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Essays on the dynamics of consumer behavior
INTRODUCTION
This dissertation examines how consumers and consumer behavior evolves over time—from
initiation of consumption of a given product, to being a habitual user—and onwards possibly
being a user innovator and user entrepreneur. Consumers can be characterized by their values and
attitudes (Douglas and Craig, 1997) and the theory of planned behavior posits that attitudes
translates into intentions and behavior moderated by perceived behavioral control in the social
context (Ajzen, 1991; 2002). Consumers are individuals making consumption choices of products
and services, and oftentimes they are also users of the given product. Individuals’ attitudes and
values are relatively stable over time (Ingelhart, 1985), but consumer behavior is a dynamic
phenomenon (Blundell, 1988). The world develops around us, and our habits are therefore
constantly exposed to dynamically changing popular cultures and trends (Williamson, 1988).
In economic theory, consumer behavior is typically represented as preferences vs. possibilities,
while less emphasis is put on the actual consumption choices available (Deaton & Muellbauer,
1980). Consumer behavior can be defined as “the study of the processes involved when individuals
or groups select, purchase, use or dispose of products, services, ideas or experiences to satisfy
needs and desires” (Solomon, Russell-Bennett, and Previte, 2012 p.6). Consumer behavior is to
some extent habitual and influenced by the consumers previous consumption patterns (Wood and
Neal, 2009). Consumption is furthermore a social phenomenon, because individuals are influenced
by each-others opinions and behavior (Kelley, 1967). Therefore consumer behavior is also
influenced by what other consumers say and do.
Sometimes consumers develop a specific preference in their consumption, e.g., for sustainable
consumption choices. But consumer behavior may also evolve from demand of products into
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supply-side activities via user-innovation (von Hippel, 1986). In some markets, e.g. for software
application (app), it can be argued that behavioral changes from consumption to innovation can
follow gradually from increased consumption, e.g. when a consumer via increased consumption
seeks to find solutions that fits her own behavior instead of adapting her behavior to standard IT
solutions on the platform. In this process she may learn about market possibilities for apps as well.
One example of user innovation is when a user registers herself as a developer on an online
technology platform such as Apple’s App Store or Google Play. Such an action signals a clear
intention of the user to innovate apps beyond the current market offerings on the platform. A user
innovator on a commercial platform thus represents a potential future entrepreneur, i.e. a nascent
entrepreneur. If a user innovation is commercialized on the platform, i.e. offered for sale to other
users on the platform, then this nascent user entrepreneur has become a user entrepreneur, and the
previous consumer has progressed to become her own business owner on the platform.
Consumer behavior can be described in consumption patterns characterized along four key
dimensions: (1) social relationships with other consumers, (2) availability of products and services
for consumption, (3) the level of participation of the consumer in shaping the products on the
market, and (4) the combined human physical and mental activity during consumption (Dholakia
and Firat, 2003). The first chapter addresses point 2 above by analyzing how consumers via their
evolving demand indirectly may shape the market offerings towards sustainable consumption
options. Chapter 2 and 3 focus on points 1 and 3 by studying dynamics of user innovation and
entrepreneurship among consumers who interact with each-other over time. Finally all chapters
indirectly address point 4, as both sustainable consumption, user-innovation and entrepreneurship
implies mentally active consumption.
Businesses rely on their end-users, and therefore need to understand the evolution in their
consumer behavior. This evolution can be conceptualized as stages from initial consumption
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towards habitual consumption—and in some cases further towards user innovation and userentrepreneurship. Clearly, a habitual consumer is attractive for a firm, but user innovators and user
entrepreneurs can likewise generate rents for the platform hosting company. The topic of
dynamics of consumer behavior is also of interest and relevance for policy makers, because
consumer behavior in many ways is connected to both local, national, and global societal
development and challenges (Dholakia and Firat, 2003). The dynamics of sustainable consumer
behavior is an important contemporary topic, and there is a need to improve the understanding of
when and how sustainable consumer behavior can represent business opportunities for both
commercially and environmentally sustainable growth.

SUMMARY OF THE THREE PAPERS
The three papers in the dissertation are presented as three separate chapters. The use of big data
sets obtained from firms is a common denominator of this work, and reflects the increased
availability of digitized data fingerprints that have become available with increased company
registrations of internal data, and internet data, which enables new theorizing and testing on the
dynamics of consume behavior (Edelman 2012). Scanner panel data represents more classic
consumer behavior data such as product purchases, while digital platforms document a previously
unseen wealth of details on consumer behavior during the process from consumer to userinnovator and entrepreneurship.
The first chapter analyzes how consumer behavior of buying organic food products develops
over time. Organic food is the most successful product category within the growing ethical and
sustainable products market. The paper identifies the sequence by which a cohort of 10,000
Danish households adopt organic food categories in their purchases from a retail chain over a 2
years period. This study analyses large empirical scanner panel data in order to test the theory of
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behavioral spillover versus the theory of moral licensing, and a pattern of adoption of organic food
products emerges which is consistent with the theory of behavioral spillover. This chapter is
recently published in Journal of Consumer Research which is a leading international marketing
journal.
The second chapter analyzes which personal- or behavioral characteristics that early on can
identify individuals whom will soon embark on an entrepreneurial trajectory. The context is how
users on a technology platform may become entrepreneurs of apps on this platform. The paper
consists of two analyses, namely users transitioning to nascent entrepreneurs, and nascent
entrepreneurs transitioning into commercializing entrepreneurs by commercializing their apps.
The analyzed data do not lend itself to follow the same set of users through to commercialization,
and instead two separate generations of users’ progression along the entrepreneurial process are
analyzed. This chapter discusses how individuals' consumption may be seen as a pre-stage for
supply-side behavior. Consumption volume is found to be an important mechanism that precedes
users' transition towards entrepreneurship—even after controlling for personal characteristics,
social network positions, social influence from other entrepreneurs, and lead-user traits (Urban
and von Hippel, 1988). The paper also discuss relational explanations for entrepreneurship, and
finds that previous exposure to entrepreneurship and encouragement from peers precedes users’
progression towards entrepreneurship.
The third chapter analyzes the coevolution of an online social network and user innovation
behavior in the network. This chapter analyzes the same raw data as that used in Chapter 2, but
with a focus on the coevolution of networking and users becoming user innovators on the same
platform. Theoretically, this study disentangles social influence and partner selection in an online
platform community, where users have the opportunity to become user innovators of
complementary platform offerings. This chapter also offers a conceptual framework for
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understanding how a social network co-evolves with user innovation in an online community. The
social network is found to influence the occurrence of user innovation, and user innovation in turn
influences the social network over time. Thus, this chapter contributes to the understanding of
dynamic networking and innovation coevolution in online communities, finding that being a user
innovator significantly affects networking behavior—both from the user innovator, and from the
peers towards the user innovator. Meanwhile, it is found that it is not social influence from the
community core but from the periphery of the community that spurs users to become user
innovators.
The data for chapters 2 and 3 originate from the same digital platform and are to a large extent
text-based. The text data are directed text messages between platform community members, and
thus these data both resemble an evolving social network of platform participants simply tracking
whom is in contact with whom on the platform community, while they also contain the most
refined available data about what this contact consists of, i.e. the raw text messages written
between community members. The analyzed database contains more than 1 million directed text
messages, calling for computer-aided natural language text processing and analytics. Such
methods are implemented in Chapter 2, both directly and as robustness checks. Chapter 2 applies a
slightly stricter criterion for inclusion in the analyzed community, resulting in a smaller
community. This is because Chapter 2 analyzes the text messages constituting the content of the
social network ties, and this extra requirement to the data excludes some community members
from the analysis. Chapter 3 models the coevolution of the social network and innovation behavior
over three consecutive periods. This chapter dynamically analyzes the inner core of the
community, while it treats interaction with peripheral members as dynamic covariates. The
theoretical framing of chapter 2 and 3 differs in that the chapters are positioned towards two
different literatures. Chapter 2 focuses on progression of users towards entrepreneurship on
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platforms, and inspired by the findings in Chapter 2, Chapter 3 zooms in on the coevolution of the
social network of users and user innovation. Thus, Chapter 2 finds evidence for social influence
from entrepreneurs in the community, and Chapter 3 confirms this effect but not within the core:
the influence towards users—or consumers—engagement in supply side activities relies on input
from less centrally positioned peers.
Summarizing, each of the three chapters offer new theoretical insights on the evolution of
interlinked consumption choices and consumers, towards sustainable consumption, innovation,
and entrepreneurship.
External validity of findings from one context to other contexts should always be critically
reflected upon. Here I wish to argue that the analyzed settings in this thesis represents quite
common contemporary market places. Digitally recorded consumer behavior is unbiased by selfselection into survey- or interview participation—and this benefit of such data applies to both
scanner panel data and platform participation. Yet, a self-selection in principle persists into a
supermarket loyalty card program, or onto a tech platform in the first place. For the supermarket
chain, this is a minor concern, as more than 1 million Danish households are loyalty card holders
out of a population of approximately 3 million households. The concern for external validity is
more valid for the technology platform setting, because platform participation is self-selected and
contingent on both a minimum of IT use fluency and a drive to actually use technology platforms.
Furthermore, not all platform members are active communicators in the community on the
platform, and therefore a self-selection pertains even further into the community. Instead of
explicitly modeling this self-selection onto the platform and into the community on the platform, I
here argue that external validity pertains for similar platforms. Reflecting on how app platforms
for smartphones attract users from all over the world and from all age groups, tech platforms are
arguably not exclusive but represents mainstream contemporary consumption of market offerings.
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Further, considering how interactive online platforms such as Facebook succeeds in making users
share their thoughts and personal details with both their network connections and the platform
owner, concerns of external validity of studies of consumer behavior on tech platforms are at least
partly alleviated. In summary, self-selected user participation on commercial tech platforms is
arguably not different from any other novel social- and economical transaction system. Even if the
analyzed users differ, as lead users sometimes do (Urban and von Hippel, 1988), these users are
first-movers in terms of proactive consumer behavior, and thus resembles future users embarking
on the same trajectories of user innovations and entrepreneurship.
The three papers are positioned along a trajectory from being a new consumer to being an
entrepreneur, as illustrated in Figure 1. The first paper thus focuses on evolving consumption, and
tests to established theories against each-other. The second paper focuses on individuals’
transitioning from the demand-side to different stages of maturity on the supply-side, and guides
future theorizing on user-entrepreneurship on platforms. The third paper, finally, zooms in on the
interplay between the first sign of intent to develop new product offerings, i.e., user innovation,
and the social nesting in which it happens, and how this social nesting is influenced by user
innovation. The third paper at the same time empirically supports the proposed framework that
social contexts affect occurrences of user-innovation, and vice versa. Table 1 summarizes the
research questions, data materials, and applied methods.
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Figure 1: The relation between the three papers in this dissertation

Table 1: Research questions, data, and methods in the three papers

Research
questions

Data

Methods

Paper 1
Which, if any, of the proposed
dynamics of proenvironmental
behavior patterns dominates in
praxis: does displaying one
such behavior increase
the likelihood that the
consumer will display another,
that is, positive behavioral
spillover, does it reduce the
likelihood, or does it have no
impact on the likelihood of
displaying another such
behavior?
Panel scanner data.

Dynamic hidden Markov /
latent class models.

Paper 2
Why are some individuals
more likely than others to
help grow the supply side
of a platform?
And which of the following
observed mechanisms drive
progression in app
entrepreneurship:
communication behavior,
social network position,
contagion, lead-user traits,
or “bulk consumption” of
platform offerings?
Panel structure: Purchase
transactions and
communication
interactions.
Social network analytics.
Data- and text mining.
Feature extraction.
Regression.

xiv

Paper 3
How does the social
network of an online user
community evolve over
time? How do userinnovators behave in their
social nesting relative to
regular users? And which
factors influence users to
become user innovators in
the dynamic network
based on their social
network positions?

Dynamic social networks
and innovation behavior
Longitudinal analysis of
actor-oriented social
networks and behavior
(SIENA method)

Essays on the dynamics of consumer behavior

References
Ajzen, I. (1991). The theory of planned behavior. Organizational behavior and human decision processes, 50(2), 179211.
––––––– (2002). Perceived behavioral control, self‐efficacy, locus of control, and the theory of planned
behavior. Journal of applied social psychology, 32(4), 665-683.
Blundell, R. (1988). Consumer behaviour: theory and empirical evidence--A survey. The economic journal, 98(389),
16-65.
Deaton, A., & Muellbauer, J. (1980). Economics and consumer behavior. Cambridge university press.
Dholakia, N., & Firat, A. F. (Eds.). (2003). Consuming people: From political economy to theatres of consumption.
Routledge.
Douglas, S. P., & Craig, C. S. (1997). The changing dynamic of consumer behavior: implications for cross-cultural
research. International journal of research in marketing, 14(4), 379-395.
Edelman, B. (2012). Using internet data for economic research. The Journal of Economic Perspectives, 26(2), 189206.
Inglehart, R. (1985). Aggregate stability and individual-level flux in mass belief systems: The level of analysis
paradox. American Political Science Review, 79(1), 97-116.
Kelley, H. H. (1967). The social psychology of groups. Transaction Publishers.
Solomon, M., Russell-Bennett, R., & Previte, J. (2012). Consumer behaviour. Pearson Higher Education AU.
Urban, G. L., & von Hippel, E. (1988). Lead user analyses for the development of new industrial products.
Management science, 34(5), 569-582.
von Hippel, E. (1986). Lead users: a source of novel product concepts. Management Science, 32(7), 791-805.
Williamson, J. (1986). Consuming passions: The dynamics of popular culture. Marion Boyars.
Wood, W., & Neal, D. T. (2009). The habitual consumer. Journal of Consumer Psychology, 19(4), 579-592.

xv

Essays om dynamisk forbrugeradfærd

Essays om dynamisk forbrugeradfærd
INTRODUKTION
Denne afhandling undersøger, hvordan forbrugere og forbrugeradfærd udvikler sig over tid: fra
indledning af forbruget af et givet produkt, til vanemæssigt forbrug—og videre frem mod at blive
bruger-innovatør og evt. bruger-iværksætter. Afhandlingen består af tre kapitler, som hvert består
af en selvstændig videnskabelig artikel. Forbrugere kan karakteriseres ved deres værdier og
holdninger (Douglas og Craig, 1997) og teorien om planlagt adfærd indebærer, at holdninger fører
til intentioner og adfærd, som modereres af selvkontrol i den sociale kontekst (Ajzen, 1991, 2002).
Forbrugere er personer, der foretager forbrugsvalg af produkter og services, og vil som regel også
selv være brugere af det givne produkt. Menneskers holdninger og værdier er relativt stabile over
tid (Ingelhart, 1985), men forbrugeradfærd er ligeledes et dynamisk fænomen (Blundell, 1988).
Verden udvikler sig omkring os, og vores vaner udsættes derfor konstant for påvirkninger fra
dynamiske kulturstrømninger og samtidige tendenser i samfundet (Williamson, 1988).
I økonomisk teori er forbrugeradfærd typisk analyseret som præferencer kontra muligheder,
mens der lægges mindre vægt på forbrugeres faktiske valgmuligheder på markedet (Deaton &
Muellbauer, 1980). Forbrugeradfærd kan defineres som "undersøgelsen af de involverede
processer, når enkeltpersoner eller grupper vælger, køber, bruger eller afhænder produkter,
tjenester, ideer eller oplevelser for at tilfredsstille behov og ønsker" (oversat fra: Salomon,
Russell-Bennett og Previte, 2012 p.6). Forbrugeradfærd er til en vis grad vanemæssig og påvirket
af tidligere forbrugsmønstre (Wood og Neal, 2009). Ydermere er forbrug et socialt fænomen, fordi
enkeltpersoner påvirker hinandens meninger og adfærd (Kelley, 1967). Forbrugerens adfærd
påvirkes altså af, hvad andre forbrugere siger og gør.
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Nogle gange udvikler forbrugere en særlig præference i deres forbrug, f.eks. for bæredygtige
forbrugsvalg. Men forbrugeradfærd kan også udvikle sig fra efterspørgsel af produkter til udbud af
produkter via brugsdreven innovation (von Hippel, 1986). På nogle markeder, f.eks. for softwareprogrammer (apps), kan man argumentere for, at adfærdsændringer fra forbrug til innovation kan
komme gradvist med forbruget, f.eks. ved at forbrugeren gennem et mere alsidigt forbrug af apps
tilstræber at finde løsninger, som passer til egne vaner, i stedet for at tilpasse egne vaner til
standardløsninger. I den proces kan forbrugeren få ideer til nye apps via et øget forbrug. Et
eksempel på bruger-innovation er, når en bruger registrerer sig som udvikler på en online
teknologiplatform som f.eks. Apple’s App Store eller Google Play. En sådan handling signalerer
en klar intention fra brugerens side om at udvikle apps ud over det nuværende udbud på
platformen. En bruger-innovatør på en kommerciel platform repræsenterer således en potentiel
iværksætter. Hvis en bruger-innovation kommercialiseres på platformen, dvs. udbydes til salg for
andre brugere, er bruger-innovatøren blevet bruger-iværksætter, og hermed har den oprindelige
forbruger nu udviklet sig til at blive sin egen virksomhedsejer på platformen.
Forbrugeradfærd kan beskrives i forbrugsmønstre karakteriseret ved fire nøgledimensioner: (1)
sociale relationer til andre forbrugere, (2) adgang til forbrugsvalgmuligheder, (3) graden af
forbrugerens deltagelse i udformningen af produkterne på markedet, og (4) den kombinerede
fysisk og mentale aktivitet under forbruget (Dholakia og Firat, 2003). I afhandlingens første
kapitel fokuseres på punkt 2 ovenfor, ved at analysere hvordan forbrugere via deres dynamiske
forbrugeradfærd kan bidrage til at udvikle bæredygtigt forbrug og dermed vareudbuddet. Kapitel 2
og 3 fokuserer på punkt 1 og 3 ved at studere udviklingen fra bruger til bruger-innovatør og
bruger-iværksætter blandt forbrugere der interagerer med hinanden over tid. Endeligt belyser alle
kapitler indirekte punkt 4, da både bæredygtigt forbrug, bruger-innovation og bruger-iværksætteri
indebærer mentalt aktivt forbrug.
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Virksomheder er afhængige af deres slutbrugere, og har derfor behov for at forstå udviklingen i
forbrugeradfærden. Denne udvikling kan konceptualiseres som etaper fra det indledende forbrug,
frem mod vanemæssigt forbrug—og i nogle tilfælde yderligere frem mod bruger-innovation og
bruger-iværksætteri. Stabile kunder er åbenlyst et aktiv for en virksomhed, men også brugerinnovatører og bruger-iværksættere kan hjælpe virksomheder med at udvikle sig, og generere
ekstra omsætning. Endelig er dynamisk forbrugeradfærd også interessant og relevant at forstå for
samfundets øvrige beslutningstagere, fordi forbrugsadfærd på mange måder hænger sammen med
både lokale, nationale og globale samfundsmæssige udviklinger og udfordringer. (Dholakia og
Firat, 2003). Dynamikken i bæredygtig forbrugeradfærd er et vigtigt emne i nutiden, hvor der er et
stort behov for at forbedre forståelsen for, hvornår og hvordan bæredygtig forbrugeradfærd også
repræsentere forretningsmuligheder for både kommerciel og miljømæssig bæredygtig vækst.

DE TRE ARTIKLER
Ud over at beskrive den dynamiske forbrugeradfærd, er et fællestræk ved de tre kapitler/artikler
deres anvendelse af store datasæt med observeret forbrugeradfærd. Dette afspejler den øgede
tilgængelighed til digitaliseret forbrugsdata. Salgsregistreringer fra supermarkeder repræsenterer
mere klassiske forbrugsdata, mens digitale platforme dokumenterer en hidtidig uset detaljerigdom
af forbrugsadfærd i processen fra bruger mod bruger-innovation og bruger-iværksætteri.
Den første artikel analyserer hvordan forbrugeres adfærd ved køb af økologiske fødevarer
udvikler sig over tid. Økologisk mad er den mest succesrige produktkategori inden for det
voksende bæredygtige produktmarked. I artiklen identificeres den rækkefølge, hvormed en
kohorte på 10.000 danske husstande tager økologiske fødevarekategorier til sig. Denne
undersøgelse analyserer omfattende empiriske data fra en større dansk supermarkedskæde—data
som er velegnet til at teste teorien om adfærdsmæssig afsmitning fra bæredygtige forbrugsvalg
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(f.eks. køb af økologiske æg efter køb af økologisk mælk), kontra teorien om moralsk licens
(f.eks. at undlade at købe økologiske æg efter køb af økologisk mælk). Dette har længe været et
debatteret tema i forskningen indenfor bæredygtigt forbrug, og nærværende studie påviser et
generelt mønster for udviklingen i forbrugeres økologiske fødevareforbrug, som er i
overensstemmelse med teorien om adfærdsmæssig afsmitning mellem forbrugerens valg. Denne
artikel er allerede publiceret i det prominente internationale tidsskrift om forbrugerforskning,
Journal of Consumer Research.
Den anden artikel analyserer hvilke personlige eller adfærdsmæssige karakteristika, der
karakteriserer bruger-iværksættere—vel at mærke før de bliver det. Konteksten er, hvordan
brugere på en teknologiplatform kan blive iværksættere af apps på denne platform. Artiklen består
af to analyser, hhv. brugere der bliver bruger-innovatører af apps, hhv. bruger-innovatører der
bliver bruger-iværksættere ved at kommercialisere deres apps. I denne artikel diskuteres, hvordan
app forbrug kan ses som et forstadie for bruger-iværksætteri, og omfanget af app forbruget viser
sig at være en vigtig mekanisme i forudsigelserne af hvilke brugere som bliver iværksættere på
platformen. Effekten af app forbrug er signifikant, selv efter at have kontrolleret for øvrige
personlige karakteristika, sociale netværkspositioner, påvirkninger fra andre bruger-iværksættere,
samt øvrige forbrugsmønstre på platformen. Artiklen finder også, at både eksponering for
iværksætteri og opmuntring fra andre platform-medlemmer går forud for bruger-iværksætteri.
Den tredje artikel analyserer den simultane udvikling af et online socialt netværk og brugerinnovationsadfærd i netværket. Her analyseres den samme platform som i artikel 2, men med et
dynamisk fokus. Teoretisk diskuterer denne undersøgelse den simultane udvikling i social
indflydelse og partnervalg i et digitalt online arbejdsmiljø, hvor brugerne har mulighed for at blive
bruger-innovatører af apps til platformens grundlæggende software. Det viser sig, at nogle brugere
er mere tilbøjelige til at blive bruger-innovatører end andre, hvilket er relateret til den stimuli, de
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modtager i det sociale netværk. Samtidigt viser studiet, at bruger-innovation påvirker netværkets
udvikling over tid. Således bidrager denne artikel til forståelsen af hvordan et socialt netværk af
brugere, og bruger-innovationsadfærd, udvikler sig parallelt og ikke uafhængigt af hinanden. Bl.a.
er der evidens for, at det ikke er social indflydelse fra kernen i det sociale netværk, men fra
periferien, der ansporer brugere til at blive bruger-innovatører.
De tre kapitler belyser således en overordnet forbrugsudvikling fra at være en ny forbruger til at
være bruger-iværksætter. Den første artikel har fokus på udviklingen i forbrug over tid, og tester to
eksisterende teorier op imod hinanden. Den anden artikel fokuserer på forbrugeres overgang fra at
være brugere til forskellige stadier af bruger-iværksætteri. Her vises hvordan overgangen påvirkes
af individers eksponering for iværksætteri på platformen, den anerkendelse og opmuntring de
modtager fra deres sociale netværk, samt af deres forbrug på platformen. Særligt effekten af
forbrug på iværksætteri er et teoretisk bidrag fra denne artikel. Den tredje artikel stiller skarpt på
den relationelle dynamik fundet i den anden artikel, nemlig samspillet mellem brugeres overgang
til brugerinnovation, samt brugerens eksponering for alsidig information fra netværket. Her
underbygges empirisk en fremført teori om, at bruger-innovation og den sociale kontekst hvori
bruger-innovationen finder sted, påvirker hinanden dynamisk, og ikke kan ses som isolerede
fænomener.
Opsummeret giver hver af de tre artikler ny teoretisk indsigt i udviklingen af forbrugsadfærd og
relaterede dynamikker, frem mod bæredygtigt forbrug, bruger-innovation og bruger-iværksætteri.
Med denne indsigt er det afhandlingens mål at kunne påvirke, inspirere og guide
forbrugeradfærdsforskningen i fremtiden.
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Will the Consistent Organic Food Consumer
Step Forward? An Empirical Analysis
HANS JØRN JUHL
MORTEN H. J. FENGER
JOHN THØGERSEN
The organic food market has reached a significant value in developed countries,
but market shares vary substantively between product categories. This article investigates general patterns in the sequence of adoption of organic products based
on a major Danish retailer’s panel scanner data. All registered transactions over
20 months from 8,704 randomly selected customers with a loyalty card are analyzed using a hidden Markov model, capturing the dynamics in consumers’ purchases. The model identifies latent states representing identifiable, accessible,
and actionable dynamic customer segments, and captures the movements between states or segments. A pattern emerges that is consistent with the theory of
behavioral spillover and inconsistent with the theory of moral licensing, including a
tendency to buy organic products in an increasing number of product categories
over time. The order in which organic products are adopted is inversely related to
the behavioral costs of adopting them. The employed approach provides a firm
basis for personalized communication aiming to increase cross-selling of organic
products, increase the sale of less popular organic products, and accelerate
movements from segments buying few organic products to segments buying organic more consistently.
Keywords: acquisition patterns, hidden Markov, dynamics, organic foods,
segmentation

O

rganic food is the most successful product category
within the growing ethical and sustainable products
market (Gruère 2015; Kasriel-Alexander 2013; Olsen,
Slotegraaf, and Chandukala 2014), with a global market of
72 billion US dollars in 2013, though the market was

practically nonexistent 30 years ago (Sahota 2015). In
North America and Europe, where more than 90% of this
market is located, organic food accounts for more than 4%
of food sales (Laux and Huntrods 2013) and in some countries considerably more, such as Austria (6.5%),
Switzerland (6.9%), and Denmark (8.0%) (in 2013; Willer
and Schaack 2015).
Yet the market share of organic food products
varies substantively between product categories. In
Denmark—where organic food has the highest market
share overall—organic food market shares calculated
across 23 product categories range from 1.7% for cold cuts
to 38.9% for oatmeal (in 2013; Økologisk Landsforening
2014). With this variation in market shares, it seems obvious for producers and retailers wanting to profit from the
increasing demand for ethical and sustainable products to
try to increase cross-selling of organic food products
(Kamakura 2008). For example, a consumer-panel-based
study showed that Danish consumers buying organic milk,
one of the most popular organic products in Denmark, are
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1.5 times more likely than the average consumer to buy organic chicken, one of the organic products with the lowest
market share (Marian et al. 2014). However, there is a lack
of research informing a cross-selling strategy for this market, including how strongly and reliably the prior purchase
of some organic products predicts the later purchase of
others, and whether consumers buying a specific organic
consumption portfolio are more likely to add some rather than
other, currently nonbought organic products to their portfolio.
Supermarket scanner data contain useful information that retailers and producers can use to design targeted marketing
campaigns for their organic products that do not sell as well,
based on consumers’ existing purchasing patterns, and to
decide which organic food products to push when targeting a
market characterized by a specific organic purchasing pattern.
Understanding how a more consistent organic food consumption pattern emerges is also a promising avenue for
insights into how and why ethical and sustainable consumer behavior in general unfolds over time and how a
sustainable transformation of consumption patterns might
hence evolve—a key issue on the global political agenda
for decades (especially) in the fields of sustainable development and climate change (IPCC 2014; Norwegian
Ministry of Environment 1994). The evidence presented in
this article qualifies the fear expressed by environmental
NGOs and others (Crompton 2008) that promoting everyday ethical and sustainable consumer behavior may slow
down substantial transformations toward a sustainable consumption pattern.

