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ABSTRACT

Organizations increasingly engage in launching new products, but they show
heterogeneous decision-making patterns in new product strategies. This dissertation
attempts to study the source of organizational heterogeneity in new product introductions
(NPIs) by applying behavioral perspectives. To this end, this dissertation examines how
organizations respond to the conditions of themselves and others through various
decisions on new product introductions. | propose that organizations learn directly from
their own experience that is relative to their own historical experience and their peers’
experience (i.e., performance feedback) and respond to it by jointly combining different
aspects of NPIs such as NPI exploration and speed. Highlighting the perspectives of
external actors, | also postulate that when organizations learn vicariously from their peers’
experience is contingent on the characteristics of peers and industry that are sending
different signals to observing entities, such as external actors. Through three essays, |
examine these ideas in the U.S. movie industry where movie studios rely on performance

feedback and the conditions of others to make subsequent movie decisions.

At the heart of this dissertation is the notion that organizations learn from their
experience or experience of others by collecting performance information, interpreting it,
and changing their NP1 activities. This dissertation responds to an important call of
Gavetti, Greve, Levinthala, & Ocasio (2012) for research in the cognitive aspects in
decision making and the dynamics of interacting behavioral entities—organizations and
institutional environments (e.g., peer organizations and investors)—filling important gaps
in the literature and hence advancing our understanding of why, when, and which NPI

decisions are adopted.



ACKNOWLEDGEMENTS

This dissertation marks the end of my journey to a doctorate. | would like to
praise and thank my God, the almighty, who has granted countless blessings, wisdom,
and opportunity to step into academia and meet several amazing people so that | have
been finally able to complete this long journey. I could not have made it without
tremendous, steadfast support and encouragement from family, friends, and the whole
community at the Temple University. They all have accompanied me on different parts of
the journey and made this journey meaningful and joyful.

| am deeply thankful to have a committee of accomplished scholars that are also
good caring individuals. First of all, I would like to show my greatest appreciation to my
dear advisor, Charlotte Ren. As a mentor and coauthor, she is truly inspiring and willing
to give her utmost in my development as an individual scholar. She is incredibly patient
and dedicated. She constantly guided me through her knowledge and valuable experience
and was with me at the most phase of this journey, patiently watching over my progress. |
am a fan of her work and deeply admire her research. Under her guidance, | have learned
the art of looking at the phenomenon with an eye of a researcher and how to frame it in
terms of the appropriate concepts of different theories. 1 also thank her for all her
valuable comments and feedback. Every time | presented my research papers, she gave
me great detailed feedback on the presentation while summarizing comments from
others, which helped me considerably improve not just the quality of the papers but also
my presentation skills. Without her encouragement and continuous guidance and support,

I could not have accomplished this dissertation. It was a privilege to have her as my



advisor and work with her. A few words cannot express my heartfelt gratitude to her and
I will owe much of my future successes and accomplishments to her time and efforts.

| am indebted to my coauthor, Jennifer Tae, who has been caring, supportive, and
had a keen interest in my development since the very early stage of my doctoral study.
She spent countless hours meeting with me and giving me great feedback and comments
on my research, which always led to the great improvement of the research papers.
Besides completing the dissertation, she stimulated and directed me in developing
statistical programming skills and writing conference papers as well as papers for journal
submissions. | have become highly competent in statistical programming languages and
can deal with any type of data. Without her constant support, | could not have done what
| was able to do. She is a great storyteller (academically and nonacademically). | often
lost track of time while having a meeting with her that always involved her interesting
and inspiring stories, which I will miss. All in all, she is a great mentor and scholar, and |
am thankful to have her as my mentor and coauthor.

I would like to express my respectful gratitude to Ram Mudambi for his direct and
indirect support. | greatly enjoyed and learned a lot from his classes and research. His
insight, knowledge, and experience helped me sharpen my thinking and learn how to
undertake research. Despite his enormous responsibility within and outside the school, he
has always found time to write me good reference letters, which I can never thank him
enough for. With his vast, valuable experience in the field, he also provided great
feedback on my early version of the dissertation, which resulted in its much-improved
version.

I would like to document my immense gratitude to Todd Schifeling for his



continuous support and encouragement. He went beyond normal means in providing
valuable feedback and comments in the development of my research and this dissertation
and helping me become a better teacher. I admire him for not only his knowledge but also
his personality. His kind personality and optimism in his classes became my role model
in class, and I will keep challenging myself to become a great teacher as well as a great
scholar like him. I sure will miss his great smiles and positive attitudes he showed in his
class and during our meetings.

The support from Min-Seok Pang, an external committee member, cannot be
overstated. His encouragement and support helped me push the quality of the dissertation
forward. | have been exposed to great scholarly work in Management Information
Systems, and I truly admire his work that is inspiring for my research. It is a privilege to
have him on my dissertation committee.

| had such wonderful colleagues within and outside the program at the Fox School
of Business. | would like to thank Hwansung Ju, for always listening to my concerns and
silly jokes and comforting me throughout this long journey. To Yaeeun Kim for being a
close friend as well as sister and being always available for me for many years. To
Charlotte Jacobs for being my amazing office mate and laughing alongside me. To Alex
Berman for being a great colleague and for his great encouragement and detailed advice
during my job search. To JK Kim for continuously praying for me during difficult times
and cheering me up. To Atilla Onuklu for making the dark office atmosphere bright and
enjoyable with his funny jokes. To Soni Jha for being a good friend with me and
encouraging me during these difficult times. To Deepak Nayak for giving great feedback

on my presentations. To Vyas Sreenivas, Aniket Khera, Francis Frazier, Julianne Sellin,



Xuan Du, and Vaibhav Mishra for being great colleagues, always joining my
presentations, and supporting me. | am also truly thankful to all the administrative staff
for their amazing support over the years.

| also would like to thank my students. Your appreciation of my teaching skills
and styles as well as sweet thank-you notes have greatly inspired me to become a better
teacher. Thank you all for being my students.

Last but not least, | extend my deepest gratitude to my family and friends for their
unwavering support throughout this long journey. Without it, this dissertation would have
not existed. My sincere thanks must first go to my parents who have been always praying
for me day and night and supporting me emotionally and financially. To my dad, who is
my anchor and hero and always supports my decisions and dreams, for encouraging me
to explore new directions in life even though they were at the expense of a decent job and
salary. To my mom, who is my lifetime friend, sister, and my teacher and who I respect
more than anyone else, for always finding time for me each and every day and for
praying with tears for countless hours not only for me but also for my colleagues and
faculty here. I am truly blessed to have such wonderful, faithful parents. To pastor
Jonggap Na for continuously praying for me and my family for many years. To Danbi
Kim, my best lifetime friend, for not being hesitant to ring me first to see if everything
was okay here and for always rooting and praying for me, and for keeping track of my
schedule even when she was swamped with her own stuff. To Youngjin Song for
becoming my best friend over the years, for motivating me to pursue this journey, and for
always rooting for me and becoming the bridge for connecting amazing people—

Youngha Kim, Kiseon Nam, and Jinhee Kim—that also became good friends of mine. To

Vi



Yoonjung Heo for walking with me on this doctorate journey from the beginning to the
end and making it unlonely and for becoming a friend that helps grow faith in each other.
To Valerie Park, who is and will always be my cute sister, for continuously praying for
me and for always finding the time to talk with me even when she was inundated with her
work. To my little father, Chulsun Park, who has been always inspiring and a good
scholar and writer himself, for encouraging me to pursue this career and for helping me
directly and indirectly by connecting me with several professionals in the field. To my
uncle, Myungguk Yoon, for having been the world’s greatest uncle and for always
supporting my decisions and rooting for me. | am deeply grateful to my all other relatives
that are great individuals and are great supporters of my journey.

| dedicate this dissertation to my parents who have been nursing me with their
unshakeable faith, love, and affection, and ultimately to my Lord Jesus Christ who made

all of this possible and is the source of my life, strength, wisdom, and knowledge.

vii



TABLE OF CONTENTS

Page
A B S T R A C T e e e e e e e et e e e e et b e e e e st r e e e e et e e e e abreeeeeanrees |
ACKNOWLEDGEMENTS ... ..ottt a e Il
LIST OF TABLES ...ttt e et s et e e e s e are e e e s ebaeeeeanns Xl
LIST OF FIGURES ... .ottt sbrae e e Xl
CHAPTER
L INTRODUCTION .ottt e st e e e s s e e e e e sara e e e e snraeeeaans 1

2. DECISION-MAKING IN NEW PRODUCT INTRODUCTIONS: A SYSTEMATIC

LITERATURE REVIEW AND AGENDA FOR FUTURE RESEARCH...........c..c..c...... 10
ADSIFACT ...ttt 10
INEFOAUCTION ...ttt ereeneas 10
Boundary of the REVIEW ........ccoiiiiiiiiiee s 13
Navigating the Literature on New Product Introductions..............cccccevevvevvennnnne. 14
Part 1. NPl Antecedents and Heterogeneity in NPl Decisions............ccccccceveeneee. 16

Individual-level FaCtors ..........cooveiiiiiiiece e 16
Group-1eVel FaCtOrS ........ccocveiiece e 23
Organizational-, Interorganizational-, and Environmental-level Factors . 25
Dimensions of NPT DECISIONS........ccceiveierierieie e e 33
Part 2. Benefits/Costs of NP1 Decisions and Related Motivations...................... 37
Gaps in NPI Research and a Path Forward.............ccccocveeiiiiie e, 42
What Is Missing? 1. Cognitive Perspectives of NP1 Decisions................ 43
What Is Missing? 2. Trade-off between Marketing-related and OM-related
BeNETITS/COSES ...t e 48
What Is Missing? 3. Trade-off between NP1 DecCiSions ..........c.c.ccccueenee. 50
What Is Missing? 4. Use of Multi-level Research Designs..............c.cc..... 51

viii



CONCIUSION .ottt e e et e e ettt e e e e e e e e e reeeeaneaaaans 53

3. HOW MUCH AND HOW FAST? EXPLORATION AND SPEED OF NEW
PRODUCT INTRODUCTIONS AS RESPONSES TO PERFORMANCE FEEDBACK

........................................................................................................................................... 55
ADSTIACT ...ttt b re e 55
INEFOAUCTION ...ttt bbb 55
Prior Literature: NP1 Exploration and Speed..........cccccvvviiiininiciiecc e 60
Theory and HYPOThESES. ........coviiieiiie e e 62

Performance Shortfall and NP1 RESPONSES ........cccccvevverieiieiieriesiesieeins 62
Performance Surplus and NPI RESPONSES...........cccuvviieiiieieic e 64
EMPIFICAL ANAIYSIS ..o s 67
Data Sample and Data SOUICES ..........covevveieeiiee e 67
VATTADIES ... e 69
Statistical Model and ANAIYSIS...........ccooiiiiiie 75
RESUITS ...ttt bbbttt bbb enes 79
MAIN RESUILS ..ottt 79
Seemingly Unrelated REGreSSION .........ceiiiieieiiieiesie e 87
RODUSINESS CHECKS.......oitiiiiiiieiieieee e e 89
Discussion and CONCIUSIONS ........ooueiveiieiinieieieie et 91
Four Types Of NP1 RESPONSES........ccouiiiiiriiieririe e 91
(O70] 1111111 1] SRS 94
Limitations and Future Research DireCtiONS. .........ccccvviiirinieiieieie e 96

ON PEER FAILURE AND NEW PRODUCT INVESTMENT .....ccccoceiiriieieneieniennens 98
N 01 1 Uod OSSR 98
INEFOTUCTION ... .ottt sre e e sreenneeneeas 98
Theory and HYPOthESES..........cciiiiiicecc e 102

Previous Literature on Organizational Learning and New Product
INVESTMENT ... e 102
A Shared Fate through Signaling and Categorical Judgment: Peer failure and
INVeStMENt iN NEW PrOAUCTS ........cocuviieiie e 106
Signaling Theory and Categorical Judgment...........c.ccccceeveeiieiieciieenen. 107
Moderating Role of Peer RepUtation ..........c.ccoovveiinieieieie e 110
Moderating Role of Industry Growth ...........ccccooviiiiiieneenee 113

iX



EMPIrical ANAIYSIS.......coviiiiieiiee et 114

Data Sample and Data SOUICES ..........cceieriireninesieeeie e 114

VaNADIES ... s 116

Statistical Model and ANAlYSIS.........ccviieiieiiiie e 123
RESUILS ... e e et e e 127

MaIN RESUILS ...t 127

RODUSINESS CRECKS.......ccvieieciiecieee ettt nre e 137
Discussion and CONCIUSIONS ..........ciieiiieiiiiir e 139
CONEIIDULIONS. ...t snee s 140
Limitations and Future Research DireCtions...........ccceevvvvievveiieieese e 141

5. CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH.............ccce...... 143
REFERENGCES ... .ottt st be e e e e nra e re e 148
APPENDICES ...ttt et e et e e re e s be e be e s re e ereenee e 168
A. Market niche overlap and width similarity ............ccccooeviiiiiiiici e 168

B. Four types of NP1 responses to performance feedback............ccccocoeveninnnnnne 170



LIST OF TABLES

Table Page

2.1. Multi-level antecedents of NPI deCISIONS .........cccoviiiiieiiiiie e e 17
2.2. DIMENSIONS OF NP1 AECISIONS.......ccuiiiiiieeieiie et 34
2.3. Benefits/costs Of NP1 AECISIONS .......ccveiiiiiiiieiieie e e 38
3.1. Summary and desCriptive StAtISTICS..........cooeririiiiiciee e 76
3.2. Correlation MatrixX (N=10,357) ....ccoueiiriieierieiieieeee e 80

3.3. Panel pooled tobit and fractional probit estimates of subsequent NP1 exploration ... 81

3.4. Two-way fixed effects OLS estimates of subsequent NP1 speed ...........ccccoovvirnnnns 85
4.1. Summary and descriptive statistics (N=6,614) ........ccccceverieieiiieiiee e 125
4.2. Correlation MatriX (N=6,614) ........ccoiieiiieiie e 129
4.3. Fixed effect OLS estimates of subsequent NPI investment of full samples............ 130

4.4. Fixed effect OLS estimates of subsequent NPI investment of financially constrained
FIFMS (NZ5,896) ...ttt st sre s 133

4.5. Differences in NPI investment mean of financially free firms vs. financially
constrained firms (Group 0 = 918 financially free firms vs. Group 1 = 5,696 financially
CONSEFAINEA TIMIS) ..ttt e sb et 135

Xi



LIST OF FIGURES

Figure Page
2.1, LIterature rEVIEW OVEIVIEW ........cceueieerieeiesieesteeeesseesteeiesseesseessesseesseesessessseensesseenes 15
2.2. [Gap 1] Moderating effect of cognitive aSpecCtS.........covevvriieieericiereere e 46

2.3. [Gap 2] Trade-off between Marketing-related and OM-related benefits/costs ......... 49
2.4. [Gap 3] Trade-off between NPI deCiSIONS ..........ccveieiereieneneniceeeeeee e 51
2.5. [Gap 4] Use of Multi-level Research DeSIgNS ........cc.evveieiieiierecie e 53

3.1. Non-linear effects of performance shortfall and performance surplus on subsequent
NPI exploration and NPT SPEEA..........cciiiiiiiiiiiiieee s 87

3.2. Subsequent peer recognition received by firms with each type of NPI responses.
Note: We measured subsequent peer recognition as the weighted average number of
movie awards and nominations received by firms in each type of NPI responses............ 94

4.1. The moderating effects of peer reputation on the relationship between peer firm
failure and NPI investment of financially constrained firms (N=5,696) ........................ 136

4.2. The moderating effects of industry growth rate on the relationship between peer firm
failure and NP1 investment of financially constrained firms (N=5,696) ..............c.c....... 137

Xii



CHAPTER 1

INTRODUCTION

The number of new products launches has increased dramatically in recent years.
In the movie industry, for example, the total number of movies released in North America
increased from 371 in 2000 to 873 in 2018 (Statistica.com, 2021). Notably, these product
offerings are made not just across segments but also within the same segment. Publishing
firms in the magazine industry offer multiple titles within and across the segment,
attempting to meet readers’ different tastes and desires and attract more and varied
readers; in the automobile industry, car manufacturers offer different variants of their
models to target customers across segments.

Scholars have identified two main reasons why organizations are launching so
many new products. First, introducing the right product into a market can help
organizations diversify, adapt, and reposition in changing conditions (Schoonhoven et al.,
1990). Technologies are advancing faster today than ever before, and the emergence of
new technologies enables organizations to develop different product features and
functions that can differentiate their products to attract more consumers and secure larger
markets. Thus, by having more products available on the market, organizations are better
positioned to respond to the rapidly changing environments by satisfying the diverse,
fast-changing tastes of a wide range of consumers. Second, introducing new products has
a direct impact on the financial success and long-term survival of organizations (Brown
and Eisenhardt, 1995). Organizations can improve consumers’ value by offering a wider

spectrum of products that meet their needs better and faster than competitors. New



product introductions (NPIs) represent the focal point of competition for many
organizations (Clark and Fujimoto, 1991), and a higher rate of NPIs can establish entry
barriers to competitors’ product line expansion by crowding the product space (Putsis and
Baysus, 2001). These consumer- and competition-based benefits ultimately help
organizations achieve competitive advantage in terms of market share, sales growth, and
profitability (Berry and Cooper, 1999).

However, simply introducing new products or increasing product variety does not
guarantee sustainable profits; in fact, it can worsen competitiveness and increase the
hazard of failure. These adverse effects are caused by 1) outcome uncertainty, 2)
environmental uncertainty, and 3) strategic goal conflicts. First, the outcome of NPIs
tends to be highly uncertain and unpredictable. Developing new products—especially
products that are culturally (e.g., movies and music) or technologically radical (e.g., LED
lights and LCD screens)—often requires significant costs, and only a tiny percentage of
the products are successful in the marketplace. In the example of the movie industry,
demand is only observed after a movie is released, making it almost impossible for
studios to predict revenue and profit. Studios attempt to control the opening by bringing
stars, advertising, and many theater screens, but “movie revenues can go off in strange
directions for small reasons that totally escape analysis by industry observers and post
mortems at the studio (p. 257, De Vany, 2011).”

Second, the outcome largely depends on the level of uncertainty surrounding the
internal and external environment, such as technological uncertainty, consumer/market
uncertainty, competitive uncertainty, and resource uncertainty (Duncan, 1972; Milliken,

1987). For example, in the face of changing technological environments, organizations



often cannot accurately understand some aspects of new technologies to apply them to
the NPI projects (Milliken, 1987). In such an environment, it is more complex and
challenging for organizations to identify customer desires and translate them into product
specifications. Furthermore, organizations may lack the competencies or resources that
are critical to the successful implementation of NPIs.

Lastly, organizations often face internal strategic goal conflicts between
marketing and supply chain managers. It is difficult to balance disparate strategic goals
between satisfying the desires and needs of heterogeneous consumers through higher
rates of NPIs vs. minimizing the costs of production and supply systems.

The theoretical and practical significance of NPIs has attracted a vibrant, cross-
disciplinary research community across the fields of strategic management, marketing,
and operations management. Extant research on NPIs has advanced our understanding of
heterogeneous NP1 decisions in three major directions. First, scholars have examined
various determinants of NPIs. For example, organizations’ prior experience (Chen, 2008),
top management team and board composition (Kor, 2006), externally generated
performance target and managerial incentives (Gentry & Shen, 2013), excess resources
that are currently uncommitted and easily re-deployable (Greve, 2007), institutionalized
investment patterns (Chen & Miller, 2007), industry learning intensity (Balasubramanian
& Lieberman, 2010), and the degree of uncertainty in the industry (Chen et al., 2005)
play an important role in determining the direction of NPIs. Second, given that NPI
decision is a multidimensional construct that can be categorized in various ways,
researchers have identified several distinct NP1 characteristics: explorativeness (March,

1991; Martin & Mitchell, 1998; Danneels & Sethi, 2011), speed (Brown & Eisenhardt,



1995; Kessler & Chakrabarti, 1996, 1999; Bayus et al., 1997), investment intensity (Chen
& Miller, 2007), and product variety (Sorenson, 2000). Third, scholars have considered a
number of benefits and costs of NPIs, including performance and benefits/costs directly
related to consumer, competition, operations management, and resource/capability. As
stated earlier, high rates of NPIs or greater product variety have been shown to help
organizations meet the demands and needs of a larger, more diverse set of consumers
(Bayus & Putsis, 1999) and hence improve market share and sales performance (Berry &
Cooper, 1999). But increasing NPIs also raises inventory and R&D costs, makes demand
forecasting more difficult (Bayus & Putsis, 1999), and can ultimately undermine
performance.

These streams of research have contributed substantially to our understanding of
various NPI decisions, but there are still important gaps existing. First, prior studies have
extensively focused on the antecedents of one aspect of NPI at a time (e.g., either NPI
exploration or speed). Despite the evidence that organizations consider multiple aspects
of NPIs simultaneously (Bayus et al., 1997), research implicitly assumes that decisions
on each aspect of NPI are each driven by disparate factors and focuses on one aspect of
NPI. For example, NPI speed and exploration are the two most important aspects in NPI
decision making (March, 1994). NPI speed is regarded as the most important metric of
NPI performance (Boston Consulting Group, 2006) as fast NPIs can enable organizations
to adapt quickly to market needs and translate time into profits (Brown and Eisenhardt,
1995). Organizations should pursue NP1 exploration by implementing new ideas or
knowledge in their products to satisfy the desires and needs of fast and fickle consumers

as well. However, there are potential trade-offs between the two. Organizations tend to



focus on schedules and deadlines at the expense of more resources and technological
contents (Lukas et al., 2002), and due to the inherent complexity of exploration,
organizations may not be able to simultaneously pursue both NP1 exploration and speed
(Harter et al., 2000). Conversely, organizations can pursue them concurrently because
resource commitments for NPl can motivate and empower project team members,
facilitating exploration and speed (Hoegl et al., 2004). Consequently, little is known
about whether and how an antecedent identified as a determinant of NPI
speed/exploration will affect when the two substitutes vs. complements, and how
organizations will combine the two. Second, a large body of research in the NPI context
has focused on a focal firm’s perspective (i.e., organization-centric view) rather than
highlighting how outside, external actors (e.g., investors and customers) might shape the
ability of the firm to learn and take actions (Madsen & Desai, 2018). Organizations
observe and learn from others’ experiences through boundary-spanning processes, but
external actors also observe and learn from the focal organization’s peers, shaping its
environment through their demands on the organization. Given the rarity of failure
experiences, organizations driven to learn from failures tend to incorporate the
knowledge or perspectives from external actors. Despite the fundamental boundary-
spanning nature of vicarious learning processes, we lack a clear understanding of how the
perspectives of external actors are taken into consideration and shape organizational
learning and NP1 decisions. Third, and relatedly, extant research has focused on the
characteristics of a focal firm, disregarding the characteristics of peer firms (e.g.,
performance and reputation) to explain the heterogeneity of NPIs. Organizational

decisions are significantly affected by peers with certain attributes or outcomes



(Haunschild & Miner, 1997; Baum et al., 2000). Despite the proven link between peer
attributes and organizational decisions, our understanding of how particular
characteristics of peer firms impact subsequent NPI decisions of a focal firm is
conspicuously limited.

This dissertation addresses these gaps by studying how different levels of
antecedents (e.g., organizational, interorganizational, and environmental level) shapes the
direction of various NPI decisions and trade-offs, using a behavioral approach. A
behavioral approach, such as the behavioral theory of the firm (BToF) (Cyert & March,
1963), is taken in this dissertation for several reasons. First, one of the core functions of
BToF is to highlight organizational decision making and change, putting decision-makers
at the forefront and explaining how organizations make decisions pertaining to
organizational change, the core question this dissertation attempts to answer in the frame
of NPIs. This approach has long been adopted to explain organizational change and is
appropriate to explore NPIs because NPI decisions are accompanied by significant
changes in how an organization functions, what form it takes, or how it allocates its
resources (i.e., organizational change) (Huber et al., 1995). Second, organizational
learning, one of the relational concepts that build a theoretical foundation of a BToF
(Gavetti et al., 2012), sheds light on organizational experience as the main input of
learning and organizational change, which this dissertation highlights as an important
determinant of NPI decisions. Organizational learning is conceptualized as organizational
change that occurs as a function of various dimensions of experience. This dissertation
focuses on fundamentally important dimensions of experience: whether the experience is

success vs. failure and whether it is based on an organization’s own experience (i.e.,



direct experience) or the experience of others (i.e., indirect experience). Third, this
approach allows to respond to Gavetti et al.’s (2012) call for research in the dynamics of
interacting behavioral entities (e.g., organizations and institutional environment). A
behavioral approach assumes that decision-makers are boundedly rational and know only
a tiny fraction of alternative choices. Thus, organizations are driven by the search for
information or choice alternatives. However, they are embedded in an environment of
other organizations and external actors that are also driven by search. Hence, the broader
institutional environment, such as peer organizations and investors, may shape and
influence organizational level mechanisms in NPI decisions, which this dissertation
attempts to examine.

The purpose of this dissertation is to examine the relationship between an
organizational experience (e.g., direct vs. indirect experience) and NP1 decisions. Using
BToF and organizational learning as well as signal theory, this dissertation studies
whether and how organizational experience shapes and affects subsequent decisions on
NPIs. In particular, this dissertation develops and tests a model that takes into account —
different dimensions of experience, characteristics of peer firms, and characteristics of
the industry. By using performance feedback, learning, and social judgment mechanisms,
this dissertation shows how the factors combine to affect NP1 decisions, thereby
providing a more comprehensive picture of NPI decisions. Specifically, the three essays
which constitute the main body of the dissertation consider respectively: (1) how
different fields, including strategic management, marketing, and operations management,
explain NP1 decisions/outcomes and what has been unexplored or understudied, (2) how

an organization’s past performance relative to the aspiration levels (i.e., relative, direct



experience) simultaneously influence both its subsequent NPI exploration and speed and
how the organization combines the two, (3) how peer failure (i.e., indirect experience)
influences NPI investment decisions from external actors’ perspective and whether and
how the characteristics of peers and industry moderate the relationship. Collectively, this
dissertation attempts to provide deeper insights into NPI decisions with behavioral
perspectives that are correlated but different, and each paper stands on its own.

This dissertation tests its hypotheses within the context of the U.S. movie industry
over the period 1980-2015. In essence, movie producers who are arguably the central
player in the industry are dealmakers or decision-makers akin to CEOs (Narayan &
Kadiyali, 2016). Movie producers are responsible for mobilizing and coordinating
resources in the movie development process, such as fundraising, budgeting, genre
selection, and the production itself. This context provides an appropriate and relevant
setting to study the key relationships this dissertation proposes for several reasons. First,
in the industry, movie studios make NPI decisions by learning from their past
performance (i.e., direct experience) or from the performance of peers (Natividad, 2013;
Shamsie et al., 2009). Compared to other industries, where one product can generate sales
for a year or more (e.g., mobile phones or laptops from Apple and Samsung), a typical
movie is shown for about four weeks at movie theaters. Related to this short product life
cycle, studios can gain performance feedback quickly. Moreover, peer performance on
the box office can significantly affect a focal studio in that it can limit the number of
financial and production options available to the studio. Second, the industry emphasizes
NPI exploration, speed, and investment decision, the main outcomes of interest in this

dissertation. NPI in the movie industry is driven by a search for novelty and creativity



(Lampel et al., 2000). Also, speed matters in this industry. Delayed movie releases can
negatively affect box-office revenues, and hence deciding “how long to squeeze the
creative juice” is one of critical decision-making in this industry (Tan et al., 2013). As
greater competition and technological advancement increased the average movie
production costs, which in turn requires greater revenue in order to break even, an
investment decision of movie producers became even more important in recent years
(Eliashberg & Elberse, 2006).

