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ABSTRACT

In the age of data explosionamyfirms are heavilynvesting in big data and big data analytics
(BDA) without being able to anticipateoWw much value thewvill receive.Thus, there is a
growing body of researchdbhas beefocusng onthe impact of big data and BDA investments

on firm performance. Nevertess,most of these studies use saported data andone of

them has addressed the dynamics in the firm outcomes as well esntireiousfeedback
processes between BDA investment, firm performance, and other intermediate variables. In this
thesis,| collected databout two telecommunication firms in the U.8amely FMobile and
Verizon,to build up a system dynamics model thalps to answer two research questions that
have not beenproperly investigatedhitherta 1) How do BDA investments dynamiba
influence firm performance? and 2) Which policies can help large and small firms to enhance
the outcomes of their BDA investmsfiMy simulation results reveal that when the industry
develops in favor of BDA activities (i.e., lower data acquisition dath storage costs, more
data generated by customessjall firmswill be put at a disadvantage. In contrast, large firms
with larger customer basevill be able toexploit their economies of scale in BDA investments

to quickly increase their market skaand gain higher profits. Thus, large firms are advised to
increase their investments in BDA and data acquisitioawiditionto increase their data volume
more quickly even at the cost of lower data quality. As an increase in data voluypigallly

lead to a decrease in data storage cost, this policy will help large firms effectively increase their
total number of customers, vdi will lead toa further decrease in the data acquisition cost,
resulting in higher firm revensand firm profis. Small frms, instead, are advised to sacrifice
their profits for market share. Specifically, they should invest more heavily than langetdir

lift the volume of their datap to the point that it can nullify the cost advantage of large firms.

It is unclear thg though, whether small firms can survive when making such a bigafade
Future research might explore whether the interveritammn governments mightelpresolve

this inequality between small and large firms.
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Chapter 1: Introduction

1.1 Background Information

We are living in the age of dagxplosion For example, we are receiving billiong emails

every week, sending half a billion of tweets every day, posting nearly 300,000 Facebook status
updates every minute, and spendmgny hoursstaying onlineor talking over the phones
(Marr, 2015) With the rapid development ofdigitalization and the widespréausage of
internetof-things devices armd the world, firms are now ableflow thesedigital tracesof
customerdo anywhereat anymoment leading toa massiveamount of data collected about
customers in recent yegiRust, 2020)Indeed Facebookfor instancecollects more than 500
terabytes of customer data on a daifsis, and Netflix owns millions of reiine data points

from its online movie viewerfXu, Frankwick, & Ramirez, 2016)

It is believed thatiteselarge customer databas&ghich arealso knowra sbig iilatao provide

firms with many radical opportunities fain important insights about customers and then
convert those insights intmformed market decisions aral competitive edge (Erevelles,
Fukawa, &Swayne, 2016; Rust, 2020Fonsequentlya growing number of businesdeas
beeninvesting asubstantiaamount of money in big data analytics (BDA)an attempt téake

full advantageof their large amount of customer informatidfor example,the Oversea
Chinese Banking Corporation managed to increase the overall conversion rates by 45% after
investing in advanced analyti¢Surner,Schroeck, & Shockley, 2013\ hile AT&T exploits

their data collection 080 billion data points per hour to optimize resource allocation and
enhance customer experiengéng, 2014) Furthermore results from atudy conducted by
Accenture and General Electric show that almost 90% of surveyed firms believe that they must
invest in BDA to secure their market shaft@ydiner, Tatoglu, Bayraktar, Zaim, & Delen,
2019) However, big data investment does not always lead to higher business value, and
previous research has found that the relationship between BDA investneamd firm
performance is not necessatilging positivge.g., Wamba et al., 2017)

In fact, our understanding of whether, why, and how BDA investments would lead to increase
in firmsdé busi ne(eg., Aydaératal., 205; Corealy Rulva Otiveita,e d

& Popovil, 2019; Elmdeed, eptevioass reseatch tlaat has empicdlly )
investigated the association between BDA and firm performasiog real dates really scarce

(J. Q. Dong & Yang, 2020while a worldwide survey shows thhagalf of the firms that are
actually investing in BDA do not experience any benefit Ciirte Real et al., 2019)in a



similar vein while 75% of more than 400 Gartner research circle members indicated that they
spent money gplanredto spend money on big data analytics in the hea yearsabout 40%

of them were not able to anticipate wheer these investments would result in any positive
business valu@.am, Sleep, HenniJ hurau, Sridhar, & Saboo, 2018)is raisest least two
challenging practicatjuestiors for firms to answer(l) How d o festmants in BDAn v
dynamically influence their performarizand(2) How do the nature of the competition (e.g.,
large vs. small firms) and other market characteristics affect the ieéieess of thdirmso
policieson BDA investment® In this thesis, | ainottackle these issues by building a system
dynamis (SD)model that helpexplain not only the impactsof BDA investmentson the
dynamics of firm performancsuch asmarket shareand fim profit, but also how different
marketscenariosnd investment polieswould dynamically influence the performance of the
small versus largéirms over time. The findings will provide managers withevant and

important insightsnto BDA investmentdecisioamaking

1.2 Problem Formulation
1.2.1 Business Value of BDA Investments

According toVerhoef, Kooge, and Walk (&6), firms invest in BDAfor two different
purposes namely gaining customer insights and developing models to improve decision
making As such, BDA investments can be usedreate business value in three major ways
(Verhoef et al., 2016)First, firms might be able to make tegtmarketing budget allocation
deckions.For instancefirms might decide to invest more heavily in social media marketing to
recruit new customeri$ results fromtheir data analyticshow thatmost of their prospective
customers are highly engaged atigl media activitiedndeed Saboo, Kumar, and Park (2016)
find that firms can improve their sales per customer by more than 17% just by teadltioair
marketing resources based insights from utilizing large volumes of customer transaction

data.