PRIOR RESEARCH
Organic Food Market Research
Research on organic food marketing and on consumer
perception of and motives for buying organic food has
grown in concert with the organic food market in the past
three decades (Hemmerling, Hamm, and Spiller 2015).
Practically all of these studies focused on either organic
food in general or on specific organic products, such as organic milk or other dairy (Hemmerling et al. 2015; Rödiger
and Hamm 2015; Schleenbecker and Hamm 2013). There
is hardly any published research on key issues of importance for producers’ and retailers’ development of a crossselling strategy, such as patterns in consumers’ organic
purchasing or consumers’ perception of the organic assortment (Schleenbecker and Hamm 2013).
Among the key findings from this research are that
(a) healthfulness and environmental protection are the
benefits that consumers most frequently relate to organic
food, (b) the key obstacles for buying organic food are
availability and higher prices than conventional food,
(c) the willingness to pay for organic food varies widely
between individuals, geographical locations, and product
categories, (d) consumer trust in organic food has increased

over time (in countries with an established organic food
market), and (e) the trust in organic labeling is highest
where there is a substantial state involvement in the labeling scheme (Hemmerling et al. 2015; Rödiger and Hamm
2015; Schleenbecker and Hamm 2013).
Research has also identified several basic values that are
related to buying organic food (Aertsens et al. 2009).
However, most studies find that the value type that
Schwartz (1994) terms “universalism” is most strongly correlated with buying organic food, and after one controls for
this value, usually no other values are significant
(Dreezens et al. 2005; Thøgersen 2011; Thøgersen, Zhou,
and Huang 2016). Schwartz (1994) defines universalism as
“understanding, appreciation, tolerance, and protection for
the welfare of all people and for nature” (22; emphasis in
original). Hence, this value emphasis suggests that many
consumers perceive the decision to buy organic food as a
moral or ethical choice (Thøgersen 2011). If the latter is
the case, it is unlikely that a preference for organic food
should be limited to one or a few specific food product(s).
Rather, it suggests that organic consumers often feel an
inner pressure to try to overcome obstacles barring them
from being consistent in this respect (Thøgersen 2004).
Research has found that cross-selling is facilitated by attitudinal loyalty (Liu-Thompkins and Tam 2013).
Similarly, the purchase of ethical and sustainable products
has often been found to command strong attitudinal loyalty, because it is based on strongly held values linked to
the person’s self-identity as a moral person (Thøgersen
2011; van Dam and Fischer 2015; Xie, Bagozzi, and
Grønhaug 2015). This makes it likely that customers that
currently buy some (usually some of the most popular) organic products are more motivated than others to buy, or
increase their buying, of currently less popular organic
products—a fertile basis for cross-selling.

Research on How Sustainable Consumption
Patterns Unfold over Time
Theorizing and empirical research on how sustainable
consumption patterns unfold over time suggest that spillover of pro-environmental behavior (Dolan and Galizzi
2015; Lanzini and Thøgersen 2014; Thøgersen 1999;
Truelove et al. 2014) can lead to response generalization
(Ludwig 2002; Ludwig and Geller 1991; Stokes and Baer
1977). Behavioral spillover occurs when displaying a specific behavior (e.g., buying organic milk) influences the
likelihood of a different behavior (e.g., buying organic
chicken) also being displayed (Thøgersen and Crompton
2009). However, the extent to which behavioral spillover
manifests itself in praxis is controversial (Dolan and
Galizzi 2015; Truelove et al. 2014). Extant research contains contributions that question the existence of response
generalization for pro-environmental and ethical consumer
behavior (Barr, Shaw, and Gilg 2011; McKenzie-Mohr
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et al. 1995) as well as theoretical and empirical contributions suggesting the complete opposite tendency—namely,
that when a consumer has performed an environmental or
ethical behavior it reduces the likelihood that he or she will
perform another such behavior (Mazar and Zhong 2010;
Zhong et al. 2010). Recent reviews of this research reveal
considerable ambiguity regarding the existence and especially the prevalence of each of these behavioral tendencies
(Dolan and Galizzi 2015; Thøgersen and Crompton 2009;
Truelove et al. 2014). This ambiguity is at least partly due
to methodological shortcomings, and it is amplified by the
strong preference for novel and surprising results in top
journals (Stewart 2008), leading to a tendency to ignore the
lack of base-rate information (Dickson 1982; Hardman
2009).
In terms of methodology, a large majority of studies on
how displaying one pro-environmental or ethical behavior
influences the likelihood of displaying another are survey
based, relying on self-reported behavior (Lanzini and
€
Thøgersen 2014; Thøgersen and Olander
2003). The bulk
of the rest is carried out in a laboratory, often using student
subjects (Evans et al. 2013; Mazar and Zhong 2010). Both
of these methodologies produce valuable insights, and the
present study complements the two approaches via a focus
on external validity.
The present study demonstrates a method for establishing valid baseline knowledge on whether performing a proenvironmental consumer act in praxis tends to reduce (e.g.,
due to moral licensing; Mazar and Zhong 2010) or increase
(due to behavioral spillover leading to response generalization; Thøgersen 1999) the person’s inclination to perform
other pro-environmental consumer acts. The proposed
method is to use existing scanner data from retailers to detect how consumers’ organic buying patterns actually
evolve over time. The method is not only theoretically relevant (e.g., for determining the relative strength of moral
licensing versus pro-environmental behavioral spillover),
but also practically relevant (e.g., as a tool for developing
an effective cross-selling strategy).

Research on the Order in Which Additional
Organic Products Are Adopted
There is evidence suggesting that consumers adopt organic food products in a predictable, nonrandom order. For
example, research on behavioral spillover has found that
the likelihood of spillover between two specific behaviors
increases with their perceived similarity (Thøgersen 2004)
and decreases with increasing perceived (financial plus behavioral; Verhallen and Pieters 1984) costs of the second
behavior (Truelove et al. 2014). In the present case, the
studied behaviors presumably differ relatively little in
terms of perceived similarity. Hence, it is likely that perceived costs are the most important factor for the sequence
of adoption.

3

It seems sensible, indeed rational, to prefer lower-cost
over higher-cost means to reach the same goal. Plenty of
evidence also shows that, in practice, consumers are more
likely to engage in low-cost than high-cost actions to protect the environment (Diekmann and Preisendörfer 2003;
Tobler, Visschers, and Siegrist 2012). This reasoning and
research suggest that most consumers’ entry point to the
organic food market will be products characterized by
(comparatively) low perceived costs in the consumers’ specific context. According to extant research, the two most
important barriers impeding the buying of organic food are
low availability (leading to higher search costs) and high
(premium) prices (Hemmerling et al. 2015; Hughner et al.
2007). Hence, it seems obvious that the perceived costs are
primarily related to availability and price in a given market. It has been argued that the general popularity of specific behaviors in a given context is reversely related to,
and therefore can be used as an indicator of, their perceived
costs (Kaiser and Keller 2001; Kamakura 2008). This
implies that most consumers’ entry point to the organic
food market will be among the already most popular products in that market, and that the order of the subsequent
adoption of additional organic products will be determined
to a significant extent by their relative popularity in the
market. In most places, including Europe as a whole, fresh
fruit and vegetables constitute the most popular organic
products group (Willer and Schaack 2015) and will therefore, following this logic, also be most consumers’ entry
point to the organic market. However, there are national
variations. For example, in Denmark, organic dairy is more
popular than organic fruit and vegetables (Økologisk
Landsforening 2014).

Summary and Research Questions
Research on behavioral spillover suggests that consumers who have started to buy one (or more) organic food
product(s) are subsequently likely to gradually extend and
generalize their organic purchasing to more and more product categories over time. In addition, the low-cost hypothesis for pro-environmental behavior (Diekmann and
Preisendörfer 2003) and empirical research on the importance of the general popularity of specific behaviors in a
given context (Kaiser and Keller 2001; Kamakura 2008)
suggest that there is a predictable order in the emergence
of a generalized organic food consumption pattern, produced primarily by the varying perceived costs of adopting
different products in a specific context (Kamakura 2008).
This research also suggests that the order of adoption to a
high extent reflects the popularity of the different products
in the specific market. On this backdrop and based on scanner data from a large Danish retailer, behavioral spillover
in praxis is empirically examined––specifically whether
and how buying organic products in one product category
increases or decreases the likelihood of purchasing organic
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products in other product categories. The key research
question is which, if any, of the proposed dynamics of proenvironmental behavior patterns dominates in praxis: does
displaying one such behavior increase the likelihood that
the consumer will display another (i.e., positive behavioral
spillover; Lanzini and Thøgersen 2014; Thøgersen 1999),
does it reduce the likelihood (Mazar and Zhong 2010;
Zhong et al. 2010), or does it have no impact on the likelihood (McKenzie-Mohr et al. 1995)? If buying one type of
organic food increases the likelihood that the consumer
will buy other types of organic food, an important supplementary research question is whether there is a predictable
order in the sequence in which consumers adopt different
types of organic food products.

METHOD
In the following, we examine how consumers’ purchase of organic food in different product categories
gradually evolves over time. A hidden Markov model is
estimated to capture the dynamic development over time
in buying organic products based on supermarket panel
scanner data. Like most latent class models, the hidden
Markov model classifies customers into different classes
based on their buying behavior, but unlike the latent class
models, in hidden Markov models the membership of
classes is dynamic and thus often referred to as (latent)
states.
Studies of acquisition patterns for consumer durables
date back to the 1960s (Pyatt 1964). For example, Kasulis,
Lusch, and Stafford (1979) and Dickson, Lusch, and
Wilkie (1983) identified the order of acquisition of home
appliances based on Guttman scaling. Later, Kamakura,
Ramaswami, and Srivastava (1991) used a latent trait approach to identify acquisition patterns for financial products, based on cross-sectional differences between
households. Closer to the focus of this study, Marian et al.
(2014) report results for acquisition patterns in the market
for organic foods based on panel data, but without modeling the dynamics in acquisition as done here. Also with a
similar focus as ours, Sridhar, Bezawada, and Trivedi
(2012) modeled how current purchase of organic food
products in one category may be affected by previous
choices in another category depending on usage experience, personal characteristics, external influences, and
cross-category learning. Sridhar et al.’s (2012) approach is
based on a logit model and is much more demanding in
terms of data than the hidden Markov approach used here.
Many empirical studies based on scanner data focus on
the effects of pricing and promotion on consumer choice or
sales (Guadagni and Little 1983; Heerde, Leeflang, and
Wittink 2000; Krishnamurthi and Raj 1991). Studies with a
focus on choice dynamics, like ours, are rare. The few exceptions include Erdem (1996), who modeled how past

purchases within a category affect current brand choice, reflecting habit or variety-seeking behavior. Also, Mark,
Lemon, and Vandenbosch (2014) recently applied the hidden Markov model as an approach to the analysis of customer relationship dynamics. A third example is Paas,
Vermunt, and Bijmolt (2007), who applied a hidden
Markov model based on longitudinal data, but for quite a
different purpose—deriving acquisition patterns for financial products. Still, the data structure employed in the present study is fundamentally the same as the one Paas et al.
(2007) used. A handful of other attempts have been made
to model the dynamic change in the latent state membership in marketing applications (Netzer, Lattin, and
Srinivasan 2008; Poulsen 1990).

Data
This study is based on panel scanner data from a major
Danish supermarket chain. The chain is characterized by
substantial consumer involvement, and it has an organizational charter that focuses on user democracy and societal
responsibility. From the 1.1 million households that have a
loyalty card in the supermarket chain, which is about 42%
of the Danish population according to Statistics Denmark,
a sample of 10,000 households was randomly selected.
However, the following analyses are limited to the 8,704
households in this sample for which information regarding
place of residence and price sensitivity was also available.
For this sample of households, the data base contained a
complete extract of purchase transactions made (where the
customers registered their membership card) in the supermarket chain’s stores from July 2012 through February
2014. The average number of products purchased over the
20-month period for which data are available is 1,288, or
approximately 15 products per week per household. While
this number is not in itself informative about the proportion
of all purchases by these households, it indicates that a significant proportion of their total transactions made during
the analysis period, from both this and other retailers, is
included.
In order to simplify the analyses without losing substantially important information, we limit the following analyses to the 12 major organic food product categories,
which cover 83.5% of organic unit sales and 76.4% of the
turnover within organic products. The 12 categories are:
eggs, cereals, dairy, rice and pasta, baking ingredients, oils
and fats (including butter), coffee and tea, canned food,
vegetables, cheese, fruit, and frozen food. For the most
popular product in each of these 12 product categories,
sales volume, organic market share, and organic premium
prices over the 20 months spanned by the data base are reported in table 1. Notice the wide variation in organic market shares and premium prices and also the lack of a
simple relationship between the two.
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TABLE 1

SALES VOLUME, ORGANIC MARKET SHARE, AND ORGANIC PREMIUM PRICES FOR THE MOST POPULAR PRODUCTS IN EACH OF
THE 12 PRODUCT CATEGORIES
Baking Frozen Oils and
food
fats
The most popular
product (MPP)
in each category
Number of
MPP purchases
Organic share of
MPP purchases, pct.
Average price of MPP,
conv., DKK/kga
Organic price
premium, MPP,
DKK/kg
Organic price
premium, pct.

Fruit

Vegetables Coffee/tea

Canned
food

Dairy

Cereals Cheese Rice/pasta Eggs

Canned
tomatoes

Milk

Oatmeal

Wheat Frozen Butter Bananas
flour peas

Carrots

Ground
coffee

Yellow
cheese

Pasta

Eggs

7,713

4,294

15,062

26,149

27,101

16,257

8,549

123,549

9,768

27,445

9,707

26,076

35.5

10.9

30.4

17.0

28.2

11.8

19.7

35.7

50.0

10.1

24.0

40.2

5.16

20.30

46.73

9.80

13.13

59.57

12.22

4.49

9.12

68.83

14.27

26.14

3.92

3.21

12.73

11.91

1.09

16.45

3.94

2.10

1.26

0.55

7.71

15.32

75.9

15.8

27.2

121.5

8.3

27.6

32.3

46.9

13.9

0.8

54.0

58.6

a

Weighted average price.

In order to obtain periods that are long enough to capture
behavioral spillover effects between product categories
while retaining a minimum number of periods found adequate in previous research, we divided the approximately
20 months into five periods, each consisting of approximately four months (Paas et al. 2007). Hence, we computed whether a household had purchased an organic
product within each of these 12 product categories in each
of the five periods. If a household had bought at least one
organic product from a product category in a given period
(say, bought organic flour in period 1), this is coded as 1,
and if not it is coded as 0, as illustrated in table 2. This
relatively rough indicator of organic purchasing was
chosen because it captures whether or not organic buying
has been initiated/sustained/ceased within each of the 12
categories between periods, which is what needs to be
registered to detect both positive and negative behavioral
spillover. With this operationalization, behavioral effects
of potentially rare events of organic purchases are emphasized and stand out more from the consistent buyers and
nonbuyers of organic food products.
Differences in interpurchase cycles between the 12 product categories could impact the measure of the propensity
to buy organic products from a product category in a time
period. However, this potential bias is reduced by the fact
that the majority of the analyzed households replenish all
these product categories in a four-month period. Median
values for the replenishment cycle for each product category range from 28 days for dairy products to 85 days for
frozen foods. Further, this study does not focus on the propensity to make an organic purchase from a given product
category in a specific time period, but on the possible existence of systematic patterns of change in propensities for

product categories—that is, propensities to change states.
There is no obvious reason to expect interpurchase cycles
or their impact on the measured propensity to buy specific
products to change over a 20-month period.
Each row in table 2 is a 1  12 vector Yit where i is the
household and t is the time period. Yi represents the whole
table, containing all the purchasing information from a
household.
The available data also include information about two
background characteristics that can account for heterogeneity between consumers with regard to the two previously
mentioned cost factors that might limit consumers’ purchase of organic food products: availability and price.
Even in a small and relatively homogeneous country like
Denmark, the availability of organic food varies geographically and generally increases with urbanization, also in the
studied retail chain (Brandt 2015). Hence, at the time of
the study, supermarket assortments, and thereby availability of organic food products within different product categories, were more plentiful in bigger cities than in towns
and rural areas. This is also reflected in the market share of
organic food varying geographically, from 13% in the
capital area to 3.7% in the (more rural) southern Jutland
(Økologisk Landsforening 2014). While it is not possible
to identify the specific store related to each purchase with
the available data, it seems reasonable to assume that
households primarily purchase groceries in the geographical region where they live, registered by means of the residential postcode of the household. An obvious limitation of
this approach is that some customers may have moved residence between the time they registered their address and
the time of the study. Therefore, only a quite rough indicator for place of residence is used here, categorizing
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TABLE 2
EXAMPLE DATA STRUCTURE FOR A SPECIFIC HOUSEHOLD

Period
1
2
3
4
5

Baking

Frozen food

Oils and fats

Fruit

Vegetables

Coffee/tea

Canned food

Dairy

Cereals

Cheese

Rice/pasta

Eggs

0
0
0
1
1

1
1
0
1
1

0
0
0
1
0

1
0
0
0
1

0
0
0
0
0

0
1
0
1
1

1
0
1
1
1

0
0
0
0
0

1
0
1
1
1

0
0
0
0
0

0
0
1
1
1

0
1
0
0
0

participants into only two groups: whether they lived in
one of the two main cities in Denmark or in the rest of the
country (i.e., smaller towns and rural areas). The “urban”
group consists of households with registered postcodes in
the greater Copenhagen or Aarhus (the second biggest city
in Denmark) regions, and the “rural” group consists of all
other regions. In practice, this means that the urban category covers some rural areas close to bigger cities and
that the rural category contains bigger towns.
The retailer also provided a three-level indicator for the
customer’s price sensitivity. For each customer, and using
a relatively fine-grained product categorization, we scored
purchase prices 40% or more below the average category
product price as –1, prices 60% or more above the average
as þ1, and prices between these two extremes as 0. An
index of each customer’s price sensitivity, ranging from –1
to þ 1, was calculated as the sum of these scores divided
by the number of products purchased. The lowest quartile
on this distribution was then categorized as high price sensitivity, the highest quartile as low price sensitivity, and
the remaining 50% as intermediate price sensitivity.
It seems reasonable to assume that both a household’s
place of residence and price sensitivity are quite stable
characteristics. Therefore, and because both of these measures are updated infrequently by the retailer, they are
assumed to be constant over the time period of the present
study.

The Hidden Markov Model
The hidden Markov model is a natural development
from the static latent class model (Lazarsfeld and Henry
1968) to a dynamic model. In this application, households
are assumed to belong to different latent classes (Xit ) with
different purchasing patterns. Over time, a household is
allowed to switch from one class to another, as indicated
by the t subscript in Xit. Because the latent classes are
time-dependent, they are considered states, the number of
states being equal to S.
Paas et al. (2007) give a thorough description of the hidden Markov model as it applies to studies of acquisition
patterns. The fundamental underlying assumption is that
the probability of observing a specific acquisition pattern
across time for a specific household is defined by two components: a structural component and a measurement

component. The structural component models the individual changes in latent states, equal to the changes in product
portfolios, over time. The measurement component connects the type of product portfolio to the observed product
purchases for a given household at a specific point in time.
In other words, consumers (or households) are segmented
based on their purchased product portfolios.
The latent state membership for a household in a given
time period is assumed to depend only on the state membership in the previous (and not on earlier) time period(s).
This is the Markovian assumption, implying that all impacts of state memberships in earlier time periods are
mediated through the state membership in the previous
period. This is a convenient assumption with high face validity for fast-moving consumer goods (FMCG) and for
cases with a clear trend in the data. To the extent that it is
true it is possible for, for example, a retailer to forecast future consumption patterns based on current consumption
patterns for each household.
According to Paas et al. (2007), the structural component involves two types of model probabilities. The initial
state probability is the probability that a household belongs
to a given latent state at the initial measurement occasion.
The latent transition probability is the probability that a
household switches from one state to another from time
period t to t þ 1. Allowing the initial state probabilities to
be a function of covariates corrects for some heterogeneity
across households. It is also common practice to control
for unobserved heterogeneity before reporting time dynamics from hidden Markov models (Fader and Hardie
2010; Netzer et al. 2008). To do so, a random effects factor
is introduced in the form of an individual-specific normally
distributed unobserved variable, F, that captures timeinvariant effects in individuals’ initial state probabilities
and state-transition probabilities. This leads to a model specification similar to a random-effects panel regression
model (Pavlopoulos, Muffels, and Vermunt 2012), which
makes it possible to distinguish cross-individual heterogeneity from time dynamics. The state-dependent buying probabilities are assumed to be invariant across individuals
(Netzer et al. 2008).
The transition probabilities are assumed to be constant
over time, meaning that the probability of shifting from
one state to another (e.g., state 4 to state 3) is the same,
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TABLE 3

PROPORTIONS OF HOUSEHOLDS BUYING ORGANIC PRODUCTS ACROSS PRODUCT CATEGORIES AND PERIODS AND
PROPORTIONS BUYING CONSISTENTLY FROM ONE PERIOD TO THE NEXT
Period

Baking Frozen food Oils and fats Fruit Vegetables Coffee/tea Canned food Dairy Cereals Cheese Rice/pasta Eggs

1
2
3
4
5
Buying stabilitya

.312
.350
.346
.415
.416
.719

.167
.198
.176
.171
.229
.774

.287
.272
.309
.313
.350
.750

.321
.343
.388
.406
.442
.721

.447
.470
.497
.520
.563
.701

.153
.187
.174
.184
.212
.823

.156
.184
.165
.222
.262
.783

.597
.614
.664
.730
.733
.768

.243
.250
.264
.280
.284
.793

.269
.273
.248
.292
.295
.734

.180
.209
.207
.237
.318
.774

.285
.295
.319
.373
.337
.794

a
The average proportion of consumers consistently buying or not buying organic in the category in both period t and t þ 1. Because there is no time trend in
these buying stabilities, they were aggregated.

say, between period 1 and 2 as between period 2 and 3.
This assumption simplifies the model considerably. It just
implies that the ways in which consumers might expand or
contract their portfolio of organic products follow general
patterns in the short term.
Finally, the measurement model is formulated as a traditional latent class model for dichotomous variables (cf.
table 2; Lazarsfeld and Henry 1968). In this application, it
is assumed that the probability of purchasing organic products from a given product category is constant over time
within a given state, but it may vary across states.
Formally, the proposed model can be expressed in the
following two equations (Paas et al. 2007):
PðYi jZi Þ ¼

ðX
S X
S

...

s0 ¼1 s0 ¼1

S
X

PðXi0 ¼ s0 jZi0 ; Fi Þ

s0 ¼1

t¼1

PðXit ¼ st jXi;t1 ¼ st1 ; Zit ; Fi Þ
PðYit jXit ¼ st Þ ¼

12
Y

T
Y

T
Y

PðYit jXit ¼ st ÞdF (1)

t¼0

ðpjs ÞYijt ð1  pjs Þð1Yijt Þ

(2)

j¼1

where s is the latent state for household i in time period
t. Equation 1 expresses the probability of observing the
purchasing patterns across time periods for a specific
household, conditional on the random effects factor and
the covariates (in this case, urbanization and price sensitivity). Equation 2 is the measurement model for the specific
data set consisting of the 12 product categories.
The model is estimated in Latent Gold 5.1 by maximum
likelihood (ML), where estimates are obtained by a combination of Expectation Maximization (EM) and NewtonRaphson (NR) iterations. ML parameter estimates are
found by a combination of up to 10,000 EM iterations with
tolerance 1e-009, followed by up to 50 NR iterations with
tolerance 1e-005. The EM step computations use an expanded version of the forward-backward recursion scheme,
also known as the Baum-Welch algorithm (Vermunt and
Magidson 2013), which allows for random effects in a

hidden Markov model. The EM step is a plain-vanilla expectation maximization algorithm, optimizing the model fit
for unobserved class memberships and the unobserved random effects factor (the whole algorithm is described in
mathematical detail in Pavlopoulos et al. 2012, appendix
2). In both of the two model configurations, described
below, the number of states was varied from 1 to 8. All
estimated models converged.
With the applied estimation framework, the relevant selection criteria are penalized versions of the maximum loglikelihood and/or selection criteria based upon conditional
probabilities of the latent state given the observed data
(Bacci, Pandolfi, and Pennoni 2013). An additional, important model assessment criterion for a dynamic model is
forecast performance on future data. Thus, the validity of
the proposed models is also assessed on a holdout time
period—namely, time period 5—where the forecast performance of the final, dynamic model is assessed compared
to a static model.