At the heart of this dissertation is the notion that organizations learn from their
experience or experience of others by collecting performance measures, creating
goals/aspirations, and changing their NP1 activities. How an organization arrives at
particular NPI responses/outcomes is driven by 1) where its performance is located
relative to the aspiration levels (e.g., far/near vs. above/below), 2) whether more than one
NPI aspect is considered simultaneously, 3) how its peer group performs, and/or 4) how
external actors perceive the conditions of its interconnected environment. Taken together,
this dissertation attempts to advance our understanding of why, when, and which NPI

decisions are adopted from behavioral perspectives.



CHAPTER 2

DECISION-MAKING IN NEW PRODUCT INTRODUCTIONS: A SYSTEMATIC

LITERATURE REVIEW AND AGENDA FOR FUTURE RESEARCH

Abstract
This study reviews and synthesizes the extensive literature in new product
introductions (NPIs) across different fields, such as strategy, marketing, and operations
management, to bring the relevant pieces of literature together, document the current
foundation of our knowledge in NPIs, and ultimately paint a more holistic picture of NPI
decision-making. We conclude our review by presenting important gaps or unexplored

areas we hope future studies will address to advance our understanding of NPI decisions.

Introduction

New product introductions (NPIs) are undoubtedly one of the most critical
organizational decisions because of their impact on performance and survival (Brown &
Eisenhardt, 1995). Organizations can improve performance and survival chances through
ongoing NPIs because NPIs enable them to diversify, adapt, and reposition in rapidly
changing market and technical conditions (Schoonhoven et al., 1990), and develop
various asset-specific capabilities (Cohen & Levinthal, 1990), and hence respond to
consumer needs and demands better, faster, and more efficiently than their competitors
(Leonard-Barton et al., 1994).

However, NPIs may not necessarily contribute to better performance because
NPIs are challenging and difficult. NPIs often come with significant costs (e.g..,

development, production, and distribution costs) and organizational disruptions, which
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increase the hazard of failure (Barnett & Freeman, 2001). Furthermore, it is difficult to
balance disparate strategic goals on NPIs, such as satisfying the desires and needs of
heterogeneous consumers through NPIs and minimizing the costs of production and
supply systems.

Extant research on NPIs across different disciplines, including strategic
management, marketing, and operations management, provides several important insights
regarding how organizations adapt, grow, and survive through NPIs that are formidable
and significantly advances our understanding of heterogeneous NPI decisions. However,
we believe that there are important issues with the current literature that make it difficult
to paint a holistic picture of NPIs. First and most distinctly, studies on NPIs in one
discipline are often conducted in isolation of other disciplines, notwithstanding the
interdependence of disciplines. As a result, the literature often shows correlated and
markedly different perspectives and exhibits little continuity regarding the effects or
consequences of NPIs. We thus lack an understanding of how organizations effectively
use NPIs to achieve an appropriate balance between the benefits and costs of NPIs, such
as marketing-related benefits and operations management-related costs. Second, most
studies tend to use the term “NPIs” loosely. Product innovativeness, product innovation,
innovation, new technologies, or new products are interchangeably used to refer to NPIs
(Garcia & Calantone, 2002). Innovation in the NPI context is a broad concept that
incorporates innovation in products, markets, services, and processes (see Crossan and
Apaydin (2010) and Damanpour (1991)). The nature of one type of innovation (process
innovation) can differ significantly from another (e.g., product innovation) and hence

play different roles in determining NPI outcomes. Depending on whose perspective the
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degree of the novelty of NPIs is viewed and what is new, NPIs can refer to something
strikingly different. For instance, a product can be new to the firm, but not to the market
or the customer (Davila, Epstein, and Shelton, 2006).

Despite such limitations in the current literature and the importance of the topic,
surprisingly, there has been no major systematic review dedicated to bringing relevant
literature in NPIs across different disciplines together. Accordingly, the goals of this
paper are to provide both a review of the state of the current literature on heterogeneous
NPI decisions across different fields (i.e., how organizations adapt through which types
of NPIs) and guidance for future research by identifying important gaps.

This paper includes two main sections. In the first section, based on the review of
the large NPI literature across different disciplines, we begin by discussing 1) factors
driving the heterogeneity of NPIs as well as the dimensions of NPIs and 2) benefits/costs
of NPIs, two main areas in which most research on this topic predominantly revolves
around. In the next section, based on our review, we identify four important gaps existing
in the literature to offer valuable guidance for future studies. First and most distinctively,
we lack an understanding of how the cognitive perspectives of strategic decisions affect
NPIs despite their proven impact on decision making and increasing interests in the areas
among scholars that are perceived to be underexplored (Powell et al., 2011). As decision-
makers cope with their inherent limitations of information processing by largely counting
on subjective representations (i.e., cognitive frameworks), the factors identified as drivers
or inhibitors of NPIs in the current literature may be subject to interpretation, requiring
the adoption of the cognitive perspectives into NP1 decision making. We devote

particular attention to two cognitive aspects—threat and opportunity categorization (e.g.,
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Chattopadhyay et al.,, 2001) and strategic orientation (e.g., Gatignon & Xuereb, 1997) as
potential factors that may moderate the identified relationships. Second, most research
has studied the impact of NPI decisions either on marketing-related outcomes (e.g., sales
performance) or on operations management (OM)-related outcomes (e.g., operational
performance or costs). Our understanding of how the possible trade-offs between
marketing-related and OM-related benefits/costs can be shaped by different dimensions
of NP1 decisions is limited. Similar to the second gap, we also lack an understanding of
the impact of a trade-off between NPI decisions on NPI outcomes, which is essential to
be studied further to provide managers with practical implications: for example,
managers need to understand which combination of NPI strategies provides better NPI
outcomes. The last gap is that there can be interactions between different levels of
antecedents to explain organizational heterogeneity in NPIs, which the current research
often overlooks and focuses on a single level of antecedents.

The ultimate goal of this work is to suggest future research directions and
guidance to build a more holistic view on NPIs and facilitate a greater understanding of
when and why organizations pursue specific NP1 decisions and when their chosen
strategies help them perform better and survive longer than their competitors.

Boundary of the Review

We have placed a boundary condition around the scope of the current work.
Classic innovation funnel highlights three phases of innovation, such as fuzzy front end,
new product development, and commercialization (Hayes et al., 1988), regarding
innovation as a process. Our review focuses on the downstream end of the innovation

funnel—commercialization—and spotlights studies that regard NPIs as an introduction of
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innovation or new products to the marketplaces. We exclude process innovation, which
focuses on production methods or management approaches that can improve NPI
processes, because processes of problem-solving may lead to an outcome in the form of a
new process of producing and distributing a product, not a product itself, the focus of our
review.

In defining new products, prior research shows little continuity regarding what is
new, which has led to the interchangeable use of the constructs such as new products and
product innovativeness/product innovation (Garcia & Calantone, 2002). Innovation is a
broad term that refers to “an iterative process initiated by the perception of a new market
and/or new service opportunity for a technology-based invention which leads to
development, production, and marketing tasks striving for the commercial success of the
invention” (Garcia & Calantone, 2002, p. 112). Innovation in terms of NPIs mainly
focuses on designing and commercializing new products (Van de Ven, 1986).
Innovativeness is related to the degree of novelty and newness of products (Wang &
Ahmed, 2004), and the novelty of NPIs can vary depending on from whose perspective
the degree of novelty is viewed and what is new. For example, a product can be new not
to the market or the customer, but to the firm (Davila et al., 2006). In sum, we focus on a
specific type of innovation with regard to NPIs: innovation focusing on developing and
commercializing new products (i.e., the downstream end of the innovation funnel) and

products that are new to the firms, the decision-making entities.

Navigating the Literature on New Product Introductions
We take stock of the large NP1 literature across different disciplines, including

strategic management, marketing, and operations management, to document and
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understand the current foundation of our knowledge of NPI decisions. Research on NPIs
from many disciplines predominantly revolves around questions about 1) the factors
driving NPI heterogeneity and 2) the benefits/costs of NPIs. Hence, our literature review

consists of these two parts, each highlighting question 1) and 2), respectively (see Figure
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Figure 2.1. Literature review overview

In the first part of this section, we update the theoretical foundation with current
literature by reviewing the different levels of the antecedents of NP1 decisions, the goal
of which is to address the question of which factors, such as individual level, group level,
or organizational level factors, explain the heterogeneity of NPIs. Based on this review,
we examine and categorize the identified, varying NPI decisions into distinct dimensions:
a total of three dimensions of NPI decisions surfaced. In the second part of this section,
we discuss divergent views that different disciplines, mainly marketing and operations

management, have in terms of the benefits/costs of NPIs.
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Part 1. NPl Antecedents and Heterogeneity in NPI Decisions
In this section, we first review the major factors that have been identified across
several primary source studies to explain NPI decisions at different levels of analysis, as

shown in Table 2.1.

Individual-level Factors

Broad empirical research has shown the stylized result that individual-level
factors shape NPI decisions and performance. The general consensus is that NPIs begin
with problem recognition and ideas or solutions pitching. Hence, scholars tend to
spotlight individuals’ tendency, knowledge, or ability to identify problems and generate
solutions to explain the heterogeneity of NPI decisions, while assuming that managers or
top executives shape an organization’s direction with regard to NPIs.

Prior studies (e.g., Frese et al., 1999; Sauermann & Coheen, 2010) focus on
personal value and quality while distinguishing between the intrinsic and extrinsic
motivations of individuals. Individuals are extrinsically motivated if they seek contingent
rewards and pecuniary benefits. Conversely, individuals are intrinsically motivated if
they perform tasks for their own sake or for the sake of nonpecuniary benefits that
originate within the individual or the activity itself. Sauermann and Cohen (2010) show
that the role of motivation differs across tasks related to NPIs: Motivation for an
intellectual challenge, independence, and money positively affect firm innovation output,

whereas motivation regarding job security and responsibility hinders innovation output.
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Table 2.1. Multi-level antecedents of NPI decisions

Level Categorization Antecedents Key studies/evidence
Individual Intrinsic and extrinsic Frese et al. (1999);
Personal value/goal A Sauermann and Coheen
motivation
(201)
Coanitive bias Overconfidence, Simon and Houghton
g extreme certainty (2003)
- King and Slovic (2014);
Heuristic Manimala (1992)
Personal attribute Sxppeenr?:r?zet i George and Zhou
Conscientiousness (2001); Taggar (2002)
Seibert et al. (2001);
Proactivity Segarra-Cipres et al.
(2019)
Task-specific
Resource knowledge Taggar (2002)
(knowledge/ability) Individual intelligence  Glynn (1996)
Grou Groun value/goal Unit-level NPI Zhao and Chadwick
P P g motivation (2014)
Group unit
performance Gaba and Joseph (2013)
aspirations

Group climate

Top management

characteristics

Minority dissent
Conformity
Attentive to detail
Functional specialty

Strategic orientation

Top management
support

Top management
involvement

De Dreu and West
(2001)
Miron-Spektor et al.
(2011)
Miron-Spektor et al.
(2011)

Hegarty and Hoffman
(1990)

Hegarty and Hoffman
(1990)

Green (1995)

Cooper and
Kleinschmidt (1995)

Organizational

Aspiration

(- . .which forces a page break here)

Performance feedback

Chen and Miller
(2007); Gaba and
Joseph (2013); Greve
(2007)
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Table 2.1. (Continued)

Level

Categorization

Antecedents

Key studies/evidence

Aspiration

Experience

Cognition
fidentity

Strategy

Resource

Size

Structure

NPI aspiration
Product quality
aspiration

Own failure
experience

Operational error

Production/operation
experience

Conformity
Reputation

Status

Strategic orientation
(multidimensional
constructs)

Slack resource

Technical knowledge
Complementary asset

Size

Organizational
structure (multiple
dimensions)
Specialization

Centralization

Decentralization

18

Tyler and Caner (2016)
Parker et al. (2017);
Rhee (2009)

Eggers (2012a);
Leoncini (2016);
Maslach (2016)
Haunschild et al. (2015)
Eggers (2012b);
Haunschild and Rhee
(2004); Leoncini (2016)
Mazzelli et al. (2018)
Rhee (2009)

Benjamin and Podolny
(1999); Podolny (1993)
Atuahene-Gima and Ko
(2001); Chuang et al.
(2014); Jeong et al.
(2006); Slater and
Narver (1995);
Plambeck (2012);
Spanjol et al. (2012)
Damanpour (1991);
Greve (2007); Klein
and Knight (2005);
Voss et al. (2008)
Damanpour (1991)
Eggers (2012a)
Camison-Zornoza et al.
(2004); Damanpour
(1992); Damanpour
(1996); Rogers (1983)

Slater and Narver
(1995)

Damanpour (1991)
Argyres and Silverman
(2004); Csaszar (2013);
Damanpour (1991);
Sheremata (2000)
Argyres and Silverman
(2004); Csaszar (2013);



Sheremata (2000)

Damanpour (1991);
Formalization Slater and Narvar
(1995)
Complexity Damanpour (1996)
Inter- Greve (2011);

organizational/
Environmental

Peer effect

Environment

NPIs of peers

Others’ failure
External pressure
Environmental
uncertainty
Environmental
complexity

Srinivasan et al. (2007)

Leoncini (2016)
Mazzelli et al. (2018)
Duncan (1972);
Milliken (1982)

Tidd (2001)
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Individual motivation works differently in upstream research versus downstream
development activities (Sauermann & Cohen, 2010). For example, motivation regarding
job security is likely to dampen upstream research activities related to NPIs because
individuals with job security concerns may pursue safer and less significant NPI projects.

Cognitive biases also affect NPI decisions. Managers’ overconfidence (i.e.,
excessive certainty about their predictions) or extreme certainty about an outcome is
linked with product introduction decisions that are more pioneering than incremental
(Simon & Houghton, 2003). Pioneering product introductions tend to be riskier than
incremental product introductions, as pioneering product introductions are likely to be
uncommon, and managers lack prior experience (Golder & Tellis, 1993).

Another type of cognitive bias is heuristic. Scholarly consensus posits that
decision makers often rely on mental shortcuts (heuristics) to make their decisions.
Decision makers rely on heuristics to simplify evaluations and conserve effort because
not every decision requires the time and effort to identify the best course of action.
Moreover, due to bounded rationality, decision makers often cannot process all available
information and hence are forced to rely on heuristics, which often leads to judgmental
errors (Tversky & Kahneman, 1973; Tversky & Kahneman, 1974). Highlighting
consumers’ use of feelings in NPI decision making (i.e., an affect heuristics), King and
Slovic (2014) demonstrate that consumers use the affect heuristic in making judgments
and evaluations of novel products in terms of the risks and benefits offered by the
products. While their study highlights the role of heuristics in judgment and decision
making related to NPIs from the perspective of consumers, others (e.g., Manimala, 1992)

examine the impact of heuristics on NPI-related actions from the perspective of
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employees or managers within an organization. Manimala (1992) posits that the
pioneering-innovative (P1) orientation of entrepreneurs is likely to foster innovativeness
of ventures that focus on pioneering NPIs.

Other individual-level factors that affect NP1 decisions come from personal
attributes. Research suggests personal traits are relevant for understanding creativity (i.e.,
creative behavior for NPIs), assuming that NPI decisions are based on the production and
implementation of value, and how new ideas are generated by employees. Creative
behaviors often generate ideas that are implemented through pioneering/radical NPIs, but
implementation of also be done through incremental NPIs (Woodman et al., 1993).

Among the different dimensions of personal traits identified by the Five-Factor
Model by McCrae and Costa (1997), prior studies (e.g., George & Zhou, 2001; Taggar,
2002) spotlights openness to experience and conscientiousness as important antecedents
of individuals’ creativity that drive NPIs. Openness to experience refers to the extent to
which individuals are willing to accept and come up with new ideas, experiences, and
unconventional perspectives that can disrupt the status quo, whereas conscientiousness
reflects individuals’ tendency to be controlled, organized, goal-oriented, determined, and
to adhere to rules (McCrae & Costa, 1997). George and Zhou (2001) identify the
conditions under which the two personal traits either hinder or facilitate individuals’
creative behavior related to NPIs: when individuals with a high level of openness to
experience receive positive feedback and their work tasks are heuristic (i.e., when there
are unclear ends and means), they are likely to show the highest creative behavior.
Conversely, individuals with high conscientiousness tend to exhibit low levels of creative

behavior when a situation encourages conformity and control.
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Research has demonstrated that proactive behavior is another important personal
attribute that drives NPIs (e.g., Seibert et al., 2001; Segarra-Cipres et al., 2019).
Proactivity refers to pioneering and future-oriented behavior that enables individuals to
take the initiative to identify new opportunities (Crant, 2000). Prior studies (e.g., Seibert
et al., 2001; Segarra-Cipres et al., 2019) highlight the benefits of proactivity of
individuals for NPI outcomes, such as individuals’ exceeding obligations beyond
traditional prescribed technical requirements, supporting creativity, and improving task
performance. In a study of organizations in the highly dynamic chemical manufacturing
and information technology service industries, Segarra-Cipres et al. (2019) show that
employee proactivity drives organizational product and process innovation: Proactive
individuals generate and realize more creative and new ideas for problem solving, which
fosters creative solutions and innovation.

Individual-level resources such as knowledge or ability also affect NPl outcomes.
Individuals that become familiar with a specific domain can broaden and deepen the
knowledge related to problems and issues in the particular domain, improving domain-
specific knowledge (Taggar, 2002). Individuals with such knowledge and skills tend to
generate novel ideas, which contributes to their group-level creativity for innovation
(Taggar, 2002). Similarly, individual intelligence, an individual's ability to process
information and solve problems (Sternberg & Salter, 1988), has been highlighted as an
important driver of NPI outcomes. Intelligence allows individuals to draw on their
knowledge to process, interpret, and address novel and complex problems in a particular

context, which is embedded in organizations and fosters innovation (Glynn, 1996).
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Group-level Factors

Far more research has been conducted at the individual and organizational levels
than at the group level. Individual-level factors that have been proven to drive or hinder
individual or organizational NPI decisions may not highly or directly motivate a group as
a whole (Chen & Kanfer, 2006). Group-level studies (e.g., Gaba & Joseph, 2013; Zhao &
Chadwick, 2014) postulate that as NPIs involve intensive interaction and coordination
among a group of individuals, NPI factors are not individual components simply
aggregated at the group level, but the group-level factors that drive individuals’ collective
willingness or desire to act in a certain manner. Given the interaction between individuals
in the NPI process and the increasingly widespread adoption of group-based projects and
tasks within an organization, scholars have increasingly begun to investigate NP1 factors
at the group level. Therefore, we, in this section, review group-level factors identified
from the prior literature that explain the pursuit of varying NPI decisions.

Group-level values and goals, such as the collective motivation of individuals of a
group and performance aspirations of a group, shape NPI decisions and outcomes. Zhao
and Chadwick (2014) classified the group-level NPI motivation as the collective
motivation of individuals of an NP1 unit to collaboratively work in knowledge sharing
and recombination related to NPI and to take risks in NPI activities. In their study of
Chinese automobile assemblers, they show that the group-level motivation for NPI has a
more significant impact on organizational NP1 performance than NPI capability. As the
responsibility of operating decisions is assigned to subunits, managers of each unit are
under pressure and respond to the performance of their unit by making changes in NPIs

(Gaba & Joseph, 2013). Business units are competing with each other for resources on
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the basis of differential performance, and the unit managers should demonstrate
satisfactory performance for ongoing NPI activities and growth of the unit. Unlike Zhao
and Chadwick (2014), Gaba and Joseph (2013) emphasize the role of perspectives of unit
managers than on that of employees in an NPI unit.

Group climate, the shared perceptions and attitudes among a group of individuals,
is another key factor that affects NP1 decisions. Most distinctively, conformity and
alignment within a group affect NPI decisions. Although a common perception is that
conformity to rules and groups is detrimental to creativity and innovation, which need
deviating from normative thinking (Goncalo & Staw, 2006), researchers deploy
conflicting arguments about the role of conformity in determining NPIs. Reconciling
divergent views, prior research suggests boundary conditions in which
conformity/nonconformity facilitates NPIs. De Dreu and West (2001) find that minority
dissent (i.e., when a minority in a group does not conform to the beliefs and ideas of the
majority of the group) facilitates group-level innovation, but only when there is a high
level of participation of group members in decision making. Minority dissent tends to
enable group members to consider issues and problems from more diverse perspectives
and identify more correct solutions, which promotes the creativity of a group. Unlike
minority dissent, conformity enhances group cohesion and harmony (Kirton & De Ciantis,
1986). Miron-Spektor et al. (2011) identify two cognitive dimensions of creativity such
as conformity and attentive to detail, showing that conformity to rules and group
promotes radical innovation up to a certain point, after which having more conformist
group members does not facilitate radical innovation, the relationship mediated by team

potency. In other words, conformity that fosters group harmony and cohesion leads to the
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confidence of the group in its ability to successfully achieve its goals that, in turn,
promote group innovation (Miron-Spektor et al., 2011).

Scholars spotlight the role of top management characteristics in determining NPI
decisions because successful implementation of NPI activities requires the support of top
management (Green, 1995). According to Hegarty and Hoffman (1999), managers with a
functional specialty such as marketing and R&D and their strategic orientation tend to
exercise a strong, positive influence on NPI decisions. In a study of R&D projects in
industrial firms, Green (1995) highlights the role of top management support in NPI
project outcomes, suggesting that more top management supports tend to prevent NPI
project termination. Similarly, top management involvement in NPIs fosters NPIs as it
reflects a corporate commitment to strategic efforts related to NPIs (Cooper &
Kleinschmidt, 1995; Kleinschmidt et al., 2007).

Organizational-, Interorganizational-, and Environmental-level Factors

Most studies on how different factors affect NPI decisions are conducted at the
organizational level because scholars assume that the locus of value, knowledge, or
capabilities lie at the organizational level (Barney, 2001). However, performance relative
to aspirations or targets—performance feedback—plays a key role in determining the
direction of NPIs (e.g., Chen & Miller, 2007; Gaba & Joseph, 2013; Greve, 2007; Parker
etal., 2017; Tyler & Caner, 2016). According to Cyert and March (1963), performance
feedback assumes that organizations learn from experience and change depending on
their performance relative to an aspirational level, i.e., the performance discrepancy.
Organizations with performance below aspirations search for solutions to address the

performance discrepancy, whereas organizations tend to maintain the status quo as long
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as they achieve aspirations (Cyert & March, 1963). Accordingly, organizations increase
R&D search intensity as performance falls below aspirations but reduce it when they
become closer to bankruptcy (Chen & Miller, 2007). Greve (2007) suggests that negative
performance discrepancy has a greater effect on exploration innovations than on
exploitative innovations, which reflects the degree to which organizations take a risk. His
study highlights the importance of balancing between exploration and exploitation, as
well as the role of unabsorbed slack resources. Rather than focusing on singular
aspiration levels, Gaba and Joseph (2013) study the impact of performance feedback on
NPIs at the business unit and organization levels. In the study of multidivisional
organizations, they demonstrate that performance below aspirations at the business unit
level increases NPIs, whereas performance shortfall at the organizational level decreases
NPIs, given that business units and an organization have different goals. A large body of
research on performance feedback focuses on financial goals or aspirations, but some
studies point out non-financial goals related to NPIs such as product quality (Parker et al.,
2007; Rhee, 2009) and NPI aspirations (Tyler & Caner, 2016).

Another set of organizational factors that may hinder or foster NPIs is
organizational experience. Scholars perceive organizational experience as a catalyst of
organizational adaptation and change, assuming that organizations make inferences from
history and convert them into routines that guide their behaviors and changes (Levinthal
& March, 1988). Total prior experience can be disaggregated into success experience vs.
failure experience, but due to the inherent risky nature of NPI activities that often lead to
failure, scholars often underscore failure or similar negative NPI experiences such as

failure (Eggers, 2012a; Leoncini, 2016; Maslach, 2016) and operational error
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(Haunschild et al., 2015). Using the sample organizations from the Community
Innovation Survey, Leoncini (2016) shows that organizations that experience failures in
their past NPI activities tend to continuously pursue NPIs because they conduct thorough
investigations to learn what went wrong and reflect on their subsequent NP1 activities.
However, organizational attention to NPIs changes over time. In the study of NPIs in the
pharmaceutical industry, Haunschild et al. (2015) establish that serious organizational
errors deter NP1 activities, but this effect declines with time because the focus of
organizations gradually shifts back to innovating from safety focus so that new products
can be introduced to the market. Experience directly related to production (Eggers, 2012b;
Haunschild & Rhee, 2004) and operation (Leoncini, 2016) also plays a role in NPI
decisions. Eggers (2012b) examines how the type and timing of NP1 experience affect
product quality as well as performance in new product niches. His study demonstrates
that the breadth of NP1 experience helps improve new product quality, but only for
products that are in new niches, not for those in existing niches.

Cognition or identity of an organization guides NPI changes. Integrating
behavioral approaches and institutional theory, research studying cognitive factors
spotlights the tension between conformity and differentiation (Deephouse, 1999):
organizations conform to social norms, rules, and beliefs while attempting to differentiate
themselves from their peers to establish a reputation. In the context of the Spanish
manufacturing industry, Mazzelli et al. (2018) demonstrate that conformity pressures
differ in family vs. nonfamily firms and that family firms are more likely to follow other
family firms that predominantly pursue NPIs than nonfamily firms. Conformity hardly

makes organizations gain recognition and raise their reputation or status. Other research
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examines the (usually positive) impacts of reputation (e.g., Rhee, 2009) or status (e.g.,
Benjamin & Podolny, 1999; Podolny, 1993) on organizational responses through NPIs.
According to Rhee (2009), organizations with a good or bad reputation are more likely to
be motivated to reduce subsequent errors related to NPIs such as product recalls than
organizations with an intermediate reputation. Similarly, Benjamin and Podolny (1999)
posit that compared to lower-status organizations, higher-status organizations tend to
enjoy greater benefits from producing given quality products and hence develop the
given quality products (i.e., high-quality products).

Another key organizational factor that hinders or facilitates NP1 decisions is
strategic orientation. Strategic orientation reflects a set of actions that is intended to
achieve long-run goals and objectives and superior performance (Gatignon & Xuereb,
1997). Hence, a strategic orientation in NPIs indicates the set of activities that are
implemented for carrying out the organization’s goals and objectives through NPIs. NPI
scholars have individually or collectively examined multiple components of strategic
orientation that are closely related to NPIs: customer, competitor, technology, and
entrepreneurship (e.g., Atuahene-Gima & Ko, 2001; Chuang et al., 2014; Jeong et al.,
2006; Slater & Narver, 1995; Plambeck, 2012; Spanjol et al., 2012). Customer-oriented
organizations focus on satisfying the needs and tastes of their customers better than their
competitors by providing better products into the market, which leads to superior NPI
performance (Chuang et al., 2014; Jeong et al., 2006; Slater & Narver, 1995).
Entrepreneurship-oriented organizations are characterized by high innovativeness, risk-
taking, and proactivity (Covin & Slevin, 1989). Atuahene-Gima and Ko (2001) examine

the combined effect of customer and entrepreneurship orientations on NP1 activity and
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outcomes, corroborating the superiority of the high-customer and high-entrepreneurship
orientation combination. Technology-oriented organizations are likely to develop
“sophisticated technologies in new product development, the rapidity of integration of
new technologies, and proactively developing new technologies and creating new product
ideas” (Gatignon & Xuereb, 1997, p.82). With sophisticated technologies, organizations
can achieve a greater competitive advantage and improve their NP1 performance (Jeong
et al., 2006). Competitor orientation refers to an organization’s ability and willingness to
identify, analyze, and respond to competitors (Gatignon & Xuereb, 1997).
Organizations’ resources, including slack resources, technical knowledge, and
complementary assets, guide NPI decisions. Organizations with excess slack resources
can bear the additional costs of NPIs and buffer them from the risks of failure (Cyert &
March, 1963). Scholars (e.g., Damanpour, 1991; Greve, 2007; Klein & Knight, 2005;
Voss et al., 2008) have found evidence that slack, especially in the form of financial
reserves (i.e., unabsorbed slack), determines the direction of NPIs such as exploitation vs.
exploration NPIs. Extending these findings, VVoss et al. (2008) suggest that whether slack
resources facilitate exploitation or exploration NPIs depends on the extent to which a
resource is rare and absorbed in operations, as well as the environmental threats an
organization faces. Organizations with more technical knowledge resources—an
organization’s technical resources and their potential—can better understand new
technical ideas and develop and implement more radical NPIs than those with less
technical knowledge (Damanpour, 1991). Organizations can overcome a lack of such
technical knowledge when they possess relevant complementary assets (e.g., upstream

and downstream assets) (Teece, 1986). Validating the role of complementary assets,

29



Eggers (2012a) demonstrates that an organization’s complementary assets mitigate the
negative impact of the initial investment in a failed technology on a subsequent
knowledge creation ability of the organization, validating the role of complementary
assets.

