impact analysis was conducted by proposing certain hypotheses
which covered direct channel acquisition, aggregator channel acquisition and customer
retention.

Firstly, this research found that woodl mouth advertising has a strong effect on
ACR, whereas DM and web advertising mainly effect direct channel acquisition. Also
this research found that using ambient marketing (outdoor, TV, print radio etc.) impacts
ACR retention and direct sales.

This research proposes that aggregators should be treated as another acquisition
channel and that a multhannel strategy should be used to its full advantage instead of
being viewed as a hindrance. When the internet commerce first occurred, original
forecass suggested a complete change to how a business operates, but Harris and Coles
(2004) found that a combination of old and new practices worked more efficiently.

This research also recommends that web and DM advertising ought to become more
involved in marketing strategy and be considered dse with customer retentiomhe
use of multichannel communication should be usedwdd on the customer/company
relationship (Payne and Frow, 2005pr a company considering costs, as postal direct
mail often poduces a wastag®lg, 2005) due to its low response rate of roughly 2 %
(Stern and Priore, 2000), emails can be used to provide more direct access to the customer.

This work contains some important implicatidos marketing strategy teamshe
different hypotheses tested gave insight into what marketing pescinopact different
scenariosAlso, the framework offers managers a tool to understand howntlagketing
budget is being usedrinally this research proposes a new direction for DM and web
markeing to help with customer retention for the company.



7.7 Limitations and Further Research directions

The limitations of this reseeh should also be considerddhe data only comes from
one insurance company, so if another company is using a differekéting budget
strategy, this presents a limitatiorAlso this research only considers companies using
aggregators, and does not consider companies that have not joined an aggregator.

Another limitation to consider is the per&al recommendation statistithere is not
a clear way to note if the recommendation came from friends outside or inside social
networking sites. In general, further research would be required to establish whether these
results can be applied to other companies.

When reviewing the alment marketing techniques, the research does not take into
account any regional variations that may occur with different types of marketing being
applied.

The main goal of this research was to provide a deeper understanding the impact
price comparison @t have had on traditional marketing within trer asurance
environment. Thisvas completed by analysing different hypotheses andlaleng a
marketing frameworkThus, this is among the first to review traditional marketing
practices on a price compson site within the UK car insurance environmeémntterms
of the systematic development of proposed MBRramework for car insurance
marketing, Figure 7.9 below captures all the model elements from Chapter 5 to Chapter
7 and constitutes a major contrilaut of the research to knowledge, as mentioned earlier.

Figure 7.9 (the IBRM) contains a combination of figures 6.14 and 7.5, surrounded
by the key messages from this research to keep the case company profitable:

X Integrate aggregators in channel mix

x AmendIT structure

X Keep using traditional marketing techniques
X Monitor social media

X Locate valuable customer

X Manage costs efttively
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Chapter 8: Conclusions and recommendations

8.1 Introduction

This studyf Wain aim was to understand the effectseahtermediationsvithin the UK

car insurance industry and hdkae companies can adapt to this new environnitnite
comparison sites (aggregators) belong to the cybermediation scenario, which enables the
customer to compare the prices of @réfint car isurance companiegheir impact within

the insurance environment cannot be considered mihbey provide valuable
information to the customeas well as savinghem the time of contacting nmerous
companies individuallyThe UK car insurance industrg fully aware of this new
environment, thus this research uses strategitketing, customer relationshiand

market response modelling to explore the effects of aggregators on insurance business
success.

This research is the first study to fully investigtie effects of price comparison
sites based on core business metnnely marketing, quotes, sales and customer
retentionwithin the UK car insurance industr&n understanding of these chaextstics
is important to théndustrygiventhe lack of curent research in this area.

Theresearch is also the first to developiategratedusiness model and a marketing
framework within this new environment (the IBRMJhis will prove useful forthe car
insurance industry anatherinsurance providers (homean, pet). It will also be useful
for otherindustries that are about to become involved in an aggregator envirgamegnt

for senior members of staff within the car insurance industry.

8.2 Main results of the esearch

The main results of the study areremarised below

8.2.1 Long and short term effects

A vector autoregressive (VAR) mode&s developed in chapteuding different channel

acquisiton rates and marketing spefdhe key findings from this model are
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a)

b)

d)

Customers acquired viatleer direct rotes, have a lontasting positive effect on
word-of-mouth(WOM), aggregata; spend and odirect routesbut a negative effect
on retention and whback

WOM hasa strong positive effect on futul&OM acquisitionrates no effect on
marketing spend, neged effect on wirback, retention and aggregatod/OM also
had arexceptionally negative effect on the otlaect routes

Win-back has erratic short term effects, but the {mrg effects demonstrate a strong
negative effect on the othdirect routesa negative effect on retention rates, a slight
negative effect on aggregator rates but strong positive WOM effects.

Retention has a strong effect otherdirect routesand retention, a slight positive
effect winback and aggregators, but a slight negaéffect on spend and a stronger
negative effect on wordf-mouth

After 12 morhs, aggregators hawe positive effect on retention and othdrect
routes ratios and retention but a negative effect on WOM spend and a very negative
effect on winback.

Marketing sped has a strong effect atherdirect routesWOM, aggregators, but a

negative effect on wiback and a strong negative effect on retention

The results presented above provida insightinto the mechanicof how re-

intermediation relatto stategic marketing planning ants implementation via the

marketing mix The findings contributeoh understanding theepositioning of the case

company with regards to its future growth and profitability

8.2.2Business mvdelscenarios

Following chapter, the investigaton of the holistic impact of aggregators, chapter 5

considered the business model. Numerous scenarios were answered in ghiapter 5

address the impaof aggregators:

a)

b)

If a company does not join a price comparison site then it sholllelxgiect a good
return on investment

Not joining a price comparisowill cause a reduction dhe number of customers
contacting the company site

Not joining a price comparison siéll lead to a eduction in customer retention
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d) It is worth investing irextra resource and expenditure to enable aggregatong

distribution mix

Again, the different scenarios provided insight into the development of the business
model. The businessodelshowed that even though a car insurance company can still
operatein a price comparison environment, by not includaognparison sites in their
distribution channdhey shoull expect reduction in business.