RESULTS
The Proportion of Households Buying
Organic Products
The upper part of table 3 reports the proportion of households in the sample buying organic products within each of
the 12 product categories across the five periods. It appears
from these data that there was a general tendency among
the customers of this retail chain to increasingly buy organic products over time in all the product categories.
Hence, the general societal trend toward an increasing demand for ethical and sustainable products, as represented
here by organic food, is reflected in this data set. Recall,
though, that the cell entries in table 3 are the proportion of
households in the sample who purchased at least one organic product in the specific product category in the given
time period, not the market shares for organic products (examples of actual market shares are reported in the
introduction).
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FIGURE 1
ASSESSMENTS OF MODEL FIT ACROSS NUMBER OF STATES AND MODEL SPECIFICATIONS

The last row of table 3 shows the proportion of participants repeating their buying behavior with regard to each
category of organic food from period to period. This measure shows that the increasing tendency to buy organic in
each product category happened in a context of high buying stability or “stickiness” of organic buying (i.e., from
.70 to .82 across categories).

Choice of Model
Two model specifications were estimated. Within each
specification, the number of states was varied from 1 to 8.
Specification 1 is a static model that assumes a transition
probability matrix equal to the identity matrix. This configuration is called the STAYER model. Specification 2 is a
dynamic model that puts no restrictions on the transition
matrix. This configuration is called the MOVER model.
It is standard to use BIC for selection of the number of
states (Bartolucci, Farcomeni, and Pennoni 2014). The
characteristics of this criterion have been evaluated in several simulation studies, and BIC has shown good ability to
identify the correct number of states (Bacci et al. 2013).
However, as pointed out by Paas (2014), such simulation
studies are typically done on samples much smaller than
the large data set used in this study (and in the study by
Paas et al. 2007). For sample sizes like ours, the BIC values have a tendency to continue declining as the number of
states increases. Hence, the final choice of the number of
states should be based on a trade-off between the BIC
value and the interpretability of the model (Paas 2014).
Figure 1 shows a plot of the BIC measures for the
STAYER and MOVER models as a function of the number
of states. It appears that the MOVER model is the best-fitting model irrespective of the number of states. It also appears that the BIC improves at a decreasing pace with an
increasing number of states. Beyond four states, the improvement in BIC becomes marginal. Notably, BIC

improves 1.2% when moving from a three-state to a fourstate MOVER model and by only 0.5% when moving from
a four-state to a five-state model. Also, a four-state
MOVER model provides a good balance between goodness
of fit and model parsimony––and thereby interpretability
of the observed dynamics in organic product exploration.
Hence, a four-state MOVER model is reported. However,
it is important to note that in praxis a more complex model
with more states may be preferred, especially in contexts
where a more detailed profiling of consumer states is
desired. As BIC is already penalized for overfitting data,
any model with a decreased BIC may in principle be justified, provided that the model is still interpretable and
actionable.
The overall fit of the MOVER model with unobserved
heterogeneity for a four-state solution was not improved
compared to the MOVER model without unobserved heterogeneity. The BIC for the MOVER model without unobserved heterogeneity was the same as for the model with
unobserved heterogeneity (390011, see table 4). The two
variables capturing observed heterogeneity—place of residence and price sensitivity—substantially impact the initial
state probabilities, but not the transition matrix. Including
these two covariates for estimating the transition matrix, in
addition to the initial state probabilities, only improved fit
to the data (as measured by the BIC) by 0.2%, which is
deemed too marginal a change to justify the increased complexity of the model.
Table 4 reports the BIC together with AIC3 and CAIC
for a selected number of the estimated models, including
place of residence and price sensitivity as predictors of the
initial state probabilities, as well as a factor accounting for
unobserved heterogeneity among customers in both initial
state probabilities and transition probabilities. These three
penalized versions of the maximum log-likelihood show
similar patterns across the different model specifications.
We report the corresponding out-of-sample classification
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TABLE 4

OVERALL GOODNESS-OF-FIT MEASURES FOR DIFFERENT MODELS
Model regime
STAYER

MOVER

States

LL

BIC(LL)

AIC3(LL)

CAIC(LL)

No. of parameters

1
2
3
4
5
6
7
8
1
2
3
4
5
6
7
8

–246,325
–206,939
–198,590
–195,902
–194,816
–193,855
–193,253
–192,667
–246,325
–205,228
–197,103
–194,652
–193,524
–192,621
–191,989
–191,362

492,759
414,142
397,598
392,376
390,358
388,591
387,540
386,542
492,759
410,747
394,696
390,011
387,992
386,440
385,447
384,486

492,686
413,966
397,319
391,994
389,872
388,003
386,734
385,747
492,686
410,553
394,368
389,538
387,361
385,638
384,463
383,308

492,771
414,171
397,644
392,439
390,438
388,688
387,654
386,673
492,771
410,779
394,750
390,089
388,096
386,572
385,609
384,680

12
29
46
63
80
97
114
131
12
32
54
78
104
132
162
194

TABLE 5
ESTIMATED INITIAL PROBABILITIES AND INITIAL STATES SIZES
States
Consumer group

1

2

3

4

No. of households in sample

Rural, low price sensitivity
Rural, medium price sensitivity
Rural, high price sensitivity
Urban, low price sensitivity
Urban, medium price sensitivity
Urban, high price sensitivity
P(state)
No. of households in sample

0.437
0.163
0.018
0.433
0.181
0.041
0.110
961

0.488
0.521
0.133
0.514
0.613
0.329
0.241
2100

0.053
0.158
0.045
0.047
0.156
0.092
0.371
3226

0.022
0.158
0.805
0.006
0.051
0.538
0.278
2417

1,244
3,788
2,149
408
729
386
8,704

NOTE.—Urban ¼ residence in one of the two biggest cities of Denmark. Rural ¼ the rest of the country.

accuracy for the MOVER and STAYER models later (in
table 9).

Estimates Based on the MOVER Model
The four states in the final model reflect different purchasing patterns for organic products. It is an important
characteristic of the model that a customer is not necessarily in the same state in different time periods. On the contrary, it is the purpose of the MOVER model to examine
how customers shift between states over time. In table 5,
the initial probabilities and how they vary as a function of
place of residence and price sensitivity are reported. These
probabilities are equivalent to the percentage of consumers
belonging to each of the four states in period 1.
In table 5 (and following tables), the states are ordered
in terms of their overall likelihood of buying organic food
products. Thus, state 1 is the most organic state, and state 4
is the least organic state. It appears from table 5 that more
than 80% of the most price-sensitive rural households were

located in state 4 in the first observation period. In other
words, highly price-sensitive rural households are unlikely
to consume a lot of organic products. The conditional probability of being in state 4 is decreasing with price sensitivity, and it is lower for consumers residing in bigger cities.
Similarly, being in state 1, with high organic purchase likelihood across all product categories, is most likely for
households with low price sensitivity. The Wald statistics
for the effects of living in a bigger city (Wald ¼ 28.9,
df ¼ 3) and price sensitivity (Wald ¼ 297.3, df ¼ 6) on the
initial state probabilities are highly significant. These results are consistent with prior research, reviewed in the
introduction, finding that low availability and high price
are among the most important barriers for buying organic
food.
When comparing the probabilities within a column in
table 5, it appears that price sensitivity has a larger effect
than urbanization on the initial state probabilities. This is
probably due to the fact that, although the assortment
breadth of organic products in the studied supermarket
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TABLE 6
ESTIMATED PROBABILITIES OF BUYING ORGANIC PRODUCTS ACROSS PRODUCT CATEGORIES AND STATES

State Baking Frozen food Oils and fats Fruit Vegetables Coffee/tea Canned foods Dairy Cereals Cheese Rice/pasta Eggs AVERAGE
1
2
3
4

.944
.668
.314
.093

.657
.296
.132
.043

.875
.552
.241
.076

.964
.683
.327
.090

.992
.844
.501
.174

.704
.310
.113
.023

.736
.330
.116
.029

.990
.970
.784
.328

.821
.518
.188
.047

.819
.474
.240
.072

.760
.372
.158
.035

.867
.647
.276
.039

.844
.555
.283
.088

TABLE 7

TABLE 8

ESTIMATED TRANSITION PROBABILITIES BETWEEN STATES

PREDICTED FIRST-PERIOD FLOW OF HOUSEHOLDS
BETWEEN STATES

States [–1]
1
2
3
4

State
1
.9776
.0350
.0002
.0003

2
.0223
.9474
.0469
.0002

3
.0001
.0168
.9490
.0764

4
States [–1]
<.001
.0008
.0040
.9231

NOTE.—The figures in the table sum to 1 across rows. The probability in a
cell (i,j; row, column) is the transition probability from state i to state j.

chain is indeed wider in urban than more rural areas, the
difference is moderate, both because of the retail chain’s
policy and due to the rather rough way urbanization is
measured.
The model assumes that the probability of buying an organic product in each of the product categories is constant
within states over time. These probabilities are the defining
characteristics of each state. Hence, the hidden Markov analysis identifies consumer states that differ with regard to penetration of organic food purchases across product categories.
Table 6 reports the probabilities of buying organic products
across product categories and states. It shows that the households in state 4 had an average probability of less than 9% of
buying any of the covered organic products over a four-month
period, with dairy and vegetables being the most likely purchases. Hence, this consumer state has a very low probability
of purchasing any organic product—at least in this supermarket chain. The other extreme is state 1. From the outset, these
households purchased organic food products with a very high
probability from practically all of the 12 categories. Hence,
this is the state with the most consistent organic food
consumers.
Table 7 reports the estimated transition probabilities—
that is, the set of conditional probabilities that customers
switch between states from one time period to the next,
which are assumed to be constant over the 20 months covered by the study.
The large probabilities on the diagonal in table 7 reflect
that consumers are most likely to have an unchanged organic purchasing pattern from one four-month period to
the next. Thus, some households may remain in the same
state throughout the whole analysis period. This is not

1
2
3
4

State
1

2

3

4

939
74
1
1

21
1989
151
1

1
35
3061
184

0
2
13
2231

surprising given the stability of preferences, the force of habit,
and the cognitive lock-in generally observed for FMCG
(Murray and H€aubl 2007). Also, it is an important caveat to
this observation that the probability to stay in a given state is
highest for state 1, with the highest amount of organic buying
overall, and lowest for state 4, where the amount of organic
buying is lowest. There is a strong tendency for the diagonal
values to increase with organic buying overall.
To make the practical implications of these transition probabilities clearer, we multiplied them by the initial state sizes
(reported in table 5, last row) in table 8, showing the actual
flow of households between states in the first transition (i.e.,
from the first to the second four-month period). Notice that
the probability of switching from a state characterized by
lower organic purchase likelihood to a state characterized by
higher organic purchase likelihood is generally much higher
than in the opposite direction (table 7). For example, the probability of a transition from state 4 (very little organic purchase) to state 3 (more than 78% likelihood of buying organic
dairy) from one four-month period to the next is 7.6% versus
less than 0.4% from state 3 to state 4. In general, this transition pattern implies that the number of participants in states
characterized by little or a narrow buying of organic food decreases over time, whereas the number of participants in
states characterized by a broader organic food products portfolio increases over time. Further, the general pattern in the
transition matrix shows that consumers tend to stick to an organic product category in their purchase portfolio once they
have adopted it.

Forecasting with Holdout Data
Based on the fundamental Markov assumptions it is possible to forecast future state membership of individual
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TABLE 9

TEST FOR DIFFERENCES IN FORECAST ACCURACY BETWEEN THE STAYER AND MOVER MODELS FOR 1–8 STATES AND
BETWEEN INCREMENTALLY EXPANDED MOVER MODELS
States

AUROC STAYER
AUROC MOVER
p-value H0: no difference (Bootstrap, 100 replicates)
p-value for incremental improvement of the
MOVER model (Bootstrap, 100 replicates)

2

3

4

5

6

7

8

.7988
.8058
<.001

.8191
.8232
<.001
<.001

.8251
.8286
<.001
<.001

.8275
.8325
<.001
<.001

.8304
.8341
<.001
<.001

.8324
.8358
<.001
<.001

.8339
.8373
<.001
<.001

customers. The only necessary input is the vector of initial
probabilities in table 6 and the table of transition probabilities in table 7. In order to assess the out-of-sample performance of the proposed models, the forecast accuracy
was calculated for period 5, which was not used in the
model estimation. Paas et al. (2007) assessed forecast performance only for customers not yet involved in a given
contractual service. For the present purpose, it seems more
appropriate to assess forecast performance for all product
categories and all customers simultaneously, acknowledging the possibility that some consumers might stop purchasing organic products in the future. This assumption is
also consistent with the unconstrained transition matrix
adopted in the dynamic MOVER model.
The Area Under the Receiver Operating Characteristic
(ROC) Curve (henceforth AUROC) is used to assess forecast performance. The ROC curve plots the correctly classified events against classified nonevents (or false
positives), based on hierarchically plotting the observations
on which the model is most certain. The AUROC is the cumulative area under this curve, and thus AUROC expresses
the degree to which the model successfully identifies the
purchases versus the nonpurchases in the data (Hanley and
McNeil 1982). Hence, the AUROC method is well suited
for assessing forecast performance in situations where it is
relevant to predict both events and nonevents, such as the
purchase of FMCG. The AUROC ranges between 0 and 1,
and a completely random series of predictions would result
in an AUROC of .5.
Table 9 reports a statistical test for the difference between the STAYER and MOVER models for states between 2 and 8. Because the STAYER and MOVER models
are estimated with the same data, the traditional DeLong
test (DeLong, DeLong, and Clarke-Pearson 1988) is not
valid and instead we use a bootstrap approach to obtain the
correct significance levels (Demler, Pencina, and
D’Agostino 2012). The STAYER model is estimated on all
data from the estimation sample, and hence it represents an
“average constrained structure” across the four
periods. Because the time lag between the midpoint in the
estimation period and the start of the holdout period is

relatively short (only eight months), the absolute difference
in forecast accuracy between the two models is relatively
small. However, the difference is highly significant for all
comparisons, meaning that the dynamic model is significantly better at predicting holdout validation data. Table 9
also reports the test results for whether the forecast accuracy is improved by adding another state to the MOVER
model. For each additional state added to the MOVER
model, it is evident that the forecast accuracy increases significantly. This coincides with the continuously decreasing
BIC measure reported in figure 1, and together this suggests that adding complexity improves the model’s statistical properties.
The AUROC forecast performance of the four-state
STAYER versus MOVER model was further tested across
the 12 product categories. The results are reported in table 10,
which shows that the MOVER model performs better than
the STAYER model for all but one product category, and
significantly so (at p < .05) for five out of the 12 product
categories.

The Sequence of Adopting New Categories into
the Consumer’s Organic Food Product Portfolio
The information in tables 6, 7, and 8 is summarized in
figure 2, which illustrates graphically the sequence through
which these consumers adopt new categories into their organic food product portfolio, based on the four-state
MOVER model. Each node in the graph represents a state
in the four-state MOVER model. The size of the nodes represents the initial state sizes from table 5, last row. The
nodes are annotated by the organic purchases that characterize the states in contrast to earlier states, mentioning
only product categories with high levels of penetration for
the given compared to earlier state(s) and purchase probabilities exceeding 60%. The color saturation of the nodes
mirrors the relative organic penetration in each state. The
thickness of the arrows reflects the relative size of the transition probabilities. Arrows were drawn for all transition
probabilities over 1%.
For example, if customers who belong to state 4, and
thus practically do not buy any organic products at the
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TABLE 10
COMPARISON AND TEST FOR THE DIFFERENCE BETWEEN FORECAST ACCURACY OF THE 4-STATES STAYER AND MOVER
MODELS BY PRODUCT CATEGORY

Category

AUROC STAYER

AUROC MOVER

Percent improvement

p-value (Bootstrap, 2000 replicates)

Baking
Frozen foods
Oils and fats
Fruit
Vegetables
Coffee/tea
Canned foods
Dairy
Cereals
Cheese
Rice/pasta
Eggs

.8093
.7600
.8159
.8090
.8042
.8030
.7893
.8369
.8098
.7686
.7695
.8386

.8105
.7609
.8159
.8117
.8056
.8076
.7950
.8380
.8112
.7712
.7753
.8381

0.148
0.118
0.000
0.334
0.174
0.573
0.722
0.131
0.173
0.338
0.754
0.060

.3024
.4244
.9943
.0165
.1905
.0002
<.0001
.4136
.2043
.0227
<.0001
.6371

FIGURE 2
ANNOTATED STATE NETWORK OF CONSUMER ADOPTION SEQUENCES FOR ORGANIC FOOD PRODUCTS

moment, switch to another state, they are most likely to
switch to state 3 (table 6) and start to buy organic products
especially from the dairy category (table 7). Hence, in the
studied context dairy is the product category that is most
likely to function as an entry point for organic purchasing.
Further, if households belonging to state 3 move, they are
likely to move to state 2, where they would be more likely
to buy organic vegetables, eggs, fruits, and baking ingredients and be even more likely to buy organic dairy. Finally,
a switch from state 2 to state 1 happens with a probability
of nearly 4%. In state 1, organic products are bought in all
product categories––including fats, cereals, rice and pasta,
canned food, coffee and tea, and frozen food––with very
high probabilities.
The above results show that there is a typical sequence
in which organic products are adopted in the studied context. These consumers typically start buying organic products in the dairy category and then add vegetables, eggs,
baking ingredients, and fruits, and if they move on from
there, they will buy organic products from all product categories. Notice that this sequence of adoption deviates substantially from what one would have predicted based on
the market shares or the premium prices of the different organic products reported in table 1.
Based on the initial state probabilities and the transition
probabilities, it is possible to estimate how the observed
gradual change from conventional to organic consumption
is likely to proceed in the future, if the development continues with the estimated transition probabilities. For

example, after five years the probabilities for each of the
four states would be equal to: state 1: 0.211; state 2: 0.333;
state 3: 0.357; state 4: 0.099. In other words, if this development continues, in five years the dedicated organic consumer segment will be nearly doubled compared to period
1 (see table 5), to over 21%; the segment buying practically
no organic products will be reduced by nearly two-thirds,
to less than 10%; whereas about 70% will display an inconsistent buying pattern, buying organic to different degrees.
The forecast of the average buying probability after five
years for each of the 12 categories is reported below.
It appears that, after five years, at least 29% of the customers will buy organic products from each of the 12 product categories within a four-month period. The implied
probabilities are obviously much higher than the observed
probabilities for period 5 in table 3.

Why This Transition Pattern?
Some of the possible causes behind the observed transition pattern can be inferred from information reported in
table 1 regarding sales volumes, organic market shares,
and price information for the biggest product in each of the
12 product categories, calculated over the whole 20 months
spanned by the data base. Table 1 shows that organic milk
(the biggest product in the dairy category and therefore the
one most likely to be picked first) is neither the product
with the highest organic market share (which is oatmeal)
nor the one with the lowest price premium for organic
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Baking Frozen food Oils and fats Fruit Vegetables Coffee/tea Canned foods Dairy Cereals Cheese Rice/pasta Eggs
Average buying
probability

.543

.289

.462

.556

.687

products (which is yellow cheese). Where milk stands out
from the rest is in terms of sales volume. The number of
units of milk sold in the analyzed 20-month period is about
five times as high as the number of units sold of the product with the second highest turnover. Sales volume is positively related to availability and to shelf space in the store
and thereby negatively related to behavioral costs. Notice
also that organic milk is relatively cheap in this context. At
the time of study, the absolute premium for a liter of organic milk was only about 0.30 US dollar.
The organic products that consumers in this context typically add in the next step, represented in table 1 by eggs,
wheat flour, and carrots, are all characterized by very high
organic market shares (i.e., popularity) and some of them
(e.g., carrots) by some of the lowest (and very low) organic
premiums. Representing organic fruit in table 1, a high premium was charged for organic bananas, both in absolute
and relative terms. However, a possible reason why these
consumers tended to buy organic products from this category earlier than from other categories might be that fruits
are perceived as similar to vegetables (Thøgersen 2004)
and that they are usually placed in the same section of the
store.
In sum, these results are consistent with the expectation
that behavioral costs, as primarily reflected in indicators of
popularity and availability, are the main determinant of the
sequence in which consumers adopt different organic food
products, with perceived similarity playing a secondary
role.

DISCUSSION
This article suggests a solid framework for a dynamic
segmentation of the market for an important type of ethical
and sustainable FMCG, organic food, and it demonstrates
the potential of the suggested approach in a retail setting,
using scanner panel data. As emphasized by Wedel and
Kamakura (1998), segmenting an emerging market requires a dynamic segmentation approach, replacing the
usual stability criterion with predictability. The hidden
Markov model employed in this study offers such a dynamic approach to customer segmentation. The latent
states identified by means of the hidden Markov model
represent identifiable, accessible, and actionable dynamic
customer segments.

.294

.310

.844

.417

.424

.344

.500

By utilizing their scanner databases and membership or
loyalty card schemes, it is possible for retailers to track
sales back to individual households. “Cross-selling the
right product to the right customer at the right time” (Li,
Sun, and Montgomery 2011) is further facilitated by the
evolution in statistical methods for analyzing scanner panel
data in recent decades (Kamakura et al. 1991), including
methods to predict cross-purchasing over time (Kamakura,
Kossar, and Wedel 2004; Knott, Hayes, and Neslin 2002;
Li, Sun, and Wilcox 2005; Paas et al. 2007).
This study revealed that consumers who have started to
buy some organic food product(s) are more likely to subsequently buy others, and in a predictable order. The identified gradual extension and generalization of consumers’
organic purchasing to more and more product categories
over time is consistent with theories of behavioral spillover
and response generalization (Thøgersen 1999) and inconsistent with the “moral licensing” hypothesis (Mazar and
Zhong 2010; Zhong et al. 2010). By documenting a clear
tendency for consumers’ organic purchasing to gradually
extend to more and more product categories over time,
manifesting itself in existing scanner data, the presented
evidence is the most unambiguous “proof of concept” of
the behavioral spillover phenomenon regarding ethical or
pro-environmental behavior to date. Like most other products in the emerging ethical and sustainable products market, organic products usually carry a premium price, which
makes buying them costly at the personal level. According
to Gneezy et al. (2012), costly moral acts increase the likelihood that the person will act morally in other situations as
well, whereas “moral licensing” (Mazar and Zhong 2010;
Zhong et al. 2010) is limited to situations where the person
(apparently) acts morally at no costs. The reported results
not only support behavioral spillover theory with regard to
everyday sustainable consumer behavior, such as buying
organic food, but also strongly question the practical relevance of moral licensing in this connection.
It is important to note that the studied change process is
fairly slow. Also, the large probabilities on the diagonal in
table 7 reflect that most consumers are likely to have an
unchanged organic purchasing pattern from one fourmonth period to the next. This kind of behavioral stability
is generally observed for fast-moving consumer goods
(Murray and H€aubl 2007). However, it is an important caveat that the probability to stay in a given state increases
with the amount of organic buying overall. This reflects,
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on the one hand, that there are fewer opportunities to include additional organic products in one’s purchasing portfolio as one’s organic portfolio broadens and, on the other
hand, that consumers apparently rarely stop buying an organic product after they have started buying it.
The presented results also reveal which product category
consumers are most likely to use as an “entry point” when
they start buying organic food, which ones are likely to be
added to their organic product portfolio over time, and in
which sequence. In other words, the study reveals a predictable order in the emergence of a generalized organic
food consumption pattern. Further, the study confirms the
expectation that this sequence aligns with market popularity, notably dairy being among the product categories with
the highest organic market share and milk being the product with the largest sales volume by far. In the first step
into an organic purchasing pattern, sales volume, and in
the next steps, organic market shares and premium prices,
seem to explain the sequence, all being related to behavioral costs. Perceived similarity between product categories
seems to play a secondary role for the sequence of adoption
of organic food products, perhaps because they are all
fairly similar (i.e., they are all organic food products).