Prior studies posit that organizational size is another organizational factor that
affects NPIs (e.g., Camison-Zornoza et al., 2004; Damanpour, 1992; Damanpour, 1996;
Rogers, 1983). Based on a meta-analysis, scholars (e.g., Camison-Zornoza et al., 2004;
Damanpour, 1992) have shown consistent empirical evidence on the associated relation
between organizational size and NP1 outcomes,! despite the incongruent views on the
direction of the relation. Size is related to both advantages and disadvantages, which
could affect the arguments about the size-NPI relationship. Large organizations tend to
have more resources and capabilities to develop and commercialize new products, but at
the same time, they are less flexible and are not able to adapt to the environment quickly.
Moreover, size is confounded with many other organizational characteristics such as
experience, age, and resource, and different aspects of size are relevant to different types
of problems (Camison-Zornoza et al., 2004). For example, when a non-personnel
measure of size is adopted, the relation between size and NPIs becomes more positive
than when personnel measure is used (Damanpour, 1996). Research attempts to address
the multidimensional nature of size but only in a partial fashion, and as NPIs are
multidimensional constructs, it is still unclear whether and how multiple aspects of size

jointly shape different types of NPIs.

1 These studies examine a broader definition of the decision-making outcome (i.e., innovation) that involves the
adoption of a product, service, process, and system that is new to the organization, incorporating our definition of NPIs
that involve innovation related to products as well as products are new to an organization.
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Organizational structure can hinder or facilitate NPIs. Scholars (e.g., Damanpour,
1991; Damanpour, 1996; Slater & Narver, 1995) have identified the varying forms of
organizational structure such as specialization (Damanpour, 1991), centralization
(Argyres & Silverman, 2004; Csaszar, 2013; Damanpour, 1991; Sheremata, 2000),
decentralization (Argyres & Silverman, 2004; Csaszar, 2013; Damanpour, 1991;
Sheremata, 2000), formalization (Damanpour, 1991), and complexity (Damanpour, 1996),
demonstrating which form of organizational structure drives or hinders NPIs. The level of
each organizational structure form contributes to determining the type of organizations
such as mechanistic and organic organizations, the characteristics of which shape NPI
activities (Burns & Stalker, 1961). For example, mechanistic organizations tend to have
lower complexity (hence, lower specialization) and higher formalization and
centralization than organic organizations. Such mechanistic characteristics create less
favorable conditions to pursue NPIs than organic characteristics (Damanpour, 1991).

Earlier studies (e.g., Damanpour, 1991) examine the role of centralization or
decentralization of decision-making in determining NPIs, suggesting that centralization
tends to hinder NP1 activities, whereas decentralization promotes NPIs through
increasing awareness, commitment, and involvement of members in an organization.
More recent research sheds light on the centralization of functional activities or structural
elements of an organization. For example, Argyres and Silverman (2004) postulate that
organizations with centralized R&D activities are likely to pursue R&D that has a greater
impact on future technological development, and covers a broader set of technological
domains, than those with decentralized R&D activities. As NPIs require both developing

new knowledge, ideas, and information, and integrating dispersed knowledge, ideas, and
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information, research examines how organizations should increase both structural
elements (i.e., centrifugal vs. centripetal forces) to achieve NPI goals (Sheremata, 2000).
An organization’s environment—including its customers, competitors, investors,
suppliers, institutions, and governments—plays a key role in shaping its NPI decisions.
NPI-related experience of other organizations affects an organization’s subsequent NPI
activities. Due to the inherent nature of high uncertainty and risk in NPIs, organizations
tend to look outside for information and guidance. Greve (2011) postulates that other
proximate organizations’ adoption of disappointing innovation affects an organization’s
subsequent decision on the adoption or abandonment of the disappointing innovation.
Similarly, Srinivasan et al. (2007) demonstrate that the NPIs of similarly sized, successful
organizations induce the focal organization’s NPIs, the relationship moderated by the
type of technology frontier (e.g., high- vs. low-technology frontier). External pressure
such as social pressure to conform to ensure social acceptance and legitimacy can drive
or hinder NPI activities of an organization. Mazzelli et al. (2018) show that an
organization’s membership in one or more social categories induces different external
pressure, and the impact of the propensity to conform differs among different category
members, such as family and nonfamily organizations. Environmental conditions such as
uncertainty and complexity exert a significant impact on NP1 activities of an organization.
Uncertainty is “a function of the rare of change of technologies and product-markets,
whereas complexity is a function of technological and organizational interdependencies”
(Tidd, 2001, p.175). Tidd (2001) shows that depending on the level of uncertainty and
complexity of the NP1 context, organizations deal with different issues, which requires

different organizational structure and management processes for NPIs.
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Dimensions of NPI Decisions

Studying factors driving the NPI decision heterogeneity, scholars have also
examined an array of NPI decision outcomes, as shown in Table 2.2. Individuals and
groups can make decisions as each entity has its tasks and goals related to NPIs. For
example, the marketing/sales department focuses on developing new products, modifying
product designs, and managing product demand and sales promotions. Conversely,
operations focuses on manufacturing, production scheduling, and capacity planning.
However, as NP1 decisions are ultimately integrated at the organization level, depending
on the strategic goals of organizations (O’Leary-Kelly & Flores, 2002), we draw
attention to organization-level NPI decisions. From the literature, three dimensions of
organizational NPI decisions surfaced: magnitude, direction, and frequency.

A large body of the literature (e.g., Gaba & Joseph, 2013; Hagarty & Hoffman,
1990; Klingebiel & Joseph, 2015; Mazzelli et al., 2018; Parker et al., 2017; Putsis &
Bayus, 2001) has examined the magnitude dimension of NPIs, which refers to the degree
of NPIs or NPI rate and captures the likelihood that organizations will introduce new
products. The magnitude of NPIs is commonly measured as a count of the products
introduced by an organization in a given period, and it indicates the organization’s
underlying strategic intentions (Parker et al., 2007) or response to internal or external
pressures (Putsis & Bayus, 2001). For example, in an industry characterized by short
product life cycles (e.g., mobile phones), organizations may be naturally forced to

continuously release new products to meet market needs and ensure their survival.
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Table 2.2. Dimensions of NPI decisions

Categorization

NPI decisions

Key studies

Magnitude

Direction

Frequency

New product introductions

Search intensity
Radical vs. incremental
innovations

Exploration and exploitation

NPI imitation vs. differentiation
Externally vs. internally
directed NPI strategy

NPIs in a high vs. low-
technology frontier

Product architecture

Business model adaptation vs.
innovation

Direction of a product line
change

Product pricing

Alliances

NPI cycle time

NPI speed/timing

Gaba and Joseph (2013); Hagarty and
Hoffman (1990); Klingebiel and Joseph
(2015); Mazzelli et al. (2018); Parker et
al. (2017); Putsis and Bayus (2001)
Chen and Miller (2007)

Debruyne et al. (2002); Maslach (2016);
Miron-Spektor et al. (2011); Plambeck
(2012); Simon and Houghton (2003)
Greve (2007); Osiyevskiyy and Dewald
(2015)

Greve (2011)

Chattopadhyay et al. (2001)

Srinivasann et al. (2007)

Henderson and Clark (1990)
Saebi et al. (2017)

Putsis and Bayus (2001)

Podolny (1993)

Tyler and Caner (2015)

Griffin (1997)

Bayus et al. (1997); Chen et al. (2010);
Fang (2008); Kessler and Chakrabarti
(1996, 1999); Klingebiel and Joseph
(2015); Meyer (1993)
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In terms of the direction dimension, scholars categorize the different NPI
decisions into sets of opposing types. Most distinctively, researchers identify NPIs as
either radical or incremental by deciding the degree of change related to them. Radical
NPIs require fundamental changes in the existing routines or practices, whereas
incremental NPIs are an extension to existing knowledge by reenforcing or extending
established routines or practices (Damanpour, 1991; Dewar & Dutton, 1986). Scholars
use different terms such as ‘pioneering’, ‘novel’ or ‘discontinuous’ to show radical NPIs
(e.g., Garcia & Calantone, 2002; Simon & Houghton, 2003; Mslach, 2016). Studies
applying behavioral approaches, especially organizational learning perspectives, focus on
the tension between exploration and exploitation in the NPI context. Both radical and
incremental NPIs can be a form of exploration because of the uncertainty involved in NPI
activities (Van de Ven et al., 1999), but radical NPIs fit better the nature of exploration:
radical NPIs require a greater diversity of knowledge and call for less attention to the
existing organizational strategies and practices than incremental NPIs. However radical
and explorative NPIs can be different because radical NPIs tend to focus on the novelty
of NPlIs regarding the industry or market domain (e.g., diffusion stage) while
disregarding knowledge differences of an organization regarding the given NP1 activities
(Greve, 2007). NPI decisions can be categorized based on whether an organization’s
actions are internally or externally directed (Chattopadhyay et al., 2007), whether an
organization follows the prior adopter (Greve, 2011), whether an organization has
knowledge of a product’s components and/or that of the linkages between components
(Henderson & Clark, 1990), and whether an organization changes existing business

models (i.e., business model adaptation) or creates innovative business models (business

35



model innovation). Some concepts can be correlated, and it is important to understand the
fundamental distinctions between the concepts.

The frequency dimension indicates the time elapsed between the initial
development of a new product and the introduction of the product into the marketplace
(Griffin, 1997). In this dimension, scholars examine NPI cycle time (Griffin, 1997) and
NPI speed (Bayus et al., 1997; Fang, 2008; Kessler & Chakrabarti, 1996, 1999; Meyer,
1993) to understand how quickly an organization launches a new product into a market.
NPI speed manifests an organization’s underlying strategic intentions and/or its speed
capabilities (Kessler & Chakrabarti, 1996). Organizations speed up NPIs to set the
standards or rules of the game in the market or industry domain to their advantage (Chen
et al., 2010). Conversely, organizations slow down NPIs to create the time and space
necessary to address product quality problems (Parker et al., 2017). The lack of
sufficient authority or supporting organizational structure or related capabilities can also
contribute to slow NPIs (Kessler & Chakrabarti, 1996).

Prior research has predominantly considered a single dimension of NPI decisions
(e.g, either magnitude or direction of a decision) at a time; however, the factors driving
one dimension of the decision can affect another dimension of the decision in a different
or similar way. Only a handful of studies (e.g., Klingebiel & Joseph, 2016; Putsis &
Bayus, 2001) have considered multiple dimensions of NPI decisions. In the context of the
personal computer industry, Putsis and Bayus (2001) show that a firm’s decisions on the
magnitude of a product line change (e.g., how many products to introduce or withdraw) is
conditional on its decision on the direction of a product line (e.g., expand or decrease its

current product line). Klingebiel and Joseph (2016) show that NP1 timing determines NPI
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magnitude or direction: for example, the empirical findings of their study reveal that in
the mobile handset industry, early movers pursue greater, more uncertain opportunities
with broader, less selective product portfolios, whereas late movers aim lower, more
certain opportunities with narrower, more selective product portfolios. In other words,

depending on the entry timing, firms may focus on getting NPIs either fast or right.

Part 2. Benefits/Costs of NP1 Decisions and Related Motivations

Scholars from different disciplines have examined various benefits/costs of NPIs,
including performance and benefits/costs directly related to consumer, competition,
operations management, and resource/capability, as shown in Table 2.3.

Upon reviewing the literature, it became apparent that two main streams such as
marketing and operations management convey meaningfully divergent views about
benefits/costs of NPIs. Marketing scholars have highlighted consumer- or competition-
related benefits/costs. In the marketing literature, high rates of NPIs or product variety
have been proven to help organizations meet the demands and needs of a larger, more
diverse set of consumers (e.g., Bayus & Putisis, 1999; Berry & Cooper, 1999; Lancaster,
1990; Vaagen & Wallace, 2008) and thus, increase consumer acceptance or selection of
their products (e.g., Jeong et al., 2006; Haunschild & Rhee, 2004; King & Slovic, 2014;
Rhee, 2009; Salter & Narver, 1995) as well as market share (Bayus & Putsis, 1999;

Urban et al., 1986; Xia & Rajagopalan, 2009).
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Table 2.3. Benefits/costs of NPI decisions

Categorization

NPI Benefits/Costs

Key studies

Consumer-
related

Competition-
related

Operations
Management-
related

Resource-
/capability-
related

Performance
(Financial,
technical,
product
performance)

Consumer satisfaction

Consumer acceptance/selection
Product recalls

Market share

Entry barrier/Competition
Competitiveness

General/inventory/R&D costs

Operational performance

Demand forecasting

Product stockouts /continuous supply
New product creativity
Knowledge creation

Global NPI capabilities
Revenue/sales/profitability
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Bayus and Putisis (1999); Berry and
Cooper (1999); Lancaster (1990);
Thompson et al. (2005); Vaagen and
Wallace (2008)

Jeong et al. (2006); King and Slovic
(2014); Salter and Narver (1995)
Haunschild and Rhee (2004); Rhee
(2009)

Bayus and Putsis (1999); Urban et al.
(1986); Xia and Rajagopalan (2009)
Putsis and Bayus (2001); Xia and
Rajagopalan (2009)

Berry and Cooper (1999); Kekre and
Srinivasan (1990)

Bayus and Putsis (1999); Berry and
Cooper (1999); Bowersox and Closs
(1996); Fisher et al. (1997); Lancaster
(1990); Thonemann and Bradley
(2002); Vaagen and Wallace (2007);
Van Hoek (2001)

MacDuffie et al. (1996); Wan et al.
(2012)

Bayus and Putsis (1999); Bennett and
Forrester (1994); MacDuffie et al.
(1996)

Fisher (1997); Thonemann and Bradley
(2002); Zinn and Liu (2001)

Chuang et al. (2014); George and Zhou
(2001); Im and Workman (2004);
Taggar (2002)

Eggers (2012a)

Kleinschmidt et al. (2007)

Chen and lyer (2002); Berry and
Cooper (1999); Fisher and Ittner
(1999); Im and Workman (2004);
Jeong et al. (2006); Lancaster (1999);
Slater and Narver (1995); Ton and
Raman (2010); Wan et al. (2012); Zhao
and Chadwick (2014)




Table 2.3. (Continued)

Categorization

NPI Benefits/Costs

Key studies

Technical product performance
Overall NPI performance
Product quality

Product defects

Error/failure reduction

NPI termination

Jeong et al. (2006)

Green (1995)

Benjamin and Podolny (1999); Eggers
(2012b)

Haunschild and Rhee (2004); Rhee
(2009)

Haunschild et al. (2015); Leoncini
(2016)

Green (1995)
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However, excessive product capabilities (i.e., adding additional features/functions to
products) can lead to selection confusion for consumers and dissatisfaction, which can, in
turn, reduce the marginal benefits from NPIs (Thompson et al., 2005). In terms of
competition-related benefits/costs of NPIs, a higher level of NPIs can help incumbents
establish greater entry barriers to product line expansion because of an increasingly
crowded product space (Putsis & Baysus, 2001) and achieve competitive advantage in
terms of market share, sales growth, and profitability (Berry & Cooper, 1999; Kekre &
Srinivasan, 1990), especially when marketing and manufacturing strategies (e.g., Market
price sensitivity and process choice in manufacturing) are aligned, as empirically
documented by Berry and Cooper (1999) in the process industry.

Conversely, the operation management literature often highlights unfavorable
outcomes of NPIs, indicating that increasing NPIs raises various costs (Bayus & Putsis,
1999; Berry & Cooper, 1999; Bowersox & Closs, 1996; Fisher et al., 1997; Lancaster,
1990; Thonemann & Bradley, 2002; Vaagen & Wallace, 2007; Van Hoek, 2001),
including general, inventory, and R&D costs. Higher rates of NPIs are associated with
longer lead time and higher costs because the average lead time for product lines with
high rates of NPIs is, in general, greater than that for product lines with low rates of NPIs,
and the longer lead time requires organizations to hold more inventory and hence
increases costs. Due to increasing manufacturing and forecasting complexity, higher rates
of NPIs make management of inventory (Thonemann & Bradley, 2002) and forecasting
of demand (Bayus & Putsis, 1999; Bennett & Forrester, 1994; MacDuffie et al., 1996)
more difficult, which leads to mismatches between product supply and demand and

results in product stockouts (Fisher, 1997), and ultimately undermines operational
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performance (MacDuffie et al., 1996) and sales (Fisher & Ittner, 1999; Ton & Roman,
2010). Operations management studies accentuate product stockouts as important factors
that reduce sales, particularly in industries (e.g., soft drinks) where products can be easily
substituted and where consumers can easily switch to alternative options in the case of a
stockout (Zinn & Liu, 2001).

Scholars have examined resource- or capability-related benefits/costs other than
marketing and operational benefits/costs of NPIs. Through ongoing NPIs, organizations
can stimulate new product creativity, a creative behavior that helps organizations
successfully implement novel and meaningful ideas (Chuang et al., 2014; George & Zhou,
2001; Im & Workman, 2004; Taggar, 2002), improve knowledge in the winning product
area (Eggers, 2012a), and develop important capabilities for NPIs, including NPI process
capabilities, to be competitive and achieve superior outcomes not just in domestic
markets, but also in international markets (Kleinschmidt et al., 2007).

A large body of the literature across different fields has contributed to our
understanding of the performance implications of NPI decisions by showing when
organizations perform better or poorly. Researchers (e.g., Benjamin & Podolny, 1999;
Eggers, 2012a, 2012b; Im & Workman, 2004; Jeong et al., 2006; Leoncini, 2016; Slater
& Narver, 1995; Zhao & Chadwick, 2014) generally consider whether organizational
achieve desirable outcomes—improvement of financial/technical product performance
(e.g., Chen & lyer, 2002; Berry & Cooper, 1999; Fisher & Itner, 1999; Green, 1995; Im
& Workman, 2004; Jeong et al., 2006; Lancaster, 1999; Slater and Narver, 1995; Wan et
al., 2012; Zhao & Chadwick, 2014), high product quality (Benjamin & Podolny, 1999;

Eggers, 2012Db), and product error/failure reduction (Haunschild et al., 2015; Leoncini,
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2016), but scholars have begun acknowledging undesirable outcomes, such as product
defects/recalls (Haunschild & Rhee, 2004; Rhee, 2009) or NP1 termination/withdrawal
(Green, 1995). As discussed earlier, the literature is clearly divided into two main streams
pertaining to the impact of NPIs on financial performance, such as sales and revenue:
marketing literature indicates that higher rates of NPIs tend to improve sales by
segmenting customers and satisfying the heterogenous needs of shoppers (Bayus & Pultsis,
1999), whereas operations management studies postulate that increasing rates of NPIs

can make managing inventory and forecasting demand difficult, leading to product

stockouts and reducing operational performance and hence sales (Fisher & Ittner, 1999).

Gaps in NPI Research and a Path Forward

Our literature review—revolving around the two key questions of multilevel
factors determining the heterogeneity of NPI decisions and of benefits/costs of NPIs—
reveals that we already know a great deal about NP1 decisions. We understand that
multilevel factors, including individual, group, and organizational levels of factors, may
hinder or foster NP1 decisions in a similar or different way. We also know that different
dimensions of NPI decisions (e.g., magnitude, direction, and frequency) are inter-related
and need to be jointly incorporated in the same study to improve our understanding of
NPI decisions because a decision on one dimension (e.g., magnitude) can be conditional
on a decision on another dimension (e.g., direction). Notwithstanding the significant
contribution of prior studies on NPIs, our understanding of NPI decisions is far from
complete as there are still several important gaps to be filled.

In this section, for future studies, we offer some valuable suggestions based on

four important gaps that emerge from our review of the literature: 1) moderating effect of
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cognitive aspects, 2) trade-off between marketing-related and OM-related benefits/costs,
3) trade-off between NPI decisions, and 4) use of multi-level research designs.
What Is Missing? 1. Cognitive Perspectives of NP1 Decisions

As a first and most important gap in our understanding of NPI decisions, we point
to the role of cognitive aspects (i.e., categorization and strategic orientation) in NPI
decision making. Despite its proven impact on decision making (Nadkarni & Barr, 2008;
Schwenk, 1984), our understanding of how the cognitive component of strategic
decisions affects NPI decision making is far from complete. In recent years, the cognitive
aspects of strategic choices and decisions have increasingly come to be perceived as an
area that needs more theoretical grounding (Powell et al., 2011): Gavetti et al. (2012) call
for building on and expanding upon the foundations of behavioral theories such as
bounded rationality, cognition, and adaptive processes.

Carnegie School’s Behavioral Theory of the Firm (BToF, e.g., Cyert & March,
1963; March & Simon, 1958) explains how decisions are made and accompanied by
changes, emphasizing the cognitive assumption that organizations use a simple mapping
of the environment, which helps the organizations to focus on the issues of the
environment and to sense make them. Decision making inevitably includes the
processing of large amounts of incomplete, ambiguous, and often conflicting information
(McCall & Kaplan, 1985). As organizations operate under conditions of bounded
rationality, this makes it more difficult for the organizations to deal with the complexity
of decision making. Hence, decision makers cope with their inherent limitations of
information processing in part by counting on subjective representations (i.e., cognitive

frameworks), which shape the decision makers' attention to, sense-making and
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interpretation of the environment and their subsequent decisions (Dutton, 1993; Nadkarni
& Barr, 2008). This resonates with Edith Penrose’s classic work (1959) postulating that
decision makers treat the environment not as an objective ‘fact’ but as an ‘image’ in their
mind that varies depending on how they interpret it.

Prior studies devoted particular attention to cognitive categorization of decision
makers—namely, the threat- or opportunity- related categorization of the issues or events
(i.e., T/O categorization), assuming that organizations consistently respond to these
categorizations through action (Dutton & Jackson, 1987; Jackson & Dutton, 1988). Such
cognitive categorization affects the motivations of decision makers, hence shaping the
process and content of subsequent NP1 decisions. For example, Chattopadhyay et al.
(2001) show that organizational actions are internally or externally directed in response
to threats and opportunities along two dimensions—control reducing or enhancing, and
gain or loss, the relationship moderated by organizational strategic type and slack
resources. Using multifaceted threats such as perceived performance-reducing and
critical threats, Osiyevskiyy and Dewald (2015) posit that perceived performance-
reducing threat induces explorative adoption of the disruptive business model innovation
whereas perceived critical threat impedes exploitative business model change.

Scholars (e.g., Chattopadhyay et al., 2001; Saebi et al., 2016) demonstrate that the
impact of threats and opportunities on NPI decisions is shaped by strategic orientation,
another key cognitive lens, through which organizations filter information about the issue
and determine the direction of their NPI decisions (Ocasio, 1997). Strategic orientation of
an organization reflects the strategic directions implemented by the organization to carry

out the proper actions for sustainable superior performance (Gatignon & Xuereb, 1997).
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Strategic orientation has multiple components that are most relevant to NPIs, such as
externally focused (i.e., customer and competitor orientation) and internally focused
components (i.e., technology orientation). Therefore, in the face of threats and
opportunities, an organization is likely to change its NPI decisions depending on which
component(s) of strategic orientation it centers around (Spanjol et al., 2012). We
importantly lack an understanding of how externally focused and internally focused
organizations make NPI decisions under conditions of threats or opportunities. Would
customer-oriented organizations pursue less risky, explorative NPIs under conditions of
threats from markets than technology-oriented organizations? To answer such a question,
future research should explore the moderating effect of cognitive lenses—T/O
categorization and strategic orientation—on the empirically proven relationships between

NPI antecedents and decisions, as shown in Figure 2.2. and as the following suggests.
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Figure 2.2. [Gap 1] Moderating effect of cognitive aspects

Customer-oriented organizations focus on satisfying the current and potential
needs of their customers by providing better products into the market, which often leads
to superior NPI performance (Chuang et al., 2014; Jeong et al., 2006; Slater & Narver,
1995). Internal or situational factors that can threaten the perception customers have of an
organization (e.g., product quality aspirations) are likely to influence its subsequent NPI
decisions. When facing such threats, these organizations are more likely to have their
routines and resources in place to respond more promptly to the threat in the current
domain than organizations that have other types of strategic orientations such as
competitor and technology orientation (Atuahene-Gima & Ko, 2001). When
organizations perceive opportunities related to their customer-oriented routines (e.g., new
market opportunities), they may consider exploiting the opportunities in order to serve
the potentially unmet needs and demands of customers in a new market. However, this
may depend on which form of customer orientation organizations focus on—responsive
vs. proactive customer orientation (Narver et al., 2004)—whether they focus on
addressing existing customers’ needs vs. identifying latent customer needs.

Competitor-oriented organizations tend to concentrate on staying ahead of the
competition, hence actively monitoring competitors’ behaviors (Gatignon & Xuereb,
1997). As these organizations closely watch their competitors to understand their relative
positioning in the marketplace, they may respond to threats (e.g., the threat of their
position) in a way that can improve their relative position. For example, as they
extensively focus on current competitors, their position can be threatened by emerging,

future competitors that come from a completely different market or industry and own
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unique capabilities that cannot be easily imitated by other organizations. With regard to
perceived opportunity (e.g., improving relative position and product differentiation),
organizations with competitor orientation may move to a product-market space with new
products that can enable them to achieve a significant competitive advantage.

Organizations with a technology orientation tend to develop “sophisticated
technologies in new product development, the rapidity of integration of new technologies,
and proactively developing new technologies and creating new product ideas” (Gatignon
& Xuereb, 1997, p. 82). Technology-oriented organizations regularly scan for
information regarding threats and opportunities related to technology and revise their
strategies to take advantage of it, which can help the organizations achieve a greater
competitive advantage and improve their NPI performance (Jeong et al., 2006). When
facing threats, technology-oriented organizations may more proactively search for
solutions to reduce threats outside the existing product market domains compared to
customer- and competitor-oriented organizations. As organizations with technology
orientation are likely to have the capability to develop breakthrough products, they can
and may be willing to exploit new opportunities to their advantage.

Further studies may also examine how organizations interpret the combination of
the components of strategic orientation and how their cognitive framework affects NPI
activities or outcomes. Different components of strategic orientation may induce
organizations to act in a different manner, but scholars establish that they are interrelated
and can jointly influence organizational decisions (e.g., Atuahene-Gima & Ko, 2001).

Depending on the degree of the threat and the opportunity related to each strategic
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orientation, organizations may only be affected by the most salient signal (i.e., most

strategically important) (Lovallo & Sibony, 2018).