8.2.3 CRM development

Chapters 4 and 5 revealed tivatluding a price comparison site in the distribution list
will gather more quotes andq@uce stronger retention rates, this does not mean that
the UK car insurance company should not try esttlice the number aluistomersising
price comparison sitef\ggregatorsgeneratetheir money from the UK car insuraac
company for every salmade via the aggregator

A significant discovery, in chapter 6, found tlwaistomers that have been with the
company three years or more are, on average, more valuable than customers in their first
year, even if the customerstime threeplus years segment have claimethis insight
demonstrated that customer retention can generate significant profits for the insurance
company.

To locate theecustomers, chapter 6 produced a framework, based on actual customer
value, predictec¢tustomer lifetime vaile andlikelihood of them renewing Numerous
statistical models and data miniteghniquesvereused:

x Neural networks (customer lifetime value & likelihood to renew)
x Decision trees (customer lifetime value & likelihood to renew)
x Gereral linear models (customer lifetime value)

X Quantile regression (customer lifetime value

x Logistic regression (likelihood to renew)
with the followingtechniguedeing championed:

a) Quantile regressioto predictcustomer lifetime value

b) Logistic regressn to calculate thékelihood of customers renewing.
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Actual customer value was added so that the company could consider whether it is worth

renewing customers that may have costrthesignificant amount of money previously.

8.2.4Marketing framework

Chapter 7 uses the knowledge and findings fidmpters 4, 5 and 6 to createnew
marketing framework for théndustry Chapter 7 answered different hypotheses to

maximise the marketing strategies:

a) The greater the wordf-mouth sales, the greater the aggator conversion rate

b) Marketing spend will not stop the customers contacting the company directly instead
of going to an aggregator

c) Increased internet marketing spend does not make customers choose direct web
channel over aggregator

d) Direct marketing incrases direct sales but not aggregator %

e) Ambient marketing affects the renewal rate

These findings enaldethe production of a marketing framework that incorporated the

different channels inttheir primary and secondary functions

8.3 Business implicatios for the case company

Car insurance is a legal requirement in the UK, so all drivers in thenul{ have a car
insurance product. In 2011 the UK car insurance industry received £13.3 billion in
premiums and insured 23.8 million private vehicles (ABI,120 These figures
demonstrate the significant size of the industry and the business implications this research
contains.

Traditionally, gathering car insurance quotes is a time consuming process, but
aggregatorhave redued this timely proces#\ggregabrs have made it easier for car
insurance quotes to be compared against each other, whether on price or additional
benefits. In this section we link the key idead agsults from chapter 4 to 7.

Firstly, the market response model findings agree ®twels and Neslin (2008)
that adding a new channel does affect customer reterfiggregators make it easier for
the consumer to shop around and get the best deals when considering car insurance, but

the results provide insight that customers who usedeggtprs initially,may be more
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inclined to renewAs aggregators tend to have a bigger marketing budget than car
insurance companies, the channel choice of the customers tends to be the aggregator site,
which is consistent witlAnsariet al (2008).

Customes who came to the insurance company via aggregators tend to have lower
renewalrates tha those who came througtirect channels, but the trend of the direct
channelgenewal rate wadecreasingre and post joining aggregatohd/hen switching
costs areset higher it is easier to retain customers (Gronhaug and Gilly, 1991), but with
reduced switching costs, the company should expect a lower retention rate. The lower
retention rate with aggregators could be due to the fact that they are a web based tool,
which is consistent with Ansaet al. (2008).

Another issue that would need to be considered with the renewal rates is the
relationship building process with the customer. If the first contact with the insurance
company is via an aggregator and thesperthen purchases via the aggregator, then this
limits the possibilities of building that initial relationship with the custam@&his is
FRQVLVWHQW ZLWK &RXOWHU DQG &RXOWHU TV UH

When considering different statistical modelling technggaled data mining tools, it
was discovered thajuantile regression performs the strongest when calculating CLV,
which corresponds to the research conducted by Benoit and Poel (2866pndly,
Winsorized data models perform better at the extremes wdmsidering hit rate analysis,
but forgeneral linear modsbnly. Finally, these techniques improved Malthouse and
%ODWWEHUJYV which foun®@tBdt Qui 6f the top 20% of custers, 55%
would be misclassified as poor performers.

This researt proposes that aggregators should be treated as anothesitamgui
channel and that a multhannel strategy should be used to its full advantage instead o
being viewed as a hindrancé/hen the internet commerce first occurred, original
forecasts suggesd a complete change how a business operates, but Harris and Coles
(2004) found that a combination of old and new practices worked more efficiently.

Theresearch also recommends that web and DM advertising ought to become more
involved in marketing tsategy and be considered fase with customer retentiofhe
use of multichannel communication should be usedwdd on the customer/company
relationship (Payne and Frow, 2005)pr a company considering costs, as postal direct
mail often produces aastaggNg, 2005) due to its low response rate of roughly 2 %
(Stern and Priore, 2000), emails can be used to provide more direct access to the customer.

Finally, Figure 7.9 presents an integrated car insurance marketinggm&ediation

model (IBRM) whch combines key insights from Chapters 4f the thesis. The nature
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of contributions of this research to knowledge embodied in the model is further discussed

below.

8.4 Summary of contribution of the research to knowledge

As previously mentioned in thtkesis, there is a dearth of research when considering the
UK car insurance market, especially within a price comparison environfdeatmain
theoretical contribution to knowledge is the creation of the IBRM which links a car
insurance business model wa CRM strategy. fie IBRM incorporates a business model
to assess the way in which a firm can combine insights from value propositions for
different customer segments, customer life time values, effects of inteeed price
comparisons on marketingnvables, and CRM perspectives in order to achieve profitable
growth of a car insurance company (Boons and Ludekand, 2013)Girota and
Netessine (2013)ote that whenever a new technology emerges, there is a lack of business
models to accommodate thisenarip hence this study develops Integrated Business
Reintermediation Model (IBRM) which is potentially useful to researchers and insurance
managers for enhancing the growth and profitability of insurance companiegyipest
comparison.