Second, firms coul@nprowve the effectiveness ofheir marketing actions and campaignih
results from BDA activitiesIn particular, people tend to prefgringsthat can meetheir
personal needs or unique requiremegmast, 2020) and feel more satisfied when receiving
personalized offerge.g., Yoo & Park, 2016)In other words advancedanalyticscould help
firms fully tailor their marketing messagdo eachcustomer (e.g., personalized direct email

marketing) which in turn makemarketing communicatiomore effective

Finally, with deepercustomer insights, firms could identify the extra feesufunctionalities,

or extraservices that customedesire For exampleLiu, Soroka, Han, Jian, and Tar200)



argue that online opinions posted by customers (e.g., online reviews) are a valuable source of
information for product designers and for design innovatis.such,results fromBDA
activitiescouldhelp firms improveguality of products and servise

Previousstudies however,hasdisregarded the dynamics in the relationships between BDA
investments, marketing effectiveness, and customer acquidtimne specifically firms first
invest in BDAto increase theknowledge of customers and theirbehi or s. However,
understandingf customer insights increases, extra money spent on BDA activities becomes
less productive. In other wordat some level, the extra invesnis in BDA activities only
provide firms with little extra knowledge ofistomes, implying a diminishing trend of return

on investment. Similarly, the enhanced knowledge of cus®hadps firms personalize their
marketing content better, leading &m increase in the effectiveness of direct marketing
activities. However, when thbenefit of personalization increases, the positive effect of
personalization on customer responsiveness is getting smaller, indicating another diminishing
trend d returns.To the bst of my knowledge, empirical research addressing the dynamic
impact of BDA investments on marketing effectiveness and customer outcosngg real
financial datas absent, leading to potential biases in measuring performance of investments,
especially inrelationship marketinge.g., Anbler & Roberts, 2008; Hibbard, Brunel, Dant, &
lacobucci, 2001)

1.2.2 BDA Investment Strategiesfor Firms with Small vs. Large Customer Base

Previous research hasostly reliedon the use of selfeported measure®.g., survey)o
investigate the effects &DA adoptionon firm performancée.g., Aydiner et al., 2019; Corte
Real et al., 2019; J. Q. Dong & Yang, 2020}ile the advantage of sakported measures is
that we areableto capturedirect observations of BDA usage througle managebdlens and
the convenience of the data collection procéissse studieare limited inoffering strong
evidence ér the causal effects &DA usageon firm outcomes. Importantly, these survey
based studies provide limited imfoationfor researchers and practitioners who are interested
in market simulatioto analyze and predict optimal policies for firraspeciallywhendifferent
firm and market characteristiege changed simultaneousior examplepn the one hand,
emergimg evidence shows that the finance sectosmall firms,who do not own a massive
customer base and therefore have no access to a weaidtiaoéick struggling to grow, because
investors are increasingly considering large firm with big data as a $kyshet(Begenau,
Farboodi, & Veldkamp, 2018; Farboodi, 2018n the other handther people claim that, in

the age of big data, startups and small firms are having much bigger imptt global



economy, and gportunities for them are higher such that they can scale up their businesses
much more quicklye.g., Bradner, 2016Yhis raises an inguing questiorto answer What

would be the best investment poliflgr small versus large firms teealizethe benefits of big

data?In this thesis, | therefore aim to explore different market scenarios to se@dgize of

the firmbds cust ome raffeslse dyngmicimpacts of BDAlngestments . s m
on firm performance and propose policies that help enhance thiegHeh8DA use.

1.3 Research Objectiveand Research Context

Based on the above discussion, this thesis aims to (1) modeghetof BDA investmens on

t he firmd p e rtadtabnumbarmfccestoraesst imet @digiven therelativesize
ofthef i r mé s c u(gset, snmakeversub largegand (2)suggest investment policies that
help firms exploit the benefits of big data and enhanee Gutcomes (i.e., number of new
customers and firm profit)As such,using literature on big data and buess/marketing
analytics|| develop assystem dynamics (SDWodel tharepresents thstructureunderlying the
influence of BDA investments on firm germance. The simulation results are expected to
enhance our understanding of when and how big data and \B@Ad generate positive
business values for firmgiven their relative sizén addition, the model would serve assaful

tool for policy makersind researchers to analyze the effectiveness of different BDA investment
decisionsunder different marketitsiationsand thus identify the optimal policies femall
versus largdirms to take full advantage of bigdataginew oi |l 6 of this cenf

In this thesis, | focus on the telecommunicai@ector in which the above research questions
are particuldy important. Indeed, customers are providing telecommunication firms with an
increasingly massive amount of data such as call detail recordsigssages, mobile browsing
history, or billing information. For example, in the UK, people using smartphendto make

about 220 tasks and spend more than three hours on our phones e\&fgadgught, 2014)
Conseguently, telecom firms are investing heavily in big data analytics to understand factors
driving customer behaviors and use these insights to develop better marketing activities to
convert customers to a losigrm relationshigWassouf, Alkhatib, Salloum, & Balloul, 2020)

In particular, according tBughin (2016b) 30% of telecom firms has adopted BDA. Among
these firms, more than 75% have establishgddhtaprojects in sales and marketing areas,
more than 50% have adopted BDA for customer service, and about 35% have used big data to
achieve competitive insights. Hence, with access to extensive bits of data, in addition to a strong
demand for technolacal innovation, big data has a huge potential to provide firms with

10



benefits in the telecom indust(Bughin, 2016a; Tambe, 2014implying that understanding
the effectiveness of BDA investments is important for firms in this industry.

125%

50%

Share of subscriptions

25%

0%

Carrier

@ Verizon @ Leap Wireless AT&T @ Metro PCS*™ @ T-Mobile Sprint @ US Cellular & Other

Addiional Information:
United States: Strategy Analytics; Statista; 1st quarter 2011 to 3rd quarter 2019

Figure 1. Market Shareof the Telecommunications Sectorthe U.S.(2011-2019) (adapted
from FierceWireless and Statista (20)L9)

Furthermoreto simplify the market structure, | simulate a dynamarketwith only two firms
competing gainst each othefhe firstchosenone is Verizon who owns the biggest market
shareof about30% and is considered a large finmthe industry The second one iT-Mobile
who owns a smaller market shaseabout15% and is considered a small firds seen in
Figure 1, while the market share of Verizon slightly decreasingT-Mobile6 s mar k et

seems to be slightly increasing.

