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Integrating insights from real options and behavioral theory, we propose that higher-performing firms and 
lower-performing firms differ regarding cognitive biases, and therefore reap different effects from staging 
their innovation projects. An empirical analysis of 2,956 German firms confirms that, in higher-
performing firms, staging has a lower impact on the propensity to start and abandon innovation projects 
than in lower-performing firms. This study answers a plea in the real options literature to account for firm 
heterogeneity and cognitive biases. It has implications for the real options and behavioral literature, and 
for practitioners trying to improve their investment decisions in innovation. 

 
Keywords: staged investment, innovation, real options, behavioral theory of the firm, cognitive biases  
JEL classification: O32, M 

1. INTRODUCTION 

The field of strategic management studies the reasons for differences in firms’ investment 

decisions and how these differences affect performance (Rumelt, Schendel and Teece, 1994). 

One important investment decision relates to the development and commercialization of new 

products and services, which are essential for firms to survive in the long run. As Schumpeter 

already stated, innovation “strikes not at the margins of the profits and the outputs of the existing 

firms but at their foundations and their very lives” (Schumpeter, 1942, p. 42). Investments in 

innovation are however characterized by uncertainty, as not only the technical feasibility but also 

the market interest for these innovations is unknown (Hauser, Tellis, and Griffin, 2006; Brown 

and Eisenhardt, 1997). Building on the real options perspective (Bowman and Hurry, 1993; 

McGrath, 1999; McGrath and Nerkar, 2004), academics and practitioners have advanced the 

development and financing of innovation projects in consecutive stages as the preeminent 

approach to managing and even benefiting from this uncertainty (Cooper, 2008; Block and 

MacMillan, 1993). 
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The basic principle of staged investment in innovation is that projects only proceed to 

subsequent stages if evidence from the previous milestone event signals that the risk of taking 

the next step is justified (Block and MacMillan, 1993). In practice, this often implies that certain 

predefined criteria—mostly related to technological feasibility, costs, and market response—

need to be met. Only innovation projects that pass these gates receive follow-up financing. The 

real options perspective proposes that this staged approach to innovation enables firms to set up 

experiments with a variety of projects, thereby learning about and potentially developing a first-

mover advantage in a broad range of domains (Kogut and Kulatilaka, 1994; Brown and 

Eisenhardt, 1997). Moreover, staging supposedly allows firms to abandon the least promising of 

these projects at a relatively low cost and reinvest the freed-up resources in other, more 

promising ones (Majd and Myers, 1990). 

However, several authors have identified difficulties firms have with applying the real 

options framework in practice. Existing models in the financial economics literature involve 

complex mathematical formulations (Ragozzino, Reuer, and Trigeorgis, 2016) and make strong 

assumptions about the rationality of decision makers (Miller and Arikan, 2004). In reality, 

managers are likely to apply heuristic decision rules (Bowman and Hurry, 1993; Miller and 

Shapira, 2004) which open the door for cognitive biases to affect firms’ real option thinking. As 

such, the mere decision to stage investments does not necessarily imply that the potential 

benefits of a real options approach will be realized. Cooper (2008) notes the problem that, 

although there might be a staged approach to investment in place, gates can “lack teeth” (p. 218) 

and projects may hardly ever be abandoned. According to Adner and Levinthal (2004), such an 

“escalation of commitment” happens frequently because the outcomes of innovation projects 

entail substantial ambiguity. In the absence of unequivocal proofs of failure, managers are prone 

to fall into “reinforcement traps”, by continuing to invest time and resources in projects with 

objectively negative performance signals. Without adequate abandonment of underperforming 

projects and subsequent reallocation of resources, firms’ ability to explore and learn about a 

wide range of opportunities is likewise called into question (Klingebiel and Adner, 2015). 

Overall, boundedly rational decision-making can therefore seriously undermine the practical 

applicability of the real options approach (Ragozzino et al., 2016). 