Furthermoe, the research develops a triple acquisition channel strategy framework
(Figure 5.2). The framework of triple acquisition channels has extdsidétierg,et al

fv. JHQHUDO PRGHO RI FXVWRPHU FKRLFH WR LQF

framewak could have further implications for future research as it allows companies to
investigate how a B2B relationship can affect a B2C relationship.

As a practical contribution, this research comparebtiseéess prospeats the case
car insurance compamye- and posjoining an aggregator. The researcher has not found
any research which has linked the effects of aggregators within the UK car insurance
industry. The research covers aspects of car insurance business that are impacted by price
comparison iges, marketing, sales and renewal rates. The research solves how the
marketing mix has been impacted by aggregators, by using VAR modelling. Additionally
by combining data mining and statistical models, this research is the first to combine
robust regresion, quantile regression, general linear models and data mining, in order to
ascertain which is the most reliable in predicting customer lifetime value, for the case
company. As well as solving the issue for the case company, this will enable future
resarch and studies to consider quantile regression for predicting customer lifetime

value.



8.5 Suggestions for further study

1. The emphasis of this study is to measure the effects of a UK car insurance company
integrating price comparison sites intodistibution channel mix. As noted severally
in the thesis chapters, teidydoes not consider those insurance companies that have
dedded not to use an aggregatdhis would require additional data, which was not
available for this study.

2. It would be worthvhile to gather research into the purchasing habits of customers
during the car renewal period, for example whether a customer uses aggregators,
would also provide some interesting finding$is will facilitate additional studies
into: a) the mechanics fd®rand marketing when the aggregator is involved; b) wider
CRM research including employee satisfaction and morale, both for aggregators and
insurance companies; ¢) whether price aggregation cannibalises the value proposition
of an insurance company; dglated issues in monitoring social networks as a
customer information channel; and e) the nature of external and internal data required
to support these lines of work as well as the ICT infuasitre and analyticasupport

requirements (McCarty and Hast&007), for example.

3. Aggregators are still relatively new and their full impact on CLV and retention srodel
could not be fully explored-urther research could study whether customers who
come through aggregators can be treated with the same retentigrarpr as
customers who approach directly, or whether a different strategy would be more

appropriate.

4. By employing a multchannel strategy, the results generated more customers,
supporting Nesliret al (2006) and Blattbergt al. (2008).The extra custosrs may
have been gained from lesser known brands (Leuthesaér1995), but this would
need futher researchl'he reason for this short comireg mentioned previous|ys
due to the lack of data available for competitor car insurance companiether
limitation to consider is the parsal recommendation statistithere is not a clear
way to note if the recommendation came from friends outside or inside social

networking sites.
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5. Moreover,when reviewing the ambient marketing techniques, the resdasshnot
take into account any regional variations that may occur with different types of
marketing being applied.

6. With particular reference to marketing insights relevant to effective business
development of a typical (car) insurance company in theegkbof massive datasets
(Big Data), this research makes connections with the following areas of work:
information and data modelling (data science); insurance business develogmlent;
business modelling; strategic marketing planning, including key bdtt@mmmetrics
such as probability (ROl and CLV) and growth (customer retentibhg data
required for followon studies of the impact of aggyators on these metrics are not
available in this study (see notes 2 above). Such research projects shouldnhfocus o
specific objectives connected with richer data on insurance claims, customer
behaviours and attitudes by customer segments, linked to marketing mix variables
and value propositions as highlighted by the IBRM. Hence, future work along these
lines would sem to require customer survey data, external customer lifestyle data
aimed at delivering research results which inform future revenue targets. Data on
competitor pricing and business strategies would also be helpful. It is hoped that such
augmented datasewill inform the use of more informative statistical and data mining

models in the future.
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Appendix

Appendix 1.1 Brief background on the UK car insurance industry and price

comparison sites

1.1 Introduction

Car insurance is a legal requirement within the UK, for all car ownegs, iethe owner

of the vehicle does not use their vehicle. There are three main type of motor insurance:

X Third party- this is the minimum cover required by law. This will only cover costs
to the other party in an event of an accident resulting ini@gwr damage to their
vehicle.

x Third part fire and theft as above but with added protection for the vehicle in
circumstance of the vehicle being stolen or destroyed in a fire.

x Comprehensivethe highest level of cover. As above, but this also coliersmsurers

damage to their car in a result of car accident.

With different aspects of insurance cover available along with the choice of numerous
insurance companies available, this has led to high switching costs between insurance
companies.

This sectiondescribes the impact of price comparison sites within the UK car

insurance industry with the following objectives:

x To discuss the intermediation, disintermediation and reintermediation
X To provide an overview of the strategic marketing within the caramse industry

X To present a background to customer segmentation for targeted customer retention

The background information provides key insights into the UK car insurance industry
pre- and postcomparison site#\s mentioned previously, this understandmgignificant

to explaining the consequences of the research findings.
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1.2 Intermediation, disintermediation and reintermediation

Traditionally people in the UK boughtar insurance through brokerShese were
intermediaries, which provided a sewifor the customers by acting as abgdween
between companies and the customer. The arrival of direct insurers has completely
changed the way people buy insurance.
'LUHFW LQVXUHUV pZHUH ERUQ IURP DQ RULJLQDO F
the telephone in the early 1980s, when Direct Line (providing motor insurance) was
O D X Q Rnstiu@pf Insurance Broker2003). 7KLV DFW RI FXWWLQJ RXW
(intermediary) is usually referred to as disintermediatiddH ILQH G DMawakofl pzZL W
funds from intermediary financial institutions, such as banks and savings and loan
associations, in order to invest in instruments yielding a higher ret&meér{can
Heritage Dictionary 2004). The term was coined in the late 1960s to desbel@dcess
LQ ZKLFK LQYHVWRUV UHDOLVHG WKDW pEDQNYV ZHUH
LOQOWHUPHGLDULHY EHWZHHQ VPDOO GHSRVLWR2)LY DQG
Although the selling of insurance over the phone was the catalyst for
disintermediation, the advent of the internet has allowed this process to progress even
IXUWKHU ZLWK VRPH FRPSDQLHV RQO\ FRD&@ XiFEMLQJI W
interaction eliminates the role previously enjoyed by financial advisors, retalk st
EURNHUV DQG LQVXUDQFH DJHQWVYT &OHPRQV DQG +L
While disintermediation may have closed down some avenues of business due to the
electronic market places making the value chains shorter (Geaglls1999), Jallet and
Capek (2001, pp.60 YLHZ LW DV D pPHDQV >RI@ GLVFRYHULQ