1.4 Research Quesons and ResearchContext
The abovementioned reasoning leadstt@o main research questiotisat can be defined as

follows:

1) How doBDA investmentslynamically influencdirm performancei.e., total number
of customers, firm revenue, and firm prdit)
2) Which policies can ¢lp large and small firms to enhance the outcomes of their BDA

investmentd

11



Reference modes were developed from historical data of firms regardmger of total
customers and net profigee Figure 2). In this thesis, | wdhswer the first research ti@n

by developng a SD modethat could closely replicate tipatterns of the reference modsse
Chapter 5) After that, the second question is answered by proposing investment policies that
help firms obtain better outcomés.g, number of total custmersand firm profi) than those

in the reference modsee Chpter 8)

Number of Total Customers Firm Profit
200 3000
m Verizon o
2500
5 150 2
E = 2000 Verizon
100
< . 1500
a <
@ 1000
2 50 /‘{ % T-Mobile
T-Mobile o
0 > 0
2013 2014 2015 2016 2017 2018 2019 2013 2014 2015 2016 2017 2018 2019

Figure 2. Reference Mode of Firm Performance eMbbile and Verizon

1.5 Thesis Outline

This thesiscontains 9 chapters. Chapteinfroduces the main topof the thesis and why it is
considered important and relevant to the fighdChapter 21 review the current literature and
existingtheories thasre relevant to théevelopnent ofmy SD model. Clapter 3 explains why
the system dynamics modeling methwas choserio answer thebovementionedesearch
guestions and describes the data collegiimtessChapter 4 describélse main structure and
major feedback processes of the SD mo@hhkpter 5 isised to describe the calibration of the
model and théit between the simulated and the actual behavior€hapter 61 showthat the
model is robust by presenting different structure and behavior validity @spter 7 reports
severaldifferent hypahetic scenariosand the corresponding changes in midzhaviors In
Chapter 8, | analyze th@roposedoliciesand discuss the results. Finally, Chaptés G@sed to

concludethe thesis with general discussion, limitations, arehues for future research.

12



Chapter 2: Literature Review

In this chapter, leview the relevant literature that is used to develop my system dynamics
model in Chapter 4. Specifically, this part describes the current literature on big data, BDA, and
marketing literature on personalization, marketing responsisga@sl customer acigition.

The diagram of the model is presented at the end of this chapter.

2.1 Big Dataand Its Characteristics

Customer data, which captures the raw information about customers such as characteristics or
behaviors, has been around for decadestauted fist at an aggregate level, such as monthly

or annually purchase amouiMerhoef et al., 2016 After many firms begun to invest in large
customer databases in the 1990g, dimount of customer data balloonéar examplewith

detailed transaction records for millions of customers as well as their background informatio

such as age, gender, or occupati®igby, Reichheld, & Schefter, 2002Nowadays,
customersodé6 online activities can be recorded
vad amount of data containing billions bit of observationkich is oftenc onsi der ed as

dat ao.

Oneproblem howeveri s t hat a big datads definition ba
outdated. For example, a data warehouse containing 250 mstatbytata owned by Facebook

in 2013 which was (and still is) considered impressive could become niartealyears from

now (Leetaru, 2019) Thus, big data is often defined using more general terms, such as

A e xt r argeedatasets, made up of structured and unstructured data that can be processed
and analyzed to r ey(Hazi Bopa Ezelle & Josefaamed 2014 end s 0O
Similarly, bi g data can al saerobgeeeous arfdeomplexd t o
datasets that are difficult to pi(Halbkaires usi nq
Saviméakj & Laukkanen, 2020)The consensus thatdata volumdi.e., data sizeis just one
characteristic of big data, in addition to other aspects ssieélecity (how quickly the data is

generated and analyzed), variety (how many forms of data that elleted, e.g., structured

vs. unstructured data), veracity (the quality of the data), and value (the imporédecance

and completenessf the dah), making up a set of five Vs that are typically considered as key

characteristics of big data.g., Erevelles et al., 2016)

In this thesis, | agptedthe conceptuaframeworkproposed by.am et al. (2016)o modelthe
impact of bigdat a on the firmdés Acoomdimgltetdegecautiiofthe cust or

conversion of big data to applicable knowletggeomposed afwo major parts: (1) corerting

13



big data availability to big data value and (2) converting big data value to knowMdge.
specifically, big data availability, which involves big data volume, velocity, and variety,
influences big data value through the quality of the dataartelicbybig data completeness and
consistencyLam et al., 2016)Building upon previous literature on data qualRgltier, Zahay,

& Lehmann, 2013) 1 decompos data qality into four primary areasncluding big data

completenesgjata accuracyjata consistencynd timeliness.

Specifically, g data completeness refers to the extent to which firms katfecient
information (regarding both breadth and dep#f)out he customers such that they could
explain theibehaviors in the past, the current, and predict them in the {uameet al., 2016)

Big data accuracy, instead, referghe extent to which the collected data might contain biases,
missing valuesduplication, or other inaccurate informatiddimilarly, big daita consistency
refers to the consistency in measurement of different variables in all the datavisgs
timelinessrefers to the accessibility and availability of data when the firm nieéBeltier et

al., 2013) For simplicity, | grouped data consistency and timeliness as one variable due to their
similar evolvement caused by big data availability.

i 1 !
i i 1 !
i i ' !
1 i 1 !
i i ¥4 Y [ooTTTTT s !
1 I 1 :
1 | 1 Big Data | : Big Data Analytics !
! ! ! Completeness " 1 !
H 1 ! ]
: | 1N : : I
1 ! ! 1 ! :
1 T y
, ! s ! . Big Data Value : Firm Knowledge
' -
H . — . . ) ) B of Customer
|t Big ”‘Tm ' | Big Data Accuracy ! - Customer Insights i
: Velocity ! ! i :
'’ e | 1A ! I
] 1 i : ]
] ] 1 | |
[} 1
T T TTTTTTTT T W !
N - i -
! Big Data & | H Big Data !
' Variety ! ! Consistency and I
1 H ! Timeliness '
] w1 1
] 1 1 !
b ' A A