What Is Missing? 2. Trade-off between Marketing-related and OM-related Benefits/costs
A second gap in the present literature on the topic is that most research has
examined the impact of NPI decisions either on marketing-related outcomes (e.g., sales
performance) or on OM-related outcomes (e.g., operational performance or costs).
Marketing scholars tend to focus on the benefits of NPIs or sales performance, regarding
NPIs as tools to satisfy the desires and needs of heterogeneous consumers and maintain
or increase the competitiveness of an organization. Conversely, operations management
researchers spotlight costs of NPIs or operational performance, focusing on minimizing
supply chain costs related to NPIs to increase the efficiency of cost allocation for NPIs
over the entire value chain. A trade-off between marketing-related benefits/costs and
OM-related benefits/costs may arise because one strategically relevant outcome has
consequences for another strategically relevant outcome that may be undesirable: for
example, the first-order outcome of increased product diversity—increased in sales—can
have a second-order effect in the form of decreased operational performance. Wan et al.
(2012) illustrate that by appealing to variety-seeking consumers, higher product variety
leads to increases in sales up to a certain optimal level, after which increasing product
variety reduces sales due to its negative impact on the unit fill rate, a common type of
operational performance, and due to product cannibalization as well as variety fatigue.
Despite the potential strategic value of both marketing-related and OM-related
benefits/costs, most research on NPIs, except only a handful of studies including the

above example, has not examined the possible trade-off between them when studying for
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NPIs. NP1 outcomes depend on the trade-off between positive and negative marketing
and operational forces, but it is unclear whether and how different dimensions of NPIs
identified by the prior studies—magnitude, direction, and frequency—shape the trade-off
between satisfying the necessities and desires of heterogeneous consumers and the
economies of scale desired for the costs of products. Integrating both marketing and
operational factors is critical, yet challenging (Berry & Cooper, 1999), but future studies
need to address the gap by examining the impact of different dimensions of NPIs on both
marketing- and OM-related outcomes to provide a better insight into the optimum level

of NPIs (see Figure 2.3.).
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Figure 2.3. [Gap 2] Trade-off between Marketing-related and OM-related

benefits/costs

This is particularly essential to the extent that research attempts to provide

managers with practical implications: managers need to understand which NPI strategy
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helps them properly align marketing and operational goals and achieve better overall

performance.

What Is Missing? 3. Trade-off between NPI Decisions

As a third gap similar to the second gap, the current literature on NPIs has
predominantly focused on one aspect or dimension of NP1 decisions to study the
performance implications of NPIs. However, organizations, in reality, cannot overlook
one aspect, but jointly consider multiple aspects of NP1, which makes strategizing
difficult. Two decisions interact when the resolution of one decision influences the costs
and benefits interrelated with the other, and such trade-off across decisions makes
effective decision making challenging and difficult: organizations may end up choosing a
set of choices that are not very useful and effective (Rivkin & Siggelkow, 2006). There
can be a trade-off between the goals or objectives of decisions. For example,
organizations may want to minimize time-to-market (i.e., speed up NPIs) while
producing new products that are significantly more innovative than the existing products,
which often requires tremendous time to accomplish (Cohen et al., 1996). However,
which combination of NPI strategies provides better NPl outcomes remains unclear. This
is partly due to the challenging and complex nature of the study: NPI decisions are
endogenous. Scholars should be aware of the importance of endogeneity affecting the
results of analysis and use different analytical techniques, including Heckman models
and two-stage least squares, to address the concerns about endogeneity. As shown in
Figure 2.4., future research should examine the interaction effect of different types of
NPI strategies on NPI outcomes (e.g., performance, marketing- or OM-related

benefits/costs).
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Figure 2.4. [Gap 3] Trade-off between NPI decisions

For example, in general, high product variety has been proven to help

organizations fulfil the needs of heterogeneous consumers and, hence increase market

share (Bayus & Putsis, 1999). Similarly, speedy NPIs enable organizations to build early

market segments and quickly develop new products based on feedback from their prior

product launches, thereby better addressing market needs and hence increasing market

share (Meyer, 1993). Combining these two results, future studies can explore how

organizations combine these two decisions—product variety and speed—and how the

interaction of the decisions affects not just market share but also other NP1 outcomes.

What Is Missing? 4. Use of Multi-level Research Designs

The last gap is that the current research tends to rely on single-level constructs to

explain NP1 decisions. We have reviewed multilevel antecedents of NPIs, but it is still
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unclear how the antecedents at different levels coherently shape organizational NPI
decisions. Microfoundations approach, for example, is used to study how different actors,
their interactions, and the context that shapes such interactions determine organizational
heterogeneity (Felin et al., 2015). The microfoundation approach hence focuses on lower-
level constructs to explain higher-level outcomes. With the broader movement of the
microfoundation approach, future studies can explore the individual- and/or group-level
factors to see whether and how the interaction between key actors within the organization
affect organizational NP1 decisions.

For example, in the multidivisional (M-form) firm, organizational level decisions
depend on organizational and business unit responsibilities, goals, and performance
(Galunic & Eisenhardt, 2001). The goals of business unit may not be necessarily aligned
with those of the organization. When organizations perceive threats of loss from a
business unit that plays an important role in the NPI process, which can significantly
affect the entire NPI procedures and outcomes, they may allocate more resources to
resolve the internal issues first rather than responding to threats from outside. Therefore,
a strong unifying theory of NPIs that can operate across levels is warranted, as shown in

Figure 2.5.
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Conclusion

In this article, we have synthesized the current literature on NPIs across different
disciplines, such as strategic management, marketing, and operations management in
order to foster a deeper understanding of the current foundation of our knowledge of NPI
decisions. We have then presented important gaps or unexplored areas we hope future
research will fill to advance our understanding of NPI decisions.

Taking stock of the large literature on NPIs across different fields, our review
demonstrates the richness of research on NPIs. In particular, we have identified a wide
range of factors with different levels that drive or hinder organizational NPI decisions.
We have also diagnosed diverse NP1 decision outcomes and then classified them into

three dimensions of NPIs: magnitude, direction, and frequency. We have shown a wide
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range of benefits/costs of NPIs that can explain varying motivations of NPIs, which are
clearly divided by two main streams: marketing and operations management. Despite the
significant contribution of the prior studies to our knowledge about NPIs, our review also
reveals that there are several gaps that warrant more attention and need to be filled.
Hence, we have presented four important gaps in the literature and offered valuable
suggestions based on the gaps: moderating effect of cognitive aspects, trade-off between
marketing-related and OM-related benefits/costs, trade-off between NPI decisions, and
the use of multi-level research designs. Each of these gaps merits close attention in its
own right, and together they establish a fertile agenda for future studies.

As a whole, our integrative review takes a crucial step toward showing how, why,
and when organizations adapt through different types of NPIs and can perform better and
survive longer than their competitors (i.e., a fundamental question of strategy), facilitates
communication between researchers from different disciplines, and ultimately sets the

stage for further development of our knowledge and practical guidance.
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CHAPTER 3

HOW MUCH AND HOW FAST? EXPLORATION AND SPEED OF NEW
PRODUCT INTRODUCTIONS AS RESPONSES TO PERFORMANCE

FEEDBACK

Abstract

We examine the impact of discrepancies between firm performance and
aspirations on different aspects of new product introductions (NPIs). We argue that the
nature and degree of performance discrepancy affect firms’ subsequent NPI exploration
and speed. Results from the U.S. movie industry (1980-2015) reveal nonlinear
relationships between a firm’s performance shortfall (surplus) and its propensity to
release movies in new-to-the-firm genres (i.e., NPI exploration) and speed to release
movies. Specifically, we find that following performance surpluses, firms substitute
between NPI exploration and speed. Following performance shortfalls, however, the
degree of shortfall affects whether firms complement or substitute between exploration
and speed. Our study highlights four possible types of NPI responses and how they are

affected by both the nature and degree of performance discrepancy.

Introduction
New product introductions (NPIs) enable firms to meet market needs
(Schoonhoven, Eisenhardt & Lyman, 1990) and are thus critical to firm performance,
competitiveness, and long-term survival (Banbury & Mitchell, 1995; Brown &
Eisenhardt, 1995). Scholars have long studied how various aspects of NPI decisions are

made (Danneels & Sethi, 2011; Greve, 2007; Martin & Mitchell, 1998; Natividad, 2013).

55



Among them, exploration and speed may be the two most important aspects in NPI
decision making (March, 1994). NPI exploration reflects a firm’s tendency towards
experimentation, risk taking, and implementing new ideas or knowledge in its products
(March, 1991) and signals a firm’s willingness to change where and how it competes
(Greve, 1998). NPI speed denotes how quickly a firm launches a new product into a
market (Bayus et al., 1997; Kessler & Chakrabarti, 1996, 1999).

Extant literature on NPIs has identified a host of attributes that affect the
exploration and speed of NPIs. Scholars note that a firm’s pursuit of explorative NPIs
depends on factors such as slack resources (Greve, 2007) and turbulence in customer
markets and technological markets (Danneels & Sethi, 2011). Studies on NP1 speed
elucidate how competitive intensity (Bayus et al., 1997), the pace of technological
developments (Kessler & Chakrabarti, 1996), and strategic orientation and capabilities
(Kessler & Chakrabarti, 1999), among others, drive NP1 speed.

While these streams of research have contributed substantially to our
understanding of NPI exploration and speed, they have at least two important limitations.
First, extant research has focused on the relationship between a set of antecedents and
either NP1 exploration or speed. As a result, few studies consider how an antecedent may
affect both exploration and speed despite firms considering multiple aspects of NPIs
simultaneously (Bayus et al., 1997). For a given antecedent, firms’ decisions on whether
to pursue explorative NPIs may differ when they also consider the need to expedite NPIs.
It is thus unclear how an antecedent of NPI exploration may impact the speed, or vice
versa. For example, Greve (2007) finds that low performance makes exploration

appealing. However, it is unclear whether and how low performance may affect NPI
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speed. Second, and relatedly, the relationship between exploration and speed is unclear.
Some propose that exploration and speed cannot be pursued together (Harter et al., 2000)
due to the inherent complexity of exploration producing more errors, constraining speed.
Others (Hoegl et al., 2004) posit that firms pursue them concurrently because large
resource commitments for NPl can motivate and empower project team members,
facilitating exploration and speed. Consequently, we have limited understanding of
whether and when firms pursue both exploration and speed simultaneously.

We address these gaps by investigating how a firm’s past performance affects
both their subsequent NP1 exploration and speed, building on the behavioral theory of the
firm (BToF). The BToF highlights the importance of performance feedback on
subsequent firm behavior through varying search activities (Cyert & March, 1963),
making it an appropriate framework for our research question. Drawing on prior work on
NPI exploration (Danneels & Sethi, 2011; Greve, 2007) and NP1 speed (Eisenhardt &
Tabrizi, 1995; Kessler & Chakrabarti, 1996, 1999), we propose that both NP1 exploration
and speed depend on i) whether firms perceive the need to explore and/or expedite NPIs
(motivation) and ii) their ability to do so (capacity). We further propose that these two
conditions are not only determined by the direction of performance feedback (i.e.
shortfall or surplus), but also by its degree (i.e., moderate vs. extreme). We theorize that
the relationship between performance feedback and NPI exploration and speed is non-
linear.

We test these arguments using data of movie producers from the U.S. movie
industry between 1980 and 2015. There are several reasons why this setting is appropriate

for our study. First, movie producers (studios) make NPI decisions from their
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performance feedback (Natividad, 2013). Compared to other industries, where a
product’s revenue-generating period is long (e.g., mobile phones from Apple and
Samsung), a typical movie is shown for about four weeks at movie theaters. This short
product lifecycle quickly provides studios with unambiguous performance feedback.
Second, performance heterogeneity is substantial. Only a few movies earn a lion’s share
of box-office revenues, whereas many are considered flops. Third, the industry
emphasizes NPI exploration. NPIs in the movie industry are driven by a search for
novelty and creativity (Lampel et al., 2000). Studios often face pressure to be creative
beyond the existing limits rather than recombining existing elements and styles. Finally,
speed matters. Delaying releases can negatively affect performance, and deciding ‘how
long to squeeze the creative juice’ is a critical decision (Tan et al., 2013).

We find that firms respond to performance shortfalls and surpluses with different
NPI behaviors. There are several nonlinear relationships between a firm’s performance
shortfall (surplus) and its propensity to introduce new products in new-to-the-firm market
niches (NPI exploration) and quickly (NPI speed). With performance shortfalls, firms
increase the level of exploration and speed up to a certain point, after which they speed
up more, but pursue less exploration. In contrast, as the performance surplus increases,
firms pursue less explorative but faster NPIs up to a certain point, after which they slow
down and pursue more exploration.

Based on these findings, we highlight four types of NPI responses to performance
feedback. First, following a moderate performance shortfall, firms tend to explore new
market niches and speed up NPIs to “Fix the Problem.” Second, with greater

performance shortfalls, firms “Play Catch-up” in their existing market niches by
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decreasing exploration but speeding up NPIs. Third, following a moderate performance
surplus, firms are “Comfortably Fast”: They expedite NPIs within their existing market
niches. Fourth and most interestingly, firms become “Strategically Slow” following an
extreme performance surplus to explore new market niches meticulously. Our post-hoc
analysis shows that firms in the fourth type earned more awards and nominations for their
movies than those in others, suggesting that “Strategically Slow” firms are rewarded with
industry recognition.

This study makes several contributions to the existing literature. First, we
contribute to the NPI literature by presenting a way to reconcile the conflicting arguments
on the relationship between exploration and speed. We established a few boundary
conditions under which firms may simultaneously pursue exploration and speed or just
one of the two. Based on our empirical findings, we also categorized four different types
of NP1 responses, which demonstrates the complexity and subtlety of NPI decisions.

Second, it advances our understanding on how performance feedback affects
subsequent NPI decisions. The impact of performance feedback on various strategic
decisions is well known (Eggers & Kaul, 2018; Greve, 1998, 2003, 2007; Kuusela et al.,
2017), but relatively few of these studies have explored the effect on NPI decisions.
Natividad (2013) studied how financial slack due to extremely successful past
performance affects NPIs. We extended Natividad’s work by exploring more symmetric
effects of past performance on NPIs.

Third, extant research on performance feedback has tended to heavily focus on
the direction of performance-aspiration discrepancy (shortfall or surplus) and alluded to

linear relationships between performance feedback and one subsequent decision at a time.
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Building on Ref and Shapira’s (2017) work that considers both the direction and the
degree of performance-aspiration discrepancy, we show how discrepancy between
performance and aspiration affects both NP1 exploration and speed in non-linear ways,

thus offering a more comprehensive view of the impact of performance feedback.

Prior Literature: NPl Exploration and Speed

In this section, we briefly review the relevant literature on NPI exploration and
speed and discuss the niches we address. NP1 exploration involves search, variation, and
experimentation efforts to develop new products (Martin & Mitchell, 1998) that can
either be relative to competitor’s products (Danneels & Sethi, 2011) or to a focal firm’s
own knowledge domain (Greve, 2007). Firms with future-oriented market scanning
capabilities and the willingness to cannibalize their current products explore with their
NPIs (Danneels & Sethi, 2011), but only when they have uncommitted and easily
redeployable excess resources (Greve, 2007; Voss et al., 2008). In an industry with a low
degree of uncertainty that provides a stable competitive landscape, firms shy away from
NPI exploration (Chen et al., 2005).

Speed reflects how quickly a firm can make or implement decisions. In the NPI
context, scholars have examined factors that affect the speed of a new product launch.
Firms speed up their NPIs to meet the expectations of ‘impatient’ customers (Brown &
Eisenhardt, 1995). They also expedite NPIs to set the standards or the rules of the game
in an industry to their advantage (Chen et al., 2010). In contrast, firms slow down NPIs
when a high degree of newness is expected from a product (Meyer & Utterback, 1995).
The lack of sufficient authority for the task can also slow down NPIs (Kessler &

Chakrabarti, 1996).
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While prior work has elucidated the various antecedents of NPI exploration and
speed, extant studies have implicitly assumed that each aspect of NPI decisions is driven
by disparate factors. As a result, there is a paucity of research that has considered the
impact of an antecedent on both NPI exploration and speed in tandem. Yet, it is important
to consider different aspects of NPI behavior together as they are closely interrelated and
affect competitive advantage and firm performance (Germain, 1996). Bayus et al. (1997:
485) note, “When pressed to accelerate a development effort, more than a few managers
have responded in terms such as ‘Good (novelty and/or quality), fast (speed), cheap (cost)
... Pick any two’” [parentheses added]. The U.S. movie industry, the empirical setting of
this story, also highlights the interrelatedness of different NP1 aspects. A movie
production company needs to choose the genre (i.e., new-to-the-firm vs. familiar), ensure
the availability of resources and capabilities needed to produce a movie in that genre,
allocate time to spend on making the movie, and decide when to release it. The decisions
involved cannot be made independently and are often considered together.

We also lack an a priori prediction on how an antecedent may affect the
relationship between NPI exploration and speed, with the literature proposing conflicting
perspectives on the relationship. Whereas Harter et al. (2000) postulate that innovative
products, which tend to be more complex, will have more developmental errors,
necessitating more time, Hoegl et al. (2004) posit that large and risky resource
commitments made by firms to develop explorative products tend to facilitate speed. In
what follows, we discuss how one antecedent, performance feedback, may affect both

NPI exploration and speed, and their relationship therein.
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Theory and Hypotheses
We explore the role of performance feedback on different aspects of NPIs. In so
doing, we consider both the direction of the feedback, negative feedback from
performance shortfall and positive feedback from performance surplus, as well as the
degree of such feedback (moderate vs. extreme) to propose that the relationships between

feedback and NP1 exploration and speed are not necessarily linear.

Performance Shortfall and NPI Responses

NPI Exploration. We argue that firms will increase the level of exploration in
their NPIs following moderate performance shortfall. This shortfall indicates a firm’s
competitive disadvantage vis-a-vis competitors in markets it operates. Following a
moderate performance shortfall, firms engage in problemistic search for remedial actions
(Cyert & March, 1963) and subsequently pursue risky alternatives to improve future
performance (Greve, 1998, 2003; Singh, 1986). One example of such risky alternative in
the NPI context is the exploration of new opportunities in new market niches in the hopes
of finding improved standing (Greve, 1998).

In contrast, we propose that following extreme performance shortfall, firms will
decrease NPI exploration because they lack both the motivation and the capacity to
engage in such risky endeavor. Firms that are coming closer to extinction tend to focus
less more on aspirations (fears) than on survival (fears), which makes them risk averse
(March & Shapira, 1987) and less malleable to change. In other words, threat rigidity
(Shimizu, 2007; Staw et al., 1981) can make firms less motivated to take risky actions
such as NP1 exploration. Also, firms with extreme performance shortfalls often face

severe resource constraints (March, 1994) compared to those experiencing moderate
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shortfalls. Resource constraints in the wake of poor prior performance naturally limit
firms’ ability to pursue strategies that require heavy resource commitments, especially
those with high risk of failure, viz. NP1 exploration (Audia & Greve, 2006). This lack of
capacity is independent of firms’ willingness to pursue such risky endeavor.

In sum, we expect firms with moderate performance shortfall to be more
motivated and capable of pursing NPI exploration and those falling farther below
aspirations to lack the willingness or the capacity to do so.

Hypothesis 1. The relationship between performance shortfall and

subsequent NPI exploration is inverted U-shaped. Specifically, as

performance shortfall increases, a firm’s probability of pursuing NPI

exploration increases up to a certain point after which this probability

decreases.

NPI Speed. Firms will speed up NPIs following moderate performance shortfall.
Firms falling short of their aspirations, but not severely so, are motivated to remedy the
situation quickly (Greve, 1998, 2003). Addressing problems in a timely fashion can
ensure that the firm’s long-term prospects are not jeopardized. In the NP1 context,
introducing new products at a faster pace can be an effective way of improving firms’
financial performance (Kessler & Chakrabarti, 1996). Doing so requires firms to possess
resources that can be used to that effect. Expending resources to expedite NPIs may
enable firms to overcome the time compression diseconomies on capabilities
development (Dierickx & Cool, 1989; Pacheco-de-Almeida et al., 2015) in spite of the
time-consuming nature of learning through repeated endeavors to hone the skills and

processes involved in a task (Eisenhardt & Tabrizi, 1995). That is, speed cannot be

achieved in a vacuum; it requires a corresponding investment of resources.
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By contrast, firms slow down NPIs following extreme performance shortfalls. As
performance falls farther below the aspiration level, a threat to firm survival intensifies,
which renders firms to be more rigid and less reactive to their shortfall (March, 1994;
Shimizu, 2007; Staw et al., 1981). They also conserve resources and avoid costly
activities, such as NPIs (Audia & Greve, 2006). Even when they are willing to expedite
NPIs, they are less able to do so compared to firms following moderate performance
shortfalls, because they lack the necessary resources. Sufficient resources are needed to
speed up a product’s release (Bayus et al., 1997; Chen et al., 2005), but firms standing on
burning platforms cannot afford increased costs.

Taken together, we propose that firms’ NPI speed will first increase with
performance shortfall but after a certain point, further performance shortfall will decrease
their NP1 speed.

Hypothesis 2. The relationship between performance shortfall and NPI

speed is inverted U-shaped. Specifically, as performance shortfall increases,

a firm’s NPI speed increases up to a certain point after which the speed
decreases.

Performance Surplus and NPI Responses
So far, we have argued that firms adjust their NPI responses in the wake of
performance shortfall. But what if there is no such problem to be solved? With a
performance surplus, firms are capable of change due to the availability of resources, but
it is not clear whether and how they will be motivated to change their NPI responses.
NP1 Exploration. NPI exploration will decrease following moderate performance
surplus. Such firms are relatively risk averse and inert, leading to reduction in their

exploration (Denrell & March 2001; Greve, 2003). When firms meet their performance

64



target, they focus on maintaining the status quo in the existing markets and are less
motivated to explore new market niches because they can better anticipate the outcome in
the existing markets based on their experience. Furthermore, while performance surplus
enables firms to accumulate slack resources (Nohria & Gulati, 1996), a moderate surplus
yields only so much. Instead of putting these excesses to immediate use, firms usually
conserve them as rainy-day funds to be used during times of distress (Voss et al., 2008).
The potential benefits of introducing products to new market niches using few slack
resources does not justify the potential losses and the opportunity costs involved (Nohria
& Gulati, 1996; Voss et al., 2008). In other words, there is little motivation for firms to
pursue NP1 exploration.

The evidence on risk taking, such as NP1 exploration, following extremely good
performance is mixed. Some report a negative relationship due to inertia arising from
ample availability of slack (lyer & Miller, 2008) or the inherent inferiority of risky
options (Parker et al. 2017; Ref & Shapira, 2017). Others (Cyert & March 1992; Nohria
& Gulati, 1996; Voss et al., 2008) argue for the opposite because firms have a buffer, i.e.
abundant slack resources, against the uncertain outcome of the risk-taking behavior
(Cyert & March, 1992).

Consistent with the latter, we propose that firms with extreme performance
surplus will increase NP1 exploration. Firms with extreme performance surplus face
pressure to maintain or exceed their performance target in subsequent periods (Barnett &
Hansen, 1996). Because the market niches in which firms currently perform very well
have limits to their size, staying in existing market niches only can result in performance

plateau, i.e. no further improvement, despite the firms’ best efforts. In order to avoid this,
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firms with extreme performance surplus are motivated to expand into new market niches
in search of more opportunities to continuously improve performance. Furthermore, an
abundance of slack resources from extreme performance surplus allows firms to explore
new market opportunities and experiment with product innovations (Bourgeois, 1981,
Greve, 2007; Nohria & Gulati, 1996) because their slack resources protect them from
failed explorative endeavors (Ortner, 2003). In sum, we expect firms to reduce NPI
exploration with modest performance surplus, but increase it with growing performance
surplus.

Hypothesis 3. The relationship between performance surplus and

subsequent NPI exploration is U-shaped. Specifically, as performance

surplus increases, a firm’s probability of pursuing more NPI exploration

decreases up to a certain point after which this probability increases.

NPI Speed. Firms will speed up their NPIs following moderate performance
surplus. Once firms satisfy their performance targets, they prefer to reduce time-related
uncertainty (Greve, 1998; lyer & Miller, 2008; March, 1994). This preference creates
short time horizons and requires faster actions (Thompson, 2008), and firms can build
momentum by speeding up NPIs. Scholars have noted that firms can exploit customers’
current tastes and preferences by rapidly offering products that meet their needs (Barroso
et al., 2016; Brown & Eisenhardt, 1995). As past performance reflects how well a past
product satisfied the demands and tastes of customers, firms have the incentive to quickly
develop and introduce products by leveraging their existing capabilities. Because firms
need to use existing organizational knowledge and capabilities, it is possible to speed up
to capitalize on prospective gains (Pacheco-de-Almeida et al., 2015).

However, firms slow down their NPIs following extreme performance surplus. An

increasing performance surplus also increases available slack. This, in turn, extends the
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time horizon of these firms’ investments (Thompson, 2008; Van der Stede, 2000).
Abundant slack provides a liquidity buffer in the event of loss and decreases pressures for
short-term gains, allowing for greater discretion in terms of timing of their behavior
(Nohria & Gulati, 1996). A longer-term investment is perceived to pose less threat to a
firm’s current gains, i.e., myopic loss aversion effect (Thaler et al., 1997), thus reducing
the need to expedite NPIs. Firms can also change their decision rules in the wake of an
extreme performance surplus because such an extreme success can lead to a speedy
saturation in the market by fast imitation of other firms (Barroso et al., 2016). When
firms anticipate saturation in the markets in which they succeeded, they are unlikely to
expedite the saturation and cannibalize their own successes by speeding up their NPIs.
Rather, they will concentrate on identifying or developing the next big thing. As this
time-consuming search is prioritized, firms with extreme performance surplus must slow
down their NPIs. Therefore, we predict that firms with a performance surplus will speed
up NPIs until they reach a point where their performance surplus frees them from the
pressure for short-term gains. Once this point is reached, firms will slow down and take
time developing their new products.

Hypothesis 4. The relationship between performance surplus and subsequent NPI

speed is inverted U-shaped. Specifically, as performance surplus increases, a firm'’s
NP1 speed increases up to a certain point after which the speed decreases.

Empirical Analysis
Data Sample and Data Sources
We empirically examine our hypotheses using data on the feature-length movie
producers in the U.S. movie industry between 1980 and 2015. Movie producers are

directly responsible for mobilizing and coordinating resources in the development
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process of movies, viz. fundraising, budgeting, scheduling, genre selection, and the
production itself (Narayan & Kadiyali, 2016). The empirical advantage of the wealth of
detailed information and fine-grained data on products that has been introduced,
combined with industry characteristics such as the frequent NPIs and the emphasis on
exploration and speed, makes this a germane setting to study the impact of performance
feedback on NPIs.

We assembled our data from three sources, The Internet Movie Database (IMDb),
Box Office Mojo, and The Numbers. From IMDDb, we collected the following
information of all movies released in the U.S. between 1980 and 2015: Year of release,
genre(s), production budget, box-office revenues, running time, producer(s),
distributor(s), actor(s), consumer rating, and award(s). Box Office Mojo, an
independently run subsidiary of IMDb, and The Numbers, a website providing movie
financial analysis, offered financial information on movies such as production budget and
domestic gross box office revenue. The latter two also served as our supplementary data
sources: Information missing from IMDb was filled with that of either Box Office Mojo
or The Numbers.

We collected data from these websites using a Python script for web scraping.
Specifically, the script went through all the movies listed on the websites and
downloaded several html pages for each movie such as the main page, the company
credits page, and the box office page because the data we needed was spread among
multiple html pages. The whole list of producers and distributors was taken from the
company credits page, while the total box office revenue and production budget were

extracted from the box office page. We then merged data from these three sources using
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movie title, year, and date of release. To standardize and simplify genre categorization,
we assigned one major genre to each movie after comparing and matching genre
information from the three sources.? We then aggregated the movie-year observations to
the firm-year level.

To test our hypotheses, we selected firms that meet the following criteria: i) the
elapsed time between a firm’s new movie releases does not exceed 10 years?, ii) movies
released by a firm have public records of box office revenues, iii) firms released movies
more than once during the study period, and iv) movies have a total production budget of
more than one million dollars, which is considered very low in the movie industry. This

resulted in an unbalanced panel dataset of 3,724 production firms over 36 years.

Variables

Dependent Variables. Our first dependent variable is NP1 Exploration. Following
the view that exploration and exploitation are activities along a continuum (Lavie &
Rosenkopf, 2006), we operationalized NP1 Exploration as a continuous variable. In the
movie industry, a genre represents a movie’s feature, pattern, style, and structure, and
different genres require vastly different knowledge and skills (Shamsie et al., 2009). We
thus measured NP1 exploration as the ratio of movies released in the new-to-the firm
genres to all movies released by firm i at year t.