Disintermediation has fimtroduced intermediation in the form of

X Reintermediationttraditional intermediaries may find opportunities to leverage
their expertise and economies of scale
X Cybkermediation scenario the advent of electronic markets will create
unprecedented opportunity for wholly new types of intermediaries
(Giagliset al, 2002, pp.240)

Price comparison sites belong to the cybermediation scenario, which enables the customer

to compare the prices of different car insurance companies. Coarse (1937, pp.397) found
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WKDW FKDQJHV LQ GLVWULEXWLRQ pZKLFK WHQG WR U|
toiIQFUHDVH WKH VIOhH iRgartoKthe frangétifin cost RéJ\ ZKL-FK pUF
LOQWHUPHGLDWLRQ DQG F\EHUPHGLDWLRQ LV EDVHG RC
can cover the costs of searching for the right product, which could be lower as the
customer no longer has to search through so many suppliers, touhlepacchase of the

product, which is negotiable with the customer.

1.4.3. Distribution channels

Prior to aggregators, customers contacted direct insurersr dithegelephone or the
internet. Figurel.1 represents the general model of customer choied lmas the
Blatterberget al (2008) general model.

Figure 1: Framework of praggregator acquisition channel strategy

Channel Attitude

Y
A

Search/quote Purchase

Channel
A
\ Channel
Channel ¢ ; Channel A 4
A

B Evaluation

After Sales

™ /
Channel

=3

Marketing effort

Key: Channel A = telephone, Channel B=own web site

The quote to sales jouey from figure isas follows.Preaggregators, customers could
either get their car insurance quotes from brokers (indirect) or from the insurance
FRPSDQ\TV WKHPYVH O YH&presehtd tHé=divect rbu@ustdriers that use
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MGLUHFWY FDQ HLW EetbmSakR @ HsevihkiHwebG@eXdgater a quote.
This would entail a lengthy process to gathee gaote from just one compariy.the
customer wanted to compare that quote, they would have to get in contact with another
insurance company and repda proces of answering many questior@@nly when the
customer is willing to pay for their insurance, do they proceed to the next stage of
purchase. As show in figure 1.1, this can be conductdohermr by phone. It does not
matter which channel the stomer originally go their quote, they coulkleither channel

to purchasel-or company Xx, after sales is conducted by telephone only, so for a customer
to make any amendments to their policy or if they need to report a claim, this is conducted
by phoneas shown in figure 1.1, after sales.

To drive people to make contact with the insurance initially, we would need to
consider the marketing. Without marketing, the customer waoatléha&ve contacted the
companyMarketing makes customers aware of the bramdi the function of the brand.
Marketing affects the search/quote, purchase and after sales segments of figure 1.1. To
fully understand the marketing impact, custosn&fUH DV NH G yod KedrtabbouG L G
WKH FRPBOIOA"® H D ewdludiiéh W KK hpovides insight for the marketing
department so that they can focus their marketing on activities that would make the
biggest impact.

The final part of the dgram details channel attitudehis not only encompasses the
marketing activity, but alsde dstribution channel of choic&his will allow company
to budget their staffing levels more accurately, that there are enough staff to maintain the

website, as well as to answer the important telephone calls.

1.44. Background to the marketing mix

The marketing mix covers many different aspects detailing the way customers perceive
the company and how they conduct business withdhgeny.People react differently

to marketing, from how they perceive the company on television to their renewal
remindes. The next part provides back ground to the different aspects of the marketing

mix and how they influence the customer journey with respect to aggregators.

1.4.5. Marketing mix model

Price comparison siteBave introduced shock effects on the busirssstegies and

performance indicators of car insurance companies. These shocks extend into the
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marketing mix of the company e.g. television, radio and newspaper advertising. To
measure such shocks to the marketing mix, marketing response models cpirelde ap

Marketing response models are not a new phenomenonAlagrs reviewing, in
2012, the current state of the models. Marketing response models have not been created
just for acquisition but have also been expanded to include retention (Yoo andifanss
2005). Pauwels (2004) showed that long term company actions have an effect on
consumers, using VAR models.

:KHQ D FRPSDQ\ H[SHULHQFHYV D VKRFN LW KDV EHH
LPSRUWDQW UROH LQ WXUQLQJ DhéRotPany GPAdlm@ls i QJ S
Hanssens, 2007, pp.307). If the company were to keep its advertising the same and
remain noARDGDSWLYH WR LWV QHZ HQYLURQPHQW WKHQ
share to decline and/or reduce its profitability. Marketing departsntherefore need to
evaluate the impact of aggregators on market performance and adapt their marketing
strategies accordingly; for example, a company may choose to join the aggregators or
fight them. Whichever scenario the company chooses, they namsjeltheir marketing

strategy.

1.4.6. Customer retention

Customer retention plays an important role in marketing. Adding a new channel to the
distribution mix can affect customer retentiGhvery et al, 2012. Aggregators make

their money every timeomeone purchases their car insurance via their website, so they
would want customers to leave their current car insurers, at a cost to the car insurance
company. This places an extra emphasis on the car insurance company to retain their
customers.

As inmost industries, business performance is built around generating the most value
from their customerdlt is generally known that retaining customers is more cost eféecti
than acquiring new customer$he process of targeting the most profitable custame
known as customer relationship management (CRM).