Figure 3. KnowledgeGenerated-rom Big Data (adapted frobam etal. (2018 s concept u:
framework)

In addition, | chose to not include big data velocity and variety in my system dynamics model

due to the unavailability of atessary data and information, as well as because these two
dimensions of ly data are mostly affected by the skills of employees (i.e., data scientists, data
analysts) which are ndihe focus of this thesi®ig data quality is expected to be converted to

big data value, which refers to actionable customer insgjitl as hetegeneous customer

preference, or situational and psychological information related to customer befiaamorst

14



al., 2016) As suggested bi¢revellesetal. (2016 g dat a val ue depends o
in big data analyticinally, these BDA activities converts the customer insights gained from
bigdaa t o fir msd kno wltreadsgnew reatlily appliediinrmarketing,tsadesye r s
product design, or other frontline activitigsigure 3 illustrates these key processes in my

model.

2.2 Big Data: Trade-off BetweenQuantity (Volume) and Quality

The tradeoff between quantity and qualigxistsin many aspects of our liveSor examplea
persornmight be able to do many tasks in a day but at low quality, while another one might do

a few tasks but at high quality. This is because there are lovotsrtworking productivity and

we must be sttagic when everything cannot be dome.big datacollection there is no
exceptionlndeed, dirm might choose to focus on big data volume (quantity), so a lot of data
are collected buttaeduced qualityln contrast, aother firm might choose to focus data

guality, so not all information is collected libe collected data aed very high qualityln fact,
customer data are now generated at an amazing pace, so data quantity or data availability is
usuall not a problem to firms anymo(Banoho, 2019However, as big data analytics such as
machine | earning algorithms are ttheytpically f or b e
require millions of observains to perform wellbig data users tend to overfocus on data
guantity and disregard the role of data qua(iBbermeyer& Emanuel, 2016)Following
previous researdiHazen et al., 2014) assume that when firms ovevest in big data®ume,

data completeness will increase due to more information is collected but data accuracy will
decrease as firms will get more data errorse €bllected data might eventually become less
consistent (lower data consistency) and the accurate dataleigime less accessible (lower

timeliness).

2.3 Impact of Big Data Analytics

Big data analytics (BDA), in general, can be definedaasollection oftechniques and
technologes that firms useto analyzebig and complex datain order to enhancefirm
performancen different waygChen, Chiang, & Storey, 2012; CofReal et al., 2019EXxisting

evidence from praeus research has demonstrated that BRA¢ customer analyticsn

particular, cansignificantly improvefirm performancegCoérteReal et al., 2019; Wamba et al.,

2017) FollowingVerhoefetal. (2016) pr opose that firmsé knowl e
through BDA) positively influences firm performance in three major ways, namely th(@jgh
segmentation anirgeting,(2) personalization imlirect marketing, an¢B) product quality.
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2.3.1Segmentation andTargeting

Segmentation and targeting core element ia marketing strategys often referred to as the
firmdé efforts to identify whiKalérand Asnstomger s i
(2017 it takes a | ot of firmsdé resources to of
are often not able to do so with all of their customers. &astirms often strategally choose

to focusmost oftheir resources on a smaller number of customers, which is also known as a
target marketand allocate less resources on other custoniiiss, agoodsegmentation and

targeting strategis expected toesult ina significantincreasdn firm revenueFor example,

after three years adopting a new strategy of segmentation, a telecom firm from the Eastern
European market was able to observe significant improvement in return of investment and
revenugrom dl identified segmentgDibb, Rushmer, & Stern, 2001)

However,fideliveringthe rightme s sage t o the right (Bcadlavt o mer
Gangwar, Kopalle, & Voleti, 2017, p. 8i9 typically not an easy task to any firm. In fact, to
dividea whole market into different uniggegmentsf customers, and eval@athich segment

is more attractive than the othdirms cannot rely ora singlepiece of information from
customersbut rather @ombination of factors regardimd their demographics, psychographics,
geography, and bekioral pdterns, segmentation and targeting require significant knowledge

in terms of customer insigh(&otler & Armstrong, 2017) Thus, many firms are investing

heavily in big data and BD£o improve their outcomes in market segmentation and targeting
(Verhoef et al., 2016)For exampleprevious research has demonstrated that understanding
customes 6 t r a rbshavartmight hép ihcrease the clickhroughrate of advertising by

as high as 670%an et al., 2009)Similarly, Nair, Misra, 1V, Mishra, and Acharya (201i$e

cust omer s 0 amsavenksanfoimatign obt@anedgfrom big data analytics of a firm to
optimize its segmentation and targeting. Their results suggest that, by allocating more money
to more profitable customer s, the firmbés pr
Hence,int hi s t hesi s, I expect that the firmbs kmn
help identifythe right target market with higher marketing responsiversess minimize the

targeting error such that less marketing effort would be spent on people witterest in

making a purchase or becoming a subscrMere specifically, as shown in Figudel suppose

t hat the firmbs knowl eedhg enissed targetucastomarseparsandwv o u |
minimize the number afustomers whavould be mistakenly tayeted While firms losemoney

when failing to target the right potential customers (i.e., sodneyot aware dhe product to
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buy/subscribe), they alsosemoney by targeting the wrong people (i.e., who are not interested

\ .
N\ Missed target
\\ customers

in making a purchase/transact).