Our second dependent variable is NPI Speed. Speed can be measured both in

absolute and relative terms (Kessler & Chakrabarti, 1996). Following this approach, we

2 We acknowledge that many movies have multiple genres associated with it. However, both industry
experts and prior literature (e.g. Mezias & Mezias, 2000; Shamsie, Martin & Miller, 2009) argue that the
leading genre defined the primary basis for the movie’s main characteristics such as the story structure and
the narrative style.

3 We regard movies released more than 10 years ago as outliers because production of a movie generally
takes about 18 to 24 months and the industry average of the elapsed time between movie releases is 3 years.
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first calculated absolute and relative measures of time-to-market (e.g., movie release
timing) and used their reciprocals as measures of alternative vs. relative speed. We tested
our hypotheses using both absolute and relative speed measures. We operationalized the
absolute measure of NP1 Speed as the reciprocal of the number of actual elapsed years
between year t and the year when the most recent movie was released before year t.
Relative NPI Speed was measured as the reciprocal value of the difference between the
number of actual elapsed years between year t and the year when the most recent movie
was released before year t and the average cycle time in the industry at year t.

The way we calculated NPI speed using the release timing does not directly
capture firms’ decision on how speedily they make new movies. There are two reasons
why the lapsed time between movie releases is an appropriate proxy for NPI speed. First,
firms set and pre-announce the release date of movies at an early stage of the production
process (Einav, 2002). Marvel Studios’ president Kevin Feige said, “The decisions of
what movie to make and on what release date trigger the entire process” (Squire, 2017:
176). This implies that firms know how quickly they need to work to finish a movie when
they start a new project.

Second, firms avoid delays in releases once a movie is ready. Delaying release
dates can not only cause interests in the movies to dwindle, but also unsustainably
increase marketing costs, both of which motivate firms to release movies as
planned/announced (Rubin, 2020). That some movies have gone directly to streaming
services instead of being shown in theaters during the ongoing COVID-19 pandemic is a
good illustration of this. Thus, given the lack of data on the exact date on which

producers ‘greenlight’ a new movie project, the time lapse between movie releases is an
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appropriate, albeit indirect and approximate, measure to capture firms’ decision as to how
quickly to make and introduce new products into the market.

Independent Variables. Our independent variables measure performance-
aspiration discrepancies. We used the U.S. domestic box office revenues, which are based
on actual records thus provide relatively accurate estimates of financial performance (De
Vany & Walls, 2002), as the basis of our performance measure. For the movie industry,
domestic box office revenues are regarded as the most important measure of a movie’s
financial success (Shamsie et al., 2009). We acknowledge that even after a movie has
been pulled from U.S. theaters, the movie can still generate revenues for the production
company: It can be exported to foreign markets, licensed to streaming/video-on-demand
services, or sold on DVD. While post-theater income streams have become increasingly
important, we do not consider these because they have only begun to materially impact
the overall revenues of movies in recent years. In addition, such ancillary income sources
are often disproportionately enjoyed by a handful of vertically integrated major studios
with global presence. Given that our data cover 1980 to 2015, it is safe to assume that the
U.S. box office revenue was the most dominant and important indicator of performance
for the majority of the production companies for the period of observation.

A firm constructs its aspiration levels by comparing its current performance with
its historical performance (historical aspirations) or with the performance of other firms
(social aspirations) (Cyert & March, 1963). In this study, we included only performance
relative to social aspirations because it has more direct implications for firm survival and
competitiveness. In constructing social aspiration levels, we followed Blettner et al.

(2015) and considered the focal reference group most relevant to a firm’s performance
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rather than on the average performance of all industry peers. We first computed
weighting factors that represent how similar one firm is to another to do so. For a given
firm, we calculated weighting factors, W, of all other firms based on three similarity
attributes—market niche overlap, market niche width similarity, and firm size
similarity—which built on previously developed measures (Greve, 2008; Pozner et al.,

2015).4 W is the weighting factor indicating the similarity of the focal firm i to the

1
1+ W1+W2+W3,

other firms j at time t. Building on Greve (2008), we specified W;;, =
where w; is absolute value of market niche overlap difference between firm i and j; w, is
absolute value of market niche width difference between firm i and j; ws is absolute
value of firm size difference between firm i and j.> A completely identical firm has the
weight of one, whereas a completely different firm has the weight close to zero. Based on
the reference group in terms of market niche overlap, market niche width similarity, and
firm size similarity, we computed social aspiration as: Social aspiration;; =
Xi(Wije - Pir)/ X j Wije, Where W, is the weighting factor based on the three similarity
measures, and P;, is performance of the other firm j at time ¢.

After calculating the social aspiration level for firm i at year t (i.e., the
performance of similar peers), we calculated the performance-aspiration discrepancy as
firm i’s performance at year t minus its social aspiration. A firm relies on multiple-year

performance feedback and makes decisions based on cumulative experience (Baum &

Dahlin, 2007). Therefore, we computed the discounted sum of performance-aspiration

4 In Appendix A, we provide a detailed explanation of how we calculated market niche overlap and market
niche width similarity between the focal firm i and other firm j, which were included as part of weighting
factor (e.g., wy, w,)to define peers of the focal firm i.

5 We also tried all possible combinations of the subsets of the weighting factors; our results still hold. The
one used in the main specification was chosen because it accounts for all similarity attributes.
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discrepancy in the past three years, assuming a depreciation in the impact of past
performance-aspiration discrepancy on a firm’s NPI decisions. Adapting the formula

from Baum and Dahlin (2007), we used a discount rate, y, which depreciates past

t—1 PAD;
=to 7’

performance-aspiration discrepancy as a function of time. This is specified as: ),
where PAD, refers to performance-aspiration discrepancy for a given year t, t is the
current year, and to refers to three years before the current year (t-3).

Finally, we split the performance-aspiration discrepancy variables into two parts
and created two splines for above- and below-aspiration performance, Performance
Shortfall and Performance Surplus. Values less than zero became part of the
Performance Shortfall variable, which took the value of zero if the firm’s performance
was above their aspiration level. Values greater than zero became part of the
Performance Surplus variable, which took the value of zero if the firm’s performance
was below their aspiration level. The variables were log-transformed to account for high
skewness and heavy-tailed distributions.

Control Variables. We controlled for several factors that could affect a firm’s
NPI exploration and speed. Indie movies are very different from traditional “Hollywood”
movies in terms of their characteristics (low production budget and more focused on
artistic quality) and production system (Ortner, 2012). Based on industry convention, we
defined indie movies as movies with budget less than ten million dollars, length less than
sixty minutes, and no affiliation with the Big Six Majors — Walt Disney, Warner Bros.,
20" Century Fox, Universal, Columbia, and Paramount. We operationalized Indie Movie
Producer as the ratio of the number of indie movies released to the total number of

movies released by a firm over the past five years. Peer recognition is critical in the
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movie industry because peer firms tend to be positively biased toward firms that situate
themselves at the core of the field (Cattani, Ferriani & Allison, 2014). Movie awards and
nominations reflect the extent to which industry peers appreciate the excellence of a
movie’s script, acting, and music. We operationalized Peer Recognition as the weighted
average number of movie awards and nominations a firm received over the past five
years. We first calculated the total number of all movie awards and nominations
including prestigious ones (Oscars and Golden Globes) a firm received over the past five
years. We then gave 0.9 weight on the number of prestigious movie awards and
nominations and 0.1 on that of non-prestigious ones to account for differences in their
effectiveness and impact on industry peers and consumers (Gemser et al., 2008).

A firm’s behavior may reflect a momentum effect, i.e. a firm pursues exploration
if it has focused on exploration in recent years (Greve, 2007). We thus included
Exploration Tendency and NPI Speed Tendency in the respective regressions to account
for this. We controlled for the focal firm’s Total Movie Releases in a year and the level of
Specialization (market niche width). Both factors influence firm capability and firm
decisions on new products (Lampel et al., 2000; Sorenson et al., 2006). To control for the
impact of firm history on their NP1 decisions (Sorenson & Stuart, 2000), we included
Firm Age. Firm size affects its risk tolerance and reactions to performance feedback
(Audia & Greve, 2006). Following Natividad (2013), we operationalized Firm Size (in
logarithmic form) as the number of movie releases of a firm over the past 10 years and
created quintile dummies of the variable every year. We also accounted for firms” Slack

Resources because they can trigger slack-based search and affect their new products (Ref
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& Shapira, 2017) and controlled for Bankruptcy Risk because firms facing bankruptcy
risk prioritizes survival above all else (March & Shapira, 1987).

Repeated collaboration with particular firms affects interfirm trust and learning
(Lane & Lubatkin, 1998), which may affect firms’ decision on exploration and speed. We
thus controlled for Repeated Collaboration. Firms that work with co-producers tend to
have access to greater resources, for which we controlled for the number of Coproducers.
We also controlled for the number of Distributors because distributors play an important
role in delivering movies to consumers for a non-vertically integrated firm (Lampel et al.,
2000). We included Competitive Intensity as a control because intensified competition
tends to call for exploration (Levinthal & March, 1993). We controlled for a firm’s level
of Market Concentration because a firm tends to have less motivation for new market
niches when it enjoys high market power in current market niches. Finally, firm dummies
were added to control for unobserved time-invariant heterogeneity across firm and year
dummies to control for macroeconomic factors common to all firms in a given year.

Detailed definitions and descriptive statistics for variables are presented in Table 3.1.

Statistical Model and Analysis
We specified our model in the following functional forms:

NPI Exploration; ;
= agy + a,Performance Shortfall;,_, + a,Performance Shortfallilt_l2
+asPerformance Surplus;_, + a,Performance Surplusi,t_lz + X0 + & ¢

)

NPI Speed;: = By + p1Performance Shortfall;;_, + p,Performance Shortfalli,t_l2
+ B3Performance Surplus;,_, + ByPerformance Surplusi,t_lz + X6+e€;,

()
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Table 3.1. Summary and descriptive statistics®

Variable

NPI
Exploration

NPI Speed

Relative NPI
Speed

Performance
Shortfall

Performance
Surplus

Indie Movie
Producer

Peer
Recognition

Total Movie
Releases
Exploration
Tendency

NPI Speed
Tendency
Relative NPI
Speed
Tendency
Specialization

Description

Ratio of a firm’s movie releases
in new genres to total movie
releases in a year

The reciprocal of actual elapsed
time between a firm’s new
movie releases in a year
Difference between a firm’s
actual speed and average speed
in the industry in a year
Discounted sum of negative
difference between a firm’s
performance and the average
performance of peers in the past
three years (log-transformed)
Discounted sum of positive
difference between a firm’s
performance and the average
performance of peers in the past
three years (log-transformed)
Ratio of indie movie releases to
total movie releases in the past
five years

Weighted average number of
movie awards and nominations a
firm received in the past five
years

Number of new movie(s)
released by a firm in a year
Average exploration ratio of a
firm in the past five years
Average NPI speed of a firm in
the past five years

Average relative NP1 speed of a
firm in the past five years

Degree to which a small number
of genres provide a major
proportion of the total movie
production of a firm in a year

Mean
0.22

0.88

0.66

0.12

0.27

0.03

1.58

2.52

0.23

0.80

0.62

0.76

S.D.
0.37

0.23

0.25

0.14

0.57

0.11

2.35

254

0.18

0.24

0.25

0.28

Min
0.00

0.33

-0.14

0.00

0.00

0.00

0.00

1.00

0.00

0.01

-0.26

0.11

Max
1.00

1.00

0.90

0.83

3.32

1.00

71.35

27.00

0.95

1.00

0.90

1.00

& All dollar values are in 100 million of 2015 real dollars, inflation-adjusted by the Consumer Price Index.
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Table 3.1. (Continued)

Variable
Firm Age

Firm Size

Repeated
Collaboration

Coproducers

Financial
Slack

Bankruptcy
Risk

Distributors

Competitive
Intensity
Market
Concentration

Description

Number of years passed since
the first record of a firm
Quintiles of logged number of
movie releases of a firm in the
past 10 years (quintile dummies
created for each year)

Ratio of the number of repeated
co-producers to total number of
co-producers a firm worked in
the past three years

Number of other production
firms involved in all movie
productions of a firm in the past
three years

Cumulative surplus of box office
revenue minus production
budget for each movie of a firm
in the past five years
Cumulative absolute deficit
amount of box office revenue
minus production budget for
each movie of a firm in the past
five years

Number of firms involved in
theatrical distribution of movies
in ayear

Number of firms that release
movies in the previous year
The Herfindahl-Hirschman index
(HHTI) in the previous year
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Mean
14.35

4.68

0.15

21.03

0.81

-0.54

1.24

4849.53

0.01

S.D.
14.75

0.62

0.18

19.98

2.80

9.05

1.20

1594.94

0.01

Min
3.00

1.00

0.00

1.00

0.00

-294.68

0.00

1500.00

0.01

Max
98.00

5.00

1.00

100.00

41.29

0.00

10.00

6571.00

0.05



As we aimed to test the nonlinear relationships between performance feedback
and different NP1 responses, we included the squared term of each performance feedback
variable. X is a vector of control variables including year dummies and firm dummies,
and € (i,t) and €_(i,t) are the error terms. We clustered the standard error terms at the firm
level to account for correlation in the errors within firms across years.

We used Equation (1) to test H1 and H3 in which the dependent variable NPI
Exploration is a proportion bounded between 0 and 1. As a linear regression may produce
fitted values outside the lower and upper bounds (Papke & Wooldridge, 1996), we
employed a few nonlinear models. First, following Sorenson et al. (2006), we estimated
the models using a pooled Tobit model, which is recommended to handle data censored
at zero. The likelihood-ratio test that compares pooled estimator against random-effects
panel estimator indicated that the pooled Tobit model is favorable, although both models
yielded very similar results. The fixed-effects Tobit estimator is biased and inconsistent,
and hence precluded. Second, we applied the fractional probit model, another preferable
approach for fractional responses variables (Papke & Wooldridge, 1996). Following
Papke and Wooldridge (2008), we included time averages for explanatory variables and
time dummies, then ran a generalized estimating equation (GEE) model with the probit
link function in conjunction with the binomial distribution and robust standard errors.’
We used Equation (2) to test H2 and H4 in which the dependent variables (the absolute
measure of NP1 Speed or Relative NPI Speed) are continuous. We employed a two-way
fixed effects model with robust standard errors clustered at the firm level. Fixed effects
analysis was adopted because the Hausman test failed to reject the null hypothesis that

the coefficients from fixed and random effects are not systematically different.

"' We also tested logit as a link function. The results were consistent.
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Results

Main Results

Table 3.2. presents correlations for all variables of this study. Because the mean
VIF values of all explanatory variables in our models with fixed-effects regressions
ranged between 3.69 and 3.77, well below the accepted value, multicollinearity is not a
cause for concern nor biases parameter estimates.

Table 3.3. reports the results of our analyses that test H1 and H3 using NPI
Exploration as the dependent variable. Models 1 and 4 present the baseline model with
only control variables. The results of the baseline models showed that Peer Recognition
had a positive and significant effect on the level of NPI exploration (p<0.01 in all
models), conforming to our expectations that firms with high peer recognition pursue
more exploration. Firm Age had a negative and significant effect on the level of
exploration (p < 0.01 in all models), consistent with the liability of the senescence
argument. Variables related to alliances such as Repeated Collaboration, Co-producers,
and Distributors had negative and significant effects on the level of exploration (p<0.10
in all models).

In Models 2 and 5, we included performance feedback variables (Performance
Shortfall and Performance Surplus) without their squared terms. In Models 3 and 6, both
squared terms were added. Statistically significant improvements in Pseudo R-squared
and Wald chi-square values from Model 2 (Model 5) to Model 3 (Model 6) implied that

adding the squared terms substantially improved the model fit.

79



Table 3.2. Correlation matrix (N=10,357)

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1. NPI Exploration

2. NPI Speed -0.09

3. Relative NPI Speed -0.08 094

4. Performance Shortfall -003 023 028

3. Performance Surplus -0.12 015 0l6 -042

6. Indie Movie Producer 0.05 -0.04 -005 000 -0.09

7. Peer Recognition 001 010 008 -0.07 0.14 -0.04

8. Total Movie Releases -0.14 022 023 004 039 -0.06 0.10

9. Exploration Tendency 0.14 007 008 002 -0.16 0.0l 017 -0.12

10. NP Speed Tendency -0.15 025 024 012 018 -004 005 028 0.12

11. Relative Speed Tendency -0.15 024 028 0.5 018 -005 003 029 011 099

12. Specialization 005 -022 -022 -007 -024 005 -009 -067 005 -027 -0.28

13. Firm Age -0.19 006 006 001 030 -004 -005 030 -046 001 002 -0.19

14. Firm Size -026 026 029 0.8 013 -0.01 -0.02 022 -0.13 042 045 -025 O0.l6

15. Repeated Collaboration  -0.09 0.17 017 007 010 -004 002 010 -008 0.19 019 -006 004 0.19

16. Coproducers -0.17 029 023 021 0.3 -0.09 0.12 046 -009 036 033 -036 019 032 0.15

17. Financial Slack -0.10 009 013 -023 073 -006 002 042 -0.16 0I5 017 -022 035 011 009 0.07

18. Bankruptcy Risk 0.02 -002 -001 002 -008 0.0L 00l -003 000 -003 -002 002 -006 -002 0.00 -005 0.02

19, Distributors -0.08 0.12 o011 -007 024 -0.07 0.1 051 -0.02 018 017 -047 006 013 001 026 011 -0.03

20. Competitive Intensity 0.00 -0.07 -026 -026 -0.08 0.6 004 -0.14 -003 -004 -0.17 009 -007 -0.13 -004 018 -020 -0.03 0.02
21. Market Concentration -001 006 023 015 009 -005 -003 013 00l 006 017 -009 008 0.10 003 -0.17 024 002 000 -0.80
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Table 3.3. Panel pooled tobit and fractional probit estimates of subsequent NPI

exploration

NPI Exploration

Panel Pooled Tobit Regression

Fractional Probit Regression (GEE)

Model1  Model 2  Model 3 Model 4 Model 5 Model 6
Performance Shortfall -0.09 0.45* -0.09 0.69*
(H1) (0.09) (0.20) (0.11) (0.27)
Performance Shortfall? -1.35%** -1.92%**
(H1) (0.40) (0.55)
Performance Surplus -0.19***  -0.25*** -0.23*** -0.28***
(H3) (0.03) (0.06) (0.05) (0.09)
Performance Surplus? 0.06* 0.08+
(H3) (0.03) (0.04)
Indie Movie Producer -0.08 -0.107 -0.117 -0.14% -0.17* -0.18*
(0.06) (0.06) (0.06) (0.08) (0.08) (0.08)
Peer Recognition 0.01***  0.01***  0.01*** 0.01*** 0.02*** 0.02***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Total Movie Releases -0.01* -0.01* -0.01**  -0.08***  -0.08*** -0.08***
(0.01) (0.01) (0.02) (0.01) (0.01) (0.01)
Exploration Tendency 0.14* 0.13* 0.12+ 0.11 0.10 0.10
(0.06) (0.06) (0.06) (0.08) (0.08) (0.08)
Specialization -0.87***  -0.86*** -0.86***  -0.77***  -0.77*** -0.77%**
(0.04) (0.04) (0.04) (0.05) (0.05) (0.05)
Firm Age -0.01***  -0.01***  -0.01***  -0.02***  -0.02*** -0.02***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Repeated Collaboration  -0.10+ -0.11% -0.11% -0.14* -0.16* -0.16*
(0.06) (0.06) (0.06) (0.07) (0.07) (0.07)
Coproducers -0.00***  -0.00***  -0.00***  -0.01***  -0.01*** -0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Financial Slack -0.04*** -0.00 -0.01 -0.07*** -0.02 -0.03*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Bankruptcy Risk 0.00** 0.007 0.007 0.00** 0.00* 0.00*
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Distributors -0.04***  -0.03***  -0.02**  -0.05*** -0.04** -0.03**
(0.01) (0.01) (0.02) (0.01) (0.01) (0.01)
Competitive Intensity -0.0 -0.00* -0.00* 0.00 0.00 0.00
(0.0 (0.00) (0.00) (0.00) (0.00) (0.00)
Market Concentration -1.51 -2.76 -2.36 -0.05 -3.06 -2.63
(2.18) (2.20) (2.20) (20. 40) (20.57) (20.56)
(. . .which forces a page break here) -
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Table 3.3. (Continued)

NPI Exploration

Panel Pooled Tobit Regression Fractional Probit Regression (GEE)
Model1  Model2 Model 3~ Model 4 Model 5 Model 6

Constant

Size quintile dummies
Firm fixed effects
Year fixed effects
Observations

Number of clusters
Log pseudo-likelihood
Pseudo R? / Wald y?
Df

1.46*** 1.51*** 1 52*** 0.95 1.06 1.04
(0.09) (0.09) (0.09) (0.91) (0.93) (0.93)
Yes Yes Yes Yes Yes Yes
No No No Yes Yes Yes
No No No Yes Yes Yes
12,833 12,272 12,272 12,833 12,272 12,272
3,724 3,693 3,693
-9709.46  -9255.79 -9245.51
0.12 0.13 0.13 2475.45%** 2507.99*** 2605.74***
50 52 54
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In Hypothesis 1, we predicted that the relationship between performance shortfall
and NP1 exploration was inverted U-shaped. In Models 3 and 6, the linear terms for
Performance Shortfall were positive and significant (p < 0.05 in both models), whereas
the squared terms for Performance Shortfall were negative and significant (p < 0.01 in
both models). Figure 1 provides a graphical presentation of the results with the values of
turning points. As shown in Figure 1, the turning point comfortably lay in the range of
performance shortfall. Therefore, we found support for Hypothesis 1, per Hanns, Pieters,
and He (2016).

In Hypothesis 3, we proposed that the relationship between performance surplus
and NP1 exploration was U-shaped. In Models 3 and 6, the linear terms for Performance
Surplus were negative and significant (p < 0.01 in both models) and the squared terms for
Performance Surplus were positive and significant (p < 0.10 in both models). Figure 3.1.
shows that the slope of the curve was sufficiently steep at both ends of performance
surplus, and the turning point was located well within the range of performance surplus,
offering support for Hypothesis 3.

Table 3.4. reports the results from testing Hypothesis 2 and Hypothesis 4 using
absolute and relative measures of NPI Speed as the dependent variables. In Hypothesis 2,
we predicted that the relationship between performance shortfall and NPI speed was
inverted U-shaped. In Models 9 and 12, the linear terms for Performance Shortfall were
positive and significant (p < 0.01 in both models) and the squared terms for Performance
Shortfall were negative and significant (p < 0.01 in both models). Our joint test of the
linear and quadratic coefficients showed a significant result (p<0.01), but the turning

point did not comfortably lie within the rage of performance shortfall; the vertex is close
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to the left end of the range (see Figure 1). Because of this, we cannot confidently argue
for an inverted U-shaped relationship between performance shortfall and NPI speed,
thereby rejecting Hypothesis 2. We rather suggest a positive relationship between
performance shortfall and NPI speed.

In contrast, the inverted U-shaped relationship we proposed in Hypothesis 4
between performance surplus and NPI speed was supported. In Models 9 and 12, the
linear terms for Performance Surplus were positive and significant (p < 0.01 in both
models) and the squared terms for Performance Surplus were negative and significant (p
< 0.01 in both models). The slope of the curve was sufficiently steep at both ends of the
range of performance surplus, and the vertex comfortably lay within the range of
performance surplus.

To sum up, the left side of Figure 1 (both upper and bottom parts) shows how
performance shortfall affects NP1 decisions. It shows that a firm was more likely to
increase both NPI exploration and speed when its performance fell moderately below
aspiration. However, when a firm’s performance shortfall increased further, it tended to
reduce the extent of NPI exploration, but speed up more. In contrast, the right side of
Figure 1 (both upper and bottom parts) illustrates how performance surplus affects NPI
decisions. When a firm’s performance was moderately above aspiration, it was quicker
with NPIs, but less explorative; when a firm’s performance was exceptionally above

aspiration, it slowed down and increased NP1 exploration.
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Table 3.4. Two-way fixed effects OLS estimates of subsequent NP1 speed

NPI Speed Relative NPI Speed
Fixed Effects OLS Regression Fixed Effects OLS Regression
Model 7 Model 8 Model 9 Model 10 Model 11 Model 12
Performance Shortfall 0.50*** 0.92%** 0.49*** 0.91***
(H2) (0.03) (0.06) (0.03) (0.06)
Performance Shortfall? -0.75*** -0.74%**
(H2) (0.10) (0.10)
Performance Surplus 0.12%** 0.28*** 0.12%** 0.28***
(H4) (0.02) (0.02) (0.02) (0.02)
Performance Surplus? -0.08*** -0.08***
(H4) (0.01) (0.01)
Indie Movie Producer 0.02 -0.00 -0.01 0.02 -0.00 -0.00
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Peer Recognition 0.01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
NPI Speed Tendency -0.28*** -0.25%** -0.25***
(0.02) (0.02) (0.02)
Relative NPI Speed Tendency -0.30*** -0.27*** -0.26***
(0.02) (0.02) (0.02)
Specialization -0.03*** -0.02* -0.02* -0.03*** -0.02* -0.02*
(0.02) (0.02) (0.01) (0.01) (0.02) (0.01)
Firm Age -0.01* -0.01F -0.01 -0.05*** -0.04*** -0.04***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
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Table 3.4. (Continued)

NPI Speed Relative NPI Speed
Fixed Effects OLS Regression Fixed Effects OLS Regression
Model 7 Model I8 Model 9 Model 10 Model 11 Model 12

Repeated Collaboration 0.11*** 0.09*** 0.09*** 0.11*** 0.09*** 0.09***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Coproducers 0.00%*** 0.00*** 0.00*** 0.00*** 0.00*** 0.00%***

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Financial Slack 0.00+ -0.007 -0.00 0.00+ -0.007 -0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Bankruptcy Risk -0.00 0.00 -0.00 -0.00 0.00 -0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Distributors 0.00 0.01* 0.01** 0.00 0.01* 0.01**

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Competitive Intensity -0.00** -0.00* -0.007 0.00*** 0.00*** 0.00***

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Market Concentration -10.277 -1.27 -6.47 -14.55* -11.54* -10.75%

(5.81) (5.61) (5.55) (5.75) (5.56) (5.50)
Constant 1.17%** 1.06*** 0.96*** 0.62* 0.52* 0.43F

(0.25) (0.24) (0.24) (0.25) (0.24) (0.24)
Size quintile dummies Yes Yes Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Observations 10,918 10,357 10,357 10,918 10,357 10,357
Number of clusters 2,947 2,865 2,865 2,947 2,865 2,865
R-squared 0.10 0.15 0.17 0.21 0.26 0.27
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Figure 3.1. Non-linear effects of performance shortfall and performance surplus

on subsequent NP1 exploration and NP1 speed

Seemingly Unrelated Regression
Decisions regarding NPI exploration and NPI speed can be simultaneously
determined as they are interrelated (Harter et al., 2000; Hoegl et al., 2004). Hence, the
error terms of NP1 exploration and NP1 speed equations may not be independent and
identically distributed (i.i.d), which can lead to biased estimators. This necessitates the
use of a method that captures such interdependencies between two decisions. We used a
seemingly unrelated regression (SUR) estimation approach in which two equations are

jointly estimated.
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Table 3.5. shows the estimation results of SUR. Breusch-Pagan Lagrange
multiplier tests rejected the null hypothesis that the error terms in the two equations were
independent at the 10% significance level (p = .05).