The maincustomer segmentatiotargeting tool for CRM within the insurance
industryrevolves around customer lifetime value (CLV). Customer lifetime value within
the insurance industry will not only @@ to consider money gained fromemiums, but
also claim costCLV is a predictive monetary value based upon customer \vstaked

in equation (1.1) below
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?QOPKIANKP= /=NGAP'I_EQH=EI

R=HQRA2NAIEG!I %KOPO?KOPO -5,

To evolve this into&/9 FDQ EH GHILQHG DV WKH pPpSUHVHQW YO
attributedtoKH FXVWRPHU UHO&W,260Q ¢ K105 3IHLIHU

1.4.7. Introducing aggregators to the distribution channels

Reintermediation has been part of the airline industry for numerous of years. An example

of how reintermedation can help a businessld/be to consider the official airline guide

(OAG) who published the authaative guide on airline timetables monthly. Due to the
advent of the internet, they were being disintermediated from the supply chain by
enabling customers to book their own flghy WKXV FXWWLQJ RXW WKH
VXUYLYH 2%$* KDG WR SXUVXH UHLQWHUPHGDWLRQ L
(Combe, 2012, p.94). This example demonstrates the impact of companies adapting to
their surroundings, to makkem profitable agaiand grow.

The internet has bought reintermediation into many businesses worldwide. If a
business operates-tine then it should consider the effects of reintermediation, but it is
the least understood process in the business model (Kauffman, 2013jlo@snot mean
that companies should not be prepared and they can either develop the essential
technologies itself or procure them from present suppliers.

Aligning the business to work with a cybermediary needs to be considered with a
possible change irtrategy. Hiekkanewet al (2013)discovered that a simple, static and
mechanical approadh aggregator integratido be inadequate, atidata more dynamic
approach needs to be considered. As previously mentioned, aggregatatdl are
relatively new and so, may not behave in the traditional sense of brick and mortar
businesses. This implies that businesses need to adapt to the new strategies by reviewing
their current strategy to align itself Wwiaggregators.

Online purchasing habits have been disedsbeforeSamanieget al, (2006), and
Johnsonet al (1993) have discussed insurance purchasing, with Baysd (2001)
discussing purchasing with the use of price comparison sites. However, neither of these
studies consider the purchasing hsbicar insurance customeifidomas (2012) reviews
the UK car insurance purchasing habit, but neglects the aggregator influence. Dumm and
Hoyt (2003) look at the distribution channels of insurance, but their research is mainly

centred on customers buying inaace odine directly. However, Holland and Mandry
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(2013) discussed the effect of price comparison sites on purchasing behaviour in
numerous maets, including car insuranc&hey discovered that customers use price
comparison sites for car insurance daeits low switching costs and low perceived

consumer risk.
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Appendix 4.1: The data system used in the VAR analysis

This is the rescaled data which were used in th®&VA

month | wbrat | aggrat | womrat | retrat | othrat | logspend | seasonal premind
flag (exog3)

Jan-04 | -2.33 | -1.69 -3.58 1.27 | -3.00 13.95 1 100
Feb- 216 | -1.73 | -232 | 113 | -2.80 13.96 1 99.288
04

Mar- -2.16 | -1.68 -3.33 1.09 | -2.63 14.08 1 98.936
04

Apr-04 | -2.30 | -1.66 -3.60 1.16 | -2.53 13.88 2 103.925
May- -3.34 | -1.49 -3.54 1.15 | -2.37 14.04 2 98.865
04

Jun-04 | -3.32 | -1.36 -3.75 1.16 | -2.57 13.95 2 100.65
Jul-04 | -3.23 | -1.59 -3.40 1.25 | -2.63 13.89 3 99.954
Aug- -3.44 -2.24 -3.41 1.14 -2.55 14.12 3 101.122
04

Sep- -4.47 -1.78 -3.23 1.02 -2.49 14.17 3 99.965
04

Oct-04 | -3.40 -1.46 -2.40 1.02 -2.52 13.97 101.151
Nov- -3.39 | -1.33 -2.91 1.03 | -2.65 13.65 99.822
04

Dec- -3.05 | -1.21 -2.88 1.15 | -2.49 13.13 4 101.564
04

Jan-05 | -2.48 | -2.09 -1.70 1.10 | -2.45 13.22 1 102.377
Feb- -2.52 | -3.83 -1.77 1.02 | -2.49 13.33 1 101.967
05

Mar- -2.55 -4.04 -1.77 0.94 -2.49 13.38 1 102.021
05

Apr-05 | -2.51 -4.10 -1.79 0.87 -2.53 13.13 2 103.475
May- -2.63 -4.44 -1.85 0.87 -2.57 13.11 2 100.571
05

Jun-05 | -2.63 | -4.53 -1.81 0.85 | -2.62 13.04 2 100.639
Jul-05 | -2.73 | -4.28 -1.82 0.81 | -2.63 13.21 3 99.166
Aug- -2.59 | -4.20 -1.72 0.80 | -2.57 13.36 3 96.861
05

Sep- -2.49 | -3.97 -1.63 082 | -2.54 13.39 3 99.033
05

Oct-05 | -2.47 | -3.72 -1.64 0.89 | -2.50 13.14 4 100.615
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Nov- -2.43 | -3.99 -1.62 0.87 | -2.47 12.92 101.281
05

Dec- -2.55 | -4.17 -1.67 1.00 | -2.53 12.75 100.488
05

Jan-06 | -2.63 | -3.20 -1.80 099 | -2.61 13.19 99.34

Feb- -2.76 | -2.60 -1.75 0.84 | -2.60 13.30 100.04
06

Mar- -2.75 | -2.65 -1.72 0.81 | -2.56 13.36 100.603
06

Apr-06 | -2.47 | -2.38 -1.61 0.87 | -2.50 13.26 98.945
May- -2.66 | -2.38 -1.58 0.92 | -2.49 13.11 97.926
06