Wrongly targeted
customers

Correctly targeted
customers

Figure 4. Actual TargetCustamers (Solid Circle Line) Versus Desired Target Custo
(Dashed Circle Line)

2.3.2Personalization inDirect marketing

Personalizaton an effective way to addhagkeenagplied i ndi \
in direct marketing efforts since the 18{0&sanen, 2007)ollowing Montgomery and Smith

(2009) in the context of this thesis, | define personalization aadhptation of direct marketing

contents for the customer using knowledge that has been resulted from BDA activities.
Previous evidence has demonstrated that personalization increases custObmep er cept i o
internal control(e.g. Surprenant & Solomon, 1987he greater perceived control over the
outcome, even though it might be just an illusipanger 1975) canthenpositively influence

customer behaviorf the past days, personalization is considered an expensive way to increase
customer responsiveneas t was usually done on a case by case basis, leading to a typical
tradeoff for service frms between a high quality, personalization strategy and a Isty co
standardization strategyRust, 2020) Nowadays, personalized marketing however is
automated by machine learning and deep learning (artificial intelligence) algorithms using big
data, meaning that firms can adopt the personalization strategy at significantly lowefaosts.
example, byanalyzng userso6 | istening preferences, Sp
personalized playlists and artist recommendations, which have been demonstrated to increase
the listening duration and the number of songs listengChang, Rust, & Wedel, 2009;

Misiak, 2019) Similarly, when privacy concern is controlldgéiacebook users asdsotwice as

likely to click on personalized advertisimgmpared to nopersonalized onélucker, 2013)

Thus, in this thesis, I assume that Idhdipe f i r m
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increase the effectiveness of direct marketing contacts through personalization, such that
targeted people are more |likely to respond t
(subscribers).

2.3.3Product quality

Previous researchas suggded that product attractiveness as an important determinant of
customer acquisitio(e.g., Paich & Sterman, 1993; John D. Sterman, Repenning, & Kofman,

1997; Struben & Sterman, 2008jey factors that influence pdoct attractiveness include

price, product availability, marketing expenditure, and product qu@liy\n D. Sterman,
Henderson, Beinhocker, & Newman, 2007; Struben & Sterman, 2BA&Juct quality, in its

turn, is affected by the quality of its service, hardware, and soff\ecerding to the TL 9000
telecommunication standarf@®NV GL Group) According to Shollo and Galliers (2016)

product quality would be significantly benefited by big data that is pushing us to the next
frontier for innovation. Indeed3DA would endle firms to extract useful insights from a
massivea mount of data regarding userso6 product
use, to quickly develop a new version of the existing product with successful modifieation

et al., 2016) For example, Netflix useadvanced analytics oms big dataof subscr i ber s
preferences and habits to predidtich movies to license and whether it iertiny to invest in

new shows or new movies, leadit@enhanced product quality and subsequently significant
growth in its subscriber bag€u, 2019) Thus, Isuggesthat BDA investments would increase

the firmbébs knowledge of customers, that wil/

attractiveness subsequently.
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Chapter 3: Methodology

3.1 Research strategy

In this master thesithe chosen methodmjy to studythe proposed research questimsystem
dynamics modelingSystem dynamics modeling was starting in the 1950s by Jay W. Forrester
(Forrester, 19583nd quickly became a strong methodology to analyze complex sySkeinms

D. Sterman, 1994)with applications in many areas includifign growth (e.g., Forrester,
1964) management and decision makfady., John D. Sterman, 1989hdd. Sterman, 1992)
fossil fuel resource.g., Davidsen, Sterman, & Richardson, 1990; J. Sterman, G. Richardson,
& P. Davidsen, 1988jransportatiorfe.g., Struben & Sterman, 2008galthcarde.g.,Homer,
Hirsch, Minniti, & Pierson, 2004; Hovmand, 2014(generi¢ marketing(e.g., Nicholson &

Kaiser, 2008)and financde.g., Azeem Qureshi, 20Q7)ist to name a few

For the purpose of this thesis, system dynanuugperforms other methodologies (e.g.,
econometric modelling) in two major ways. First, system dynamics modslingtter than

other common modelling methodes.g., time series modeling) throwing new lighton the
feedback in a causal chain of variab(@and, Rust, & Kim, 2018)In particulay system
dynamicsapproach allows its users to model a system of differential equations through a set of
stocks and flowgSaleh, Oliva, Kammann, & Davidsen2010) Hence, by its design, this
method is useful to understand the dynamics and compt®ependence among takements

of a system(Rand et al.2018; John D. Sterman, 2001) this study,suchcomplexity and
feedbackprocesseplay an important role in the systeRor examplehow much a firm decides

to invest in BDA depends on firm revenue. These BDA investments then aféect thi r mo s
knowledge related to customer insightéis learning process will rak in enhancement in

mar keting effectiveness, | e adand gevenuevhich mo wt h
turn would foster BDA investments once agdihese kinds of mblem can be best studied by
analyzing the flows of the syste(Rand et al., 2018)making gstem dynamicghe most
suitablemethodfor my thesis

Second, system dynamics allow us to conduct a series eamdgdrror simulations in which
differentvalue of parametersan be testedndthe feedback structurean bechanged in an
attempt to explore the structural relationship betvggstem elemennd to discover the most
feasible and profitable policy optio(Saleh et al., 2010; J. D. Sterm&h,P. Richardson, & P.
Davidsen, 1988)As the system behavior (e.g., customer acquisition in my thesis) is strongly

dependent on its structure composed of many different causal loops and other effect
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assumptiongDavidsen eal., 1990) system dynamic modeling is superior to other modeling
techniques when our understanding of the system is still linBechusestudies on the impact
of big data and BDA investments in firm perfante are still in its infancy, using syste
dynamics modeling allows me &xperiment with different model elements dadrn more
about the relevant complexities and feedback processes befdasingfirms onhow to take

full advantage of BDA investments

To sum upgsystem dynamics modeling e®nsidered an appropriate approach to achieve the
research objectivef this master thesi$n the next partl will explain how thedata collection

process has been implemented in this thesis

3.2 Data collection

To build and estimate the system dynamics model in this master thesis, wenpetd
regarding 1) the key variables in the mod@i (erms ofstocks and flows); 2) the relationship
between them (i.ecausaloops); 3) data (e.g.number of customers dfd firm over time, etg;