Table 3.5: Seemingly Unrelated Regression (SUR) estimates of NP1 exploration and NPI
speed

NPI Exploration NPI Speed
Performance Shortfall (H1, H2) 0.19* 0.92%***
(0.08) (0.05)
Performance Shortfall? (H1, H2) -0.37* -0.75%**
(0.15) (0.09)
Performance Surplus (H3, H4) -0.07** 0.28***
(0.02) (0.01)
Performance Surplus? (H3, H4) 0.04*** -0.08***
(0.01) (0.02)
Indie Movie Producer 0.00 -0.00
(0.05) (0.03)
Peer Recognition 0.01*** 0.01***
(0.00) (0.00)
Total Movie Releases -0.01*** 0.00
(0.00) (0.00)
Exploration Tendency -0.61***
(0.03)
NPI Speed Tendency -0.25***
(0.02)
Specialization -0.20%** -0.02+
(0.02) (0.02)
Firm Age -0.01 0.00
(0.02) (0.01)
Repeated Collaboration 0.03 0.09***
(0.02) (0.01)
Coproducers -0.00*** 0.00***
(0.00) (0.00)
Financial Slack -0.01*** -0.00
(0.00) (0.00)
Bankruptcy Risk 0.00 0.00
(0.00) (0.00)
Distributors -0.00 0.00%F
(0.00) (0.00)
Competitive Intensity 0.00 0.00
(0.00) (0.00)
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Table 3.5. (Continued)

NPI Exploration NPI Speed
Market Concentration 2.50 -4.87
(6.56) (3.83)
Constant 0.40 0.86*
(0.62) (0.36)
R-squared 0.11 0.17
Breusch-Pagan test of independence v’ (1)=3.787

The joint hypothesis test showed that performance feedback variables significantly affect
both NPI exploration and NPI speed even after accounting for the interdependencies
between them. The result showed that the correlation of the residuals in the NPI
exploration and NPI speed equations is 0.02, which is negligible. The coefficients for the
explanatory variables we obtained from SUR are qualitatively similar to the ones reported
earlier while providing only marginal efficiency gains although this estimation captures
the possibility of interdependencies among different aspects of NPI decisions. While the
SUR results give us confidence in the robustness of our findings, we used the separate

regressions as main models.

Robustness Checks
We conducted several robustness checks to corroborate the results discssued above.
First, we ran all models using an alternative measure of NPI exploration. We leveraged
the variance in human resources involved in each movie to proxy for the degree of
exploration. Movies that feature a star, be it a high-profile director or an actor, are usually
considered less risky, thus less explorative, because a star helps attract a large audience
early on and positively affect box office performance (De Vany, 2011). An actor or a

director is considered a star when the total domestic box office revenue generated by all
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the movies s/he appeared over the past five years is over $100 million, a typical
benchmark for a domestic box office hit (De Vany, 2011). We computed the ratio of
movies that did not have any stars to total movies a focal production company released in
a year as an alternative measure of NP1 exploration. The results were consistent.

Second, our measure of NP1 speed captures the elapsed time between movie
releases, but does not consider the actual number of movie releases. A stricter
comparison of NP1 speed would be across firms that release the same number of movies
in any given year. We thus re-tested all models in the subsample of firms that released
only one movie in a year that led to 4,953 observations in total (close to 50% of the full
sample). Our results remained robust.

Third, we re-ran all models using different performance feedback variables.
Instead of performance feedback variables measured as the discounted sum of
performance-aspiration discrepancy in the past three years, we widened the time windows
to the past five, seven, or ten years for robustness checks. The results were consistent
although the explanatory power decreased the wider the time window became, hinting at
an accelerated depreciation of the impact of past performance-aspiration discrepancy over
time. We also re-ran all models using combined performance feedback variables. We
selected the values for weights that gave the highest likelihood in the equation (i.e., a=0.3,
B=0.3)8 to calculate historical aspiration and the combined aspirations. The combined
social and historical aspirations measure generated similar patterns of results from fewer
observations, albeit with lower explanatory power. In addition, we re-tested all models

using different criteria to specify reference groups. We defined the relevant peer group as

8 Aspiration levels were computed as a weighted average of historical and social aspirations; 4;, =
aHA;; 4 + (1 — a)SA;,_,. Historical aspiration of the focal firm at a given year t was computed as:
HA; = BP;_1 + (1 — B)HA;;_,, where P;,_, is the performance of the focal firm i at t-1.

90



firms with similar size, or as firms with genre overlap. We found that the results were
consistent but with different levels of significance.

Fourth, we tried alternative measures of performance. We computed the
difference between one half of box office revenue and production budget as an alternative
performance measure, as a movie studio would typically need to make at least twice its
production budget to break even since other expenses such as marketing and promotion
go to distributors (De Vany & Walls, 2002). We then computed performance feedback
variables based on this new performance measure. Because accounting is non-standard
and there is no legal regulation that compels movie studios to disclose actual costs
incurred, we had production budget information for less than one third of all movies
listed in the original data sources. Our results remained robust.

Finally, we shortened the sample period to ensure that the relationship we
observed was not due to historical legacy. The results held in the subset of sample period
that only included recent years between 1985 and 2015, between 1990 and 2015, or
between 1995 and 2015.

Discussion and Conclusions
Four Types of NPI Responses

We examined how the nature and degree of performance discrepancy affect firms’
decisions regarding NPI exploration and speed. Based on our results, we identified four
distinct combinations of NPI exploration and speed decisions following performance
feedback, as summarized in Appendix B.

First, firms in the “Fix the Problem” category tend to focus on fixing performance

shortfalls. Specifically, following a moderate shortfall, firms explore new market niches
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and speed up NPI processes with the hope of breaking into a new market niche where
they can generate quick revenues to repair the performance gap. However, both new
genre exploration and faster NPIs can require significant resource investments, which
raises costs (Dierickx & Cool, 1989) and makes it hard for firms to recoup the investment.
Thus, firms may not be rewarded with superior performance when they adopt the “Fix the
Problem” type of response.

Second, firms tend to respond to large performance shortfalls by decreasing NPI
exploration but speeding up NPIs, which we labelled the “Play Catch-Up” category.
Firms in this category may suffer severe resource shortage, ability deficiencies, or even a
survival crisis. Thus, they focus on survival and are eager to catch up to peers,
prioritizing speed over exploration. This leverages their existing capabilities to generate
cash flows rather than exploring the uncertain, latent opportunities in new market niches
that may or may not ensure their survival.

Third, firms with a moderate performance surplus respond in the “Comfortably
Fast” category. Their response is to focus on maintaining the beneficial status quo by
targeting existing market niches and quickly introducing new products. Once a
performance target is achieved, firms seek certainty at the expense of exploration and
build momentum in de alio market niches, resulting in pursuit of speed. In the movie
industry, a successful first installment is often quickly followed by sequels. For example,
following the success of Fifty Shades of Grey in 2015, the producers announced that its
two sequels would be produced back-to-back for release in 2017 and 2018, respectively,

both of which performed very well in the box office.
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Fourth and finally, following an extreme performance surplus, firms are likely to
explore new market niches more slowly. This is the “Strategically Slow” category. An
abundance of slack resources enables firms to divert attention from short-term gains
toward exploration (Bourgeois, 1981; Nohria & Gulati, 1996). Our finding is consistent
with that of Davis and Atkinson (2010): High-performing firms tend to slow down to
improve quality, reflect, and learn. In creative industries such as film and publishing,
firms slow down to boost creativity. For example, Lightstorm Entertainment, the creator
of the blockbuster hit Titanic in 1997, did not release its next blockbuster, Avatar, for 12
years in order to wait for new technologies (e.g., 3D viewing and creation of computer-
generated characters). Similarly, despite the phenomenal success of Avatar, its sequel,
Avatar 2, is scheduled to be released in December 2021, 12 years after the first one.

To find out why firms slow down after extreme successes, we returned to our data
and computed the sum of the weighted average number of movie awards and nominations
received by firms in each category because movie awards and nominations reflect the
extent to which the industry appreciates the quality of a movie. Figure 3.2. depicts the
award-winning pattern for firms in all four categories. Firms adopting the “Strategically
Slow” type of response far outperformed other types of firms in terms of industry
recognition. This suggests that firms following exceptional performance may slow down
and explore, seeking something other than, or in addition to, box-office revenues. In
particular, they focus more on identifying the ‘unknown’ next big thing that succeeds

both financially and non-financially, e.g., industry recognition and endorsement.
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Figure 3.2. Subsequent peer recognition received by firms with each type of NPI
responses. Note: We measured subsequent peer recognition as the weighted

average number of movie awards and nominations received by firms in each type

of NPI responses.

Contributions

Our study offers several contributions to the literature. First, our study contributes
to NPI literature by considering two distinct, but related, attributes of NP1 decisions—
exploration and speed—following performance feedback. As both NP1 exploration and
are critical to firm performance and long-term survival (Banbury & Mitchell, 1995;
Brown & Eisenhardt, 1995; Germain, 1996), both attributes should be considered in light
of performance feedback. However, scholars have mainly focused on either exploration

or speed, whereas firms have to consider multiple aspects of NPI simultaneously. We
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explicate why and how an antecedent can jointly impact decisions regarding NPI
exploration and speed. We then identify four types of NPI response following past
performance. One interesting finding is the “Strategically Slow” response: Firms with
exceptional performance surplus are inclined to slow down, take longer time, and pursue
more explorative NPIs. Consistent with Davis and Atkinson (2010), speed is not always
appropriate, even when firms are capable of doing so; ‘strategically’ slowing down can
enhance creativity and innovativeness.

Second, contirbuting to the NPI literature, our study identifies the boundary
conditions for when exploration and speed are substitutes or complements. Some propose
exploration and speed as substitutes (Harter et al., 2000) given that inherent complexity
leads to more errors, constraining speed. Others (Hoegl et al., 2004) posit that large
resource commitments can motivate and empower project team members, facilitating
speed. Our findings reconcile these perspectives by explicating how past performance,
both in terms of direction and the magnitude, not only motivates firms but also enables
the capacity and resources necessary to complement or substitute exploration with speed.

Third, pointing to performance feedback-based incentives, this study
complements the existing BToF literature, and performance feedback in particular, by
highlighting both the nature (negative vs. positive) and the degree (moderate vs. extreme)
of performance-aspiration discrepancy. Extant studies have examined how performance
shortfalls or surpluses affect decision making or firm behavior, often assuming the
relationships to be linear. Only a handful of studies (Eggers & Kaul, 2018; Parker et al.,
2017; Ref & Shapira, 2017) have empirically tested nonlinear relationships between

performance-aspiration discrepancy and managerial decisions. Our study adds empirical

95



evidence that both the nature and degree of performance discrepancy affect firms’ two
NPI decisions. This finding extends the BToF literature to situations with very high and
very low levels of performance discrepancy . By doing this, our research also answers
Natividad’s (2013) call for studying the symmetric effects of past performance on NPIs.
In his seminal work (2013), he studied only how financial slack resulting from very high
levels of past performance affects NPIs in the movie industry; the effect from low levels

of past performance has remained underexplored.

Limitations and Future Research Directions

Our study is subject to several limitations. First, firm responses to performance
feedback may vary depending on the level of analysis (i.e., individual-level, business-unit
level, and firm-level). For example, business unit managers may have goals that differ
from firm-level goals and hence different motivation to change, and thus react differently
(Gaba & Joseph, 2013; Joseph & Gaba, 2012). In the movie industry, movie directors can
be considered as project managers and are responsible for shaping the final movie
product. As they are hired on a project-by-project basis by studios, directors may be more
myopic and sensitive to negative performance, which can affect their career, than studios.
Further research examining whether the relation between performance feedback and NPI
exploration and speed varies depending on different level of analysis (director-level vs.
studio-level) is warranted.

Second, although we identify the four types of responses, we did not investigate
whether changes in the extent of exploration or speed in NPIs has an impact on their
subsequent performance, both financially and non-financially. Our focus was on how past

performance drives subsequent decisions, and not in the ‘correctness’ of those decisions.

96



However, given that the outcomes of past decisions inform future decisions, it would be
informative to examine which decision combinations help firms improve and maintain
their plight, viz. under what conditions firms that strategically slow down perform better
than fast-moving firms, or when exploration is more effective than exploitation.

Third, this study regards entering new market niches as NP1 exploration due to
the market risk, i.e., unknown domain. Developing innovative products also entails
technological risk in terms of utility and function. This suggests that exploration is a
multidimensional construct with various sources of risk and uncertainty. It is possible for
firms to balance different sources of risks when being explorative. Future research can
examine whether and how firms may juggle various sources and types of risks and
uncertainty when pursuing exploration in response to performance discrepancy.

Last, we expect our findings to be generalizable to other creative industries such
as TV shows, book/music publishing. While there is some evidence from the video game
settings (Parker et al., 2017; Rietveld & Eggers, 2018), future studies can explore
whether our findings apply to other contexts. Moreover, it would be interesting for future
studies to examine whether the NPI response patterns will be different in other, less-
creative industries such as computers and automobiles to establish boundary conditions

of our findings.
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CHAPTER 4

SHARED FATE: THE IMPACT OF PEER AND INDUSTRY
CHARACTERISTICS ON PEER FAILURE AND NEW PRODUCT

INVESTMENT

Abstract

Most studies on learning from failure have focused on the strategic incentives of a
focal firm while often disregarding the perspective of external actors (e.g., investors). We
examine the relationship between peer failure and new product investment by
incorporating investors’ points of view and argue that peer failure can be a negative
signal to investors due to a negative spillover effect, restricting a firm’s actions. Our
analysis of the U.S. movie industry shows that peer failure leads to a decrease in a firm’s
new product investment, the relationship attenuated by peer reputation and industry
growth. Our study highlights the role of external actors that can limit a firm’s ability to

vicariously learn and take action.

Introduction

Studies on organizational learning have long recognized that firms learn from
experience and make changes to practices, strategies, and structures (Levitt & March,
1988) and that failure experience is central to adaptation and change (Kim & Miner, 2007;
Madsen & Desai, 2010). Much empirical work in learning from failure has focused on
firms' adaptive responses to their own failures (i.e., Argote, 1999; Argote & Miron-
Spektor, 2011), but researchers have increasingly argued that firms learn from others’
failures and adjust their behavior (e.g., Miner & Haunschild, 1995; Ingram & Baum,
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1997; Kim & Miner, 2007; Madsen, 2009). Organizational learning theory posits that
following others’ failures, firms learn what not to do to avoid a similar fate they might
face by vicariously observing the failure experience of others, interpreting, and
evaluating it (Miner & Haunschild, 1995; Ingram & Baum, 1997; Kim & Miner, 2007,
Madsen, 2009).

Prior studies have furnished compelling arguments for the beneficial aspect of
vicarious learning, but they have some important limitations. First, despite the
fundamental boundary-spanning nature of vicarious learning, extant research has shed
much light on firm-driven learning. Firms observe and learn from other firms, but key
external stakeholders, such as investors, also observe and learn from the focal firm’s
peers. Recent studies show empirical evidence that different types of external
stakeholders play an important role in shaping or affecting a focal firm's ability to acquire
resources beyond boundaries (Boh et al., 2020; Madsen & Desai, 2018). However, little
is known about whether and how investors might interpret the failure of the focal firm’s
peers and affect the firm's ability to learn and take actions following the failures of others.
Second, little attention has been paid to the fact that the value of others' experience for
learning largely depends on interfirm comparability between a focal firm and other firms.
Similar streams of research (e.g., performance feedback) have extensively considered
peer effect, but surprisingly learning from failure studies often disregard the peer effects
theoretically and empirically: cumulative failures of other firms, potentially including
non-similar firms, are commonly used in their empirical models (see Bennett & Snyder,

2017).
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We address these gaps by studying the relationship between the failure of peer
firms and investment in new products by incorporating the point of view of investors. We
highlight the failure experience of peers as an important antecedent of new product
investment because vicarious learning is critical in the context of investment in new
products: the decision is made under high risk and uncertainty, and firms have
insufficient information from their own experience in such conditions. Firms observe and
learn from others' failures through boundary-spanning processes, and external
stakeholders also observe and learn from the failures and determine the availability of
crucial resources. Among different external stakeholders, we emphasize the role of
investors in the context of investment in new products because firms often heavily rely on
external funding for new product investment. Accordingly, investors may shape or alter
the focal firm's learning from others' failures. Investors face information asymmetry in
the investment decision-making process because of the latent and unobservable quality of
new products. Hence, investors rely on signals or observable indicators to reduce
information asymmetry and uncertainty.

Drawing on signaling theory and categorical judgment (Connelly et al., 2011;
Spence, 1973; Mervis & Rosch, 1981), we theorize that the failure experience of peer
firms fosters a categorical judgment process through which observers including a focal
firm and investors interpret peer failure as a negative signal that a focal firm perceived as
being in the same category as failed peer firms will face a similar fate and performance in
the future. Hence, due to the negative spillover effects, both investors and a focal firm
may not be motivated to invest in subsequent new product introductions. Moreover, the

impact of the categorical judgment of investors may be more significant for financially
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constrained firms that do not have internal cash flow and rely on external funding than
for financially free firms. We then suggest that the negative signal coming from peer
failure can be mitigated or less impactful when other signals (e.g., peer reputation and
industry growth) are favorable.

We test these arguments using data from the U.S. movie industry between 1980
and 2015. This context provides an optimal setting to study the key relationships of
interest. First, the failure experience of firms (i.e., producers) is salient, frequent, and
varies among firms. This variation in the failure experience of movie producers offers a
good setting to study the effects of peer failures. Second, peer reputation, measured by
the number of prestigious movie awards and nominations, is a critical resource for firms
in the movie industry since it provides a firm with greater access to resources. The
important role of peer reputation provides an appropriate setting to examine its
moderating effect (Cattani et al., 2014). Third, peer information is important in the
decision-making process (Shamsie et al., 2009), and there is great heterogeneity in terms
of investment strategy across firms.

Our theory and findings seek to improve our understanding of investors' judgment
and reactions to peer failure through investment in new products of a focal firm,
highlighting the role of two other external signals such as peer reputation and industry
growth. This study contributes to the existing literature in several ways. First, this study
aims to further extend the existing literature on learning from others' failures by drawing
on the concepts of signaling and categorical judgment, incorporating the perspectives of
investors that can affect a focal firm's choices through a categorical judgment process,

rather than focusing on the focal firm-centric view. Second, this research provides a
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contingent approach, shedding light on peer reputation and industry growth as important
moderators in vicarious learning studies, which have not been well understood and
developed by previous research. Third, this study contributes to the existing studies on
learning from failure by theorizing the role of peer effects and refining measures, which
previous literature has paid little attention to date. Fourth and lastly, this study advances
signaling theory by theorizing spillover effects and providing evidence that different

types of signals interact with one another, as warranted by Connelly et al. (2011).
Theory and Hypotheses

Previous Literature on Organizational Learning and New Product Investment

Organizational learning is key to firms’ competitive advantage (Argote, 1999).
Previous studies in this field have defined organizational learning in different ways, but
the core that most definitions share in common is that organizational learning is a change
in a firm that occurs as the firm gains experience (Argote, 1999; Argote & Todorova,
2007). The bulk of prior studies has demonstrated that firms learn from their experience,
but the early studies focus primarily on learning from cumulative organizational
experience (Argote & Epple, 1990; Ingram & Baum, 1997). Recent work has begun to
explore experience from wider dimensions rather than aggregating prior experience.

First, scholarly work has disaggregated total prior experience into success
experience vs. failure experience (e.g., Baum & Ingram, 1998; Haunschild & Sullivan,
2002; Madsen & Desai, 2010). Success experience and failure experience can have
differential effects on a firm's motivation to learn, and the knowledge gained to facilitate
learning (Sitkin, 1992). In the context of the global orbital launch vehicle industry,

Madsen and Desai (2010) show that failure experience increases the probability of a
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successful future launch more than success experience does, implying that firms learn
more effectively from failure experience than success experience. Failure experience is
particularly germane to organizational learning because failure experience generates rich
knowledge and opportunities to learn, hence becoming a valuable source of future
performance improvement, reduction in future failure, and reduction in failure-related
costs (Haunschild and Sullivan, 2002; Baum and Dahlin, 2007; Madsen and Desai, 2010).

The second dimension of experience is whether the experience is based on a
firm’s own experience or the experience of others. Firms learn directly from their own
experiences (i.e., direct experience) (e.g., Argote, 1999; Argote & Miron-Spektor, 2011)
and from observations and inferences about the actions and outcomes of others (i.e.,
indirect experience) (e.g., Miner & Haunschild, 1995; Ingram & Baum, 1997; Kim &
Miner, 2007; Madsen, 2009). Kim and Miner (2007) find that firms learn from both their
own failures and the near-failure of other firms, producing vicarious survival-enhancing
learning. By observing the failure experiences of others, firms can interpret and evaluate
the cause of the failure experiences and learn what not to do to avoid a similar fate they
might face. To sum, organizational learning is conceptualized as a change in the
organization that occurs as a function of experience that can be characterized along
various dimensions such as failure vs. success experience and direct vs. indirect
experience.

The next question becomes, changes in what? Organizational change as a
response to experience can be reflected in various ways, such as changes in a firm's
performance or its practices. A large body of prior research has focused on the former,

studying the effect of experience on performance improvement, survival rates, or
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reduction in subsequent failure or errors of firms as indirect evidence of learning (e.g.,
Baum & Ingram, 1998; Baum & Dahlin, 2007). Relatively few studies (e.g., Srinivasan et
al. 2007) examine whether and how a firm's experience affects its subsequent actions or
behaviors. However, the key tenet in organizational theory is that changes in
organizational routines manifest learning (March, 1991).

Among various organizational practices, investment in new products is
particularly important because it is accompanied by significant changes in organizational
routines and learning, and because it is closely related to the development of various
organizational capabilities, competitiveness, financial success, and firm survival (Brown
& Eisenhardt, 1995). In the process of new product investment, firms allocate funds
across different resources and develop asset-specific capabilities (e.g., innovation
capabilities and marketing capabilities) by learning how to mobilize those resources
(Cohen & Levinthal, 1990). Thus, a firm investing more heavily on particular resources
than its competitor can have superior performance. For example, in research-intensive
industries such as the biopharmaceutical industry, investments in R&D of new products
function as the fundamental source of product innovation, differentiation, and superior
returns as firms build and maintain innovation capabilities through the investments (Hill
& Snell, 1988).

However, investment in new products is inherently highly risky due to its distinct
nature as follows. First, the outcome is notoriously uncertain and cannot be predicted. In
the biopharmaceutical industry, for example, the development of new drugs often
requires significantly high costs, and it takes at least ten years for a new drug to complete

the journey from basic scientific discovery to fully approved drugs. Moreover, only a tiny
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percentage of drugs are approved and brought to the marketplace. Similarly, in the movie
industry, movie producers operate under an environment with high uncertainty of
outcomes that "no one knows anything." Movie demand is only observed after a movie is
released, making it almost impossible to predict the revenue and profit. Movie studios
seek to trim the down-side risk and increase upside possibilities by adding special effects
and casting well-known stars to prompt the audience’s initial exposure to their movies.
Regardless, movie production is highly risky because all the capital is spent upfront and
cannot be recouped if a movie fails (De Vany, 2011). Second, new product investment
often requires an adjustment of organizational routines, which can lead to organizational
disruptions that increase the hazard of failure (Barnett and Freeman, 2001).

Prior studies show that a wide range of organizational and environmental factors
determine investment in new products, such as prior organizational experience (Chen,
2008), performance-aspiration discrepancy (Greve, 2003; Chen & Miller, 2007), top
management team and board composition (Kor, 2006), externally generated performance
target and managerial incentives (Gentry & Shen, 2013), institutionalized investment
patterns (Chen & Miller, 2007), and industry learning intensity (Balasubramanian and
Lieberman, 2010). Under conditions of high uncertainty, firms observe and make
changes as a response to the actions of other firms (e.g., Haunschild & Miner, 1997); but,
the impact of the experience of others, especially the failure experience of peer firms, is
unclear at best. Therefore, we focus on peer failure as an important antecedent of

investment in new products in this study.
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A Shared Fate through Signaling and Categorical Judgment: Peer failure and Investment
in New Products

In the context of investment in new products, vicarious learning is likely to occur
because investment in new products is made under conditions of high risk and
uncertainty and because decision-makers have insufficient information from their own
experience in such conditions. Therefore, decision-makers tend to look outside the focal
firm and attempt to identify indicators or signals to help decisions and reduce uncertainty
(Haunschild & Miner, 1997). Prior studies (e.g., Kim & Miner, 2007; Madsen & Desali,
2010) have highlighted the role of the experience of other firms in general in a focal
firm's subsequent performance and survival rate. However, the value of others'
experience for learning greatly depends on interfirm comparability between the focal firm
and other firms. The more comparable the firms, the more similar the circumstances they
face, and the greater the potential relevance of their experience to the observer (Baum &
Ingram, 1998; Baum et al., 2000). Previous research (Srinivasan et al., 2007; Foucault &
Fresard, 2014) finds evidence that similarly sized peer firms' performance or experience
affects a focal firm’s learning and decision in new product introductions. For example,
Foucault and Fresard (2014) find that a firm's investment is associated with its peers'
market valuation as peer performance conveys additional information about market
opportunities and the market value of the peer firms determined by investors.

The failure experience of peer firms can function as an effective catalyst for
learning and be beneficial for a focal firm because the indirect experience provides a
more varied, heterogeneous experience, which can compensate for the shortcomings of

direct experience (Haunschild & Sullivan, 2002). As a focal firm sells products for which
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demand is uncertain and associated with the demand for peer firms' products, peer
experience in a product market signals to the focal firm about investment opportunities
(Foucault & Fresard, 2014). This focal firm-centric view emphasizes how a focal firm
interprets the experience of peers, takes further actions accordingly, and drives its
learning.

However, external actors also observe, interpret, and learn from the focal firm’s
peers. Furthermore, a firm’s ability to learn and take action can be greatly shaped by
external actors such as shareholders or investors (Boh, Huang, and Wu, 2020; Madesen
and Desai, 2018) because stakeholders often determine the cost and availability of
necessary resources. Despite the fundamental boundary-spanning nature of vicarious
learning, previous research on vicarious learning tends to focus extensively on a focal
firm's perspective while disregarding how external stakeholders might interpret the
failure of the focal firm’s peers and affect its ability and actions. To the best of our
knowledge, one exception to this is a recent work of Madsen and Desai (2018) showing
that population-level factors function as a significant determinant of improvement and
learning in members of an organizational population. Previous evidence shows that
different types of external stakeholders affect a firm’s ability and actions differently (Boh
et al., 2020). In this study, we shed light on the role of investors in vicarious learning
because firms often heavily rely on external funding for investment in new products,

which requires substantial funding.

Signaling Theory and Categorical Judgment
Signaling theory (Connelly et al., 2011; Spence, 1973) suggests that observers,

including both investors and a focal firm, rely on signals, or credible and observable
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quality indicators, to reduce information asymmetries and uncertainty. Some private
information is not available to observers, and the failing firms would have more or better
information about themselves than observers. In the context of investment in new
products, information asymmetries arise due to the latent and unobservable quality of
new products: investors cannot ascertain the quality of new products ex-ante. For
example, in the movie industry, investors attempt to identify and obtain the best movie
projects, but they run the risk of choosing or being offered unfavorable movie projects
because they tend to relatively lack industry-specific expertise and skills compared to the
movie studios, the industry insiders (Hofmann, 2013). Prior studies on signaling theory
demonstrate that in order to reduce the aforementioned information asymmetries and
uncertainty, observers use distinct observable attributes of firms as effective information
signals such as human capital (Ko & McKelvie, 2018), affiliations with third parties
(Bapna, 2019), and the proximity of exchange partners and network embeddedness
(Karamanos, 2003). Research on signaling theory focuses primarily on the attributes of a
focal firm as signals and a dyadic relationship between signaler and receiver. However,
evidence also shows that receivers (e.g., investors and a focal firm) direct their attention
toward associated firms (l.e., peers) to seek for effective signals in highly uncertain
situations (Kang, 2008). However, signaling theory provides little explanation as to
through which process receivers interpret the signals coming from the peer group of a
focal firm.