Limitations
The data material used for this study is mute about why
buying some organic products influences the likelihood of
buying other organic products. However, there is no shortage of psychological theory that predicts pro-environmental
behavioral spillover. Prior research has discussed proenvironmental behavioral spillover with reference to consistency theories, learning theories, and goal system theory
(Thøgersen 1999). However, the most popular theoretical
framework for this type of research is self-perception theory (Bem 1972), which assumes that people form attitudes
by observing and inferring from their own past behavior
and the context in which the behavior took place. Selfperception theory is often used to explain the “foot in the
door” effect: that people are more easily persuaded to do a
big thing for a cause after having done a small thing for the
same cause (Scott 1977). Further, there is evidence that
behaving pro-environmentally can activate a general disposition or self-identity, which increases the likelihood that
the person also acts pro-environmentally in other areas
(Cornelissen et al. 2008). Hence, a possible interpretation
of the findings of the present study is that when a consumer
consciously buys organic food, it tends to activate a general self-identity as an organic food consumer, or even
more generally as an environmentally responsible consumer, which subsequently makes them more likely to buy
other types of organic food products.
Another limitation is that the time frame of the data was
limited to 20 months, which is a relatively short period for
identifying changes in behavior patterns that are generally
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quite stable, such as buying patterns regarding FMCG.
However, despite the limited time frame, the dynamic
Markov model identified a clear pattern in the dynamic
adoption of organic food products, including an increasing
tendency to purchase organic products in general and
across the studied product categories. The five-year forecast
also illustrates that even small changes from one four-month
period to the next can lead to substantial accumulated
changes over time.
The analyzed data come from a period and a market exhibiting a consistent growth in the adoption of organic
products. Thus, it might be that the benefits of a dynamic
model compared to a static one are limited to periods
where the market is actually growing, and that a static
model performs equally well in markets characterized by
stagnation. The analyzed data are mute about this question,
which is therefore left to future research.
It is also a limitation that customers may not use their
membership or loyalty card every time they shop. That
said, the number of purchases registered per household
shows that the customers in the database used their card so
frequently that it must have been in relation to a substantial
share of their total of purchases. Most importantly, there is
no obvious reason why their use or nonuse of the card
should be related to their purchase of organic food. If missing registration of the loyalty card is random with regard to
their purchase of organic food, then it just leads to a general underestimation of the absolute number of organic
purchases. This might mean that customers are classified
in a state with a lower purchase of organic food than they
actually had and with a slower progression through the
states. Hence, the estimated movements from states with a
lower purchase of organic food to states with a higher one
should be considered a conservative estimate.

Conclusions and Implications
This article presents a dynamic behavioral segmentation
approach that captures the movements between segments
in the organic food market, the most successful of the ethical and sustainable products markets. The approach has a
solid foundation in behavioral theory, it uses scanner data
already available in the retail sector, and it employs relatively simple hidden Markov modeling, which has become
available due to new statistical methods for analyzing scanner data.
The suggested approach, as well as the specific results,
provides valuable input for personalized communication
aiming to accelerate or simply increase sales of organic
food products at the individual customer level. Also, by
identifying regularities in how the purchasing pattern develops across product categories, retailers can get information about the probable size of customer groups with given
organic purchasing patterns at future points in time.
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For example, the demonstrated approach allows retailers
to target individual consumers with relevant offers, using
predictive analytics based on how the purchasing pattern of
other, similar consumers developed. This means that the
retailer, even with very limited knowledge of an individual
consumer’s preferences, can make relevant product promotions in personalized communications to the customer. The
employed analysis framework can also be used to accelerate profitable segment shifts—for example, by providing
personalized discounts or encouraging consumers to venture into new (organic) product categories in general.
A key finding in previous research is that cross-selling is
facilitated by attitudinal loyalty (Liu-Thompkins and Tam
2013). Other research has shown that ethical and sustainable products are often able to command attitudinal loyalty
because the purchase of these products is often based on
strongly held values or personal identity (Kim, Lee, and
Park 2010; Perrini et al. 2010). Strongly held values and
personal identity also play a key role in the mentioned theoretical accounts for behavioral spillover. This suggests
that future research might apply a similar methodology to
other product categories that, like organic food, have characteristics that can generate attitudinal loyalty and, hence,
motivate behavioral spillover. Likely candidates include,
but are not necessarily limited to, other types of ethical and
sustainable products (e.g., fair trade, animal welfare) and
health-related products.
Another interesting question for future research is
whether and then how transition probabilities are influenced by marketing activities. For that purpose, it might be
preferable to model the number of purchases rather than
the dichotomous response variables used in this study.

DATA COLLECTION INFORMATION
The data were obtained by the second author from the
retail chain in the form of three files: one data set containing all raw transaction records for a randomly selected
sample of loyalty card holders, one data set containing information about the products identified by bar code, and
one data set containing the available demographic data
identified by household IDs. The second author prepared
the data for analysis, and the data were modeled jointly by
the first and second author. All three authors contributed to
the design of the analyses. None of the authors has any financial interests in the supermarket chain.
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Abstract
Third-party complementors of apps boost technology platforms. Yet, existing research offers
little insight into how platform-owning firms can identify which individuals on platforms that
are likely to transform from users into entrepreneurs. This paper provides two such insights to
strategic platform management of user-entrepreneurship. First, by using patterns of technology
adoption on a platform at the individual level, we demonstrate that consumption behavior is a
viable demand-side predictor for transition into user-entrepreneurship on the supply-side of
platforms. Second, users on platforms are connected, and both the structure and content of the
network ties plays a role—in particular interaction with user-entrepreneurs and encouragement
from peers, in their transition into user-entrepreneurship. This study is based on large volumes
of behavioral data, which offers new possibilities for studying both original entrepreneurial
phenomena (i.e. user entrepreneurship in online environments) and the entrepreneurial
transition process from user to nascent entrepreneur and into commercialization. Automatically
recorded behavioral data from platforms facilitates large-scale yet context-dependent insights
into the progression on the entrepreneurial path.
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Entrepreneurial Engagement and Commercialization
of Applications on a Technology Platform
INTRODUCTION
Companies capable of attracting and capitalizing on external unpaid complementors have
grown tremendously in recent years—also compared to other tech companies 1. Such companies
are better positioned for international growth (Yonatany, 2017), and it is arguably a stylized
fact (Helfat, 2007) that business models embracing user-generated content represent a viable
avenue for companies to stay current in consumer markets where customers increasingly expect
personalized yet affordable solutions for every need (Dholakia and Firat, 2003). Software
application markets for smartphones or web browsers are prominent contemporary examples of
platforms on which user-entrepreneurship blossom (Tiwana, Konsynski, and Bush, 2010).
Platform business models thus offer new and exciting opportunities to engage and organize
more people to behave and function as entrepreneurs and third-party complementors to boost
innovation on firm-hosted platforms (Adner, 2012; Yoo et al., 2012), while meanwhile being
an attractive environment for studying user entrepreneurship.
A platform is the foundation for an ecosystem of engaged users, and is often synonymous
with the ecosystem itself. The platform owner provides the technological architecture that
allows different types of users and complementary business partners to connect around, and
benefit from, the platform’s baseline functionality (Suarez, 2012; Gawer, 2014). Hence,
technology platforms are economic and collaborative structures that enable everything from
industrial collaboration networks to global credit card systems to online gaming networks
1

E.g. Google, Apple and Facebook. Compound annual growth rates (CAGR) in NASDAQ stock prices June
2007-2017: Google (GOOGL): 13.9%; Apple (AAPL): 23.6% Nasdaq Index 100 (QQQ): 11.5%. June 2012-2017
for Facebook (FB): 32.1% (NASDAQ.com).
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(Gawer 2014; Gawer and Cusumano, 2008). A particular challenge for platform owners is how
to strategically manage the innovation that new entrepreneurs provide (Eisenmann, Parker, and
van Alstyne, 2006), in particular organizing the platform for supply-side growth of usergenerated content (Tiwana et al., 2010). In the context of user-entrepreneurship on platforms,
firm level strategic platform management requires a profound understanding of the
entrepreneurial process of users on the platform. This need for micro-level insight for macrolevel strategic action guides the overarching management question in this paper, namely how
can platform owners early on identify whom among the platform members will progress to
user-entrepreneurship. The specific research questions (presented later) therefore focus on
understanding the micro-level transitions of individual platform members along the
entrepreneurial process.
This study analyzes a company-hosted technology platform, where product users located in
a related online community interact and sometimes invent and contribute their own software
applications (henceforth: apps). The relationship between a platform and its’ related online
community of product users is oftentimes not clearly distinguished. Such technology platforms
are best known through Apple’s mobile application repository, the App Store. Technology
platforms are essentially multi-sided, because both end-users and complementors 2—individuals
producing apps for the platform—are active. These two sides of the market are intrinsically
connected, with each side influencing the other’s potential for success or failure (Rochet and
Tirole, 2003). Still, complementors are rarely compensated directly for their development
work, and can therefore be conceptualized as entrepreneurs affiliated with a platform owner
through “arm’s-length contracts” (Boudreau and Lakhani, 2009). A complementor typically
2

In simple terms, complementors sell a product or service that directly complements the product or service of
another company by adding value to a mutual customer (Brandenburger and Nalebuff, 2011). They are sometimes
referred to as third-party complementors of applications (Ghazawneh and Henfridsson, 2013).
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chooses to build an application on a particular platform because that platform offers the
complementor access to more potential customers than would otherwise be available
(Ghazawneh and Henfridsson, 2013).
Strategic management research shows that in online communities organized around
particular platform products, relationship and individuals’ structural positions influence users’
propensity to show entrepreneurial behavior (von Hippel, 2007; Autio et al., 2013). An
imperative question, then, is whether platform owners can exploit a simple set of leading
indicators to predict, early on, which end-users are candidates for becoming entrepreneurs on
the platform. With such information at hand, platform owners may strategically nudge potential
entrepreneurs to accelerate platform supply-side growth. Through better support of these
individuals, the platform owner can keep them engaged, and in this way create a profitable
division of labor between user-entrepreneurs and the platform owner. Platform owners thus
clearly have incentives to provide app development tools to third-party developers 3 (Gawer and
Henderson, 2007).
Existing research in on strategic management of platforms and on strategic information
management in platform settings, have focused on a diverse range of topics, including:
platform entry strategies (Zhu and Iansiti, 2012), platform leadership (Gawer and Cusumano,
2002; Gawer and Henderson, 2007), control strategies for platform-owning companies
(Boudreau, 2010; Tiwana et al., 2010), value co-creation with third-party complementors
(Adner and Kapoor, 2010; Kapoor and Lee, 2013), strategic interaction with third-party
complementors (Cennamo and Santalo, 2013), how to strategically leveraging a user base
(Afuah, 2013; Fuentelsaz, Garrido, and Maicas, 2015), the types of competition facing

3

The terms developer and contributor are used interchangeably with developer having a flavor of creativity and
technicality to it.
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complementors (Boudreau and Jeppesen, 2014; Eisenmann et al. 2006), platform growth
strategies (Eisenmann, 2006; Tiwana et al., 2010), and a historic summary of third-party
complementors on hardware gaming consoles and the Windows OS platform (Evans, Hagiu,
Schmalensee, 2006). However, key aspects of entrepreneurship on platforms have yet to be
addressed from a platform owner perspective (Gawer, 2014), including bettering the
understanding of whom third-party complementors are. Only limited research has focused on
this, and only on self-reported cross-sectional data, finding that status and opportunity motives
together with monetary ambitions drew their efforts (Hilkert, Benlian, and Hess, 2010).
Platform owners interested in identifying and engaging potential complementors, and in
generating a successful strategy for organic platform growth 4, need to understand the
entrepreneurial process from engagement through to commercialization, and they have a
compelling commercial interest in understanding which product users from the online
community transition into app entrepreneurs. Indeed, by creating conditions under which thirdparty complementors thrive and strive to generate rents for both themselves and the platform,
platform owners can understand their role as business incubators in a platform setting (Isabelle,
2013).
We study the entrepreneurial process in a data rich context, allowing us to operationalize
two key steps on the entrepreneurial process, namely individual platform users who register as
third-party complementors of apps (i.e. entrepreneurial engagement) and third-party
complementors who launches their first app (i.e. commercialization). Our data capture
individuals’ behavior both before they decide to engage as developers and before they
commercialize their first app on the platform. Given the infant stage of research on the user4

We model ‘organic’ supply side growth of users transitioning into entrepreneurship only. Alternatively, a
platform owner could pursue growth by deploying subsidies to attract active developers from competing
platforms. Such activity did not take place on the platform during the period that we analyze.
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entrepreneurial process on platforms and the plethora of potential theoretic arguments about
which mechanisms that influence the entrepreneurial process in general, we refrain from
generating a large number of possible hypotheses. Inspired by Gelman and Imbens (2013) we
instead produce a conceptual framework and chose empirically to follow an exploratory
quantitative approach.
Our explanations are based on both individual characteristics, communication content and
relational conditions. We follow guidelines for empirical IT platform research put forward by
Tiwana et al. (2010), namely (1) consider non-linear or threshold effects, i.e. that some
theoretical effects only affect certain transitions along the entrepreneurial process; (2) the focus
on an evolutionary process in relations to platforms; (3) use archival, i.e. dynamic, data; and
finally (4) we acknowledge that we need to extract various measures from the transactions of
communications and purchases—measures which we operationalize to test existing theories for
drivers of the entrepreneurial process in our conceptual framework below. This allows us to
add novel insights to the traditional understanding of the mechanisms behind- and the logic of-,
entrepreneurship, which teaches that individuals achieve entrepreneurial rents by spotting and
evaluating market opportunities, inventing-, and commercializing those inventions
(Schumpeter, 1934).
We contribute to the intersections of the strategic management and entrepreneurship
literatures (von Hippel, 2005, Nambisan and Baron, 2013) by offering two original insights.
First, by using patterns of technology adoption on a platform at the individual level, we
demonstrate that consumption (i.e. demand-side) behavior is a viable predictor of
entrepreneurship (i.e. supply-side). This is an original contribution to a literature that has so far
focused on data about product use, typically based on self-reported information on intensity and
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time of usage (Baldwin, Hienerth, and von Hippel, 2006; Schreier, Oberhauser, and Prügl,
2007). We further refine our explanation of consumption as the driver of the entrepreneurial
process by distinguishing between individuals being early adopters of technology, as in the case
of lead users, versus consumption “in bulk” of platform offerings. Hence, we show that
individual consumption of apps “in bulk” is a distinct mechanism that holds explanatory power
for entrepreneurship. Second, while it is well established that entrepreneurship is in part related
to social relationships and peer effects 5 (Falck, Heblich, and Luedemann, 2012; Chell, 1985),
along with a few recent studies (Dahlander and Piezunka, 2014; Aral and Van Alstyne, 2011),
we demonstrate that behavior in social networks turns on more than individuals’ network
positions and relationships: it depends on the content and characteristics of network ties as
well. From our text-mining exercise, we find that encouragement received from fellow
community members matter for promoting entrepreneurial engagement, because they propel
some individuals to progress in their entrepreneurial journey.
A significant aspect of our study is that we use behavioral data only in our analyses, also
for our dependent variables of entrepreneurial engagement and entrepreneurial action. This is a
unique feature of our study, facilitated by our research context and data. Tech platforms offer a
novel lens for understanding the entrepreneurial process––both because multiple users can
approach entrepreneurship simultaneously which allows us to understand the characteristics of
such users, but also because of the digital fingerprints left in such systems for all interactions
between users and the platform, and between users of the platform. Platform owners can
observe actual user interactions and consumer behavior on their platform, and from there

5

We use the term peer effects for inferred social influence on behavior and opinions, as is common in the related
academic field of labor economics (e.g. Nanda and Sørensen, 2010). Peer effects are rarely observed, yet in the
present study we do indeed observe overt encouragement as a direct measure of positive social influence on peers
in the observed network of community participants.
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extract various measures of personality traits, social networking and influence, and
“consumption” of platform offerings. Therefore, while observational data is silent about selfperceptions, such data enables other attractive insight to entrepreneurship studies. Indeed social
embeddedness moderates entrepreneurship, e.g. through the relation between novelty of a new
venture and its’ success (Morse, Fowler, and Lawrence, 2007), yet such factors are easily
overlooked if not observed directly.
Among studies on platforms, we argue that the analyzed platform setting in this paper is far
from unique––on the contrary, we wish to stress its’ similarity to mainstream platforms such as
Apple's’ App Store. What is unique in our study, then, is our rich data access to all purchase
transactions and communications on the platform, while we simultaneously observe users’
progression towards entrepreneurship. This data allow us to analyze classical phenomena of
entrepreneurship with a previously unseen richness in the observed information over time. In
our analysis, we combine social network analytics and text mining of the content of the
communication ties constituting the social network, and analyze the dynamics of consumer
behavior towards user-entrepreneurship. Data like ours are rare, and facilitate novel theorizing
and explorative analytics regarding the entrepreneurial process on platforms. Behavioral
digitized data further have the advantage that the data were generated at little or no expense to
the platform-owning company. Digital platforms thus open new boulevards for theory testing
of various social science phenomena (Edelman, 2012), and we claim not to do anything more
than scratching the surface in terms of understanding the drivers of the entrepreneurial process.
Yet, we do claim to scratch most of the surface, given our broad pallet of assessed effects. In
the next section we theorize about the links between these drivers and entrepreneurship.
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CONCEPTUAL BACKGROUND
Platforms are developed as two-sided markets and done simultaneously from both sides, as the
dynamics of supply and demand are mutually reinforcing (Parker and Van Alstyne, 2005;
Stremersch, Tellis, Franses, and Binken, 2007; McIntyre and Subramaniam, 2009). If a firm
enacts a supply-side strategy for growth (Gawer and Cusumano, 2008; Boudreau, 2012), two
important challenges emerge. First, creating a suitable base of complementors who can
differentiate the platform’s product offerings, and second, making sure those complementors
launch apps. Um, Yoo and Wattal (2015) analyzed the emergence of apps on the WordPress
digital ecosystem and concluded that a densely connected core of applications did not itself
spur user growth on the platform; rather growth increased when the diversity of platform
application offerings widened (i.e. scope economies). Entrepreneurial complementors are
crucial for the success of platform-owning firms because they expand the features and
functionalities the platform offers in its portfolio (Boudreau, 2012), thereby generating
opportunities for additional network effects that also benefit the proprietary platform owner
(Mollick, 2012). It follows that platform owners are interested in attracting both blockbuster
apps that meet great latent demand and niche apps that broaden the platform’s offerings. As
such, we regard apps as generic technological innovations that each have value for the
platform. Seeking to predict which users will venture into entrepreneurship is a valuable
exercise, then, as platform owners with this knowledge can act strategically to accelerate the
entrepreneurial process of complementors—for example, by identifying and targeting potential
entrepreneurs—and in turn spur platform growth.

Entrepreneurship as a process of stages
Entrepreneurship is often understood as a process that unfolds in stages (Aldrich, 1999; Bhide,
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2000). In digitized settings, and particularly with forms of technology platforms, the
entrepreneurial process may be operationalized in ways that make it possible to track actions by
such stages (Autio, Dahlander, and Frederiksen, 2013). Multiple early stages have been
proposed (Grilo and Thurik, 2008), but other authors in the literature operationalize
entrepreneurial engagement into one overall concept of entrepreneurial behavior prior to
commercialization, essentially collapsing the entrepreneurial process into two main stages
(McMullen and Shepherd, 2006; Gartner, 2004).
In our research setting on a proprietary digitized software platform, a user on an
entrepreneurial trajectory first reveals entrepreneurial engagement when registering as a
developer on the platform. While this is undebatably a conscious act, it is not necessarily a
cognitive process of opportunity recognition and evaluation based on estimating demand-side
uncertainties and the trade-offs against opportunity costs (Eckhardt and Shane, 2003); it may
also be driven by passion and creativity, or simply a need for creating solutions to individual
problems, without ambitions or intention of commercialization (Cardon et al., 2009; Shah and
Tripsas, 2007). While seeking commercial profit may not have been a primary driver for some
users to register as developers, it is unlikely that the perspective did not at least cross their
minds, given the commercial setting of their activity. By registering as a developer, a product
user self-selects into a pre-stage to entrepreneurship, and obtains both the tools required to
innovate and the market access required to commercialize inventions. We therefore
operationalize registering as a developer as an act of entrepreneurial engagement.
In the next step of the process, a developer creates an app, obtains approval by the platform
owner’s app quality-control unit 6, and finally launches the app for sale on the platform market.
This market entry represents entrepreneurial action (McMullen and Shepherd, 2006), i.e.
6

Regarding app quality and functionality.
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commercialization.
Summarizing, in this study we explore two key stages of entrepreneurship, namely
engagement and commercialization: We define users as customers of platform offerings.
Entrepreneurial engagement is then an intermediate step towards commercialization, and users
on this intermediate steps are referred to as nascent entrepreneurs. We define entrepreneurs as
users commercializing platform apps. These definitions are consistent with prior studies that
also refer to nascent entrepreneurs as individuals who invest resources into on-going but not yet
operational business start-up efforts (e.g. Gartner, 2004).

Users as innovators and entrepreneurs
Explanations of end-user engagement in innovation typically revolve around ability profiles
(i.e. lead users) (Shah and Tripsas, 2007; von Hippel, 2005) and various external stimuli such
as monetary rewards and firm or peer recognition (Jeppesen and Frederiksen, 2006). A line of
this research has focused on product users engaged in innovation supported by platform-related
online communities. Under certain conditions, particular users’ progress from sharing their
advice and inventions with other users (without remuneration) in the community to become
entrepreneurs and commercialize their inventions (Baldwin et al. 2006; Autio et al., 2013).
Only recently are relational arguments introduced as an explanation for user innovation
(Dahlander and Frederiksen, 2012). The relational view suggests that both communication
patterns—such as to how many unique others a user is connected, and thus his or her structural
position in the community network—have explanatory value for potential engagement in
innovation. This is based on two pillars of explanation: (1) individuals’ access to unique and
timely information, for example, to generate market knowledge and reduce demand
uncertainty, and (2) their position in the status hierarchy of the community, for example, to
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enjoy benefits of legitimacy with regard to their inventions (Autio et al., 2013). User
innovation studies on these dynamics of entrepreneurship have proven important, but remain
based on qualitative or cross-sectional data.