and 4) effects (e.qg., price elasticity of product attractiveness, effect of BDA investments on the
firmds knowledge of customers, etc.). The da
three major steps. First, | deldeinto the pastliteratureto understand to what extent the
problems formulated in this thesis have been examined by previous reaadrcise that
knowledge to build up my own system dynamics mobBelperform a thorough and systematic
search of literaturel followed Snyder (2019xand explored a compgnensive set of online
databases including Google Scholar, EBSCO, Web of Science, and Science Direct, as well as
the reference lists of the found papers, to tstmmany as possible all tredevantand important
studiesBased on pevious literature inilg data and BDA, in addition to my own understanding,

| used a combination dfifferent keywordssuchas:Big Data Big Data AnalyticsBig Data
InvestmentsCustomer AnalyticReturn on Investment in Big Dataffect of Big DataEffect

of Big Data Analytics Costs in Big Data AnalytigsBig Data in BusinessBig Data in
Marketing andBig Data and Firm Performancéfter quickly skimming all the found articles

(i.e., their abstracts)relevant papers were excludékhe review ofthe remaining stucks at

this step was then used to construct the overall causal loop diagram (CLD) and the stock and
flow diagram (SFD). All the data and effects were simulated to test if the system dynamics

model could worland be ready to move on to thext step

In the second step started collecting data used in the moddie system dynamics model
developed in this thesis usite competition betweeR-Mobile and Verizon Wireless, which

are American telecommunications firms offering wireless prtsland services in the U.S., as
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a case studyThe specific data about each firm and the whole market were mainly collected

from their annual reports that are publicly available on their wetsitdonline statistics portal

such as StatisteOther variabk s such as effect of the firmod
productivity of BDA or effect of direct marketing quality on customer responsiveness were
collected from previous empirical studies. Thal data was used to refine the model so it could

be used t@xplain and predict the behavior of interest.

In the last step, intensive tests of model sensitivity and scenario analysis were performed. The
literature was reviewed again not only to undardtthe findings but also to refine the model
assumptionggan if inconsistency or counterintuitive results were foulstier the modeling

process is completed, the model is described in Chapter 4, while Chapters 5, 6, 7, and 8 present
the results.
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Chapter 4. Model Description

4.1 Model Overview

This part describethe overview of theystemdynamics modetonstructed in this thesis

Big Data Value

/c3 ?
Knowledge Market
Application \
Cé6
C5

Business 9 /anestment

Policy

Figure 5. Overview of the Model

As shown in Figuré, the model contains five main interconnected modules: Big Data Value,
Knowledge ApplicationMarket Business and InvestmentPolicy. Information is sent and

received through nine different connections {Cl11). Table1 gives a brief summary of all
theseelements.

Information Information .
Element . Explanation
Sender Receiver

SECTOR

1.Big Data | N/A N/A This sector illustrates the conversion of

Value big data (e.g., big data volume and
guality) to the fi
customers
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2. N/A N/A This sector il lust
Knowledge knowledge of customers are applied in
Application and has impact omarketing, product
development, and churn management
3. Market N/A N/A This sector illustrates the effects of
marketing and produetttractiveness on
the dynamics of customer acquisition, a
well as on the growth of the total marke
over time
4.Business | N/A N/A This sector illustrates the dynamics in th
revenue and costs of the firm
5. Investment| N/A N/A This sectoillustrates direct impact of
Policy different BDA investment policies used
this thesis
CONNECTOR
C1l Investment Big Data This connector il
Policy Value knowledge of customers is influenced b
the firmds BDA i ny
C2 Market Big Data This connector illustrates how the numQg
Value of newly recruited customers is influenc
by the f i r maéspoliByDA
C3 Big Data Knowledge | This connector illustrates how direct
Value Application marketing effectiveness, produgpiality,
and churn rate are influenced by the
firmdébs knowl edge @
C4 Investment Knowledge | This connetor illustrates how the quality
Policy Application of direct marketing is influenced by the
firmébs BDA investn
C5 Knowledge Business This connector illustrates how firm costs
Application are influenced by the extent to which th
firmdé knowl ed @qeplied f
in direct marketing
C6 Big Data Business This connector illustrates how firm costs
Value areinftenced by the f

on increasing big data volume and/or
quality

23



c7

Market

Business

This connector illustrates how firm
revenue ad costs are influenced by the
firmébs tot al numb e

C8

Investment
Policy

Business

This connector illustrates how firm cost;
are influenced by
investment policy

C9

Business

Investment
Policy

This connector illustrates hotwvh e f
BDA investment policy is influenced by
firm revenue

C10

Investment
Policy

Market

This connector illustrates how the numh
of targeted customers is influenced by t
firmébs BDA i nvestn

Cl1

Knowledge
Application

Market

This connetor illustrates how the numbe
of newly recruited customers is influenc

by the extent to W
knowledge of customers is applied to
improve direct marketing effectiveness,
product quality, and churn rate

Table 1. Sunmary of Model Overview Elements

4.2 Model Boundary and Time Horizon

Model boundary refers to the scope of the mdeg., the selection of studied variablesile

the time horizon of a model refers to the duration in which the model is simuAaisatding

to J. Sterman (2000%electing a reasonably broad model boundary and a reagdordpkime
horizon is one of the most important tasks in modeling the dynamics of a system. For example,
too narrow model boundaryould make the model s useful for managers or policy makers,
while too broad boundary might lead to the inclusion ofng larray of variables that requires

an enormous amount of time to complete the model. Similarly, a too short time horizon might
hinder modelers from obseng important dynamics in model behaviors (e.g., acceleration),
while a too long one could make theodel unnecessarily complicatéd. Sterman, 2000)
Hence,in this thesispased on the formuian and scopef the problem of interest, only
includedthe most important variables and feedback procebsesre important foanalyzing

the dynamidmpact of big data analytics on customer acquisition and firm revexuene
horizon of17 yearswasalso selected such that we hareughtime to capture all the most

significant trends in the behaviors. Further, | used the7iystars(2013-2019) to fine-tune the
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model to describe thkistorical behavior anthe last10 years(20202029) to forecastthe

impact of different investment poles.