Jun-06 | -2.58 | -2.46 -1.50 0.92 | -2.40 13.14 100.893
Jul-06 | -2.55 | -2.54 -1.48 1.01 | -2.44 13.16 97.955
Aug- -2.64 | -2.39 -1.56 0.96 | -2.46 13.08 99.753
06

Sep- -2.54 | -2.36 -1.46 091 | -2.39 13.25 101.439
06

Oct-06 | -2.56 | -2.38 -1.47 091 | -2.36 13.33 100.152
Nov- -2.44 | -2.55 -1.54 0.95 | -2.43 12.87 103.887
06

Dec- -2.53 | -2.52 -1.42 1.02 | -2.37 12.40 100.486
06

Jan-07 | -2.39 | -2.55 -1.55 110 | -2.41 13.44 95.967
Feb- -244 | -251 -1.62 0.92 | -2.43 13.66 100.121
07

Mar- -2.39 | -2.52 -1.51 091 | -2.37 13.79 102.309
07

Apr-07 | -2.26 | -2.43 -1.43 094 | -231 13.16 98.989
May- -2.43 | -3.99 -1.46 0.93 | -2.36 13.18 96.663
07

Jun-07 | -2.60 | -4.36 -1.48 0.94 | -2.40 12.94 102.532
Jul-07 | -2.72 | -4.41 -1.50 0.85 | -241 12.60 98.67

Aug- -2.89 | -4.32 -1.51 0.85 | -2.47 13.06 93.607
07

Sep- -2.78 | -3.67 -1.49 0.84 | -2.45 13.20 99.064
07

Oct-07 | -2.78 | -3.77 -1.48 0.87 | -2.47 12.66 103.841
Nov- -2.65 | -3.75 -1.50 0.88 | -2.47 11.54 100.126
07
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Dec- -2.40 | -3.84 -1.33 0.96 | -2.49 11.76 104.383
07

Jan-08 | -2.75 | -3.88 -1.59 0.99 | -2.58 12.59 90.409
Feb- -2.80 | -3.85 -1.36 0.83 | -2.42 12.67 102.967
08

Mar- -2.90 | -4.08 -1.79 0.84 | -2.68 12.59 100.716
08

Apr-08 | -3.15 | -4.05 -1.68 0.82 | -2.58 12.56 103.372
May- -3.18 | -3.96 -1.60 0.88 | -2.57 12.49 97.192
08

Jun-08 | -2.88 | -3.81 -1.66 0.90 | -2.55 12.05 97.519
Jul-08 | -3.04 | -3.73 -1.70 0.95 | -2.53 12.60 97.79

Aug- -2.84 | -3.81 -1.78 0.96 | -2.64 12.82 102.775
08

Sep- -2.98 | -4.10 -1.76 0.86 | -2.67 13.15 106.137
08

Oct-08 | -2.80 | -4.31 -1.85 0.76 | -2.67 12.52 101.527
Nov- -2.78 | -4.41 -1.83 0.73 | -2.71 11.64 104.334
08

Dec- -2.76 | -4.53 -1.84 0.80 | -2.68 11.24 100.576
08

Jan-09 | -2.80 | -4.74 -2.12 0.86 | -2.85 12.41 89.105
Feb- -3.05 | -4.78 -2.16 0.75 | -2.99 12.41 101.293
09

Mar- -3.20 | -4.72 -2.13 0.78 | -2.91 11.77 103.06
09

Apr-09 | -3.18 | -4.82 -2.12 0.78 | -2.92 11.35 103.086
May- -2.95 | -4.92 -2.16 0.78 | -3.01 10.88 102.115
09

Jun-09 | -3.28 | -4.88 -2.14 0.71 | -2.98 11.75 100.099
Jul-09 | -3.28 | -4.90 -2.14 0.77 | -3.06 11.55 98.752
Aug- -3.47 | -4.79 -2.17 0.73 | -3.05 11.79 96.073
09

Sep- -3.25 | -5.50 -2.19 0.78 | -3.10 10.20 109.38
09

Oct-09 | -3.44 | -6.04 -2.39 0.82 | -3.25 11.53 106.024
Nov- -3.36 | -6.15 -2.39 0.80 | -3.24 10.07 100.424
09

Dec- -3.32 | -6.21 -2.22 0.95 | -3.37 9.17 103.956
09
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Appendix 4.2: Complete VAR model

The results can be written as'aa@rder Vector autoregressive model
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Appendix 6.1: Quantile value model model

Parameter

Intercept
claim
claim
paymthd
paymthd
paymthd
nchp
nchp
cover
cover
cover
region
region
region
region
region
region
region
region
region
region
region

region

region
sex
sex
married
married
married
married
agegrp
agegrp
agegrp
agegrp
agegrp

|IC
EAST ANGLIA
EAST MIDLANDS
GREATER LONDON
N Ireland
NORTH
NORTH WEST
OTHER
SCOTLAND
SOUTH WEST
WALES
WEST MIDLANDS
YORKSHIRE &
HUMBER

OTHER SOUTHEAST

W oo ml

23andu
24-28
29-32
33-37
46 +

DF

R R R R R R P R R P R P O R P O R OPR R OBR R

N S I I = S = A S = N S Y o)

Estimate

189.7399
-375.105
0
129.0165
-3.1734
0
-29.5412
0
-76.5819
-82.9794
0
-62.4653
-4.9387
122.8923
193.6547
27.3328
151.2435
-183.706
-116.95
-42.731
-4.0252
70.0565
68.3316