Relational explanations for entrepreneurship
Entrepreneurship research emphasizes the importance of an individual’s social relationships
and network position as catalysts for entering the process of entrepreneurship (Birley, 1986;
Hoang and Antoncic, 2003; Nanda and Sørensen, 2010). In a community, individuals who are
connected to a larger number of unique peers enjoy benefits of information diversity as well as
information quantity. For some individuals this information may serve as valuable inputs for
validation of the feasibility of an entrepreneurial opportunity. Also, individuals who link
otherwise unconnected groups of individuals span structural holes. Doing so in a
communication network may provide information arbitrage advantages (Burt, 2004), which in
turn may spur entrepreneurship. These individuals are simply better positioned to acquire novel
information. Status hierarchies also exist in online communities (Dahlander and Frederiksen,
2012) and individuals enjoy different levels of community prestige. Prestige may provide
legitimacy to the ideas and products of specific individuals. These arguments are well aligned
with Podolny’s argument (2001) that networks behave like markets, where relations between
individuals take the forms of pipes for information flows and prisms for assigning status. Each
of the highlighted relational mechanisms facilitates information for market insight and
opportunity recognition, and may reduce demand uncertainty when venturing into
entrepreneurship. Therefore, we evaluate the effect of a selection of traditional social network
measures, namely degree centrality 7, prestige, and structural holes, on the likelihood that an

7

We employ this coarse-grained measure of centrality for both simplicity and computational feasibility.
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individual in the community shows entrepreneurial engagement or commercialization.
Psychologically, interaction with peers and encouragement by peers can influence
entrepreneurial action through multiple mechanisms. One mechanism we assume to be
particularly important in the context of our research is a change in goals. Through prolonged
interaction with fellow users, and particularly with those who have achieved a high level of
peer recognition and may already have made the transition to becoming third-party
complementors, a user may align his or her goals with the goals of users he or she regards as
social models. Crucially, interaction with such users will also enable the user to adopt more
detailed, more coherent, and more instrumental hierarchies of sub-goals (Kruglanski, Shah,
Fishbach et al., 2002) and action plans (Gollwitzer, 1999) that allow her to achieve these more
ambitious goals. A second mechanism is related to the expectancy component of motivation
(Heckhausen, 1977; Renko, Kroeck & Bullough, 2014). When a user increasingly focuses her
interactions on a select group of users who have already made the transition to becoming thirdparty complementors, perceived action-outcome contingencies will become increasingly biased
by the vicarious experiences communicated among the users in that select group. Selectiveexposure effects of this type would increase entrepreneurial motivation via inflated
expectancies. The effects of both mechanisms would be further amplified by encouragement
received from peers.
Theoretically, two mechanisms can be distinguished here (Bandura, 1991). On the one hand,
peer encouragement would operate as a reward: it would reinforce changes in goal structures,
expectancies and action plans already made, and it would function as an anticipated reward,
increasing the likelihood of further continuation on the entrepreneurial course of action. In
addition, peer encouragement would strengthen the user’s self-efficacy: his or her expectation
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to be able to enact the different steps of the action plan and accomplish the goals, even in the
presence of barriers and adverse conditions (e.g., see Boyd & Vozikis, 1994; Zhao, Seibert &
Hills, 2005). On a general level, the adoption of a behavior in a social network is significantly
more likely when network members receive social reinforcement from multiple peers in the
social network (Centola, 2010).
In addition, interactions with nascent entrepreneurs may ignite entrepreneurial engagement
for some individual users, since that interaction may facilitate the transfer of specialized and
domain-specific knowledge and information, and perhaps insight into how to—or even active
encouragement to—venture into entrepreneurship. This is in line with research on
entrepreneurship and its antecedents (Krueger and Brazeal, 1994). Similarly, scientists are more
likely to turn into entrepreneurs if they publish articles with individuals who have already
transitioned to the commercial world (Stuart and Ding, 2006). However, the effect of
interactions with user-entrepreneurs on user-entrepreneurship in online communities has to the
best of our knowledge not been explicitly linked in prior research.
Finally, social network research has become increasingly concerned with what information
network ties may consist of (Uzzi, 1997). Information beyond the structural conditions of the
social network can be extracted from the communication transactions of directed text messages
in the community (Dahlander and Piezunka 2014; Aral and Van Alstyne, 2011), and emotions
and sentiments can be extracted from the content of a social network (Thelwall, Wilkinson, and
Uppal, 2010). Indeed, the writing style of individuals can be categorized using content
classification and sentiment analysis (Pang and Lee, 2008; Chandra, Jiang, and Wang, 2016). In
this way, text posts inform us about unobserved personality traits. Sentiment analysis can be
reduced to a bipolar positive-negative scale (Nielsen, 2011).
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Beyond the content of the communication ties, the volume of words in each message is
arguably a measure for extraversion of individuals. Extraversion may align with entrepreneurial
potential of individuals (Hasan and Koning, 2017; McCrae and John, 1992). Similarly, having
extravert peers, in turn, increase the exposure to distinct information simply by volume of
information received, because extravert others share more information with their peers (Hasan
and Koning, 2017; Matzler et al., 2008; De Vries, Van den Hoo, and de Ridder, 2006; Forret
and Dougherty, 2001; McCrae and John, 1992).

Explaining entrepreneurship from purchase information
Consumption is shaped by our needs and wishes and may have multiple motivations ranging
from meeting fundamental needs to self-actualization (Maslow, 1943). Consumption thus
reveals unobserved individual preferences, individual levels of technology adoption, and
engagement with a product. An individual’s drive for consumption is mediated by his or her
financial situation. Lead users (von Hippel, 1986; Urban and von Hippel, 1988) are linked to a
higher probability of entrepreneurship (Autio et al. 2013). The concept of lead users
(henceforth leaduserness) is typically measured with self-reported survey statements. A key
attribute of lead users is that they foreshadow the market and thus are typically early adopters
of new products and technologies—the latter being quantifiable through purchase transactions.
Studies show that individuals who purchase or engage with new products quickly after release
often have an innovation disposition and may also serve as opinion leaders (Morrison, Roberts,
and Midgley, 2000), and early adoption of new product thus reflects consumers’ alertness to
new technologies in the market (Rogers, 1962). Together, this suggests operationalizing
behavioral leaduserness as early adoption traits. We notice that neither leaduserness nor its
behavioral operationalization as early-adopter traits capture the volume of consumption by
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individuals.
We coin the term bulk consumption to underline an individual’s consumption by volume.
Consumption may at times provide more than mere utility for a purchaser, namely it offers
novel information and the opportunity to engage and to learn (Holbrook and Hirschman, 1982).
Experiences derived from consuming a product may help users to develop their creativity and
identify their own skills (Bem, 1972). Expertise will grow with usage, and the self-perception
of one’s expertise will grow with identifying the shortcomings of other people’s innovations;
both are spurred by increased consumption by volume. This in turn provides users with a
benchmark for their individual abilities and possibilities in the given market. Bandura (1977)
explains how discovering one’s own skills and expertise may lead to increased self-efficacy.
Particularly in the early stages of the entrepreneurial process, self-efficacy is a key motivational
factor that potentially affects opportunity recognition, in turn increasing the likelihood that
entrepreneurial engagement is formed and enacted (Ardichvili, Cardozo, and Ray, 2003;
McMullen and Shepherd, 2006). In addition, in later stages of the entrepreneurial process,
when an individual has already demonstrated entrepreneurial engagement, platform apps
created by others may continue to serve a source of additional learning.
Increased app consumption by individuals can also represent an unwillingness to adapt
own behavior to default solutions, and instead a search for apps that match user behavior. In
particular, if no app on the market suits the desired habit of usage, this user simultaneously
identifies a hole in the market and experiences a need to innovate a solution filling this gab for
her own need. Opportunity recognition without purchasing market offerings is indeed likely to
be hampered by biased marketing information about apps overselling their merits and
downplaying their shortcomings. Thus, it may be impossible to fully understand the
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opportunities in a marketplace without purchasing its existing products. This suggests that
individuals with a higher volume of purchases of platform apps are better positioned to identify
unserved latent needs for app functionalities in a platform app market. In summary, we posit
that consumption in part drives both entrepreneurial engagement and subsequent
commercialization. To the best of our knowledge, bulk consumption has not yet been
introduced in the literature as a driver for entrepreneurship of individuals, and previous
research has neither considered the potential development of entrepreneurship drivers such as
self-efficacy obtained via consumption. Given our focus on observational data, we refrain from
further speculations about which theoretical mechanisms led to the observed consumption, as
consumption is all that we can truly observe 8.

Research questions
Informed by the framework offered above, strategic platform managers may ask: “How can I
predict which individuals are likely to help me grow the supply side of my platform?” This
question motivates our two research questions, which focus on understanding complementor
entrepreneurship on platforms. We ask; to what degree do individuals who are about to register
as developers differ from other individuals in the community in terms of their communication
behavior, social networks, and consumption behavior (RQ1)? Second, we investigate: to what
degree do nascent entrepreneurs who commercialize an app differ from non-commercializing
nascent entrepreneurs in the community in terms of their communication behavior, social
networks, and consumption behavior (RQ2)?

8

Helfat (2007:185) maintains: “Rather than insist that empirical research always test theory, as our journals often
appear to require, we can and should use empirical research to investigate phenomena that we observe in the real
world.”
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DATA AND METHODS
Research setting
Our research setting is a firm-owned platform for music software. The firm offers a range of
products for producing, processing, and recording music. 9 Related to the platform is a vibrant
online community that allows individuals to interact and discuss product use, future
technological features, and functions of products. More than 500,000 unique user IDs were
registered on the platform over the period 2002 to 2014. Via their online user community, our
case study firm has for more than a decade invited individuals to innovate their products,
supported by a strategy of selective revealing (Alexy, George, and Salter, 2013). From June
2012 the company allowed individuals to develop and sell apps on their platform to
complement their proprietary software products. The company chose an innovation model
where individuals interested in developing apps can be granted a developer license. The license
allows access to a software development kit and component library to support programming
activities (von Hippel and Katz, 2002), together with access to an online forum for developers
only.
Only registered developers are allowed to offer their apps on the online marketplace, where
they compete with other user-developed and company-developed apps, grouped into instrument
categories such as guitar or drums, and genres such as metal or house. Price and consumer
ratings are displayed. All apps have a file format that is reserved for products of the platformowning firm and is incompatible with competing platforms. The number of individuals
registered as app developers had reached 1,657 by the end of 2013. By then, almost 60,000 app
9

This research setting was also explored by, e.g., Dahlander and Frederiksen (2012) and Autio et al., (2013).
These papers employ survey data, which our paper does not. Also, this study adds a completely new layer of
information: consumption data for all transactions between the platform-owning firm and its users.
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purchases had been recorded since June 2012. Close to 10,000 individuals were active in the
forum, writing approximately 200,000 text posts in the two-year period 2012 to 2013. Of these,
4,321 individuals posted at least two messages on the online community, with at least one of
those messages posted in 2013. We restricted our focus to this most active core of platform
users. 10
Entrepreneurial engagement is rare among users, and commercialization is rare among
nascent entrepreneurs. Therefore, our data does not allow us to follow the same generation of
users through entrepreneurial engagement toward commercialization. Instead, we analyzed two
different generations of entrepreneurs. While entrepreneurship scholars may prefer to follow
the same generation toward entrepreneurship, strategic management will at all points in time
face different generations of individuals approaching entrepreneurship, and each transition in
the process is important to understand in itself, as it increases the volume of individuals
approaching entrepreneurship.

Data sources
The data for our analysis was obtained in the form of three snapshots of the platform owner’s
database (by December 2012, December 2013, and early 2015). The database contains
purchase transaction data, a complete extraction of all communication on the online user forum,
and lists of users registered as app developers. The different data sets were linked based on user
IDs and product IDs, allowing us to extract detailed data on the individual user level and
construct a social network of interactions. We analyzed two generations of individuals to
address each of our research questions. With only one context-adjusted exception, the sets of
10

Writing style has been shown to change over time (e.g., Can and Patton, 2004). Also, in robustness check we
found that entrepreneurial engagement was 60 times more likely to be shown by community members than other
users consuming apps from the platform. This justifies the focus on community members, and it motivates us to
ask if other previously ignored behavioral factors – such as consumption – also predicts entrepreneurship.
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explanatory variables were identical for both analyses. Both analyses also applied a similar
estimation strategy.
Analysis 1 - sample and dependent variable
Out of the 4,321 assessed individuals at the end of 2013, a total of 4,058 had not yet registered
themselves as app developers. One year later, at the end of 2014, 109 of these individuals had
registered as app developers. We interpret these 109 registrations as events of entrepreneurial
engagement, and the remaining 3,949 users without registrations as non-events. The exact dates
were not available for the individual users’ acquiring of the developer kit, due to the IT
architecture implemented by the company.
Analysis 2 - sample and dependent variable
We operationalize commercialization as an individual launching a first app. Thus,
commercialization represents market entry. Commercialization is conditioned on first showing
entrepreneurial engagement, i.e., registering as a developer with the platform-owning company,
since only registered app developers have access to the required software development kit. By
December 2013, 219 nascent entrepreneurs out of the analyzed 4,321 users active in the
community had not yet launched their first app. One year later, 10 of these had launched their
first app. These 10 new entrepreneurs represent events of commercialization, while the
remaining 209 nascent entrepreneurs represent non-events. While 10 events of
commercialization may seem low given the volume of users, the trajectory from idea to
commercialization is a windy road: Indeed Stevens and Burley in a meta-study (1997) report
how out of close to 3,000 initial commercial ideas from product development, patent activities
or venture capitalist idea pools, only approximately 1.7 are launched.
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Independent variables
In both Analysis 1 and Analysis 2 all independent variables were extracted by December 2013,
i.e., prior to the transitions in the dependent variables. This distinction in time is important, as
it otherwise would be unclear if entrepreneurship was following, or preceding, differences in
our observed independent variables. Below we introduce the individual independent variables
in related blocks of measures.
Demographics
The platform owner has limited access to any demographic information about communityactive individuals. Still their geographical location is available. While participants are present
from all over the world, 45% of them are U.S.-based, and thus we add a dummy for this (U.S.
residence). One relevant but likewise unobserved predictor for entrepreneurship is technical
ability (Hartog, Van Praag, and Van Der Sluis, 2010). When assessing the data, it became
evident that some individuals had registered the focal company’s base products multiple times.
We propose that the fraction between the number of product registrations and the number of
products owned by the individual is operationalized as a proxy for the intensity of usage of the
purchased IT products, which we interpreted as a proxy for unobserved technical ability. While
we acknowledge that this is a coarse-grained operationalization of technical ability, IT usage
and ability has previously been linked (Hsu, 2010).
Communication metrics and characteristics of message content
For each individual in the community the following variables describing communication were
extracted: We collected the number of posts by each individual in the previous two years. The
number of threads initiated by the individual in the previous two years we interpret as the
individuals’ eagerness in setting specific agendas and asking questions (Autio et al., 2013). We
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also extracted controls related to aggregate post contents. We thus controlled for average length
of posts, as text volume may indicate extroversion, which has been linked to entrepreneurial
ability (Hasan and Koning, 2017). Likewise, we extracted the average length of received text
posts to measure extrovert conversation partners. For technical purposes, we limited both to
1000 words. We extracted a positive sentiment analysis using the word weighting scheme
developed by Nielsen (2011), of each community member's aggregated posts, to control for
unobserved personal characteristics. Further, we extracted a similar score for the text posts that
each user received and called this second measure encouragement. To the extent that these
variables are found significant in our analyses, we provide examples in the appendix of text
posts behind these measures. As a measure for the unobserved attention that each user devotes
to the community, we calculated the average time to response for each user. We labelled this
variable attentiveness. This proxy was calculated as the average time between the posting of
each of a user’s response posts and the time of posting of the post to which the user was
responding.
Social network metrics and interaction with user-entrepreneurs
Social network metrics were calculated based on interactions in the online community in 2012
and 2013. Because of the architecture of the community, each post is either a new thread or a
response to an existing post. This enabled us to construct a social network from the posts with
individuals represented by nodes and the number of directed posts represented by weighted,
directed ties. 11 The number of unique contacts was extracted to measure the contact surface for
each individual. The number of forums frequented was extracted, as the platform consists of
multiple forums, and spanning multiple forums has been linked to entrepreneurship (Dahlander
11

The poster was interpreted as the sender, and the poster of the post to which the sender was responding was
interpreted as the receiver. A similar approach was used by Dahlander and Frederiksen (2012).
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and Frederiksen, 2012). Nodal degree centrality (Wasserman and Faust, 1994) of an
individual’s informational centrality in the community was calculated, as the sum of all in– and
outbound ties. Network prestige was calculated as the proportion of the in-degree to the outdegree of the given individual as proposed by Alexander (1963). Prestige has previously been
shown to influence decision making for entrepreneurial activities (Van Praag, 1999). Burt’s
constraint measure was also calculated, as a measure of the individual’s opportunity for
information arbitrage by spanning structural holes in social networks (Burt, 2004). This
measure is an index between zero and one, where a zero means that the node is completely
unconstrained and a one means that the node is completely constrained, i.e. links no community
members who otherwise would be less directly connected. An ability to span structural holes
has been found to influence an individual's social capital (Walker, Kogut, and Shan, 1997), and
social capital has been shown to positively affect entrepreneurship (Westlund and Bolton,
2003). Therefore, we link activities that span structural holes in the online community to the
entrepreneurship process. The community tenure of an individual was measured as the number
of months passed since the individual’s first text message was written in the community. 12
In our operationalization, we distinguish between social network positions, direct
interaction with user-entrepreneurs, and peer effects: Social network metrics are structural only,
and thus indifferent to whom an individual is in contact with. Interaction with userentrepreneurs is an example of network exposure to a given behavioral attribute (Valente,
2005). Peer effects, then, we define as the content of the social network, and in a platform
community like the analyzed, we consider all community members to be each-others peers. We
thus also extracted each users’ in-degree from user-entrepreneurs, motivated by the idea that it
may not be the quantity of input and generic information arbitrage that drives entrepreneurship,
12

Not limited to two years
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but rather whom an individual is in contact with and hence the quality and type of information
received by the focal individual. In the modeling of entrepreneurial engagement (RQ1), the
relevant input is from nascent entrepreneurs and entrepreneurs. In our modeling of
commercialization (RQ2), the relevant input is from entrepreneurs only.
In some cases, a given network metric may be missing for a given individual. An
individual may, for example, be active in the community by starting multiple threads, but never
receive any responses and thus not be part of the network. In such cases, the missing values for
the community and network metrics were set to zero in the datasets, with the exception of
Burt’s measure of constraint, which was coded as 1 (i.e. fully constrained). While this is not
common practice, and indeed Burt (2004) defines no valid replacement of missing values, this
recoding was chosen because it leads to a meaningful adjustment in the interpretation of what
this variable actually measures in our context, namely observed information arbitrage. 13
Early adopter traits
It is known that early adopters of products may turn into entrepreneurs (Montiel and Husted,
2009). We used four measures for this. Product tenure is measured as months passed since the
individual registered her first proprietary product from the platform owner; it captures firstmover traits on the base products. Average time to purchase of apps is measured as the average
time from each of a given individual’s app purchases backward to when the purchased app was
first available to the individual; it reflects the user’s alertness to the app market, with lower
values reflecting more alert users. 14 A final measure for early adoption traits was defined as the

13

Naturally we cannot rule out the possibility that individuals obtained information arbitrage in other, nontraceable ways, i.e., by reading through the more than one million text messages posted openly in the community,
or by engaging in other social (platform) interactions outside the firm-hosted community.
14
If the individual was already registered on the platform when the app was launched, then this date was the
launch date. If the app was launched prior to when the individual registered on the platform, then this date in our
operationalization coincides with the date that the user registered.
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fraction of an individual’s app purchases developed by complementors (percent apps from
third-party complementors). This measure was motivated by the observation that the platformowning company itself also developed apps. However, purchases from complementors
represented an explorative and less conservative attitude to new product offerings.
With the exception of product tenure, the measures for early adoption had missing values
for 56 percent of the individuals in Analysis 1 and likewise 33 percent in Analysis 2, arising
from multiple individuals not (yet) active in purchasing apps. Missing values for average time
to purchase of apps was imputed as the number of days from the earliest fingerprint of the user
in the company’s database until the end of the analysis period. 15 If this date was earlier than the
launch of the app market on July 1, 2012, then this market launch date was used instead of the
earliest fingerprint in the calculation. The variable measuring percent apps from third-party
complementors was for all missing values replaced by a zero.
Bulk consumption measures
The user's consumption records were extracted from multiple purchase transactions data sets,
and are summarized in the following variables: Number of unique proprietary base products
purchased from the platform owner (no. of base products) represents the individual’s
involvement with the host company. Number of apps purchased by the individual represents
the involvement of the individual in the app market. Where no consumption was detected for a
user by a given consumption metric, we imputed a value of zero. We also controlled for the
consumption of older types of software extensions of the base software. We constructed a
dummy for such consumption, as a substantial fraction of individuals has never engaged in this
market, while the consumption of those who did followed a highly right-skewed distribution.

15

The earliest date for product registrations and forum activity, vs. the end of year 2013, respectively.
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We call this measure old app-type consumption. Unlike new apps, old apps were produced by a
small handful of producers other than the host company, and thus represent a much less
entrepreneurial market.

Estimation strategy
Both analyses were estimated as logistic regression models. 16 Although modern statistics offer
more powerful techniques, these rarely provide parameter estimates for the individual
independent variables (Friedman, Hastie, and Tibshirani, 2001). In both analyses, we
constructed ten models by hierarchically adding the independent variables in five blocks: First,
we introduced demographics and communication characteristics, including the text mining
measures on the content of the communication sent and received. Second, we controlled for the
social position by introducing social network metrics extracted from the communication
network. Third, we controlled for the effect of interacting with user-entrepreneurs in the social
network (henceforth called eship exposure, in short). Fourth, we controlled for early product
adopter traits as an operationalization of leaduserness. Finally, we introduced measures for bulk
consumption metrics. Thus, we only introduced bulk consumption in the models after all other
factors had been assessed for predictive power for entrepreneurship. The demographic variables
remained in all 10 models as control variables. In the reported models, we removed
independent variables from the analysis if they were statistically insignificant at the 0.1 alpha
level. We used this approach to provide a clear overview of which effects best predict
entrepreneurship, and how some variables, as they are included in the regression, cancel out
other explanations.
16

In the case of first app launches, a more specific point in time than in RQ1 could be inferred from the first app
purchase date. We considered doing a dynamic time-to-event analysis, but abandoned this idea because it was not
clear at which point in time it would be appropriate to start the analysis for each individual's time of interactions
with user-entrepreneurs.
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Data preprocessing and analysis was performed in the software packages SAS 9.4, SAS
Text Miner 13.2, and R 3.0.3. Logarithmic transformations were performed for right-skewed
independent variables, namely the number of posts, number of threads initiated, number of
unique contacts, degree centrality, and in-degree from entrepreneurs. Given a non-negligible
number of zeros observed for these variables, a value of 1 was added to each observed value
before the logarithmic transformation; this in order to avoid generating missing values.
Univariate and bivariate descriptive statistics for the original variables from Analysis 1 and
Analysis 2 are reported in Table 1 and Table 2, respectively. 17

17

In spite of relatively high correlation coefficients, multicollinearity was not found to be a problem in the
estimation process. Wasserman and Faust (1994) likewise recommends using similar network measures, although
closely related, as they conceptually attempt to measure different structural properties of the network. Also, notice
a small fraction of missing values for the variables Sentiment analysis and Average length of posts, due to nontextual posts, where these measures are not meaningful.
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RESULTS
Entrepreneurial engagement
Table 3 reports the results of the logistic regression models predicting entrepreneurial
engagement in 2014. Model 2 shows that the logarithmically transformed number of posts in
the community has a significant and positive effect (p<0.0001). The estimates themselves are
less meaningful, so we only interpret the direction of the effects 18. Starting new threads,
perhaps in an attempt to set a new agenda, is found to have a negative effect (p=0.0685). A
possible explanation is the inherent difficulty in distinguishing between individuals starting
new agendas and individuals asking trivial questions. To retain our focus on using behavioral
measures only, we refrained from qualitatively distinguishing these two types of new thread
starts. Our proxy for technical ability has a positive and statistically significant effect
(p<0.0001).
After introducing the social network metrics in Model 3, both previously significant
communication metrics become statistically insignificant at the 0.1 alpha level, and thus both
were sequentially excluded in Model 4. In Model 4, degree centrality is a positive and strongly
significant predictor (p<0.0001). The number of unique contacts is marginally significant
(p=0.0894), and likewise the proxy for technical ability. The more refined social network
metrics such as Burt’s constraint, prestige, and number of forums frequented, all are found to
be insignificant.
When our measure for eship exposure is included in Model 5, its parameter estimate is
positive and significant, and remains so in Model 6 (p=0.0267). However, number of unique

18

Marginal plots for the final results are presented later.
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contacts becomes insignificant and degree centrality, while remaining positive and significant,
has a smaller effect size than in earlier models (p=0.0063).
In Model 7, when early-adopter traits are controlled for, the effect of social eship exposure
remains positive and statistically significant (p=0.0102), while the effect of degree centrality
becomes insignificant. In the trimmed Model 8, the percent apps from third-party
complementors remains a positive and significant predictor (p<0.0001).
When the bulk consumption metrics are added in Model 9, our technical ability proxy
becomes insignificant. Bulk consumption also dominates the previously significant early
adopter trait reported above. In the reduced Model 10 we observe a positive and significant
effect from number of unique proprietary base products owned (p=0.0054), and further a
positive effect from increased number of apps purchased (p<0.001). The effect of social eship
exposure likewise remains positive in our final model (p<0.0001).
The Max-rescaled R-squared measure of the model suggests that the final model predicts
12.56 percent of the variation in who among community members shows entrepreneurial
engagement within the subsequent year. To further quantify how well our models identify
future nascent entrepreneurs, we also calculated the area under the ROC curve (onwards:
AUC), which is a machine-learning model comparison measure expressing the degree to which
the model successfully identifies events among the non-events in the data set (Hanley and
McNeil, 1982). The ROC curve plots the sensitivity19 against (1-specificity), 20 thus effectively
summarizing the precision and recall of the assessed model. The AUC ranges between 0 and 1,
where a completely random prediction of events will result in an AUC of 0.5. The AUC of
Model 10 is 0.762, implying an improvement in prediction of 52 percent over random

19
20

Correctly classified events.
Wrongly classified non-events, i.e. false positives.
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guessing. 21 Both the Max-rescaled R-squared measure and the AUC increase along the reduced
models 2, 4, 6, 8, and 10, and reach their highest levels in Model 10.