4.3 Major Assumptions

4.3.1Excluding big data velocity and variety

Big data velocity refers to how quickly are data genergisatessed and analyzeuhile big

data variety refers thow diverse are the types @dta source@Ghasemaghaei & Calic, 2019;

Lam et al., 2016)While they are two important drivers of the value of big datg., Erevelles

et al., 2016) measuring big data velocity and variety has been a knowrecopelko previous
studieg(e.g., Lam et al., 2016leading to the lack of previous studies on the effects of big data
velodty and variety on the quality of big data. addition, real data on how big data velocity

and varietyhave been changing over time at the selected firms in this thesis is not readily
available. Collecting extra data (e.g., through a survey or interigealgo not possiblas these

firms are located in US-urthermoreto improve big data velocity andwety, firms are mostly
required to invest in recruiting more employees (e.g., data scientists, data analysts, etc.), as well
as training employees soethcan collect, process (e.g., clean and combine, etc.), and analyze
big data more efficientlyDavenport, Barth, & Bean, 2012; Leaser, 204 this thesis does

not focus on employee management and development, | decided to not to include big data

velocity and variety in my system dynamics model.
4.32 Similar marketing responsiveness between w-back and new customers

Customer reacquisitiofalso known as wiback) refers to the process of bringing back
customers who had decided to terminate their relationship with the(Riok, Thomas,
Tillmanns, & Krafft, 2016) As firmshaveincreasingly becomcustomercentric, the concept

of customer reacquisition has recently attracted much attention from researchers and
prectitioners(Kumar, Bhagwat, & Zhang, 2015)Ithough there are reasons believe that
win-back customers might respond to marketing in a different way than thinfiestustomers

(e.g., Park, Park, & Schweidel, 2018b empirical evidence has been found in the literature.
Hence, in this study, for simfittation, it is assumed that customers after churning will simply
become potential customens the next period and bavailable for firms to réarget and

acquire
4.33 The repetition of direct marketing has no impact

Being exposed t@a marketing contentultiple times means that a customer would become

highly familiar with the advertising content and the advertiged. On the one hand, these
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customers might learn more about thessage and thgroduct, leading to more favorable
attitudes(Cacioppo & Petty, 1979)0n the other hal, they might feel bored and choose to
ignore the advertisement in the future, leading to less favorable attitudes and lower purchase
intenfons (Pechmann & Stewart, 198&xisting evidence has demonstrated that the effect of
mass advertisingepetition might beonlinearand follow an inverted t$haped curvéSchmidt

& Eisend, 2015)However, previous research has also found that sending direct emails to
customers many times would not olga their transactional behavigqkan Diepen, Donkers,

& Franses, 2009aglthough it does lead to irritation. Hence, in this study, | assume that people
who have been targeted (e.g., received direct marketingct from the firm) but decided not

to become a customer (i.e., subscriber) will simply become potential custaga@énsin the
next period and will be available for firmso

4.34 Price is exogenous to tle model

Following previous research in similar industriesg., Rahmandad &ibdari, 2012)in this

anal ysi s, I as s u mmoducth @ wirelesh servigegrenotaletesniined by r ms 0
the main behavior of thmodel,namely the number of customehsdeed,existing evidence

suggests thdhe impact of competitionnal demand othe price otelecommunication services

is rather limited, while the strongest effect comes from cumulative investments of firms in
infrastructure and cuttingdge telecommunication technologies such as a new 4G technology

in 2010 or 5G in 204 (Jeanjean, 2015; Nicolle, Grzybowski, & Zulehner, 20E)nce, it is
reasonable to assumethate pri ce wused in this thesis is e

and that they are determined by the development of technology in the whole industry.
4.35 Only two firms in the market

The telecom sectan USis an increasingly growing industry wittore than 30 wireless service
providers listed bythe Cellular Telecommunications & Internet Associat{@TIA, 2020)
Following previous research in market simulati@y., Frank M. Bass, Krishnamoorthy,
Prasad, & Sethi, 2005in this thesis, | focus on two telecom firriisMobile and Verizorand
assume thahis market is a dynamic duopoly with gs®nly two firms competing against each
other. The firms arestratayically chosen such thathile Verizonis dominating the marketith

a large customer bagee., market share of 30%T-Mobile is a smaller firmwith a small
customer basg.e.,market share df5%). In the next chapters, | wiélxplore different scenarios
and policiesn which Verizontakes advantageof its large customer base (e.g., economies of

scale)how T-Mobile can respond tgain benefit§rom its BDA investments.
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4.3 6 Excluding upgrading, downgrading, and crossbuying

In this thesis, fosimplicity reasonl| assume that there is only one single product served by
telecom firms with a single pricaamelythewireless communicationgsvice In fact,telecom

firms do not only offemobile phone subscriptions, but they also sell phones and devices, extra
mobile data, as well as other services such as home broaddamver, given that
subscription feesrom mobile phone plans are stilhe dominant revenue generator in the
industry (van de Weyer & Costers, 2020)only focus on the number of subbersand the
corresponding revenue and proéis the main behavior of my model and collect price
information accordingly. Though customers might also move from one mobile phone plan to
another oned.g., upgrading and downgrading), or buy extra serviagshss mobile data
(crossbuying), I also exclude them from my system dynamics model due to time constraint and

the lack of necessary data.
4.3.7No Direct Marketing Targeted at Customers of the Competitors

It is also assumed that direct marketing agégitire only used by the firm to target the potential
customers and not used as an offensive marketing strategy to attract customers of the
competitors. In fact, the effect of competitive direct marketingetiadd at the customers of the
competitors is complex andnot always positive. For examplean Diepen, Donkers, and

Franses (2009b) i nd t hat sending direct mar keting ¢
makes them aware of their needs for trnde prod
As such, these competitive marketing activities often increase sales for the wiugkeyinand

in favor of the firms with highest product attractiveness. As there is no clear mechanism

underlying this effect, | decide to exclude this from the model.
4.3.8Limited Knowledge of Customers Before 223