The concept of categorical judgment (Mervis & Rosch, 1981; Paetzold et al.,
2008; Yu et al., 2008) provides a fruitful way to understand the process observers

undergo to interpret peer-group signals. Prior research finds evidence that rather than
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comparing all the characteristics of individual firms, observers stratify firms into
different categories, which refer to groups of firms that are perceived to be similar or
equivalent in certain respects yet different from firms outside the category (Mervis &
Rosch, 1981). This collective group-specific perception can discredit a focal firm when
there are negative spillovers in the category. Negative information about firms can spread
to other similar firms in the same category via this categorical judgment process, which is
akin to the mechanisms of the stigmatization process (Sutton & Callahan, 1987; Devers
et al., 2009). Hence, one firm’s failure can spill over to similar other firms via a process
of categorical judgment, making similar firms share a fate (Barnett & King, 2008; Greve
etal., 2016).

Combining signaling theory and categorical judgment, we theorize that observing
entities, such as investors and a focal firm, interpret peer failure as a signal that a focal
firm perceived as sharing a category with failed peers will perform similarly in the future.
Because peer firms and the focal firm share similar characteristics, a focal firm tends to
see it as a threat and assume that it may face a similar fate. Investors tend to assess the
failing firms and a focal firm similarly and reach a similar conclusion. Therefore, both a
focal firm and investors may not be motivated to invest further in new products due to the
negative spillover effects.

The impact of the categorical judgment may depend on the availability of internal
cash flow of firms since firms can choose to finance their investment for new product
introductions from a wide array of sources of funds such as internal and external
financing, which are regarded as substitutes (Vanacker & Manigart, 2010). More

profitable and financially free firms tend to demand less external finance, whereas firms
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with negative cash flow (i.e., financially constrained firms) should rely on external
financing for subsequent investment in new products (Brown et al., 2009) Thus, the
impact of the categorical judgment should be more significant for financially constrained
firms than for financially secure firms because investors’ negative perception of the
failure of the focal firm’s peers may restrict the firm’s resources (e.g., external fund) and
its discretion and autonomy in its actions.

Taken together, we posit that all other things being equal, the failure experience
of peer firms will decrease subsequent investment in new products of a focal firm and
that this effect will be more significant for financially constrained firms that rely on
external funding.

Therefore:

!—Iypothesis 1 (H1a): Peer failure will decrease a focal firm’s new product

Investment.

Hypothesis 1 (H1b): The negative relationship between peer failure and NPI
investment is stronger for financially constrained firms than financially rich firms.

Moderating Role of Peer Reputation

Observers may not necessarily rely on a single signal as involved parties may
send an extensive range of signals, including both negative and positive signals (Spence,
2002). One important positive signal is organizational reputation, which determines
investors’ expectations regarding a focal firm’s future behavior and performance (Pfarrer
et al., 2010). Observers, especially investors, use organizational reputation as a signal of
quality and likely behavior and make an overall evaluation of a focal firm relative to its
peers (Fombrun & Shanley, 1990; Shamsie, 2003). Similarly, investors use collective
group-level reputation, the record of a firm’s peer group, to predict the firm’s action and

performance (King et al., 2002; Barnett & King, 2008).
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Prior research demonstrates that firms can hold multiple reputations (Parker et al.,
2019). Two common, important types of reputation that observers consider are reputation
based on financial performance and reputation based on product quality. Although
financial performance is overly used, reputation related to product quality is important,
particularly when there is no objective measure of performance and when evaluations of
artistic output by professionals are influential (Lang & Lang, 1988). This is the case of
cultural industries in which external stakeholders, including investors, heavily rely on
different signals to assess the quality of products. Investors tend to be positively biased
toward firms with a reputation that situate themselves at the core of the field (Cattani et
al., 2014). For example, in the movie industry, industry professionals that evaluate
producing firms are generally elite representatives of the field’s dominant canons and
tend to provide an excessive amount of materials and symbolic resources to the firms
with peer reputation (Cattani et al., 2014). Hence, firms with a high reputation may have
greater access to a larger pool of external resources than those with no or low reputation
(Hannan & Carroll, 1992). We focus on a reputation for product quality and use the term
to refer to investors' perceptions about the ability to deliver a quality product.

Similarly, peer reputation helps acquire legitimacy within the field and thus eases
similar firms’ access to resources (Hannan & Carroll, 1992) because just as negative
spillovers, reputational spillovers exist (Boutinot et al., 2015). Boutinot et al. (2015)
show that different types of reputation, such as peer, market, and expert reputation,
mutually affect each other due to reputational spillover effects. Peer reputation may
provide a focal firm with social endorsement and the visibility necessary to implement its

ideas and build its favorable reputation (Scott, 1995), survive, and grow (Baum & Oliver,
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1992), which motivates the firm to pursue more resource-consuming activities, including
NPIs.

Based on the prior findings and categorical judgment theory, we suggest that just
as negative information about firms can spill over to other similar firms in the same
category via a process of categorical judgment, so too can peer reputation. Peer firms’
accumulated reputation may hence lead to a positive evaluation of a focal firm perceived
as being in the same group as peers by investors, and provide the firm with better access
to external resources necessary to further invest in new products.

Different types of signals interact with one another (Connelly et al., 2011). Hence,
we theorize that the negative signal coming from peer failure can be mitigated when
another aspect of collective group-specific perception (i.e., peer reputation) is favorable.
Due to negative spillover effects, peer failure can decrease the peer group’s economic
capital. However, as the peer group's reputation becomes greater, the group accumulates
"symbolic capital” that can serve as an alternative to economic capital and benefit the
group in the form of power and influence with stakeholders (Bourdieu, 1977). As such,
peer reputation should attenuate a negative signal coming from peer failure and the
degree to which peer failure negatively affects the likelihood of investment in new
products. Thus, we hypothesize the following relationship:

Hypothesis 2 (H2a): Peer reputation will attenuate the negative relationship

between peer failure and a focal firm’s new product investment.

112



Moderating Role of Industry Growth

The environment or context in which signaling occurs may affect the signaling
process (Connelly et al., 2011). A firm is part of not just its peer group but also the
industry, and these two groups do not necessarily share contexts. Hence, we posit that
another external factor that can shape firm strategy and attenuate the negative spillover
effect is industry growth. Industry growth indicates support for organizational growth,
and it is manifested in high industry sales (demand) growth (Dess & Beard, 1984).
Industry growth tends to increase the size of the pie for all competing firms, introduces
more significant resource opportunities, and hedges against environmental threats and
risks. Firms can afford higher degrees of flexibility, freedom, and discretionary
opportunities when they are in a resource-abundant context than when they are in the
resource-scarce context (Hambrick & Finkelstein, 1987). Similarly, to investors and a
focal firm, the losses related to faulty investment decisions may be less damaging in
resource-rich environments than in resource-scarce environments.

Peer firm failure can be viewed as a negative signal by observers; however, we
suggest that such a negative signal can be mitigated when the environment is resource-
abundant. In resource-rich environments, as the resource pool grows larger, competition
deescalates, and production acceptance is more assured. The relative abundance of the
resources necessary to operate within the industry buffers firms from future hardship
(Dess & Beard, 1984). Hence, investors and a focal firm in such environments take
proactive steps to exploit market opportunities by increasing high-risk investments,
whereas those in resource-poor environments become more selective and defensive in

their decision making (Covin & Slevin, 1989). In other words, investors and a focal firm
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tend to reap benefits when they are in the resource-rich industry than the resource-scarce
industry. Accordingly, the negative-spillover effect hypothesized earlier should be
weaker in the resource-rich industry than in the resource-scarce industry, implying the
moderating effect of industry growth. Following this reasoning, we hypothesize the
following relationship:

Hypothesis 3 (H3): Industry growth rate will weaken the negative relationship

between peer failure and a focal firm’s new product investment.

Empirical Analysis
Data Sample and Data Sources

Our study focuses on movie producers, arguably the central player in the U.S.
movie industry. Movie producers are considered dealmakers or decision-makers akin to
CEOs (Narayan & Kadiyali, 2016). The main task of movie producers is to mobilize and
coordinate resources in the movie development process by fundraising, budgeting, genre
selection, and assisting in the production. Deciding an investment strategy is particularly
important due to the inherent risk of introducing new movies (Natividad, 2013). The risk
mainly arises from the fact that revenue and profit in the movie industry are highly
unpredictable; film demand is only observed after release. Moreover, greater competition
and technological advancement has increased movie production costs, which in turn
increases the revenue required to break even. Thus, investment decisions have become
even more important in recent years (Eliashberg & Elberse, 2006).

Information about the performance of peer movie producers plays a crucial role in

the industry (Shamsie et al., 2009): Movie producers use information on peer failure or
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success to determine strategies, such as budgeting and movie release strategies, for their
next projects. Peer performance at the box office significantly affects a focal firm as it
can limit the number of financial and production options available to the firm. For
example, the miserable failure of one movie that bankrupted its production firm (i.e.,
Heaven’s Gate by United Artists) affected its peer firms such that other production firms
suffered from lack of financing options.

The U.S. movie industry between 1980 and 2013 is the optimal setting to explore
the relationship between peer failure and NPI investment. First, failure in the industry is
salient and frequent, and failures vary among movie producers. Some producers
experience several box-office failures in a given year, whereas others may face one or no
box-office failures. This variation provides a good setting to study the effects of peer
failure. Second, the emphasis on peer reputation as a key resource for movie producers as
well as the availability of information on movie awards, common proxies of peer
reputation, provide a fruitful setting to examine the moderating effects of peer reputation
(Cattani et al., 2014). Third, a wealth of detailed information on the movie projects
purused by each production firm over the past 36 years allows for the construction of
refined proxies that help examine changing budgeting strategy dynamics.

Our data come from three different sources, The Internet Movie Database (IMDDb),
Box Office Mojo, and The Numbers. From IMDb, the most popular, reliable movie
database, we collected the following information of all movies released in the U.S.
between 1980 and 2013; year of release, genre(s), production budget (if available), box-
office revenues (if available), running time, producer(s), distributor(s), actor(s), consumer

rating, and award(s). Box Office Mojo, an independently run subsidiary of IMDb, and
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The Numbers, a website providing movie financial analysis, provided financial
information such as production budgets and domestic gross box office revenue. IMDb
served as the main data source, and the rest served as supplementary data sources; any
missing information on IMDb was filled from either Box Office Mojo or The Numbers.
We assembled data from these sources using an internally developed Python
script for web scraping. Our Python script searches through all movies listed online and
downloads multiple html pages for each movie, such as the main page, the company
credits page, and the box office page, to collect the information we need. After running
the script at least twice to ensure that the script correctly extracted the information, we
combined the data from these sources using movie title and year of release. We then
reorganized the resulting movie-year dataset into the producing firm-year dataset. To test
our hypotheses, we selected firms that meet the following criteria: 1) movies released by
a firm have public records of box office revenues and production budget, 2) firms have
released movies more than once during the study period, and 3) five-year average Return
on Investment (ROI) of firms does not exceed 1,000; this exceptionally huge ROI in our
data was identified as an outlier. This resulted in an unbalanced panel dataset of 1,775

production firms over a time span of 34 years.

Variables
Dependent Variables. Our dependent variable is NPI Investment. Following
prior research (e.g., Miller and Bromiley, 1990), we used the production budget adjusted
for sales to measure the likelihood of investment in new products. As investment in new
products is inherently risky, many studies highlight the risky nature of investments. For

example, higher expenses such as large R&D expenditures are regarded as risky
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investments because the high level of market and technology uncertainties rooted in
R&D investment makes it difficult to know whether the investment will lead to
successful new products or services (Miller & Bromiley, 1990). Like firms with high
levels of R&D expose their business to risk, movie producing firms with bigger
production budget put their business to considerable risk: in line with the inherent risk in
movie investment, production costs have significantly increased since the 1980s, which
further increases risk of box office failure and even firm failure (Eliashberg & Elberse,
2006). Hence, movies in cultural industries and R&D projects in science-based industries
are similar in the sense that the tastes of audiences (consumers) cannot be predicted, they
have a high failure rate, and they can also have a long production (development) time.
Accordingly, adopting a commonly accepted measure of R&D intensity, we
operationalized NPI Investment (Invest_int) as a log-transformed production budget
invested by a firm i at year t divided by the average B.O. revenue of a firm i in the past.
Following Ugur, Trushin, and Solomon (2016), we log-transformed the variable (e.g.,
In(Invest_int)) to approximately conform to normality since the production budget
adjusted for sales was highly skewed to the right.

The full sample includes both financially free and constrained firms, which makes
it difficult to disentangle the impact of two agents (the firm and its investors) on the
investment decision. In the movie industry, even firms with high internal cash reserves
are concerned with external capital availability (Vogel, 2011), but these firms tend to
have more flexibility in terms of financing options. From the data we have, it is not

feasible to figure out how much of a budget was obtained from external finding.
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Therefore, we focused on the NP1 investment of firms that are financially constrained and
have no options for internal financing to capture the perspective of external investors.

Independent Variable and Moderator Variables. This paper focuses on the
role of vicarious learning in the change in investment strategy of an observing firm. Thus,
our key independent variable in our analysis is the failure experience of peer firms.
Failure experience in this context is defined as the attainment of box-office flops, a
highly unprofitable outcome of movies. Operationalizing failure using box office
performance is directly related to the theoretical processes and is an appropriate measure
in this context. First, movie producers experience non-catastrophic box office failures
frequently; the frequency of failures helps us study how firms learn from frequent failures
and make changes accordingly. Theoretically, frequent failures provide firms with useful
feedback that helps shape the direction of their subsequent decisions: Firms can intuit a
more refined understanding of causal relationships and reallocate resources accordingly
(Eggers, 2012). Second, box office failures are salient and economically significant, as
they can effect irrecoverable damages in the businesses involved. Prior research on
organizational learning and failures often examines more extreme forms of outcomes,
such as the mortality rate across surgeries at hospitals (Desai, 2015), railroad accident
rate (Desai, 2010), and accident rate for airlines (Haunschild & Sullivan, 2002). The
frequent emphasis on such outcomes comes from the fact that failure in those areas can
damage customer relations or ruin a reputation, and consequently poses great financial
risks (Barney & Hansen, 1994). Similarly, box office failures can damage a firm

reputation and even shut down businesses: for example, A Sound of Thunder, a horror
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movie released in 2005, only recouped $1.9 million out of an $80 million investment,
putting its studio, Franchise Pictures, out of business.

To define firm-level failures, we first specified movie-level failures. As the
industry’s general rule of thumb, net profit for a movie is estimated as one-half of the box
office revenues minus production budget (De Vany, 2011): Approximately one-half of
box office receipts are sent back to the distributors in general, and a movie would need to
make at least twice its production budget to break even. Net profit for a movie k in year t

is therefore calculated as one-half box office revenue minus production budget:

Profit; . = gk — Ci, where R is the box office revenue of a focal movie k and C is its

production budget. ° Using the value of Profit,, to define whether a focal movie k is
failed in year t, we created a dummy that equals one when the movie k does not generate
positive profit (e.g. Profit, , < 0) in year t, and zero otherwise. We then specified the
failure experience of each firm as the ratio of the number of failed movies to the total
number of movies released by a focal firm i over the past five years. We used a 5-year
sliding window of failure experience of other firms rather than their entire cumulative
failure experiences because the standard specification of using the entire cumulative
history of both failures and success produces biased results and erroneous significance
(Bennett & Snyder, 2017).

In order to define peers of a focal firm i, we first computed a weighting factor that

indicates how similar one firm is to another. For a given firm, we calculated a weighting

° Our data do not contain information on other expenses, such as marketing, partly because Hollywood
producers are not required to disclose accounting information. As such, some researchers use the difference
between box office revenue and production budget as a proxy for movie profit. However, marketing
expenses often account for more than 50% of a movie’s total budget. Following the industry’s rule of
thumb, our measurement is more conservative, as movies that are unable to recoup twice their production
budget are considered clear failure from production firms’ perspectives.
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factor, W;;, of all other firms based on firm size similarity; firm size is a common
criterion, on which external actors base their categorization of firms as it is an easily
observable characteristic that helps external actors to judge the relevance of information

about one firm for another (Jonsson et al., 2009; Love & Kraatz, 2009). The formula for

the weighting factor was W;; = ﬁ , Where w is the absolute value of firm size
difference between firm i and j.1° The weight equals one if firm i and firm j are
completely identical and is closer to zero if they are completely different. Finally, we
computed the failure experience of peers of a firm i as: Peer firm failure; =

(Wi - F)/ X Wi, where W;; is the weighting factor based on firm size similarity, and
F; is the failure experience of the other firm j. The more similar firm i is to the other firm
J, the larger contribution of F; to the peer failure.

Peer reputation, one of the moderator variables, was measured as the weighted
average number of movie awards and nominations a focal firm’s peers received over the
past five years. In the movie industry, it is difficult to determine the quality of a movie
before the movie is released, and thus movie awards and nominations are often used as a
signaling device of quality (Holbrook, 1999). Movie awards can be classified based on
selection system, such as peer-based, expert-based, and consumer-based (Hadida, 2010).
For example, prestigious awards and nominations such as the Oscars are selected by
industry professionals, whereas the People’s Choice Awards are selected by consumers.
Movie awards and nominations also differ in their effectiveness and impact on industry

peers and consumers (Gemser et al., 2008). Consumer-selected and other non-prestigious

10 We calculated firm size as the aggregated number of movies projects in which a focal firm participated
for the past ten years, a common proxy for firm size in this context (e.g. Lampel and Shamsie, 2000).

120



awards and nominations may not receive as much reputation by industry peers as peer-
selected prestigious awards and nominations do.

Therefore, for this variable, we calculated the total number of peer-selected (e.g.,
Academy Awards) and expert-selected (e.g., Golden Globe Awards) movie awards and
nominations a focal firm received over the past five years. We then computed the
reputation of peers of a firm i as: Peer reputation; = Y.;(W;; - PR;)/ X.; W;;, where
W;; is the weighting factor based on firm size similarity, and PR; is the weighted average
number of movie awards and nominations other firm j received over the past five years.
Industry growth rate, another moderator variable, was operationalized as the annual
percentage rate of change of B.O. revenues in the industry from the average of the
previous five years to the current year. This measure of industry growth has been widely
used by previous studies (e.g., Datta et al., 2005; Hambrick & Abrahamson, 1995).

Control Variables. As our study highlights peer firms’ failure experience and
characteristics, we followed prior research in conducting peer firm characteristic
variables (e.g., Gupta & Misangyi, 2018; Leary & Roberts, 2014). Peer characteristic
variables are conducted using the weighted average of firms, excluding the focal firm,
and control variables are added at both focal firm-level and peer-firm level.

First, we controlled for several factors at the focal firm level. Because a firm’s
own failure experience affects its investment decisions, we added a control variable for
the focal firm failure rate, which uses the same measurement as our key independent
variable: the ratio of the number of failed movies to the total number of movies released
by a focal firm over the past five years. As firms with higher reputation have greater

access to important resources of peers and hence have more flexibility to seek risky
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options, we controlled for focal firm reputation. To capture the momentum effects that
display firms’ tendency to repeat previous actions, we added NPI investment tendency in
the past five years. For this variable, we computed the average of NPI investment over
the past five years. Because firms with spare resources tend to have greater opportunities
for experimentation and risk-taking (Greve, 2003), we controlled for focal firm financial
slack. Financial slack is measured as the log-transformed cumulative surplus of box
office revenue minus production budget of the whole movie project in which a firm
participated over the past years. To control for the effect of the focal firm’s profitability
and internal cash flow on its subsequent investment decision, we added a focal firm
return on investments (ROI). To capture systematic differences because of firm
prominence, we also added focal firm size (in logarithmic form). Following prior research
in the movie industry (e.g. Natividad, 2013), we operationalized the variable as the
number of movie releases of a firm in the past 10 years and created quartile dummies of
the variable every year. As older firms tend to be reluctant to changes and stick to the
existing norm of business (Sorensen & Stuart, 2000), we controlled for focal firm age,
measured as the number of years elapsed since the first record of a firm in the sample.
Second, we controlled for several factors at the peer firm-level, all of which were
calculated as the weighted average of all peers, excluding the focal firm. As our study
focused on inter-organizational influences on the focal firm’s NPI investment, we
controlled for peer firms’ NPI investment tendency in the past five years. We further
controlled for different characteristics of the peer firms, specifically peer firms’ financial

slack, peer firms’ ROI, and peer firms’ size.
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Third, we controlled for environmental factors. To capture the effect of industry
volatility, we included a measure of industry dynamism. Following the previous research
(e.g., Datta et al, 2005), we first regressed the natural logarithm of the annual industry
B.O. revenues in the previous five years over the years in the study period, and then
calculated the antilogarithms of the standard errors of the regression coefficient. These
antilogarithms reflect the extent to which a firm faces an environment that is volatile. To
control for the effect of competition, we added competitive intensity, measured as the
average number of movies released in the past five years, and market concentration,
measured by using the Herfindahl-Hirschman Index (HHI). For the HHI index, we first
squared the market share of each firm based on its B.O. revenue and then summed the
resulting numbers.

Fourth, we included firm dummies to control for other unobserved time-invariant
heterogeneity between firms and year dummies to capture the effects of variations in
macroeconomic factors over time that are common to all firms for a given year. Lastly,
following Dawson (2014), we mean-centered all predictor variables to avoid a high
degree multicollinearity problem due to including the interaction terms associated with
numerical instability of the estimates and inflated standard errors. Detailed definitions

and descriptive statistics for the variables are shown in Table 4.1.

Statistical Model and Analysis
We employed a two-way fixed effects model with robust standard errors clustered
at the firm level because our dependent variable is a continuous variable including both
negative and positive values. Firm-fixed and year-fixed effects are added as the Hausman

test failed to reject the null hypothesis that the coefficients from fixed and random effects
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are not systematically different. Right-hand side variables were computed based on
rolling windows of the past five years (and three years for robustness checks) to reduce
the possibility of simultaneity or reverse causality bias and erroneous significance. The 5-
year window is an appropriate length to examine how a firm learns from and reacts to
peer firms’ cumulative past failures, given that an average time lag between the movie
idea inception and the actual movie releases in the industry is 18 months. The longer the

window is, the greater the possibility of having biased results (Bennett and Snyder, 2017).
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Table 4.1. Summary and descriptive statistics (N=6,614) 11

Variable Description Mean Std Dev. Min Max
NPI Investment Firm’s production budget 1;12 a given year divided by past box office 132 500 1136 8.17
revenue (log-transformed)
Peer firm failure =~ Weighted average of peer firms’ ratio of failed movie projects in the
past five years 0.02 0.08 -0.37 0.10
Peer reputation Weighted average of peer firms’ number of prestigious movie awards
and nominations in the past five years (log-transformed) 0.58 0.63 -0.86 2.62
Eeer NPI Welghted_ average of peer firms’ diversification (modified HHI) ratio in 014 113 388 431
investment the past five years
Peer slack Weighted average of peer firms’ slack (cumulative surplus of box office
resource revenue minus production budget of the whole movie project the firms 0.38 1.15 -1.48 4.90
participated (log-transformed))
Peer ROI Weighted average of peer firms’ ROI in the past five years -1.73 4.61 -5.96 26.80
Peer size Quartiles of the weighted average of peer firms’ logged number of
movie releases in the past 10 years (quartile dummies are created every 3.51 0.70 1.00 4.00
year)
Failure rate Ratio of failed movie projects in the past five years 0.00 0.27 -0.82 0.18

----- (. . .which forces a page break here)

1L All dollar values are in 100 million of 2015 real dollars, inflation-adjusted by the Consumer Price Index.

12 Excessively right-skewed variables were log-transformed. Following Dawson (2014), all predictor variables are mean-centered.
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Table 4.1. (Continued)

Variable Description Mean Std Dev. Min Max

Firm reputation Number of prestigious movie awards and nominations in the past five 0.63 0.96 027 3.5
years

NPI Investment Avera}ge production budget divided by past box office revenues in the 044 533 -9.80 10,66

tendency past five years (log-transformed)

Slack resource Cumulative sur_plus c_)f box c_)fflce re_vgnue minus production budget of 912 6.96 104 2151
the whole movie project a firm participated (log-transformed)

ROI Average ROI _(ratl_o of net pro_flts of the movies to total production 107 7911 509 3609.04
budget) of a firm in the past five years

Firm size Quartiles of_logged nl_meer of movie releases of a firm in the past 10 381 0.47 1.00 4.00
years (quartile dummies are created every year)

Firm age Number of years passed since the first record of a firm 2.04 16.20 -9.57 81.93

Industry growth Average growth in industry sales over the past five years 001 0.24 034 0.89

rate

Industliy S_tandard error of the regression slope for industry sales over the past 0.00 0.01 001 0.03

dynamism five years

_Compfetltlve Average number of movies released in the past five years 82 33 498.81 -759.29 836.71

intensity

Market Average Herfindahl-Hirschman index (HHI) in the past five years 2391 50.41 46,81 459.12

concentration
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We specified our model in the following functional forms:
Risk taking;

= PBo + By Peer Failure; ,_,

+ B,Peer Failure;,_, X Peer Reputation;,

+ p3Peer Failure;;_, X Industry Growth Rate,_; + X;,_10 + &,
where the indices i and t correspond to the focal firm and year, respectively. X is a vector
of control variables including year dummies and firm dummies, and ¢;  is the firm-year
specific error term assumed to be correlated within firms and heteroskedastic. As such,
we clustered the standard error terms at the firm level to account for serial correlation or
heteroscedasticity across firms that the fixed-effects estimator does not consider.

Results
Main Results

Table 4.2. provides correlations for all variables of this study. The correlation
coefficients among some explanatory variables were in the moderate to fairly high range.
For example, correlations between peer firms’ financial slack and other peer-firm
characteristic variables were generally high (e.g. from -0.06 to -.80). High correlations
among explanatory variables can cause multicollinearity, thereby inflating standard errors
and making parameter estimates less efficient. However, multicollinearity does not bias
parameter estimates and is not considered a serious problem (Cohen and Cohen, 1983),
particularly when the coefficients of the variables of the interest are not affected. We
confirmed that explanatory variables with relatively high correlations including peer

firms’ financial slack variables did not affect our variables of interest and were only used
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as control variables because the results were consistent when we excluded the variables.
Therefore, multicollinearity was not likely to be a cause for concern in our models.

Table 4.3. reports the results of our analyses that test hypotheses regarding the
effect of peer firms’ failure on a focal firm’s subsequent NPI investment. Model 1
represents a baseline model with only the control variables. Model 2 examines the effect
of peer firms’ failure on NPI investment (Hypothesis 1a). Models 3 and 4 examine the
moderating effect of peer firms’ reputation and industry growth rate, respectively. Model
5 presents the full model including all effects entered simultaneously. The result of the
baseline model showed that some of the control variables were significantly related to
NPI investment. Peer reputation had a negative and significant effect on the likelihood of
NPI investment (p<.001 in all models), indicating that as peer firms’ reputation became
greater, an observing firm is less likely to increase new product investment. The
coefficient for ROl was positive and significant, indicating that firms with a higher ROI
are more likely to invest in new products. This finding is in line with prior work
suggesting that a firm with better financial performance tends to take more risk than that
with low financial performance (Singh, 1986).