0
-35.9245
0
-53.7916
-43.316
30.102

0
474.3673
206.8564
73.4504
29.4039
-37.5446



agegrp
nchgrp
ncbgrp
ncbgrp
ncbgrp
ncbgrp
ncbgrp
rnyear
rnyear
rnyear
rnyear
vehgrpa
vehgrpa
vehgrpa
vehgrpa
vehgrpa
caragea
caragea
caragea
caragea
numdrv
numdrv
numdrv
numd rv
numdrv
media
media
media
media
media
media
media
media
media
media

media

38-46

11

4&5
6108
9to 10
|2-3

DIRECTORIES
DOOR DROP
ONLINE
OUTDOR
PRESS & MAGS
RADIO
REFERRAL

TV

UNKNOWN

WIN BACK
IAGGREGATOR

O P P P P P P P P PP O PR RPRP ORPR PP OPRP PR PP OPFPPRPR PR OIPR R P P PR O

0
-26.8315
-253.892
-140.914
-161.086
-174.617
0
344.2555
729.2206
1597.208
0
-118.852
167.3399
65.4992
-71.7648
0
22,7443
-97.9235
33.5359
0
283.387
217.9074
261.5445
327.915
0
116.3737
6.7505
-30.1211
-6.4944
160.2784
743.0759
37.9685
-16.2212
46.2141
-58.8902

0
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Appendix 6.2: Generallinear model for value

Parameter Estimate
Intercept 380.6478
claimy -1988.64
claim [N 0
paymthd D 210.0517
paymthd S 19.05302
paymthd |C 0
ncbp P -98.6255
ncbp [N 0
cover F -141.75
coverT -253.891
cover |C 0
region EAST ANGLIA -37.1644
region EAST MIDLANDS 15.24081
region GREATER LONDON 176.8259
region N Ireland 391.9792
region NORTH -40.7887
region NORTH WEST 65.11802
region OTHER -356.382
region SCOTLAND -176.178
region SOUTH WEST -161.856
region WALES -48.6032
region WEST MIDLANDS -30.2072
region YORKSHIRE & | 41.20613
HUMBER

region _OTHER SOUTHEAST 0
sex F -112.452
sex M 0
married C -121.595
married M -68.1263
married O 78.6697
married S 0
agegrp 23 and u 604.7882
agegrp 24 -28 288.661
agegrp 29 -32 127.2373
agegrp 33-37 -14.8512
agegrp 46 + -144.025
agegrp |38 -46 0
ncbgrp 1 -528.752




ncbgrp 11 -177.041
nchgrp 4 & 5 -91.5309
ncbgrp 6 to 8 -71.7718
ncbgrp 9 to 10 -149.375
ncbgrp |2 -3 0
rnyear 1 308.8998
rnyear 2 792.659
rnyear 3+ 1741.701
rnyear |0 0
vehgrpa 1 -4 -191.673
vehgrpa 13 -20 237.1669
vehgrpa 21+ 108.9171
vehgrpa 5 -6 -107.544
vehgrpa 7 to 12 0
caragea 1-3 -27.3729
caragea 10+ -196.697
caragea 3to 5 11.18721
caragea|6to 9 0
numdrv 1 351.0496
numdrv 2 236.9629
numdrv 3 348.1342
numdrv 4 462.9861
numdrv 5 0
media DIRECTORIES 137.9676
media DOOR DROP -87.4109
media ONLINE -115.988
media OUTDOR -59.5855
media PRESS & MAGS 100.6708
media RADIO -169.114
media REFERRAL 54.01172
media TV -92.2578
media UNKNOWN -127.845
media WIN BACK -163.521
media ]AGGREGATOR 0
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Appendix 6.3 Winzorised general linear model for value

Parameter Estimate
Intercept 75.47076
claimyY -948.861
claim |N 0
paymthd D 161.3256
paymthd S -14.7879
paymthd |C 0
ncbp P -73.6878
ncbp N 0
cover F -125.26
cover T -194.22
cover |C 0
region EAST ANGLIA -69.2139
region EAST MIDLANDS -9.29983
region GREATER LONDON 181.0964
region N Ireland 370.1469
region NORTH 24.83303
region NORTH WEST 214.813
region OTHER -328.633
region SCOTLAND -189.348
region SOUTH WEST -79.865
region WALES -17.9643
region WEST MIDLANDS 79.97422
region YORKSHIRE & | 107.9659
HUMBER

region _OTHER SOUTHEAST 0
sex F -85.229
sex M 0
married C -91.8346
married M -61.7587
married O 101.2182
married S 0
agegrp 23 and u 601.9858
agegrp 24 -28 286.7092
agegrp 29-32 105.7385
agegrp 33 -37 41.80326
agegrp 46 + -56.0804
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agegrp |38 -46 0
ncbgrp 1 -191.717
ncbgrp 11 -231.124
ncbgrp 4 & 5 -123.518
ncbgrp 6 to 8 -87.3424
ncbgrp 9 to 10 -154.186
ncbgrp |2 -3 0
rnyear 1 380.08
rnyear 2 831.9324
rnyear 3+ 1721.531
rnyear |0 0
vehgrpa 1 -4 -158.204
vehgrpa 13 -20 266.0391
vehgrpa 21+ 126.4792
vehgrpa 5 -6 -93.0201
vehgrpa 7 to 12 0
caragea 1-3 19.28675
caragea 10+ -139.536
caragea 3to 5 39.11153
caragea [6t0 9 0
numdrv 1 466.6502
numdrv 2 383.3503
numdrv 3 484.3117
numdrv 4 555.6798
numdrv 5 0
media DIRECTORIES 99.39804
media DOOR DROP -170.071
media ONLINE -94.1058
media OUTDOR -43.7901
media PRESS & MAGS 136.2666
media RADIO 499.9187
media REFERRAL 24.43709
media TV -51.172
media UNKNOWN 22.77149
media WIN BACK -124.827
media JAGGREGATOR 0
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Appendix 6.4: Logistic Renewal Model