Note: p-values in parentheses.
21

As 0.5 is the AUC for random guessing, thus 0.7620 – 0.5000 = 0.2620 is the improvement over random,
reflecting a relative improvement over random of 0.2620 / 0.5000 = 0.5240, or approximately 52%.
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Commercialization
The results from Analysis 2, modeling commercialization of innovations, are presented in
Table 4. Our analysis follows the same modelling approach as in Analysis 1. In models 1 and 2
we observe a significant and positive effect of our measure for encouragement (p=0.0034).
This effect remains positive and statistically significant through all subsequent models (p<0.01
in all subsequent models).
When we introduce social network metrics in Model 3, only community tenure is found to
have a marginally significant negative effect (p=0.0978). Our measure for eship exposure does
not add significantly to the prediction when introduced in Model 5. When, in Model 7, the early
adopter traits are added, none of these are found significant. When bulk consumption is
controlled for in Model 9, old app-type consumption is found insignificant, and after removing
this variable the number of base products is insignificant as well. In the reduced Model 10 the
number of apps purchased has a surprising negative and weakly significant effect (p=0.0807).
The Max-rescaled R-squared measure suggests 22.43 percent of the variation is explained
by Model 10, where the AUC reaches 0.847—suggesting that the analysis is able to predict
commercialization with some precision.
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Note: p-values in parentheses.

Social network metrics were not significant predictors for commercialization in Model 3.
Note however that nascent entrepreneurs already differ from users in both communication
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activity and social network positions, as summarized in Table 5. 22

Inspection of the significant encouragement variable’s aggregated text posts confirmed
that these individuals indeed received verbal encouragement from their peers. Examples are
provided in the appendix.
We summarize our results across the two models in Table 6. Our results suggests that
different predictors are important at different points in the entrepreneurial process.

22

Further, the 4,321 individuals in our sample were specifically selected based on communication activity, which
also forms the basis for the social network.

53

Entrepreneurial Engagement and Commercialization of Applications on an Online Technology Platform

Robustness checks
In both Analysis 1 and Analysis 2, we also estimated models 2, 4, 6, and 8 by including
insignificant variables from the previous models. This did not change the results reported in
tables 3 and 4. Significant correlations between the independent variables in both analyses led
us further to inspect for multicollinearity. Although this is not necessarily a problem (O’Brien,
2007), we calculated the variance inflation factors. All were well below the generally accepted
threshold of 10.
The non-negligible fraction of missing values of multiple first-mover traits led us to
replicate the analyses without the imputed missing values. The results of Analysis 1 remained
practically identical, with the only statistically significant change being that the share of apps
sourced from third-party complementors was no longer significant in the intermediate Model 8
(as it was in Table 3). Our finding on the effect of bulk consumption on entrepreneurial
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engagement, relative to our operationalization of leaduserness, was thus unaffected by imputing
the missing leaduserness traits. In Analysis 2 this robustness check was not deemed
meaningful, as only four events was then in the sample.
We also explored text mining topic modeling (Chandra et al., 2016) of the text posts
corpus in Analysis 1, but although the topics made sense (e.g. asking for help, sharing ideas,
etc.), we found no significant predictive power in the derived topics in terms of predicting
entrepreneurship.
We cross-validated our final models on holdout data with a 10-folds cross-validation
procedure, a validation method specifically designed for sparse data situations like ours where
the dependent variable is a rare event (Friedman et al., 2001). We thus divided our sample into
10 parts, estimated separate logistic regression models in both Analysis 1 and Analysis 2, for
each combination of nine of the sample parts, and subsequently assessed the model's
performance on the remaining holdout sample partition. We repeated this approach 10 times,
each time excluding one of the 10 sample parts. We applied a cutoff probability of 0.05,
meaning that all individuals with a predicted probability of entrepreneurial engagement
(Analysis 1) or commercializing (Analysis 2) exceeding 0.05 were classified as nascent
entrepreneurs or entrepreneurs, respectively. We chose this low cut-off probability because the
probability of individuals showing signs of entrepreneurship was generally low. Crossvalidation sensitivity in Analysis 1 reached 44 percent, meaning that by using the cut-off
probability of 0.05 we identified 43 percent of the actual nascent entrepreneurs in Analysis 1.
The false positive rate reached 12.2 percent, meaning that 12.2 percent of the non-nascententrepreneurs were classified as nascent entrepreneurs by mistake. The AUC reached 0.768.
These values are close to the figures reported in Table 3. In Analysis 2, cross-validation
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sensitivity reached 50.0 percent, with a false positive rate of 21.1 percent and an AUC of 0.708:
again close to the figures reported in Table 4. Thus, although Analysis 1 and, in particular,
Analysis 2 classify relatively few and rare events on a comparatively large set of explanatory
variables, the final models are successful in classifying holdout observations.

DISCUSSION AND CONCLUSION
Our analysis predicts: (1) which platform users among community goers who are likely to
engage in entrepreneurship in the following time period, as well as (2) which of such nascent
entrepreneurs are likely to progress through the entrepreneurial process to commercialize an
app in the subsequent time period and become complementors.
Network exposure to other user-entrepreneurs (eship exposure) dominates other social
network measures we tested for predicting entrepreneurial engagement. Contagion of
entrepreneurship is shown in both high-tech environments (Zhang, 2003) and by employing
register data (Nanda and Sørensen, 2008). Interestingly, once eship exposure is controlled for,
only our bulk consumption measure adds significantly to the prediction of entrepreneurial
engagement. Figure 1 shows a marginal probability plot for the final model 10 for the two most
interesting variables, namely eship exposure and number of apps purchased, depicting how an
increase in both social eship exposure and app purchase activity results in larger propensities to
become a nascent entrepreneur, and that this effect pertains for all combinations of these
effects. The marginal probabilities in figure 1 are calculated for average values of the other
explanatory variables in model 10. The plots illustrates an interaction between these two
effects, hinting a positive yet diminishing return to the one effect for already high values of the
other. It should be kept in mind that bulk consumption, in turn, may reflect unobserved product
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involvement, which previously has been linked to entrepreneurship (Atuahene-Gima and Ko,
2001).
Figure 1: Probability for eship engagement by no. of app purchases and eship exposure

Interestingly, the positive effect of app consumption on entrepreneurial engagement is
replaced by a negative effect on the likelihood of commercialization. The negative effect is
counter-intuitive to our initial theory framework, but is not necessarily surprising: First,
because commercializing entrepreneurs are free to explore the app market under a different
username, to avoid accusations of plagiarism. Second, because some nascent entrepreneurs are
likely capable of producing apps to serve their own need, they do not need to buy apps from
others. The latter argument aligns with our proposal that entrepreneurship is not necessarily an
intentional endeavor towards commercialization, but that such intention also can arise once a
prototype is already produced and possibly shared. That bulk consumption remains a
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significant effects in both analyses, suggests that users on an entrepreneurial trajectory
consumes platform offerings differently than other users. While our data does not reveal a
consistent direction of this effect, our theoretical arguments, coupled with the above suggested
explanations, lead us to infer that increased bulk consumption drives entrepreneurial behavior –
possibly through learning, gaining self-efficacy, and obtaining market insight. All of these
effects are arguably most prominent in the early stages on the entrepreneurial trajectory. This is
an interesting avenue for further research.
Results for explaining the first app commercialization indicate that for nascent
entrepreneurs, social network position does not add further to the likelihood that she takes
entrepreneurial action. However, the peer effect of encouragement a nascent entrepreneur
receives, in the form of positive communication from peers, is a significant positive predictor.
The marginal plot of number of apps purchased and encouragement is shown in Figure 2,
depicting how the probability for commercialization grows increasingly for encouragement
scores up to a certain point depending on app purchase volume, after which the marginal
probability continues to increase more linearly with encouragement. Figure 2 also shows how
in particular nascent entrepreneurs with low levels of app purchases responds positively to
encouragement in terms of predicted probability for commercialization. This suggests that
nascent user-entrepreneurs who reveals no app market exploration and who thus appears to be
capable of serving their own app needs, are most sensitive to encouragements from their peers.
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Figure 2: Probability for eship commercialization by no. of apps purchased and encouragement

Summarizing our findings from the two analysis with regards to our research questions,
our results suggest that who talks to a given user (i.e., eship exposure) makes a difference for
predicting entrepreneurial engagement, but what content peers communicate (i.e.,
encouragement) predicts commercialization. Mollick (2015) suggests that developers in online
communities not only seek commercial profit but also seek community status, and that profit
seeking may impair community status. Receiving encouragement from the community affect
this balance by not only creating awareness of commercial potential, but also informing
developers of their community status, which in turn reduces a potentially perceived risk of
losing community status by commercializing. Encouragement further reduce demand
uncertainties by informing a developer that she has the ability to provide useful products to
other users (Wasko and Faraj, 2000; Autio et al., 2013).
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Implications for research
This study contributes to two strands of research in strategy and entrepreneurship. First, it adds
to prior studies that demonstrate that user communities constitute an important determinant for
explaining entrepreneurship (Autio et al. 2013), and that platforms offer a unique context for
understanding the entrepreneurial process. We connect this literature to the current discussion
about platform strategy and organizing innovation via platforms (Gawer, 2014; Boudreau,
2012). Second, our findings introduce a new type of explanation that should be included to
obtain a better understanding of the transition process into entrepreneurship on platforms,
namely individuals’ consumption history. This agenda focuses on explanations from the “real”
demand-side and thus may include insights on entrepreneurship arriving from the field of
marketing (Hauser, Tellis, and Griffin, 2006). Similarly, attention to other measures such as
communication behavior and social network position offers a different approach to studies of
entrepreneurship than self-reported product use and product-related abilities, or how certain
stimuli affect motivation for invention (von Hippel, 2005; Jeppesen and Frederiksen, 2006;
Shah, 2006). Whereas research on entrepreneurship yields important insights into the
organization of entrepreneurship, overall behavioral measures may too often be ignored.
With this study, we open the box of theory-supported explanations for userentrepreneurship on platforms. We close the box again by pinpointing a small subset of
behavioral mechanisms to theorize further on, namely two novel insights for entrepreneurship
research: First, research tends to theorize about opportunities themselves (Shane and
Venkataraman, 2000) rather than examine the conditions that prompt individuals to perceive,
evaluate, and act on opportunities (Choi and Shepherd, 2004). We explore empirically how the
entrepreneurial process unfolds and, in particular, we demonstrate via our stage study that only
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some parts of our behavioral explanations are useful for predicting entrepreneurial engagement
and commercialization. That different mechanisms are found to contribute at different stages in
the entrepreneurial process supports our view that entrepreneurship is a series of different,
hierarchically ordered stages, where different factors determine the individual’s choice to
progress into pursuing opportunities at the next stage (McMullen and Shepherd, 2006; Stock,
von Hippel, and Gillert, 2016). Secondly, research shows that social relationships and network
position influences individuals’ decision to become entrepreneurs (Birley, 1986; Nanda and
Sørensen, 2010). Yet, precisely how such mechanisms work in an online setting is still less
evident. We demonstrate that mechanisms that are under-researched in online settings, such as
interaction with user-entrepreneurs and encouragement from peers, increase the likelihood of
observing entrepreneurship by the influenced individuals. It is interesting to note how other
users in this way indirectly assists platform managers in identifying prospects for
entrepreneurship.

Intrinsic and extrinsic motivation for platform user-entrepreneurs
It is perhaps not surprising that our stage model of entrepreneurial action resembles
psychological theories of motivation and action, notably the Rubicon model of action phases
(Brandstätter, Lengfelder & Gollwitzer, 2001; Heckhausen & Gollwitzer, 1987). The Rubicon
model distinguishes a pre-decisional phase (motivation) from a post-decisional phase (volition).
In the motivation phase, potential courses of action are evaluated in terms of value, expectancy
and opportunity. In the context we presented here, this would be an experienced user
considering whether to become an app developer on the platform. The potential outcomes may
be represented in terms of several value components, including “intrinsic” ones (enjoyment
from turning one’s hobby into a profession, a sense of achievement, peer recognition) and
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“extrinsic” ones (additional income). Outcome expectancies and perceived opportunities
depend on social learning experiences. As the present research has shown, interactions with
other users seem to play a prominent role here, particularly interactions with users who have
already made the transition to being app developers.
In the Rubicon model, commitment to a goal and formation of a goal intention (in our
context, equivalent to entrepreneurial engagement) mark the transition from the motivation
phase to the volition phase. In the present context, registering as a developer could be
interpreted as the observable reflection of these processes. Once the Rubicon is crossed, the
nature of the psychological processes shifts to action planning and implementation: a goal
intention merely states what a nascent entrepreneur eventually wants to achieve, but not how.
Successful pursuit of such a medium-term goal depends crucially on (a) the development of a
detailed action plan with realistically achievable milestones and (b) self-efficacy, i.e. the
expectation to be able to persist, even in the face of barriers and temporary setbacks, and to
reach the various milestones. Encouragement by peers has been shown to be a key factor in
developing and maintaining self-efficacy (e.g., see Compeau & Higgins, 1995). The method of
the present study did not allow for the collection of direct measures of the intervening
psychological processes. However, the finding that peer encouragement is an important
predictor of whether nascent user-entrepreneurs are likely to commercialize their apps is highly
consistent with this interpretation.
Our findings pave the way for additional theorizing about the distinct mechanisms at play
at different stages of the entrepreneurial process taking place at the intersection between
technology platforms and their related online user communities––in an environment with novel
observational data of the entrepreneurial process. We hope that entrepreneurship scholars will
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use our paper as an explorative stepping-stone for theory building regarding behavioral triggers
of entrepreneurship, as a complement to the more researched link between self-reported
personality traits and entrepreneurship.

Implications for managers
Entrepreneurship research has only to a limited degree embraced the new types of innovation
systems that platforms constitute (Nambisan and Baron, 2013). This is a system where both
individual entrepreneurs and platform owners benefit from entrepreneurial efforts. This implies
that entrepreneurship among users who become developers, with potentially successful apps,
have strategic importance on an extended organizational level, namely, for the platform-owning
firm.
Platform managers should care to spur entrepreneurship on their platforms – if for no other
reason because recent research links profitable user involvement with their engagement as
amateur developers. Simply put, while amateur entrepreneurship for many user-entrepreneurs
generate no profit for the developer or the platform owner, it creates an entrepreneurial
environment and a deep commitment to the platform by the aspiring third-party complementors
(Boudreau, 2017). For managers interested in promoting innovation on their platform, our
research encourages paying attention to particular characteristics of platform users’
communication in the online community, as well as to their consumption of platform offerings.
Doing so will allow them to be informed early about individuals’ possible progression into
entrepreneurship, and thus about the development of the platform’s supply-side. Our analysis
predicts a number of false positives. While at first glance these false positives make our
prediction results less actionable for firms, they also suggest that a larger group of individuals,
similar to the platform entrepreneurs, could be probed for entrepreneurial involvement. These
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individuals—based on their similarity to entrepreneurs—may be more responsive to strategic
action from the platform owner, such as recognition or pecuniary incentives to facilitate a
transition into entrepreneurship in the future. A new strategic and organizational challenge for
companies is then what could be termed human resource management of non-employed thirdparty entrepreneurs on the firm’s platform.

Limitations
Though we advocate for the similarity between platforms on which individuals can become
contributors, we acknowledge that the generalizability of our results may be limited to similar
platform structures and individuals. Technology platform members self-select onto the
platform, and they may have more exploring personalities and better IT skills than the average
potential entrepreneur has. Therefore, our findings regarding drivers of the entrepreneurial
process of user-entrepreneurship may be limited to similar individuals. Yet, we think that such
exploring behavior is a fundamental personality trait for entrepreneurs, and that advanced IT
skillsets resonates with what will be increasingly common abilities as time unfolds.
We encourage additional research on the effect of consumption on predicting
entrepreneurship for products other than apps, and in different organizational settings.
Also, we acknowledge that consumption is merely a behavioral indicator for a need, curiosity,
or habit, moderated by individuals’ purchasing power, and purchase records are the behavioral
summary measures for these unobserved drivers. Relying exclusively on behavioral data
imposes some restrictions on our analyses—for example, we have limited demographic and
psychographic information about the individuals in our sample.
The analyzed data does not allow us to model the entire entrepreneurial process as a nested
model. While this imposes no selection problems (analysis 2 is only among nascent
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entrepreneurs, and thus the selection into this group was modelled separately in analysis 1), a
selection model that takes the perspective of modelling the entire trajectory from user to
commercializing user-entrepreneur is encouraged in future research.

Conclusion
Based on an explorative research design, our study breaks new ground for understanding the
entrepreneurial process of third-party complementors on a technology platform. It informs
strategic management in platform-owning firms by indicating how to grow their platforms’ app
supply by encouraging end-users to transition into complementors. By advancing an empirical
study, we emphasize how behavioral data, accessible and free of charge for the platform owner,
provide the basis for predicting the progression through different stages of entrepreneurship. In
addition, we contribute by offering an original explanation for the entrepreneurial process,
emphasizing how the consumption history of individuals influences their likelihood of a
subsequent transition into entrepreneurship, even after controlling for the literature’s generally
accepted mechanisms for spurring entrepreneurship. This explanation complements other
behavioral explanations for entrepreneurship on platforms that we offer, namely that
entrepreneurial engagement is also more frequent among individuals exposed to direct input
from other nascent entrepreneurs in the online community (interactions with userentrepreneurs, i.e. exposure to entrepreneurship). Furthermore, commercialization is more
likely for nascent entrepreneurs who are encouraged in their endeavor by their peers in the
community. As the number of platforms rapidly increases and they gain significance in the
economy, our study enriches the literature on strategically organizing innovation by offering
insights on the dynamics of entrepreneurship in such ecosystems, and how consumption may
precede entrepreneurship.
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This paper differs from previous studies on the entrepreneurial process by observing
entrepreneurial behavior of an entire ecosystem over time, without any potentially disturbing
interventions by researchers or biases from self-reported behavior. Only digitized real-world
settings such as platforms offers this combination of no self-selection bias into the study and
natural behavior. This makes our study both novel and timely––novel because new insight is
gained about triggers of progress along the entrepreneurial process, and timely because
platform economies and user entrepreneurship on platforms is a rapidly growing contemporary
economy expanding to various service markets beyond tech settings, such as room renting (e.g.
Airbnb) or personal transportation (e.g. Uber)—markets previously dominated by companies,
now increasingly offering new opportunities for entrepreneurship of individuals.
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APPENDIX
Examples of encouraging comments from peers to commercializing entrepreneurs (Analysis 2)
“The more i use [APP] the more i like it. This (app) is a great synth and sits very well in the mix…”
“You couldn’t get a better endorsement that this. I agree.”
“It always feels very inspiring going thru the wide variety of sounds this [APP] is offering…”
“Thank you for the really quick response. I look forward to your upcoming [APP].”
“I can see it’s yet another building block in an amazing collection of devices that are going to be used to make
some super modular synths.”
“Great, get [APP] to the Shop already! Can’t wait to see this in the shop! :)”
“Man, this looks incredibly useful.”
“I’m so pleased to be part of the beta-testing (...) ...and a few nights of not being able to sleep due to the
excitement of putting this new version through its paces!!!”
“Just wanted to chime in here and say that this is an incredible deal. (...) for $50 is absolutely astounding”
“These sound great, nice work! (...) great bargain for the price”
“Hmmmm... sounds intriguing! Sure what the heck. Curiosity engaged!”
“Nicely done ! This goes to show that [APP] is a superb RE on its own but it is also one of the devices that can
bring a lot to other devices and be used in many different ways.“
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ABSTRACT
Online user communities are increasingly important organizational structures, and they can be the
sources of competitive advantage and engines of collaborative innovation. Yet, only little is
known about the dynamics of tie creation between community members in such communities, and
of how user innovation develops over time. This paper asks how social networking in online user
communities evolve over time and how user innovation spreads through such communities. It also
asks how user innovators behave in the communities compared with regular users. The analysis
comprise three snapshots of a social network between 165 core community members over a two
year period, including their ties to peripheral community members outside the core. Both dynamic
tie formation and adoption of user innovation behavior are analyzed, applying a dynamic
stochastic actor-oriented modeling framework for social network analytics. This study finds that
specific patterns of dynamic social networking precedes occurrences of user innovation in the
community, and that user innovation in turn affects network evolution. These findings align with
the theoretically understood but rarely empirically shown conception that social networks and
innovation are endogenous to each-other, whereas previous research tend to infer the one while
keeping the other constant.

Keywords: Tie formation, network dynamics, social influence, online communities, user innovation.
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INTRODUCTION
Online user communities are increasingly important organizational structures, and they can be
the sources of competitive advantage and engines of collaborative innovation (Eisenmann, Parker,
and Van Alstyne 2010; McIntyre and Srinivasan 2017). Yet, only little is known about the
dynamics of tie creation between community members in such communities, and of how user
innovation develops over time (Dahlander and Frederiksen 2012; Dahlander and McFarland
2013). Many online communities evolve around product usage, and users may become user
innovators through their user-experience, enabling them to contribute new product offerings to the
community. To understand the way these communities operate and nurture innovation it is
imperative to examine how these collaborative dynamics emerge and shape actors’ user
innovation orientation.
Network dynamics of organizations has received increasing attention in recent years,
acknowledging the apparent phenomena in tie formation at both the individual and organizational
level (Kilduff and Brass 2010; Ahuja, Soda and Zaheer 2012). Dynamics in a given network is
affected by agency of network participants seeking to optimize their social network position
(Ahuja et al. 2012). A particular characteristic of agency or actor-based social networking studies
is that tie formation and thus the network itself—or in contemporary jargon: networking—is the
mechanism investigated. Each network member is assumed to act in order to optimize the
opportunities gained from her social network position.
The context of this study is how an online user community on a firm hosted technology
platform evolves over time and how user innovation on the platform co-evolve with the social
network. Platform structures are becoming predominant in technology companies because of their
flexibility in combining resources to meet market needs (Ciborra 1996). User innovation spurs
growth on platforms via growing the supply side of the platforms offerings—and platform growth
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is economically attractive for platform hosting firms (Gawer and Cusumano 2008; Boudreau
2012). As user innovation is expected to imply platform growth and as user innovation is known
to depend on the network of users on the platform (Dahlander and Frederiksen 2012) it is of
strategic importance for platform hosting firms to understand user networks on platforms.
In the context of individuals’ networking and progressing along an entrepreneurial trajectory, it
is generally understood but rarely shown in empirical works that the direction of influence in
practice goes both ways (Tasselli, Kilduff and Menges 2015), and therefore ideally is modelled as
such (Ahuja et al. 2012; Ahuja 2000). Richer dynamic data can unveil this when analyzed under a
statistical modeling framework that facilitates analysis of the coevolution of users’ networking
activities and their option of the possibility to innovate on the platform (Steglich, Snijders and
Pearson 2010; Greenan 2015).
This study tracks the network evolution over time on the actor level and focuses on the
development of social structures, i.e., network dynamics, while also controlling for developments
in individual users’ behavior, i.e., user innovation. It is still an open research question how firms
can leverage existing platform networks over time for competitive advantage (McIntyre and
Srinivasan 2017). Understanding dynamic user networks requires a profound understanding of the
microfoundations of the growth of such networks and the innovation of network participants.
Specifically, on the canvas of the dynamic development of the online community, this study asks
how the social network influences users to become user innovators, and how user innovators stand
out in the social network—both in terms of their own networking behavior and in terms of peers’
networking towards, or nomination, of user innovators as their community contacts.
This paper contributes to the user innovation literature (Dahlander and Frederiksen, 2012; von
Hippel 1988; Tuomi 2002) and the intersection between the literature focusing on network as
antecedents for innovation and innovation as antecedent for network changes (Slotte‐Kock and
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Coviello 2010; Hoang and Antoncic 2003; Borgatti and Foster 2003). It does so by explicitly
showing from dynamic observational data how incidents of user innovation occurs as a social
network phenomenon in an online user community, and how user innovators differ from other
users in their social networking activities in this community. Method wise this paper also
contributes an application of existing statistical methods for analyzing actor-oriented social
networks, but with a work-around that allows to analyze substantially larger social networks than
is common practice with these methods.
This paper responds to a call for frameworks to better the understanding of social structuring
and social utility of connections, as requested by Kilduff, Tsai and Hanke (2006). Later, in a
review paper of research on entrepreneurship and network processes, Slotte‐Kock and Coviello
(2010) notice the continued dearth of studies jointly focusing on the entrepreneurship- and
innovation process and network development. Ahuja et al. (2012) likewise call for longitudinal
network studies with appropriate statistical methods to contribute to better the understanding of
the logic and the processes behind network structures and outcomes. Finally, this study responds
to a recent call for research of the coevolution of behavior and social network in organizational
management settings (Tasselli et al. 2015).