Model 2 showed that, ceteris paribus, peer firm failure had a significant negative
effect on the observing firm’s NPI investment (p<0.01), providing strong support for
Hypothesis 1. Model 3 tested Hypothesis 2 by examining the moderating effect of peer
firms’ reputation on the relationship between peer firms’ failure and a focal firm’s NPI

investment.
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Table 4.2. Correlation matrix (N=6,614)

1 2 3 4 3 6 7 8 9 10 1 12 13 14 15 16 17 18
1. Investment intensity
2. Peer firm failure 0.16
3. Peer reputation -0.33 -0.37
4. Peer investment infensity 017 053 -048
5. Peer slack resource -0.24 078 066 -0.67
6. Peer ROI 008 016 -020 026 -0.16
7. Peer size -021 015 063 -006 015 -0.02
8. Firm failure 028 032 -007 0.8 -025 004 011
9. Firm reputation -032 017 056 -023 037 -009 030 -0.13
10. Investment intensity tendency 065 017 -035 019 -027 007 -018 028 -029
11. Slack resource -029 -042 016 -024 039 -001 -0.10 -062 013 -032
12. ROI -0.09 -0.10 005 -006 009 000 -0.02 -020 001 -012 0.5
13. Firm size -0.17 o001 051 -012 018 -007 076 005 022 -0.13 -006 -0.01
14. Firm age! -0.30 -006 043 -012 024 -005 024 002 031 -039 015 006 0.13
I5. Industry growth rate -0.08 -042 020 -023 032 006 -0.02 -0.15 010 -007 018 003 002 0.03
16. Industry dynamism -0.09 -040 0.9 -006 027 045 004 -015 010 -009 021 006 002 007 028
17. Competitive intensity 015 076 -040 067 -08 038 009 024 -017 017 -031 -008 -0.06 -006 -0.25 -0.04
18. Market concentration -0.15 071 034 -034 060 016 000 -024 016 -0.17 034 009 004 010 027 060 -048
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Table 4.3. Fixed effect OLS estimates of subsequent NPI investment of full samples

1) ) @) (4) (®)
DV: NPI Investment Model 1 Model 2 Model 3 Model 4 Model 5
Peer firm failure (H1) -5.173** -3.446* -8.319*** -6.836***
(1.578) (1.609) (1.882) (1.910)
Peer firm failure x Peer reputation (H2) 3.247%** 3.384***
(0.797) (0.776)
Peer firm failure x Industry growth rate (H3) 13.298** 14.636**
(4.362) (4.305)
Peer reputation -0.848*** -0.836*** -3.682*** -0.833*** -3.798***
(0.161) (0.160) (0.737) (0.160) (0.719)
Industry growth rate -0.171 -0.190 -0.264F -12.120** -13.397**
(0.148) (0.148) (0.152) (3.921) (3.872)
Peer NPI investment -0.004 0.019 0.061 0.005 0.048
(0.074) (0.074) (0.073) (0.074) (0.074)
Peer slack -0.173F -0.187* 0.020 -0.205* 0.010
(0.089) (0.088) (0.097) (0.088) (0.097)
Peer ROI -0.006 -0.006 -0.004 -0.005 -0.003
(0.012) (0.012) (0.012) (0.012) (0.012)
Peer size -0.145* -0.105 -0.077 -0.102 -0.072
(0.067) (0.067) (0.068) (0.067) (0.068)
Firm failure 0.244* 0.230F 0.291* 0.209% 0.270*
(0.124) (0.124) (0.121) (0.124) (0.121)
Firm reputation -0.091* -0.088* -0.092* -0.088* -0.091*
(0.043) (0.043) (0.043) (0.043) (0.043)

(. . .which forces a page break here)
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Table 4.3. (Continued)

) (2 3 4) ®)
DV: NPI Investment Model 1 Model 2 Model 3 Model 4 Model 5
NPI Investment tendency 0.021 0.020 0.011 0.018 0.008
(0.028) (0.028) (0.028) (0.028) (0.028)
Slack resource -0.007 -0.007 -0.004 -0.007 -0.004
(0.005) (0.005) (0.005) (0.005) (0.005)
ROI 0.009*** 0.009*** 0.009*** 0.009*** 0.009***
(0.002) (0.002) (0.002) (0.002) (0.002)
Firm size -0.089 -0.077 -0.087 -0.062 -0.071
(0.081) (0.082) (0.081) (0.082) (0.082)
Firm age 0.176* 0.159* 0.148+ 0.156* 0.144+
(0.076) (0.076) (0.076) (0.076) (0.076)
Industry dynamism -32.518* -33.382* -18.155 -38.193** -22.811
(14.651) (14.578) (14.470) (14.637) (14.525)
Competitive intensity -0.004*** -0.004*** -0.004*** -0.004*** -0.004***
(0.001) (0.001) (0.001) (0.001) (0.001)
Market concentration 0.005* 0.001 0.002 0.003 0.004
(0.002) (0.002) (0.002) (0.002) (0.002)
Constant 38.319* 44.161** 23.723 52.140*** 31.648*
(15.293) (15.280) (15.260) (15.450) (15.415)
Observations 6,614 6,614 6,614 6,614 6,614
Number of firms 1,775 1,775 1,775 1,775 1,775
Firm fixed effect Yes Yes Yes Yes Yes
Year fixed effect Yes Yes Yes Yes Yes
R-squared 0.213 0.215 0.218 0.216 0.220
F-test 21.41%** 21.23*** 20.96*** 21.12%** 20.90***

Notes: Robust standard errors appear in parentheses. *** p<0.001, ** p<0.01, * p<0.05, 1 p<0.1
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The interaction of peer firms’ failure by peer firms’ reputation was positive and
significant (p<.001), which lends strong support for Hypothesis 2 predicting that peer
reputation weakens the relationship between peer firms’ failure and NPI investment of an
observing firm. Model 4 showed that, ceteris paribus, industry growth rate weakened the
negative effect of peer firms’ failure on NPI investment (p<.01), offering strong support
for Hypothesis 3. The result suggested that the degree to which peer firm’s failure affects
the likelihood of risks taking of an observing firm is less affected by higher industry
growth rate than it is by lower industry growth rate. Model 5 included all our variables
and moderator variables. The moderator variables, peer reputation and industry growth
rate, were still positive and significant (p<.001 and p<.01 respectively).

Table 4.4. reports the results of our analyses based on sub-samples (i.e.,
financially constrained firms). This sub-sample analysis better captures the perspective of
external financers because firms that have no internal cash reserves or are financially
constrained should depend on external capital for future investment. These results lend
strong support for all hypotheses. Model 2 examines the effect of peer firms’ failure on
NPI investment, and the coefficient is larger than in the subsample than that in the full
sample as expected (Hypothesis 1b). Model 5 shows that the moderator variables, peer
reputation, and industry growth rate remained positive and statistically significant
(p<.0land p<0.05 respectively). Additionally, we conducted a two-sample t test to assess
whether there is a mean difference between financially constrained and financially free

firms (see Table 4.5.).
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Table 4.4. Fixed effect OLS estimates of subsequent NPI investment of financially

constrained firms (N=5,696)

1) ) ©) (4) (®)
DV: NPI Investment Model1  Model2  Model 3 Model 4 Model 5
Peer firm failure (H1) -6.869**  -5580** -9.327***  -8.010**
(2.123) (2.125) (2.334) (2.336)
Peer firm failure x Peer 3.432** 3.410**
reputation (H2)
(1.188) (1.177)
Peer firm failure x Industry 15.677**  15.441*
growth rate (H3)
(5.995) (5.967)
Peer reputation -0.932***  -0,939*** -3.945*** .(0,035%** .3,922%**
(0.189) (0.188) (1.083) (0.188) (1.075)
Industry growth rate -0.110 -0.128 -0.199  -14.192** -14.051**
(0.158) (0.158) (0.162) (5.388) (5.362)
Peer NPI investment -0.082 -0.082 -0.035 -0.100 -0.053
(0.092) (0.090) (0.090) (0.091) (0.090)
Peer slack -0.132 -0.154 0.031 -0.1747 0.010
(0.095) (0.095) (0.209) (0.094) (0.108)
Peer ROI -0.015 -0.015 -0.012 -0.014 -0.012
(0.013) (0.013) (0.013) (0.013) (0.013)
Peer size -0.116 -0.075 -0.045 -0.069 -0.039
(0.077) (0.078) (0.079) (0.078) (0.079)
Firm failure 0.155 0.115 0.115 0.097 0.098
(0.205) (0.207) (0.208) (0.206) (0.207)
Firm reputation -0.111* -0.106* -0.108* -0.104* -0.106*
(0.049) (0.049) (0.049) (0.049) (0.049)
NPI Investment tendency 0.045 0.043 0.038 0.042 0.036
(0.032) (0.032) (0.032) (0.032) (0.032)
ROI 0.009***  0.009***  0.009***  0.009***  (0.009***
(0.001) (0.001) (0.001) (0.002) (0.002)
Firm size -0.097 -0.071 -0.076 -0.061 -0.066
(0.096) (0.097) (0.097) (0.097) (0.097)
Firm age 0.212* 0.192* 0.180* 0.191* 0.179*
(0.088) (0.087) (0.087) (0.087) (0.087)
Industry dynamism -35.991*  -39.137*  -25.633  -43.811** -30.326}
(15.856)  (15.867)  (15.753)  (16.043) (15.932)

. .which forces a page break here)

133



Table 4.4. (Continued)

1 2) 3 4) ®)

DV: NPI Investment Model1  Model2 Model 3  Model 4 Model 5
Competitive intensity -0.005*** -0.005*** -0.005*** -0.005*** -0.005***

(0.001) (0.001) (0.001) (0.001) (0.001)
Market concentration 0.006* 0.001 0.002 0.003 0.004

(0.003) (0.003) (0.003) (0.003) (0.003)
Constant 42.496* 52570**  34.522* 59.797***  41,759*

(16.501) (16.817) (16.806)  (17.148) (17.149)
Observations 5,696 5,696 5,696 5,696 5,696
Number of firms 1,628 1,628 1,628 1,628 1,628
Firm fixed effect Yes Yes Yes Yes Yes
Year fixed effect Yes Yes Yes Yes Yes
R-squared 0.215 0.217 0.219 0.218 0.221
F-test 19.09***  19.30*** 19.13*** 19.10***  18.92***
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Table 4.5. Differences in NPI investment mean of financially free firms vs. financially
constrained firms (Group 0 = 918 financially free firms vs. Group 1 = 5,696 financially

constrained firms)

Financial Obs Mean

Zoqnusitr:?illr;t Group  Group  Group  Group t-value p-value
0 1 0 1

1 (Least) 918 429 -2.27 0.06 -17.39 0.00

2 918 707 -2.27 -0.29 -20.17 0.00

3 918 875 -2.27 -0.61 -19.85 0.00

4 918 1,269  -2.27 -0.97 -18.77 0.00

5 (Severe) 918 2,416  -2.27 -1.93 -6.01 0.00

All 918 5696  -2.27 -1.16 -20.99 0.00

Total 6,614 (= 918 + 5,696)

We created quintiles based on the degree of financial constraint of a firm (i.e.,
negative or zero profitability) and then conducted a t-test per quintile. The result showed
that the difference in means between the two groups is statistically significantly different
from zero. This implies that financially constrained firms on average behave differently
from financially free firms in terms of a subsequent investment decision and that it is
appropriate to divide the samples and conduct the sub-sample analysis. We plotted the
significant interactions in Figures 4.1. and 4.2. to help the interpretation of the findings.

Figures 4.1. and 4.2. illustrate our theoretical framework and hypothesized the
moderating effects of peer reputation and industry growth rate on the observing firm’s
response to peer firm failure through NPI investment. For simplification, we first
categorized peer firms’ reputation into three levels (i.e., low, medium, and high) despite

conceptualizing and measuring this variable as continuous.
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Figure 4.1. The moderating effects of peer reputation on the relationship between

peer firm failure and NP1 investment of financially constrained firms (N=5,696)
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Figure 4.2. The moderating effects of industry growth rate on the relationship
between peer firm failure and NP1 investment of financially constrained firms

(N=5,696)

For ease of interpretation of logged NPI investment, we replaced the value with its anti-
logarithm on the y-axis of the graph. Consistent with our hypotheses, Figure 1 showed
that the relationship between peer firm failure and NPI investment changes based on the
degree of peer reputation: the degree to which peer firm failure affects NP1 investment
was more affected by lower reputation of peer firms than it was by higher reputation.
Similarly, to provide a graphical presentation of the moderating effect of industry growth
rate, we categorized industry growth rate into three levels. As the Figure 2 depicted, a
firm experiencing higher industry growth rate was more likely to be funded by investors
following peer firms’ failure than a firm with lower industry growth rate, lending support

for Hypothesis 3.

Robustness Checks

We conducted several robustness checks®™® to further probe the results discussed
above. First, we re-tested all models using different criteria to specify peer firms. We
defined relevant peer firms as firms with similar size and/or market niche width (i.e., the
level of specialization). We added market niche width as an additional criterion to specify
peer firms because firms with similar market niche width display similarities in the goals,
routines, and resources (Sorenson, McEvily, Ren, and Roy, 2006). For example, firms
with greater market niche width (i.e., generalists) tend to take more actions, such as

introducing new products, to expand their resource niche, whereas firms with narrower

13 All results for robustness checks are available upon request from the authors.
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market niche width (i.e., specialists) tend to focus on a particular niche. This can be
applied to the movie industry in the sense that independent movie studios are more likely
to focus on a single genre or target audience than major movie studios are. We found that
the results were robust but with different levels of significance.

Second, we re-tested all models using a 3-year rolling window of failure
experience of peers instead of the 5-year rolling window. All explanatory variables
including peer firms’ failure experience that had been created based on a 5-year average
were recreated based on a 3-year average. The 3-year window can be a bit short to
examine how an observing firm responds to peer firms’ cumulative past failures, given
the fact that firms on average take 18 months to release a movie from its inception.
Regardless, we found that the results were consistent. However, as more observations
were dropped, the explanatory power of the models decreased.

Third, we re-tested all models using the different sample period to ensure that the
relationships we observe are not due to historical legacy. Since 2010, online streaming
services such as Netflix have significantly transformed the landscape of the entertainment
industry by increasing the availability of movies. As such, consumers are more likely to
purchase products that are appealing to smaller audiences (Brynjolfsson, Hu, and
Simester, 2011), leading to changes in the patterns of investments in movies (Benner and
Waldfogel, 2020). These movie studios may no longer necessarily focus on large
investments while seeking greater amounts of external capital. After excluding sample
years after 2010, the results hold in the subsets of sample period that includes years

between 1980 and 2010, between 1985 and 2010, and between 1990 and 2010.
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Fourth, we re-tested all models using an alternative measure of the dependent
variable. We originally adopted a common measure of R&D intensity, using a total
production budget divided by average past B.O. revenues of a firm as a proxy for NPI
investment. Rather than using the ratio, we also created a log-transformed production
budget as an alternative measure of the dependent variable. The results remained robust
to this alternative dependent variable.

Fifth and finally, we re-tested all models in the different sub-sample analyses.
Bigger, more established firms are likely to have lower costs of external financing and
less likely to face large financial frictions than small firms (Hennessy and Whited, 2007).
We divided the full samples into large vs. small firms and compared the results. The
results were robust to this sub-sample analysis and as expected, the coefficient magnitude

for the variables of interest was greater for small firms than for large firms.

Discussion and Conclusions

As previously discussed, the bulk of previous studies on vicarious learning have
shed much light on a focal firm’s perspective and firm-driven learning without theorizing
the role of the external factors that can shape the ability of the firm to learn and take
actions despite the fact that vicarious learning is fundamentally boundary-spanning
(Madsen and Desai, 2018). To a focal firm, the failure experience of peer firms can be
beneficial in the sense that indirect experience provides a more heterogeneous experience
that can compensate for the shortcoming of direct experience (Haunschild and Sullivan,
2002). This focal firm-centric view emphasizes how a focal firm interprets the experience
of peers, takes further actions accordingly, and drives its learning. However, a firm

observes and learns from peer failure through boundary-spanning processes, and its
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actions are greatly affected by external stakeholders, such as investors, that determine the
availability of resources that are necessary for the firm to implement actions properly.

In this paper, we draw on the concept of signaling and categorical judgment to
theorize how external factors can shape a focal firm’s ability to learn and its access to
resources necessary to implement actions. We hypothesize and find that the failure
experiences of peer firms are likely to decrease the likelihood of investing in new
products. Our findings suggest that peer failure can foster a categorical judgement
process that leads investors interpret it as a negative signal and assume that a focal firm
will face a similar fate in the future. This restricts the focal firm’s access to the resources
necessary to invest in new products. We also find that two external factors or other
signals—peer reputation and industry growth—can mitigate the negative signal coming
from peer failure, which is consistent with the argument that contextual factors can play
an important role in vicarious learning (Madsen & Desai, 2018). We reason that peer
reputation functions as symbolic capital that can benefit the peer group in the form of
power and allies with stakeholders and compensate for the resource constraints caused by
negative social judgment. Similarly, we postulate that industry growth increases the
resource pool and builds a reserve against threats and risks, making investors take more
proactive actions to pursue the exploitation of market opportunities by increasing more
high-risk investments (i.e., investment in new products).

Contributions

This study offers two distinct contributions to the existing literature. First, our

study extends the work on learning from failure, signaling theory, and categorical

judgment. Based on the concepts of signaling and categorical judgment, we theorize how
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negative social judgment by observers including both investors and a focal firm can
affect investment in new products of the firm, emphasizing a much more active role for
external stakeholders in the learning process than previously theorized. As a focal firm is
embedded within broader interconnected social structures (e.g., peer group, industry, and
country), we posit that negative judgment by observers can move beyond its immediate
context and spread out more broadly, which can in turn affect a focal firm’s NPI
strategies.

Second, this study provides a contingent approach, suggesting peer reputation and
industry growth as important moderators, which has not been well understood and
developed by previous studies. This implies that the interconnected social structures can
foster the likelihood that negative judgment by observers will diffuse more broadly, but
at the same time such interdependence can help mitigate the negative effects (i.e.,
positive signal can offset a negative signal to some extent).

Third, this study advances signaling theory by combining the concepts of
categorical judgment and vicarious learning, and theorizing a process of categorical
judgment and spillover effects. Previous signaling theory does not clarify the process
through which receivers interpret signals coming from peer groups. This study provides
evidence that different signals (i.e., negative and positive signals) interact with one
another, as warranted by Connelly et al. (2011).

Limitations and Future Research Directions

This study contains limitations that should be considered when interpreting the

reported results. First, the effect of peer failure may vary depending on the different types

and characteristics of failure. We define failure as the attainment of a highly unprofitable
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outcome because it is a salient and economically significant great financial risk. Prior
research on organizational learning and failures have often examined more severe forms
of failures, such as the mortality rate across surgeries at hospitals (Desai, 2015), railroad
accident rate (Desai, 2010), and accident rate for airlines (Haunschild and Sullivan, 2002).
Prior research also shows that the number, importance, and timing of small project
failures affect R&D output (Khanna, Guler, and Nerkar, 2016). Future research could,
therefore, examine whether and how the frequency, severity, and timing of peer failures
affect investment decisions.

Second, the impact of peer failure can differ depending on the level of analysis
(i.e., individual-level, business-unit level, and inter-industry level). Individuals may have
different criteria to define their peers and be more sensitive to judgments by external
actors since any negative evaluation can affect their careers. Also, firm reputation is not
necessarily the same as a business-unit reputation. As business unit managers tend to
have goals different from firm-level goals and different motivation to change (Gaba and
Joseph, 2013), future research studying how business managers respond to peer failure
when there is a discrepancy (or conformity) between a firm and business-unit reputation
is warranted. Lastly, although the results might be generalized to other cultural industries
such as TV programs, music, and video games, future research can test the
generalizability of our findings to other settings, such as the biopharmaceutical and

computer industry.
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CHAPTER 5

CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH

The purpose of this dissertation is to address important gaps in the NPI literature,
namely, to understand how organizations strategically respond to performance feedback
by combining different aspects of NPIs such as NPI exploration and speed and to
highlight the role of inter-organization entities (e.g., peer group and investors) that may
shape organizational learning and the direction of NPI activities of an organization. This
dissertation examines the conditions when organizations learn directly from their
experience that is relative to their own historical experience and to their peers’ experience
(Chapter 3) and how external actors affect when organizations learn vicariously from
their peers’ experience, especially failure experience (Chapter 4).

In Chapter 2, the systematic literature review across different fields, including
strategic management, marketing, and operations management, reveals the state of the
current literature on heterogeneous NPI decisions. NPI research from different disciplines
predominantly revolves around the question of factors driving the heterogeneity of NPIs
and the benefits/costs of NPIs and | review the large body of the literature based on the
two main areas. Upon reviewing the literature, | also find that two main steams such as
marketing and operations management show meaningfully divergent views about the
consequences of NPIs. Marketing scholars tend to focus on benefits of NPIs or sales
performance, regarding NPIs as tools to satisfy the desires and needs of heterogeneous
consumers and maintain or increase competitiveness of an organization. Conversely,

operations management researchers spotlight costs of NPIs or operational performance,
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focusing on minimizing supply chain costs related to NPIs to increase the efficiency of
cost allocation for NPIs over the entire value chain. Despite the potential strategic value
of both marketing-related and OM-related benefits/costs, most research on NPIs, except
only a handful of studies including the above example, has not examined the possible
trade-off between them when studying for NPIs. Including this gap, I identify several
gaps in the literature such as the cognitive aspects of NPIs, trade-offs between NPI
decisions, and use of multi-level research designs. The divergent views on NPl outcomes
are undoubtedly interesting to further explore, but as this dissertation focuses on
addressing the question of what organizations actually do rather than studying the
effectiveness of NPI decisions (i.e., NPl outcomes), | attempt to address other gaps
identified from the review: NPI decision trade-off and the role of cognitive aspect of
external actors in NPI decisions.

In Chapter 3, we examine the impact of the nature and degree of performance
feedback on both NPI exploration and speed. Based on the results, this study identifies
four distinct organizational responses through both NPI exploration and speed decisions
following performance feedback: Fix the Problem, Play Catch-Up, Comfortably Fast, and
Strategically Slow types. Interestingly, this study shows that organizations do not
necessarily sacrifice NP1 exploration for speed, and vice versa and pursue both when
their performance is moderately below the aspiration levels because they want to repair
the performance gap quickly. Another interesting finding is that organizations focus on
NPI exploration while strategically slowing down following extreme success (i.e.,
extreme performance surplus). Our additional analysis suggests that organizations may

have to slow down when they focus on identifying the unknown next big thing that
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succeeds not only by financial measures, but also in terms of non-financial performance
such as industry recognition and endorsement. This study informs both the performance
feedback and NPI literature by highlighting the under-theorized organizational responses
that simultaneously combine two key aspects of NPIs. This study emphasizes the value
of the joint study of multiple aspects of NPIs to better understand how organizations
allocate resources and their strategic intentions.

In Chapter 4, this study provides evidence that external actors such as investors
determines their investment in products of an organization based on the experience of its
peers (e.g., failure experience). Drawing on the concept of signaling and categorical
judgment, I hypothesize and find that the failure experiences of peer organizations are
likely to decrease the likelihood of investing in new products of an organization. The
findings suggest the possibility that peer failure fosters a categorical judgement process,
through which investors interpret it as a negative signal and assume that a focal
organization will face a similar fate as failed peers in the future, restricting the
organization’s access to resources necessary to invest in new products. We also find that
two external factors or other signals—peer reputation and industry growth—can mitigate
the negative signal coming from peer failure, which is consistent with the argument that
contextual factors can play an important role in vicarious learning (Madsen and Desai,
2018). This study shows how the conditions and entities of the interconnected social
structures, such as peer group and investors, can shape and affect the direction and
outcome of NPIs of an organization. Negative judgment by external actors will diffuse

more broadly, but this study also suggests that such interdependence can also help an
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organization to mitigate the negative effects (i.e., positive signal can offset a negative
signal to some extent).

This dissertation is subject to several limitations that should be considered when
interpreting the reported results. First, organizational responses to performance feedback
and the impact of peer failure may vary depending on the level of analysis (i.e.,
individual-level, business-unit level, and inter-industry level). For example, business unit
managers may have goals that differ from organizational-level goals and hence different
motivation to change, and thus react differently (Gaba & Joseph, 2013; Joseph & Gaba,
2012). Also, individuals may have different criteria to define their peers and be more
sensitive to judgments by external actors since any negative evaluation can affect their
careers. Therefore, future research studying how business unit managers respond to
performance feedback and/or peer failure when there is a discrepancy (or conformity)
between an organizational and business-unit performance and reputation is warranted.

Second, although this dissertation shows what kinds of NPI decisions
organizations make, this study did not investigate whether the NP1 decisions, such as NPI
exploration, speed, and investment, have any impact on their subsequent performance,
both financially and in other dimensions and whether the decisions are efficient or correct.
Future work could examine which combination of NPI decisions helps organizations
perform better and survive longer than their peers.

Third, the impact of performance feedback and peer failure on NPI decisions may
vary depending on the different types and characteristics of performance. We use a movie
studio’s box office revenue, a commonly used performance measure, to create

performance feedback and peer failure variables, given that organizations’ prime goal is
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financial performance. However, performance is a multidimensional construct that
involves not just financial element but also other elements, such as reputation, rank,
growth, and product quality. Organizations may sequentially address different goals: For
example, organizations consider growth goals only when their profitability goals are
satisfied (Greve, 2008). Future research can examine whether and how goal conflicts and
goal hierarchies play a role in guiding organizational responses through NPIs.

Lastly, although these findings might be generalizable to other cultural industries
such as TV programs, music, and video games, future research can test the
generalizability of the findings to other settings, such as the biopharmaceutical and
computer industries, and test whether these organizations behave differently. This will
help to build a more comprehensive understanding of the boundary conditions. For
example, in industries where organizations have more flexibility in terms of financing
options and less rely on external capital than in the movie industry (i.e., investors have
less control and power), the perspective of investors may not be significantly taken into

consideration in determining the direction of NPIs.
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APPENDICES
A. Market niche overlap and width similarity

This section illustrates how we calculated two measures: (1) market niche overlap
between the focal firm i and other firm j, and (2) market niche width similarity between
the focal firm i and other firm j. Both measures were included as part of weighting factor
(e.g. w1, wy)to define peers of the focal firm i. Market niche overlap was defined as the
proportion of the focal firm’s market niches in which the other firm was represented
(Greve, 2008). We computed market niche overlap using a measure of Jaccard distance
between each pair of firms in terms of genre overlap because in the movie industry, each
genre represents a distinct market variation (Shamsie et al. 2009). Jaccard distance (D;;,)
measures genre dissimilarity between the focal firm i and the other firm j at time ¢t and
was computed as D;;; = (|Aj; U Bj¢| — |Aie N Bjc])/|Aic U Bj¢| (Pozner et al. 2015),
where A, is the list of genres of the focal firm i at time t ; B;, is the list of genres of the
other firm jat time t ; A;; U B;, is the total number of genres of the focal firm i and the
other firm j at time t; A;; N Bj, is the number of genre overlapped between the focal firm i
and the other firm j at time t. Genre similarity between two firms—that is, market niche
overlap—was calculated as: w; = 1 — D;j;. The value of this measure ranged from 0 and
1 and equaled to one if market niches of the focal firm and other firm completely overlap.

Market niche width was defined as the degree to which a focal firm’s market
niches provide a major proportion of the total product offerings. We computed market
niche width using an adapted measure of the Herfindahl-Hirschman Index (HHI), which

has been widely used to measure market niche width (Sorenson et al. 2006).
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Market niche width;y = Y v = Lk (Nike/Nit)? (A1)

where p denotes the proportion of firm i’s total movies released in genre k at time t, Ny,
is total number of movies released by firm i in genre k at time t, and N;; is total number
of movies released by firm i at time t. The measure equaled to one when movies are
released by a focal firm i in only one genre, indicating the highest level of genre
concentration. The similarity based on market niche width (w,) or firm size (w3) was
calculated as: = 1/(|S;c — Sj¢| + 1), where S;, is either market niche width or firm size of

the focal firm i at time t.
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B. Four types of NP1 responses to performance feedback

NPI Exploration

High

Low

Fast

NPI
Speed

Slow

Type 1: Fix the Problem
Following moderate
performance shortfall

Type 2: Play Catch-up
Following further
performance shortfall
(faster than Type 1)

Type 3: Comfortably Fast
Following moderate performance
surplus

Type 4: Strategically Slow
Following extreme
performance surplus

N/A
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