Parameter DF | Estimate
Intercept 1 2.2348
Age group 23 and under 1 0.0619
Age group 24-28 1 0.0367
Age group 29-32 1 0.078
Age group 33-37 1 0.0216
Age group 46 + 1| -0.1445
Car age 1t03 1| -0.1877
Car age 10+ 1 0.1748
Car age 3t05 1| -0.0725
Claimed on insurance Y 1| -0.1543
Social grouping A) Wealthy Executives 1| 0.00183
Social grouping B) Affluent Greys 1| -0.1791
Social grouping C) Flourishing Families 1| -0.0808
Social grouping D) | Prosperous 1 0.2414
Professionals
Social grouping E) Educated Urbanites 1| 0.3992
Social gouping F) Aspiring Singles 1| 0.1762
Social grouping G) Starting Out 1 0.16
Social grouping ) Settled Surburbia 1| -0.0755
Social grouping J) Prudent Pensioners 1 0.07
Social grouping K) Asian Communities 1 0.161
Social grouping L) Post-Industrial Families 1| -0.1302
Social grouping M) Blue Collar Roots 1| -0.0812
Social grouping N) Struggling Families 1 -0.2008
Social grouping O) Burdened Singles 1| -0.3632
Social grouping P) High-Rise Hardship 1 -0.008
Social grouping Q) Inner City Adversity 1| -0.0973
Social grouping R) Communal & Others 1 0.1216
Social grouping Unknown 1| -0.00057
Marketing Source DIRECTORIES 1 -0.0165
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Marketing Source DOOR DROP 1| -1.1339
Marketing Source ONLINE 1| 0.0127
Marketing Source OUTDOR 1| 0.3855
Marketing Source PRESS & MAGS 1| 0.1572
Marketing Source RADIO 1 0.4703
Marketing Source REFERRAL 1 -0.0662
Marketing Source v 1| 0.0786
Marketing Source UNKNOWN 1| -0.0237
Marketing Source WIN BACK 1 0.037
No Claims Bonus 1 1 -0.0483
No Claims Bonus 11 1 0.1223
No Claims Bonus 4&5 1 -0.2024
No Claims Bonus 6to8 1 -0.0618
No Claims Bonus 9to 10 1 0.1387
No Claims Bonus protected P 1 -0.044
Number of drivers 1 1 -1.3753
Number of drivers 2 1 -1.576
Number of drivers 3 1 -1.4316
Number of drivers 4 1 -1.4511
Allowed to contact policy N 1| -0.1263
holder

Pay method D 1 0.1105
Pay method S 1| -0.0559
UK region EAST ANGLIA 1| -0.1548
UK region EAST MIDLANDS 1 0.0442
UK region GREATER LONDON 1| 0.1372
UK region N Ireland 1| -0.3259
UK region NORTH 1| -0.2444
UK region NORTH WEST 1| -0.0119
UK region OTHER 1 0.3926
UK region SCOTLAND 1| 0.2761
UK region SOUTH WEST 1| -0.00062
UK region WALES 1| -0.2005
UK region WEST MIDLANDS 1| -0.1245
UK region YORKSHIRE & HUMBER 1 0.093
Renewal year 1 1| -0.1775
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Renewal year 2 0.0447
Renewal year 3+ 0.3226
Gender F -0.1113
Value 0.000015
Vehicle group 01-04 -0.0641
Vehicle group 13-20 0.022
Vehicle group 21+ 0.022
Vehicle group 05-06 -0.00859
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Appendix 7.1: Data for graphs

Month ACR | WOM | Ambient | Direct | web web DM DM Retained
sales | Spend Sales | sales | spend | quote | spend
May-07 | 1.81% | 5273 2.81 3.22 2.60 1.92 2.09 1.92 2%
Jun07 1.26% | 4768 2.66 2.53 2.25 1.15 2.36 2.06 72%
Jul0o7 1.20% | 4924 0.23 2.47 2.25 2.13 2.71 1.87 70%
Aug-07 1.31% | 4141 2.59 1.89 1.76 1.65 2.53 2.32 70%
Sep07 2.47% | 3637 4.18 1.64 1.52 0.94 1.58 1.88 70%
Oct-07 2.25% | 3684 1.97 1.43 1.42 0.91 1.63 2.86 71%
Nov-07 | 2.31% | 3522 0.11 1.31 1.12 1.11 1.45 1.41 71%
Dec07 2.10% | 2828 0.10 0.90 0.89 0.92 0.76 1.11 72%
Jar08 2.02% | 4093 | 0.90 1.38 142 | 152 | 1.43 111 | 73%
Feb08 2.09% | 3630 1.14 1.19 1.17 1.50 0.87 1.15 70%
Mar-08 1.66% | 3587 1.18 1.18 1.22 1.27 1.09 0.90 70%
Apr-08 1.71% | 3720 1.24 1.21 1.28 1.11 1.13 1.57 69%
May-08 | 1.86% | 3858 | 0.32 1.11 1.33 | 1.75 | 0.99 1.20 | 71%
Jun08 2.16% | 3562 | 0.36 1.08 123 | 1.78 | 0.94 1.05 | 71%
Juk08 2.34% | 3648 | 0.61 1.12 121 | 179 |1.03 0.82 | 72%
Aug-08 | 2.05% | 2950 1.63 0.90 1.02 1.58 0.81 1.38 2%
Sep08 | 1.59% | 1570 | 2.18 0.51 0.56 | 157 |0.48 0.68 | 70%
Oct08 | 1.33% | 1237 | 0.53 0.41 0.50 | 0.68 | 0.52 0.40 | 68%
Nov-08 | 1.20% | 1108 0.42 0.31 0.40 0.53 0.38 0.26 67%
Dec08 1.06% | 906 0.43 0.25 0.33 0.37 0.24 0.25 69%
Jar09 0.86% | 969 0.55 0.31 041 | 055 |0.39 0.30 | 70%
Feb09 | 0.83% | 823 0.72 0.25 0.31 | 042 |0.39 0.18 | 68%
Mar-09 | 0.88% | 934 0.10 0.29 0.36 | 0.44 | 0.42 0.25 | 69%
Apr-09 0.80% | 777 0.30 0.24 0.29 0.10 0.43 0.30 69%
May-09 | 0.72% | 683 0.17 0.20 0.29 0.08 0.35 0.20 69%
Jun09 0.76% | 699 0.54 0.24 0.29 | 0.08 | 0.30 0.18 | 67%
Jul09 0.74% | 703 0.42 0.22 0.30 0.08 0.39 0.18 68%
Aug-09 | 0.82% | 642 0.55 0.21 0.27 0.09 0.33 0.21 68%
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