For simplicity purposes, | assume tlath firms have very limited knowledge of customers

before the start of my simulation period (i.e., 2013). Thisassumpptorp | i es t hat fir
implemented any s®us BDA investments before. In other words, both firms have a similar
starting point interms of using big data and BDA so it would be easier for us to compare the

impact of BDA investments on their performance.
4.3.9No Simultaneous Targeting

It is al©o assumed that each potential customer can only be targeted by one firm at a time. This
iS a necessary assumption to ease the calculation of stock variables related to number of

(potential) customers.
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4.4 Model Structure

As mentioned above, my systalynamis model is composed of five major modules: Market,
Big Data Value, Knowledge Application, Business, éamgestmentPolicy. In his section |

will describe the associatetbck and flow diagram of each modulduli detail. The full SFD

can be fand in Agendix 1.
4.4.1The Market Module

TheMarket modulenvolvesthe dynamic interdependence between potential customers, target
customers, and total customdidaier, 1998; Walther, Wansart, Kieckhéfer, Schnieder, &
Spengler, 2010)seeFigure6).

Figure 6. An Overview of the Feedback Structure of the Market Module

This module starts with the targeting procds$g stock of Potential Customers reflectsttial

target market of the firnwvhich contains everyone who buys the cated®ymaniuk, 2012)

Among these peopl e, not everyone would respo
not everyone would be interested intherf mé s pr oduct . Hence, firms
they should target everyone and plan a direct marketing budget actpraihgh is an input

from the Policy moduleThe model therefore compares between the planned direct marketing
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budget and the expditure if the firm decides to target everyone (Demand for Direct Marketing
Expenditure), and the actual expenditure is tveel value between therif.the firm decides

to only target a smaller group of potential customers who are the most responisiee tofti r mo s
direct marketing activitiescertaintargeting rules (e.g., age, gender, income, etoyld be

used However, atpi c al targeting policy, which is pr
responsiveness toward marketing activiti®s Dong, Manchanda, & Chintagunta, 2009)
always involves a certain amount of err@fong, Fang, & Luo, 2015As people who are

wrongly targeted will be less responsive toward direct marketmg,targeting erromwill
thereforereduce customer acquisition due to direct marketing (i.e., less customeaftdruy
receivng direct marketing contactd}.is of note that the targeting error will decrease when the

firm acquires more knowledge about its customers, which is an input of the Knowledge

Application module,

The actual expenditure in direct marketingidied by theaverage cost of direct marketing per
customer results in the total number of prospective customersamghactually targeted his
number multiplied by the direct marketing hit rate (e.g., the probability that a customer will
open and reachtough a diret email, etc.)then determines how many prospective customers
whom the firm has reached through theiedt marketingactivities(Direct Marketing Reach).

It is of note thathe direct marketing hit rate is affected by the quality of direct marketimghw

is an input of the Knowledge Application module.

Direct Marketing Reach then flows into the stock of total target customers who were exposed

to direct marketing, which then determines the number of new customers acquired through
direct marketing duéo product attractiveness. People who were exposeitect anarketing

but choose not to become customers will flback into the stock of potential customers.
Potential customers, in addition to targeted customers who chose not to expose themselves to
thedirect marketing content (e.g., do not open the emhadline a call from telemarketers, etc.),

can stillbecome customers duedther activities of the firm such as mass marketing or word

of mouth.As direct marketing is assumed to be the most effectnannel in this stugyime to

perceive product attciveness when customers are acquired through direct marketing is shorter
than when they are acquired through other channels. Note that product attractiveness is
determined by relative price, relatigaality, relative mass marketing expenditure, and vabrd

mout h. As mentioned in Chapter 2, product q
customers increases, which is an input of th

knowledge of catomers and relative product attractiveness then detertmow likely is that a
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customer willeave the firm{Churn Rate). After churning, customers come back to the potential

market and are available again for all the firms.
4.4.2 The BusinessModule

TheBusinessnoduleintegrates financiadutcomes of the firnmcluding itstotal revenues and
expensesThe totalexpenses ncl ude t he firmdéds investments
quality, and product quality (i.e., service, hardware, and sadtway i n addi ti on
expenditue onbig data storage codiig data collection cost, (direct and mass) marketing costs,
and other cost\ote that big data storage cost is determinedigydata volume which is an
input of the Big Data Value modeiRegarding the total revenyésssume that the firm follows

a subscriptiorbased business model such that firm revenue is determined logctimeing
paymentsnade by customers in exchange floeir subscriptionsNew customers, however,
must pay a sjhtly higher amount in the first period due to activation(ig., Statt, 2019)
Otherwise, net revenue coming from subscription fee remairsatine from the second period
onward. The total number of new customers acquired through direct marketing and other
reasons is an input of the Market modiletal profit is calculated as total rwes subtracted

by total expensesndis discountedo compite the expected present va(@iva, Sterman, &
Giese, 2003)
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Figure 7. An Overview of the Feedback Structure of Biesinessviodule
4.4.3 TheBig Data Value Module

The Big Data Value Mduler e pr esent s the firmbds efforts
customer insightsa core part in my model structur&s discussed in Chapter 2, the model
focuses on two major characteristics of big data: big data volume and big data duality
analysis, big data volume increases in two major ways. First, firms get more data when they
recruit new customers. These degéer to basic informatiosuch as age, gender, address that

is normallyprovided whera newsubscriptions establishedSecondfirms caninvest inextra

data collection activitiesuch agzustomer survey®rusethird-partyservices such dsacebook
Insights and Google Analyti¢e enhance its data ba@g., Goddard?018) Thedesired data

that the firm wants to acquire from each customer is calculated as a multiple of thedacqu
basc data and will be used to compute the desired cost that the firm wants to spend on extra
data acquisition. The actual data acqigsitexpenditurewhich is determined ahe lower

value between the desired and the plarsusd of data acquisition, will &ct the flow of data

acquisition into the stock of Data Volume.
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