THEORY AND HYPOTHESES
An innovation is a new idea, method, or device (Merriam Webster’s dictionary 2017).
Innovation can occur in two ways, either evolving specialization or recombination of existing
resources. Growth of online communities facilitating communication and collaboration have in
turn made the recombinatorial mode increasingly important for innovation research and product
development (Tuomi 2002), directing a clear focus towards user innovation. Users of a product or
service may turn into user innovators when modifying the product to meet their own need, and
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user innovation is potentially the most important source of innovation in the knowledge economy
(von Hippel 1988). Individuals behavior and performance in knowledge-intensive settings are
associated with social network positions of individuals, because social networks can provide
access to information that may facilitate work-related tasks (Cross and Cummings 2004). User
innovation on technology platforms differ from innovation in more formal organizational
structures, in particular by the almost complete absence of hierarchical structure. This implies that
dispositional explanations for becoming a user innovator in network settings should be
accompanied by relational measures (Dahlander and Frederiksen 2012)—and ideally dynamic
measures, as user innovation unfolds over time.
Dynamic behavior, dynamic network
The work on network dynamics can be traced to pioneering ideas by Doreian and Stokman
(1997), Stokman and Doreian (2001) and Snijders (2001). Along this line, considerable empirical
work by sociologists and economists has followed, in particular the numerous studies on network
formation based on actor-level rational decisions (e.g., Doreian 2002; Dutta and Jackson 2000;
Jackson 2005; Cowan, Jonard, and Zimmermann 2007; Cowan and Jonard 2008; Goyal and VegaRedondo 2007; Burger and Buskens 2009; Cowan and Jonard 2009), and the growing body of
research looking at the mechanisms that govern the formation of social networks among
individuals more generally (e.g., Bearman, Moody, and Stovel 2004; Gibbons and Olk 2003).
More recently network dynamics research has been enriched with the ability to evolve how nonnetwork behavior may follow from networking activities (Snijders et al. 2007; Steglich et al.
2010). Hereby dynamic social network analysis facilitates prediction analytics not unlike
regression analyses, but with a dynamic control for dependencies in the analyzed data.
Simultaneously, network partner selection and non-network behavior studies, known as the
influence-selection framework (Steglich et al. 2010) facilitates analysis of how a behavior affects
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networking. An important observation in network dynamics is that growth is not inevitable, and
that ties may decay when they no longer serve a functional role for the actors maintaining the tie
(Dahlander and McFarland 2013) or when one of the two actors change her role (Jonczyk et al.
2015).
Individual users with innovation ambitions can be understood as being in a pre-stage for
entrepreneurship (Drucker 2014). Entrepreneurship studies have focused either on how social
networking impacts progression along an entrepreneurial trajectory, or how progression towards
entrepreneurship impacts social networking (Slotte‐Kock and Coviello 2010; Hoang and Antoncic
2003; Borgatti and Foster 2003). Yet, only few studies adopts a dynamic data perspective fully
embracing the interlinked dynamic social network (Van de Bunt and Groenewegen 2007; Ebbers
and Wijnberg 2010; Corbo, Corrado and Ferriani 2016; Ferriani, Fonti and Corrado 2013). Indeed,
the majority of the extant research on the innovation process and its social nesting assumes either
the network or the behavior to be exogenous when modeling the other. This critique is general and
not new (Manski 1993): management studies oftentimes resort to various sorts of panel regression
models (e.g. Demirkan, Deeds and Demirkan 2013, Dahlander and Frederiksen 2012; Dahlander
and McFarland 2013) with limited control for the actual network evolution in the process of
estimating the assessed behavior (Snijders et al. 2007; Tasselli et al. 2015). Thus, previous
findings may be enhanced and validated by embracing the dynamic network evolution and tie
formation processes as control mechanisms, when modeling a behavior hypothesized to depend on
individuals’ nesting in a social network. Because in any social network, network auto-correlation,
i.e., systematic correlations between observations based on their social ties (Leenders 2002), is
likely to be present (Kruskal 1988).
Another potential problem with assuming the network to be constant and only the dependent
variable to vary in continuous time, is that the causality inferred in principle could be the reverse,
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as such analyses purely assume this direction of the relationship (Aral and Van Alstyne 2011;
Ahuja et al. 2012). The present paper thus elaborates on the research by Dahlander and McFarland
(2013) and Dahlander and Frederiksen (2012) by analyzing a socially nested behavior while
allowing the social nesting to coevolve with the behavior.
This paper progress to advance a number of hypotheses for the mechanisms driving the
transition from user to user innovator and for how user innovators then differ from regular users in
their networking behavior and nomination by alters. The hypotheses revolve around the concepts
of user innovation driven by social influence from peers and diversity in networking, and
opportunity seeking and prestige in user innovators networking.
Social influence: contagion and diversity
In the context of innovation networks, innovation adoption of network members is influenced
by influential network peers (Dhanaraj and Parkhe 2006). Spill-over of behavior has been shown
in a diverse range of fields within the social sciences, a few examples being the adoption of
tetracycline among medical doctors (Coleman, Katz, and Menzel 1957), the spread of drinking,
smoking and drug use among adolescents (Steglich et al. 2010), and the contagion of
entrepreneurship from entrepreneurs to university employed academics (Stuart and Ding, 2006).
The spreading nature of behaviors call for social network methods based on entire social networks.
For communication networks where the information flows constitute the ties, the literature on
information diffusion offers insights on social influence. Sociologists have studied social influence
for decades (Marsden and Friedkin 1993; Erbring and Yound (1979), and social influence is
generally classified in two categories: cohesion and structural equivalence. Cohesion and
structural equivalence represents two theoretically different, although empirically often similar,
theories for the spread of behavior and opinions in social networks (Burt 1987; Galaskiewicz and
Burt 1991; Marsden and Friedkin 1993). “Structural equivalence overlaps, restricts, and extends
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the concept of cohesion”, and “two people are structurally equivalent to the extent that they have
identical relations with other individuals in the study population” (Burt 1987, p.1291). Structural
equivalence has been found to dominate cohesion for dynamic adoption of innovations (Burt
1987; Marsden and Friedkin 1993; Galaskiewicz and Burt 1991). Both mechanisms operates in a
contagion-like manner.
Regardless of the prevalent social influence in a social network, network dynamics is an optimal
method for modeling the mechanisms of influence diffusion between observational units (Ahuja
2000). Information diffusion via word-of-mouth has long been acknowledged in business research,
since Arndt (1967) experimentally identified such effects in marketing contexts regarding product
acceptance. More recently, opinion leadership in marketing research has been found to align with
social network contagion pathways in the adoption of new products (Iyengar, Van den Bulte and
Valente 2011) and for product diffusions in general (Iyengar, Van den Bulte and Lee 2015). In
summary, this study proposes that being in contact with- and/or equally structurally positioned as
user innovators, can inspire regular users to become user innovators themselves:
H 1 : User innovation propagates through the network by cohesion and structural equivalence.
(Contagion)
As a non-trivial share of the posts are written by periphery members, and as the core members
are not disentangled from the periphery, this study controls for the inbound communication flows
to individual core members from periphery members, here termed the Diversity of core members
information exposure. Innovations and creativity can also occur in the periphery of networks
(Valente 1995), and community members can therefore receive influence towards becoming a user
innovator from periphery members of the community as well. Peripheral community members are
by definition less embedded in the community’s social network, and may share their innovations
or creative input with more central community members, either because they do not realize its’
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potential, or in order to gain legitimacy with core members. Peripheral community peers provide a
less conform and more diverse range of input to their alters (Dahlander and Frederiksen 2012).
Users with innovation ambitions are likely to be alert to innovative input from peripheral
community members as well. Diversity in knowledge facilitates innovation by recombination
(Lungeanu and Contractor 2015). For each additional incoming tie a core member receives from
outside the core, the more diversity in knowledge this user therefore in general is exposed to, and
the more likely she will connect the various information and inspirations and conceive new ideas
for innovations through recombination (Tuomi 2002). Thus this study posits that:
H 2 : Users with higher indegree from outside the core are more likely to become user
innovators. (Diversity)
Opportunity seeking and prestige
User innovators can establish and maintain a diverse social network of peers in an online
community, in order to seek information and opportunities. A social network is a resource
(Jenssen and Koenig 2002) offering different paths and bandwidth to influential others (Burt
2001). In high-tech IT sectors with rapidly changing user needs and preferences, a bigger social
network provides more opportunity to discover new innovations (Bogers, Afuah and Bastian
2010), and user innovators can therefore be expected to be more active in growing and
maintaining their social network. User innovators are typically also lead-users (Urban and von
Hippel 1988) who are more active than regular users in establishing social connections as
consequence of their outgoing personality (Morrison, Roberts and Midgley 2004). Users seeking
to accelerate the growth of their social network can do so by expanding their network in the
anticipation that it may lead to promotion in the network (Granovetter 1973). While a broader
focus may put attention constraints on innovators, benefits of broader networks is a well described
social phenomenon in the context of job seeking and recruitment (Montgomery 1991), and job
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seeking and user innovation are related regarding the importance of access to timely and diverse
information about new possibilities. Platforms also lower the barriers to e.g. market access by
diffusion (Mahajan, Muller, and Bass, 1991), but it only does so indirectly by facilitating user
innovators to help themselves via their social network on the platform. Therefore both maintaining
social relations and establishing new ones benefits user innovators. New ties can provide access to
new information and creativity (Lungeanu and Contractor 2015) and persistent relations provides
social support. User innovators that nurtures both existing relations and establishing new ones can
therefore capitalize directly on the implicit positive effect of generally being well connected to
others in the network (Yeh and Inose 2003; Lee and Robbins 1998) while also continuously
expanding their network even further both in search of innovations, and later as networking
because of a potential innovation. Based on the above reasoning I propose that user innovators are
more likely than regular users to maintain and expand their social network in the community, in
terms of the number of outgoing ties:
H 3 : User innovators are more likely to establish new ties and to maintain existing ones.
(Opportunity seeking)
Some users gain so much legitimacy that flocking mechanisms surface as a preference for
establishing ties to already popular others (Dobrev 2005). Users in a favorable social network
position increase their social capital simply by being centrally positioned, and network capital
reinforce over time (Merton 1968). This phenomenon is known as the Mathew effect, preferential
attachment (Newman 2001), and cumulative advantage (Powell et al. 2005). The accumulating
and self-reinforcing nature of power and status is a general theme in management research (Magee
and Galinsky 2008). The general effect of preferential attachment is included as a control variable
(controls are summarized later). Beyond the general effect, this study argues that user innovators

82

Coevolution of networking and user innovation in an online community

are even more likely to be approached by the other network participants, as network peers are
attracted by the status and prestige of user innovators in the community:
H 4 : User innovators are more likely to be nominated for incoming ties than regular users.
(Prestige)

DATA AND METHOD
Data
The setting for this research is a firm-hosted community on a Swedish technology platform for
music editing software, which is an example of a contemporary platform setting where users have
the possibility to engage in user innovation (Yoo et al. 2012). A technology platform is a
networked online market for products and services (Easley and Kleinberg 2010).The host
company launched an app market in mid-2014 with technically accessible app building software
available free of charge for registered user innovators. Users could from that point in time register
as user innovators of new apps exclusively distributed via the host company’s web shop and earn
50% of the generated revenues of sales. Data for whom among the users that had registered as user
innovators were obtained at three points in time, namely by December 2012 (wave 1), December
2013 (wave 2), and May 2015 (wave 3). The data comes from the same platform as that used in
Dahlander and Frederiksen (2012). It elaborates on the analysis by dynamically analyzing the
same network over a longer period while introducing explicitly defined information on user
innovation over time, i.e., engagement in the app market as a registered user innovator – data
which only have become available since their publication. This study thus operationalize user
innovators as users registered as app developers, as this is a conscious act driven by creativity
directed at innovating beyond product usage. The multidimensional dependent variable in the
analysis is the dynamic network itself together with user innovation behavior. The independent
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variables are then the social networking mechanisms hypothesized to drive this network and
behavior (Snijders et al. 2010; Steglich et al. 2010; Greenan 2015).
Data preprocessing
Platform community members communicate on the platform. All communication is visible to
every community member, and by May 2015 more than 1 million text posts had been written in
the community during the previous 10 years. A text message in the forum either initiates a new
discussion string or join an existing one. If a text message starts a new discussion string it is not
directed at any identifiable recipient. On the contrary if a text message is posted in an existing
discussion string, then it must be directed at a previous text message which was written by an
identifiable author, in which case the text post is interpreted as establishing a directed
communication tie from the sender to the receiver. In this manner a social network of
communication unfolds over time. As the behavioral variable measuring user innovation is only
available as a snapshot of the state of each network member by the end of each time period, the
directed text messages are likewise aggregated into social networks at the end of period 1 and 2,
and in the one year preceding the start of period 1. Thus wave 1 is a summary of network and
innovation behavior one year before period 1 starts, wave 2 summarize period 1, and wave 3
summarize period 2. While the act of starting a new discussion string is thus not directly included
in the social network, indirectly it is accounted for by the tendency of users answering directly to
most of the messages received in the established discussions in the forum.
The network was dichotomized, i.e., treated as an unweighted network of relations either
present (1) or absent (0), as the later applied analysis method (called SIENA, introduced later) is
not fully developed for weighted networks (Ripley et al. 2017). The dichotomization puts
emphasis on the structural relations and positions of individuals, i.e. on whom an individual is in
contact with, instead of how much they are in contact. Individuals are likely to pay some level of
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attention to each-others activities in the open discussion forum, if they have been in direct contact
even just once, effectively making the weighting of ties less important than their presence or
absence.
Defining the sample in focus: the interesting “core”
Table 1 summarizes the number of active community members, defined as individuals writing at
least one text post in a given period. The number of user innovators on the platform continued to
grow over both waves, with twice the number of new user innovators in wave 2 than in wave 1.
Since the community is too large for SIENA to handle, the focus of the analysis is restricted to a
community core of 165 individuals fulfilling the criterion of being active in the community in all
three waves, writing at least 250 text messages before wave 1 and at least one text message in each
of wave 1 and 2. 1
Table 1: Community descriptive statistics

Measures
Active community members
- Hereof user innovators
Total number of directed text posts
Total number of ties
Core size (and %. of community)
- Hereof user innovators
- Propensity to turn innovator 3
Core members’ directed text posts
Ties within the core
Peripheral community members
- Hereof user innovators
- Propensity to turn user innovator

Wave 1
6,291
187 (3.0%)
185,372
92,670
165 (2.6%)
15 (9.0%)

Period 1
+47

112,781 (60.8%)
65,904 (71.1%)
6,126
172 (2.8%)

+13
8.7%

+34
0.6%

Wave 2
6,840
252 2 (3.7%)
195,686
98,279
165 (2.4%)
28 (17.0%)
102,014 (52.1%)
52,628 (53.5%)
6,675
224 (3.4%)

Period 2
+100

+15
10.7%

+85
1.3%

The extraction of this core was necessary to reduce the modeling complexity. Indeed, the
SIENA method is typically applied to social networks of less than 100 actors (Snijders et al.

1

These thresholds were guided by Figure 2 and Figure 3, and the process is described in detail below.
Some of which were not among the active community members in wave 1.
3
13 / (165-15) = 8.66%, etc.
2
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2010). Further, the SIENA model assumes that each actor is aware of all other actors—an
assumption deemed valid in a community core where each core member is an active
communicator over multiple years and presumably keeps an eye on the community activities
beyond her own postings. On the contrary this assumption would not be valid for the entire
community with close to 6,000 members. Therefore it is relevant to extract an interesting subsample from the community. Such a sample should both include most of the network activity and
consist of users with a higher than average propensity to become user innovators. Summarizing,
three attractive characteristics of a core is therefore to (1) be fairly small to facilitate model
building, estimations, and convergence, (2) contain a large proportion of the total number of ties in
the community, and (3) have a higher likelihood of user innovation in the core vs outside the core.

Figure 1: Relative probability for user innovation in the core vs. periphery, and core size, by core criterions
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Figure 1 shows seven upwards sloping curves, each plotting 50 different cores and their relative
propensity for user innovation vs the periphery (on the left secondary axis). The seven curves
represents core samples consisting of users meeting different criterions for how many text posts
they have written in wave 1 (10, 50, 100, 150, 200, 250 or 300 posts, respectively; referred to as
start criterion). The primary axis, then, counts the minimum required number of posts written in
each of wave 2 and wave 3, as required for inclusion in the core sample (1 to 50; referred to as
subsequent criterion). The combinations of these criterions led to seven upwards sloping curves,
each summarizing 50 different core specifications; the highest upwards sloping curve represents
the most restrictive criteria start criterion. For each of these curves, the left secondary axis shows
the relative propensity of core- vs. periphery members to become user innovators. Notice how this
propensity increases for more strict start- and subsequent criterions.
The seven downwards sloping curves likewise plotted in Figure 1 show the corresponding core
sizes (measured on the secondary Y-axis) implied by the different combinations of the
aforementioned criterions. The lowest positioned downwards sloping curve corresponds to the
strictest set of criterions, etc. In summary, Figure 1 illustrates that the core specifications with the
highest relative propensity for user innovation are also the smallest core samples. Yet, Figure 1 is
silent about the proportion of ties in the community that is included in the core. Figure 2 offers
this information.
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Figure 2: Trade-off between gains in propensity to innovate vs. proportion of ties in core, by core size

Figure 2 plots the implied core size from Figure 1 on the primary axis. Notice that the data
pattern from Figure 1 is still visible in Figure 2, where the data are sorted by the start- and
subsequent criterions, resulting in dotted line-like structures in the overlay scatter plot. The leftmost blue and red dotted lines thus represent the strictest start criterion (300), and within each line
the leftmost point represents the most restrictive subsequent criteria (50). In summary, Figure 2
shows how all assessed criterions for core membership implies a trade-off between the attractive
characteristics of a core sample.
Based on Figure 2, a criterion of at least 250 text messages in wave 1, and at least one text
message written in each of the two periods, is chosen. This core offers the attractive characteristics
of being small enough to analyze under the proposed method (n=165), while these core members
account for 71.1% of all ties in wave 1 and they are 8.7 times more likely to become user
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innovators than the remaining peripheral community members between wave 1 and 2 (cf. Figure 2
and Table 1).
Descriptive network measures
Table 2 summarizes various characteristics of the social network over the three waves. To assess
the amount of change between consecutive waves, the Jaccard index (Jaccard 1900) is calculated
as the number of ties present in both waves divided by the sum of the ties present in both waves
and only in one or the other wave. This index should preferably be above 0.3 between consecutive
waves in SIENA applications (Snijders et al. 2010), meaning that the network waves are not too
different from each-other. In the sample, the Jaccard index is 0.4963 between wave 1 and wave 2,
and 0.3902 between wave 2 and wave 3, fulfilling the guidelines mentioned above.
As can also be seen from Table 2, the network is generally characterized with relatively many
ties, and much fewer behavioral changes. The network is also very densely connected, with high
tendencies for reciprocation and triangulation. Over the three waves the core network becomes
slightly less densely connected, reflecting a slight decrease in network activity within the core
over time.
In order to inspect the magnitude of network autocorrelation between the network and user
innovation, Moran’s I and Geary’s C are calculated, and the p-values are reported in Table 2 for
each test. Contrary to expectations expressed in hypothesis 1, there is thus no evidence of network
autocorrelation between networking and user innovation—in spite of the substantially higher
propensity for user innovation in the core than in the community in general.
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Table 2: Descriptive network measures

Explanatory variables
Contagion (H 1 ). User innovation was hypothesized to be influenced by peers in the core. Yet, as
the network descriptive measures in Table 2 reveals no auto-correlation between the social
network and innovation adoption in the core, neither cohesion nor structural equivalence are
relevant to control for. This effectively implies that H 1 already at this stage is found not to be
supported in the analyzed data, and therefore no effects for contagion neither by cohesion nor
structural equivalence are included in the model.
Diversity (H 2 ) is measured as the indegree of peripheral input. Any increase on this scale
represents additional incoming peripheral relation and thus increased diversity of received input or
inspiration.
The hypothesis on opportunity seeking (H 3 ) claims that user innovators differ from their peers
in the community network. Technically this is measured as the interaction between the propensity
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to establish- or maintain a tie and the time-varying binary indicator for adoption of user innovation
behavior.
Prestige (H 4 ). Peers network differently towards innovators than other community members.
This is measured by the interaction between the propensity to be nominated for incoming network
ties and the time-varying binary indicator for being a user innovator.
Control variables
Density. The outdegree effect is the tendency for users to form ties at all, and it reflects the
average tie creation behavior around which the tie evaluation process varies for individual
community members based on personal characteristics and current network positions. As such is
comparable to the intercept in a regression model, and is included by default in SIENA models
(Ripley, Snijders and Preciado 2017). Reciprocation represents the tendency to respond to a
received tie by sending a tie back 4, and this effect is likewise included by default. Network closure
describes a social network tendency for local clustering, and should also always be controlled for
in one way or the other; these mechanisms are fundamental network characteristics found in
almost all social networks (Snijders et al. 2010). The SIENA developers recently suggested using
the gwesp effect (geometrically weighted edgewise shared partners; see Ripley et al. 2017 pp.112),
in particular the gwespFF effect, and also this effects’ interaction with reciprocity, instead of
controlling for transitive triplets and 3-cycles. Popularity is controlled for as mentioned earlier in
conjunction with H 4 , in particular as indegree and outdegree popularity. In practice only indegree
popularity remains in the model due to multicollinearity between the outdegree popularity effect
and the density effect.

4

In the analyzed context simply answering a received text message by sending a text message
back to the sender.
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Network related covariates. The relative focus that each core member devotes to fellow core- vs
peripheral community members is measured by the dynamic covariate core/periphery. This
variable measures the share of each core members’ ties that are send to fellow core members vs.
community members outside the analyzed network core. This variable is a proportion between
zero and one, and a larger proportion on this scale indicates a more dedicated focus on the core,
whereas a proportion closer to zero indicates that a given actor primarily focuses on peripheral
community members in her networking activities. Core versus periphery focus of individuals in
communities represents these individuals’ search breadth for novel ideas and inspiration
(Dahlander, O'Mahony, and Gann 2016). If not controlled for, this search breadth is a potential
confounder for the effect of being a user innovator on networking behavior. This proportion is
included as effects on both the propensity to send and receive ties within the core, and both as
main effects, squared effects, and as the interaction between senders and receivers score on this
measure.
Similarly the core/periphery proportion is a potential confounder for the effect of peripheral
input (Diversity) on the user innovation, as this proportion represents the attention that a given
user herself allocates to the periphery. Finally, two additional potential confounders of the effect
of peripheral input on user innovation are controlled for, namely the weighted in- and out-degrees
obtained from the weighted communication network. The analyses revealed a near-perfect
collinearity between these measures, so the outdegree measure was omitted. In summary, the
modeling of user innovation is likewise controlled for the indegree effect from within the core.
Linearly combined the core/periphery share and indegree from the core represent both the volume
of individuals’ networking activity and the relative share of these networking activities devoted to
the core vs. the periphery. This facilitates isolating and testing the effect of additional peripheral
input on behavioral changes towards user innovation.
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Besides the network-related covariates, practically no other actor-level control variables are
available for the community members because the company that owns the platform asks limited
demographic questions during user registration. Therefore personal characteristics beyond
network behavior and user innovation engagement were not available. While this is a shortcoming
of the data, it has previously been shown in a related high-tech context that it is not characteristics
of the network participants that matters for innovative behavior, but rather network position
(Powel et al. 2005 p.1187).
Actor-oriented dynamic network analysis
Social network analysis has developed from a focus on one-to-one connections, i.e., dyads, via
individuals’ networks, i.e., ego-networks, to focus on entire network structures (Zaheer,
Gözübüyük and Milanov 2010). Essentially all social networks are dynamic, as social interactions
unfold over time. Social networking also affects the members of the social network in this process
(Snijders, Van de Bunt and Steglich 2010). Social networks are the sum of multiple bilateral
relations, and each relation between agents is called a tie. Tie formation is thus the term for micro
level network dynamics. Social and collaborative ties serve as social capital for the stakeholders of
the network (Lin 1999).
In order to model a social network dynamically, the network must be observed at multiple time
points to track its evolution. In a data rich era with internet data, theorizing and testing on such
data are easier than ever (Edelman 2012).
Any dynamic network model consists of four components: the network primitives (nodes, ties,
pattern of connections), microfoundations (agency, opportunity, inertia, exogenous/random),
microdynamics (e.g., homophily, prominence attraction), and dimensions (degree distribution,
connectivity, clustering, density, and degree assortativity) (Ahuja et al. 2012). Network evolution
is always driven by the microfoundations, in particular agency, and different microdynamics may
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be prevalent in different networks. This leads to microdynamically-driven network evolution over
time, eventually aggregating to overall structural network changes and characteristics (Ahuja et al.
2012; Kilduff and Brass 2010). Cross-sectional analyses of networks may leave causal relations
ambiguous (Ahuja et al. 2012; Brass et al. 2004 p. 809).
Testing the hypotheses formulated in the previous section thus requires dynamic social network
data enriched with observations of innovation behavior at multiple time points. Methodologically,
it depends upon a dynamic test that simultaneously analyzes the coevolution of the social network
and user innovation over time. The SIENA method for stochastic actor-oriented simulation-based
social network analysis allows such statistical testing.
The SIENA method
SIENA models (Snijders 2001, Snijders et al. 2010; Snijders, Steglich and Schweinberger 2007;
Burk, Steglich and Snijders 2007; Steglich et al. 2010; Greenan 2015) are part of the stochastic
actor-oriented (SAOM) model family. Specifically SIENA models infer social network
mechanisms through simulations of actor level micro-mechanisms of network evolution. The
SIENA 5 suite of dynamic social network analytical software comprise its own innovative method
for longitudinal statistical analysis of social networks of actors, with repeated measures of network
actors and behavior over time. SIENA is the only developed method capable of analyzing and
separating the effects of network coevolution and behavior (Tasselli et al. 2015). SIENA can
accommodate dynamic nodal characteristics (Steglich et al. 2010), e.g., that not only user
networks evolve over time, but also users’ involvement as user innovators. Such dynamic nodal
characteristics are called behavior in the SIENA method, and behavioral variables are included in
the complex dependent variable also comprising the network itself. SIENA is thus used to model

5

The software is distributed freely in the SIENA R-package in the CRAN repository. This paper applies RSiena
and RSienaTest versions 1.1-306 (2017-05-10) on R version 3.4.0. (2017-04-21)
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social network and behavior coevolution in an actor-oriented model, where individuals are
assumed to be social actors optimizing the opportunities of their social network positions.
SIENA employs computer simulations of the network and behavior expressed as Markov chain
models, as this type of model is particularly well-suited for phenomena such as relations and
behavior that can be characterized as states. 6 The model assumes that the network unfolds in
continuous time as a Markov process and that the network members are actors in control of their
outgoing ties and behavior while also being subject to influence asserted from the network,
exemplified by individual others (alters). Over time the actors randomly have opportunity to
evaluate their ego-network, send or cancel ties, or change their behavior. One important
assumption of the SIENA model is that only one actor can make a change in her ties or behavior at
each point in time. Another characteristic of the modeling framework is that in general the
network members have to make an active choice to not sustain the current state of the network.
Thus the SIENA method is best suited for enduring relations, such as contractual relations or
friendships, and less so for fleeting relations such as e-mails and meeting at events. This is
because the model starts with status quo when simulating the tie formation and behavioral
influence mechanisms leading to the network coevolution observed in the next time period
(Steglich et al. 2010; Snijders et al. 2010). While text messages in an online community as
analyzed here indeed resembles e-mails more than contractual relations, arguably the open and
transparent forum in which these relations are build gives them a different flavor. The directed text
posts joins conversations visible to other community members, adding a social dimension beyond
a dyadic e-mail message: any community member can read practically all posts in the forum

6

For a complete mathematical account of the SIENA coevolution model, please refer to Snijders et al. (2007) for
the general model, and specifically to Greenan (2015) regarding the adoption of an innovation (here: user innovation
behavior) in a dynamic social network.
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without ever joining a discussion. Thus the act of writing a post reveals a publicly visible
reaching-out to the receiver. The benefits from such overtly expressed socializing—in spite of the
non-existing technical barrier—thus has to exceed the behavioral cost of openly exposing oneself
in an online community. Given that these ties remains visible to all community members, these
ties arguably reflect more long-lasting relations than personal e-mails, and to some degree
resembles persistent relations which once established tend to persist (Levin, Walter and
Murnighan 2011).
SIENA applications in organizational studies include analysis of a collaboration network
among organizations (Checkley and Steglich 2007), geography of knowledge propagation and
patent citations between firms (Boschma, Balland and Kogler 2015), networking between firms
(Van de Bunt and Groenewegen 2007), emergence of ties in strategic networks of firms (Ferriani
et al. 2013), team psychology safety (Schulte, Cohen and Klein 2012), and management alliance
portfolio evolutions (Castro, Casanueva and Galán 2014), evolution of innovation networks
(Buchmann and Pyka 2015), and diffusions of innovation in dynamic networks (Greenan 2015).
Previous applications in the field of management is limited to primarily three studies: (1) a study
on alliances in the movie industry, with the limitation that the collaboration network is inferred
from undirected collaboration ties (Ebbers and Wijnberg 2010); (2) a study on the evolution of
multiplex ties of friendship and work relations between organizations (Ferriani et al. 2013); and
(3) a study on changes in global airline alliances following the exogenous shock of the 9-11
terrorist attack (Corbo et al. 2016). The limited number of management study applications is likely
related to data requirements and modeling complexity, together with difficulties in modeling
larger organizational networks.
Given the complexity of the underlying calculations, the required convergence time increases
exponentially with the network size and parameters to estimate. SIENA is thus not applicable to
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very large networks. Recommendations regarding upper limits for network sizes that may be
analyzed under the SIENA framework are usually not more than a few hundred actors, and
typically less than hundred (Snijders et al. 2010; Steglich et al. 2010).
The analyzed network in this paper is substantially more densely connected than most SIENA
applications. Acknowledging that it is not possible to analyze the entire community of close to
6,000 individuals convincingly by disregarding network activity outside the analyzed core, this
study blends dynamic actor-oriented social network analysis for the densely connected core with
classical social network analytics summarizing ego-network characteristics of individual members
as independent variables. The merit for this decision is that independence is only assumed for
peripheral network activities, and thus this study treats periphery networking activities as so
sparsely connected that network auto-correlation in the periphery is disregarded. While this is an
over-simplification of the network periphery, recall that more than 70% of all ties in the
community were between 2.5% core members of the community (Table 1). This approach makes
it possible to apply the SIENA method to substantially larger social networks than is common
practice.
Stepwise model building
The estimation procedure was guided by Snijders et al. (2010) and Ripley et al. (2017),
acknowledging that theory and data characteristics may call for deviations from this default
modeling framework (Snijders et al. 2010; e.g. Kavaler and Filkov 2016). In summary, the model
is stepwise constructed as follows:
1) Fit a baseline model consisting of basic periodic rates for networking- and innovation, and
evaluation effects for outdegree density and reciprocity; re-estimate until convergence.
2) Include an effect for network closure, i.e. gwespFF. Repeat estimation with various tuning
parameters until convergence.
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3) Include the interaction between gwespFF and reciprocity (Snijders et al., 2006; Hunter
(2007), Ripley et al., 2017) 7.
4) Add indegree popularity, outdegree activity, and indegree activity. Remove potentially
insignificant effects via score-type tests (STTs) (Schweinberger 2012)
5) Add control- and hypothesized effects for the dynamic network evolution, i.e. the dynamic
effects of user innovation and core/periphery on networking 8.
6) Add control- and hypothesized effects for the behavior coevolution, i.e. the dynamic
indegree effect, core-periphery, the hypothesized effect of input from the periphery
(diversity).
7) Remove insignificant effects, applying SSTs.
8) Assess goodness of fit of the final model.
In some instances it was necessary to remove insignificant effects in order to obtain convergence,
due to near perfect collinearity with previously included effects. Examples include the multiple
gwesp effects which are highly collinear with each other, and the indegree activity which in this
data is near-perfectly correlated with outdegree density (corr.>0.999). E.g. when only one gwesp
effect was chosen and tuned, and when the indegree activity effect was omitted, convergence was
obtained. While correlations as high as 0.9 are not in themselves reasons for omitting theoretically
important social network effects (Ripley et al. 2017), high correlation resulted in estimation
instability and difficulties in obtaining overall model convergence while the convergence
parameters for the individual parameters did not flag any convergence problems. This issue is
discussed by Snijders in the documentation for the algorithms behind the SIENA model, where the

7

The GWESP effect represents a balance between the transitive triplets and transitive ties effects (see below for
definitions). Together these two effects models a balanced blend between tendencies for triangular closure and more
specific tendencies of network actors to reciprocate ties when this at the same time close a triad, i.e. respond to input
from a friend’s friend. Transitive triplets: The number of triads closed by actor i, i.e. ordered pairs of actors (j, h) to
both of whom i is connected while also j is connected to h (Ripley et al., 2017). Transitive ties: Defined by the number
of actors to whom i is directly as well as indirectly tied (Ripley et al., 2017).
8
In SIENA terminology: The dynamic egoX and alterX combinations of innovation on networking, and the
dynamic egoX and alterX combinations of core-periphery outdegree share on networking.
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overall model convergence criterion is defined as the maximum t-ratio for convergence for any
linear combination of the estimated parameters (Snijders 2017).
Final model
The final model is a linear combination of the hypothesized network- and behavioral effects,
linearly combined in rate- and objective functions. The rate function for the network determines
when the different actors gets the opportunity make network- or behavior changes. The objective
function for network changes then simulates which network change that is then made by the given
actor at the given point in time. Only one network- or behavioral change is made at each point in
time (Snijders et al. 2010). Along the recommendations by Greenan (2015), instead of an objective
function for behavioral change, the rate function is applied, which effectively reduces the
modelling of the adoption of user innovation behavior to a Cox regression-like hazards function,
explicitly modelling the propensity of adopting the behavior of being a user innovator. Thus in the
modelling phase, the behavioral objective function is reduced to modelling the rate by which users
become user innovators, as hazards depending on the proposed mechanisms (Greenan 2015). The
endogenous network effects then constitute the objective function for network changes, capturing
all theoretically relevant information that each actor observes when deciding to establish a tie or
not (Snijders et al. 2010). The objective function determines the opportunities, or conversely,
constraints, of any possible network change. When a given network actor gets the opportunity to
make a network change, the probability is higher for more attractive choices, as represented by
larger positive parameters for the effects in the objective function, and opposite for unattractive
constraining choices. As such the parameter estimates can be understood as behavioral
regularities. Likewise, the frequency of possibilities to make tie- or behavioral changes is
determined by the rate functions for the network and user innovation behavior, respectively
(Snijders et al. 2010; Greenan 2015). The objective function for network changes is based on
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generic network effects and social network mechanisms interacted with the user innovation
behavior.
Equation 1: The network objective function
𝐾𝐾[𝑋𝑋]

𝑓𝑓𝑖𝑖 (𝑦𝑦, 𝜃𝜃) = � 𝛽𝛽𝑘𝑘 𝑠𝑠𝑖𝑖𝑖𝑖 (𝑦𝑦)
𝑘𝑘=1

= 𝛽𝛽1 ∙ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝛽𝛽2 ∙ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝛽𝛽3 ∙ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 + 𝛽𝛽4
∙ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝛽𝛽5 ∙ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

+ 𝛽𝛽6 ∙ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝛽𝛽7 ∙ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 × 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽8 ∙ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

× 𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽9 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑒𝑒𝑒𝑒𝑒𝑒 × 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽10 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑒𝑒𝑒𝑒𝑒𝑒 2 × 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽11

∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑒𝑒𝑒𝑒𝑒𝑒 × 𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽12 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑒𝑒𝑟𝑟𝑟𝑟 2 × 𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽13 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑒𝑒𝑒𝑒𝑒𝑒
× 𝑒𝑒𝑒𝑒𝑒𝑒 × 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽14 ∙ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 × 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔,

where 𝜃𝜃 represents the stochastic process, and y represents the network at time t.

The hypothesized function for behavioral changes is a time-dependent adaptation of the
proportional hazards function (Greenan 2015). This function is more parsimonious, and the final
model only controls for the indegree from alters in the periphery of the community, because the
other effects (core/periphery and indegree from the core) were not significant:
Equation 2: The behavioral hazards function
𝐾𝐾

ℎ𝑖𝑖 (𝑡𝑡; 𝑦𝑦, 𝜃𝜃) = ℎ0 (𝑡𝑡) 𝑒𝑒𝑒𝑒𝑒𝑒 � � 𝛼𝛼𝑡𝑡 𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖 (𝑦𝑦) � = ℎ0 (𝑡𝑡) 𝑒𝑒𝑒𝑒𝑒𝑒{ 𝛽𝛽1 ∙ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 }.
𝑘𝑘=1
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RESULTS
Table 3 summarizes the SIENA estimation results. The t-statistics are approximate tests
assuming that the error terms are normally distributed. The t-statistics and p-values refer to the
estimates. What is tested is whether the data are consistent with absence of an effect, i.e., null
parameters as null hypotheses. No p-values are calculated for the rate functions, as these represent
intercepts and in all meaningful applications would be positive by construction because the
parameter estimate represents an exponential waiting time function unlikely to have zero as its’
parameter.
Table 3: SIENA estimation results

Network Dynamics
1. rate constant network rate (period 1)
2. rate constant network rate (period 2)
3. eval outdegree (density)
4. eval reciprocity
5. eval gwesp I -> K -> J (154)
6. eval indegree - popularity (sqrt)
7. eval outdegree - activity (sqrt)
8. eval PRESTIGE (H 4 )
9. eval OPPORTUNITY SEEKING (H 3 )
10. eval core/periphery share x alter
11. eval core/periphery share x squared alter
12. eval core/periphery share x ego
13. eval core/periphery share x squared ego
14. eval core/periphery share x ego x alter
15. eval reciprocity x gwesp I -> K -> J (154)
Behavior Dynamics for User Innovation
16. rate user-innovation (period 1)
17. rate user-innovation (period 2)
18. rate effect DIVERSITY on user innovation (H 2 )

Estimate

Standard
error

Convergence
t-ratio

159.6828
167.8093
-5.5717
0.0409
0.5217
0.1510
0.0830
0.0568
0.0933
-0.2957
1.0321
-0.3034
1.3321
-1.6570
0.2427

5.0710
6.3239
0.3314
0.8298
0.0822
0.0061
0.0038
0.0174
0.0225
0.0594
0.3576
0.0639
0.3670
0.5502
0.1801

-0.0433
-0.0198
-0.0059
0.0035
-0.0035
-0.0042
-0.0085
0.0051
0.0040
0.0333
0.0076
0.0369
0.0192
-0.0056
0.0052

-16.8126
0.0493
6.3467
24.7541
21.8421
3.2644
4.1467
-4.9781
2.8862
-4.7480
3.6297
-3.0116
1.3476

0.1764
0.2307
0.0036

0.0513
0.0745
0.0017

-0.0038
-0.0419
0.0206

2.1176

t-stat

p-val

<0.0001***
0.4804
<0.0001***
<0.0001***
<0.0001***
0.0007***
<0.0001***
<0.0001***
0.0023**
<0.0001***
0.0002***
0.0015**
0.0900

0.0180*

Overall maximum convergence ratio: 0.1778. *: p<0.05, **: p<.01, ***: p<.001.

The results show significant effects of most of the included control effects. The results for the
evolution of user innovation behavior shows evidence for network influence from the periphery on
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users in the core turning user innovators (H 2 , p=0.0180). This is the only significant effect found
on the hazard of user innovation, and although it is not a coevolving network effect, it is a
dynamic covariate extracted from the dynamic larger community network. That neither the actors’
core/periphery share nor degree related effects did add significantly to modeling of the hazard of a
user to turn innovator, suggests that the incoming influence from peripheral community members
is not due to the focal actors’ own division of attention between the core and the periphery.
Regarding the hypothesized network evolution effects, there is evidence that user innovators are
more likely to establish and maintain ties than regular users are (H 3 , p<0.001). This means that
user innovators are more active in growing and maintaining their social network in the community
core. User innovators are also significantly more likely to receive new incoming ties than other
users (H 4 , p=0.0007), which implies that not only do user innovators network differently—their
peers in the core also networks differently towards them than they do towards other core members.
Convergence is assessed by the so-called t-ratios for convergence for each independent variable,
as reported in Table 3, which are calculated as the average simulated deviations from the
estimated observed values divided by the standard deviations of the simulated values. The t-ratios
should ideally be below 0.1 in absolute terms, and the overall maximum convergence criterion
should ideally be below 0.25 (Ripley et al. 2017). The overall maximum convergence ratio was
0.1778, and all individual variable convergence ratios were likewise below the thresholds (see
Table 3), indicating good convergence.
Goodness of fit
The models ability to reproduce data distributions that resembles the empirical data is inspected
with a goodness of fit (GOF) analysis (Lospinoso 2012). These comparisons are made on indegree
distribution (Figure 3), outdegree distribution (Figure 4), triad census (Figure 5) and geodesic
distribution (Figure 6). The method compares observed and simulated values for the ends of
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periods, and the distribution of simulated values are then plotted in overlay charts with the
observed empirical values. The GOF analysis suggests that a model represents the data well if the
empirical values fall within the distribution plots of the simulations. The two degree distribution
plots depict a good model fit, with the exception of the fit to actors with the lowest degrees. The
triad census plot illustrates that the various steps in network closure to a large extent are accounted
for with the included effects. The geodesic distribution plot, however, witness that the model is
not as efficient in minimizing the geodesic distances between actors as the actors are in the
empirical data. This is likely due to the very dense network of non-random network ties
established by core members with specific goals and ambitions in mind. It hints that despite of the
converged model and theoretically argued effects, community members appear to apply somewhat
more refined heuristics when establishing ties. This is no surprise, as all models fundamentally are
simplifications of reality. The slight misfit of the geodesic distribution is also not unique to this
study (Kavaler and Filkov 2016). The misfit is also possibly related to the very densely connected
network, whereas the SIENA method typically is applied to more sparsely connected networks.
Figure 3: Indegree distribution
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Figure 4: Outdegree distribution

Figure 5: Triad census

Figure 6: Geodesic distribution

Robustness checks
Multiple model specifications were tested, and the definition of the community core was
likewise varied, leading to similar results. Including additional effects led to insufficient
convergence, which is a common issue due to potentially high multicollinearity among the effects
(Greenan 2015). Thus, the choices of effects to include was made on theoretical grounds is the
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only solid foundation for choice of effects, as theoretically different mechanisms can be very
similar in practice (Snijders et al. 2010).
Given the choice to analyze only a subset of the network, i.e. the core, arguably other cores
could have been defined in the same network. Therefore the analysis was reproduced with
different other core definitions. First, a larger core was extracted based on the criterions of core
members writing at least 100 messages in wave 1 and at least 10 messages in each of wave 2 and
3. This resulted in a core size 267 individuals. For this core it was similarly found that innovators
established and maintained more ties in the core, and that innovation was driven by input from the
periphery. 9
Secondly, a core size similar to the analyzed was extracted by applying substantially different
criterions for core membership. These criterions were that community members should establish at
least 100 ties in the community in each of the three waves (recall that the reported results were
from a core where each core member had established 250 ties in wave 1, and only at least one tie
in each of wave 2 and 3). This sample disregarded the information behind the choice of the
analyzed core (see earlier section on defining the sample), and led to a core size of 154 community
members. This sample had a slightly larger proportion of user innovators (32% vs. 26% in the
analyzed core), and a more reciprocated network closure effect (gwespRR) was prevalent in this
sample, instead of the previously included gwespFF (Ripley et al., 2017 pp.112). In this sample,
user innovators still differ from their peers in terms of ingoing and outgoing network nominations
but with opposite-sided effects: they were significantly less likely to be nominated, and borderline
significantly less likely to maintain and establish more new ties than others in the sample. The

9

This analysis applied a more classical measure for network closure, namely transitive triplets and its interaction
with reciprocity, and no interactions between core/periphery and ego- and alter effects. This was done in order to
simplify the model sufficiently to reach convergence.
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effect of peripheral input on users turning innovators was similar but not strong enough to be
statistically significant. This tells that the observed mechanisms in the analyzed core does not
apply to all core configurations, as different social networks can be governed by different network
mechanisms (Ahuja et al. 2012). As such, the analyzed core is a stratified sample that deliberately
over-samples users with innovation potential. The reported effects are the identifiable traces for
these users. That the networking of the included user innovators differ between these two samples
is not surprising after all: the alternative sample drawn for the robustness check was stratified to
over-represent the persistently most active networking users, and on this backcloth user innovators
may well differ. The important observation in the context of this study is that user innovators still
differ from their peers in network behavior and nomination—also in this very different sample.
Finally, the reported analysis is based on a binary network of relations in the community. Yet,
approximately 53% of all ties in the first period represents more than one text message. Ideally the
analysis should therefore be repeated the with an ordinal weighting of ties, distinguishing between
relations of just one directed text message vis-à-vis repeated relations consisting of more than one
message possibly reflecting a more persistent or pronounced relationship between two community
members, hinting a dialogue or at least more persistent reaching-out to a peer. However,
convergence was not obtained for this multiplex network of ordered relations, due to the increased
complexity of the model.

DISCUSSION
While user innovation as a behavior is not found to propagate directly through the network, the
dynamic network does predict user innovators. In particular, users with more incoming tie
nominations from peripheral community members are more likely to turn user innovators. These
peripheral community members need not themselves be user innovators. This implies that the
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dynamic network does affect users to turn innovators, but this is not a network core phenomenon.
This finding suggest that platform hosting companies should maintain a social environment where
interaction between core and peripheral community members is encouraged, in order to foster a
vibrant user innovation environment on their platform. In this way, this paper contributes to the
user innovation literature (Dahlander and Frederiksen, 2012, Dahlander and McFarland, 2013) by
empirically demonstrating network drivers for user innovation in platform settings.
That influence towards user innovative behavior is only found from the periphery is a
phenomenon parallel to the strength of weak ties (Granovetter 1973). This transition may be
driven by increased access to non-conform information from the periphery, encouragement by
periphery members to innovate, and/or the fact that periphery members as a crowd recognize
already apparent innovative qualities in a given core member. Although in the present study it is
unclear if peripheral input is actually weak ties 10, still the tie is at least weakly connected to the
core, as the sender is a peripheral community member.
This study also found that user innovators differ from regular users in their social nesting in the
platform community—both in terms of their own behavior and in terms of peers networking
behavior towards user innovators. The effects found in this study are basic and generic, and it is a
fruitful avenue for future research to better the understanding of the qualitative differences in user
innovators networking.
In summary, the findings in this paper offer new evidence for the effect of networking on
behavioral coevolution of innovations in high-tech settings. Whereas recent studies find no such
effects (Kavaler and Filkov 2016), the present study finds evidence for dynamic network effects
from outside the dynamically modelled core—effects in accordance with existent theory on the

10

Recall that all weighted ties are dichotomized
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undergrowth of innovations and creativity (Valente 1995). Figure 7 summarizes the findings of
this paper in a theoretical framework for how user behavior (here: user innovation) in a
community network core is influenced by peripheral networking activities. Further, Figure 7
illustrates the user behavior in turn is found to affect networking behavior of and around users
adopting the specific behavior in future networking activities within the network core (Kilduff et
al. 2006)

Figure 7: Graphical summary of findings

Limitations
This paper applies observational data, and therefore infers that structural positions imply
opportunity seeking and social influence. This paper adopts unweighted ties in the modelling
exemplifying the most basic characteristic of a tie, i.e., presence or absence. Yet, ideally ties
should be profiled based on the content they convey, as the content of a social network is
practically always more refined than presence or absence of a generic tie between actors. Thus, the
next step from a whole-network focus is to put color and depth on the network by modeling the
content of the ties as well. In this way dynamic social network analytics can enable a more precise
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understanding of the relations constituting the social network. One way forward for organizational
studies is to advance the dynamic whole-network analyses with automated natural language
processing of the text records in the ties, possibly in combination with multiplex analysis of
overlaying networks (Garton, Haythornthwaite, and Wellman 1997). This is a fruitful avenue for
further research. Future research is also needed to develop means of analyzing substantially larger
social networks than a few hundred actors. The combination of actor-oriented modeling of a core
with social network metrics from the periphery, as applied in this paper, is only a feasible
approach to networks where the actors outside the core are sparsely connected. However, many
real-world online community networks are substantially larger than the analyzed social network.
In summary, future studies can refine the social network to better account for the content of the
social network, and can possibly refine the concept of user innovation to model this in more
ordered stages.
Conclusion and implications
This paper contributes to the understanding of user innovation behavior and dynamic tie
formation in online technology platform settings—both by showing empirically how the social
network on a platform affects users to turn into user innovators, and by showing how user
innovators differ in their networking activity and popularity in the community. A conceptual
framework is tested and refined for understanding how a social network co-evolves with user
innovation in an online community. This paper thus contributes to the understanding of dynamic
networking and innovation coevolution in online communities, finding that being a user innovator
significantly affects networking behavior—both from the user innovator, and from the peers
towards the user innovator. Meanwhile it is found that it is not social influence from the
community core but from the periphery of the community that spurs users to turn user innovators.
This paper adopts a ‘hack’ to the dynamic stochastic actor-oriented network modelling method
109

Coevolution of networking and user innovation in an online community

SIENA, allowing analysis of substantially larger dynamic social networks than what is common
practice.
The implications of this study is that the occurrence of user innovation in communities in future
studies should be modelled as coevolving with the community, as the community coevolves with
user innovation. Similarly, networking behavior of user innovators should be understood together
with evolution in networking behavior.
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