Although the real options literature discusses the limitations of staged investment in the light 

of cognitive biases, few systematic approaches have addressed under which conditions firms that 

stage their investments are likely to depart from the rational real options logic and how this then 

affects their investment decisions. The present study builds on insights from the behavioral 

theory of the firm (March and Simon, 1958; Cyert and March, 1963) to fill this gap. The 
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behavioral theory of the firm posits that both firms with performance well below aspiration 

levels, and firms with performance well above aspiration levels will engage in organizational 

search. The staging of innovation projects is therefore potentially interesting for both these types 

of firms. However, the current study argues that higher-performing firms and lower-performing 

firms differ with respect to cognitive biases, and therefore benefit to a different extent from 

staging. Higher-performing firms’ success experience engenders substantial organizational slack 

and more relaxed internal monitoring, which in turn create leeway for positively biased 

expectations. By contrast, lower-performing firms monitor their search activities more closely 

and are less likely to hold overoptimistic beliefs about their courses of action. As a consequence, 

escalation of commitment and reinforcement traps (Ross and Staw, 1993) will occur more 

frequently in higher-performing firms, implying that these firms will reap less effects from 

staging their investments in innovation. In particular, we hypothesize that staging will have a 

lower impact on the propensity to start (and thereby learn from a variety of) new projects in 

higher-performing firms than in lower-performing firms. At the same time, staging will 

influence the likelihood to abandon unpromising projects to a lesser extent in higher-performing 

firms than in lower-performing firms.  

We test these hypotheses for a sample of 2,956 German manufacturing and service firms by 

combining credit rating information with data from two waves of the German section of the 

Community Innovation Survey (CIS), which is an official survey by the European Commission 

launched across Europe. In addition to the standard catalog of CIS questions, these two editions 

include questions on firms’ approaches to investments in innovation—in particular on whether 

projects are financed in stages—and on project initiation and abandonment decisions. Results are 

consistent with our theoretical predictions that the staging of innovation projects has a lower 

effect on the propensity to start and abandon projects in higher-performing firms than in their 

lower-performing counterparts.  

By conceptually and empirically demonstrating how firm heterogeneity, and differences in 

firm performance and cognitive biases in particular, moderate the effect of staging on investment 

decisions, this study offers a contingency view on real options reasoning and relaxes the 

assumption of full rationality that tends to dominate the real options literature. It also has 

important implications for behavioral scholars, as it clearly demonstrates that lower-performing 

and higher-performing firms search differently for solutions, as well as for practitioners trying to 

optimize their investment decisions in innovation. 

In the remainder of the paper we first present a model of staged investments in innovation 

from the perspective of a fully rational investor. We then develop our behavioral framework and 
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derive testable hypotheses. After presenting our empirical approach and findings, we conclude 

by discussing the implications of our study for theory and practice. 

2. THEORETICAL BACKGROUND 

In this section, we will present a real options perspective on staging. By modelling rational 

investment decisions in innovation under uncertainty, we demonstrate that the staging of 

innovation projects implies that a higher number of innovation projects will be initiated as well 

as abandoned than if investments are fully committed upfront. By incorporating insights from 

the behavioral theory of the firm, we then argue that these effects of staging are different for 

higher-performing and lower-performing firms. 

2.1 A real options model of staged innovation projects  

As the outcome of innovation projects is often highly uncertain, academics and practitioners 

have been searching for ways to tackle this uncertainty. The organization and financing of 

innovation projects in different stages has been widely proposed as the preeminent way of 

managing and even benefiting from uncertain opportunities while keeping costs under control. 

The staging of innovation projects involves “a conceptual and operational map for moving new 

product projects from idea to launch and beyond” (Cooper, 2008, p. 214). It comprises a series 

of stages where at the end of each stage a decision is made to either terminate or continue the 

project. The theoretical underpinning for staged investment can be found in real options theory, 

which is concerned with investments under uncertainty and (partial) irreversibility (Dixit and 

Pindyck, 1994). The resulting optimal investment pattern possesses a structure similar to that of 

financial options (Bowman and Hurry, 1993). A financial option confers on its holder the right, 

but not the obligation, to sell or buy a specified quantity of an underlying asset at a specified 

price at or before a specified date. Similarly, a real option gives the firm the right, but not the 

obligation, to take some action in the future (Li, James, Madhavan, and Mahoney, 2007). As 

Cooper (2008, p. 214) explains: “The model is very similar to that of buying a series of options 

on an investment. Initially, one purchases an option for a small amount of money, then does 

some due diligence, and finally decides whether or not to continue to invest.” Hence, instead of 

having to decide on a large upfront investment, the investor can spread her investment decisions 

over time. 

Consider a firm contemplating to invest in an innovation project. The total sunk costs, 𝐼𝐼 > 0, 

can be split up in 𝒮𝒮 discrete stages. Each stage costs a fraction of 𝐼𝐼, i.e., 𝐼𝐼 =  ∑ 𝑖𝑖𝑠𝑠𝒮𝒮
𝑠𝑠 , and takes one 
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period to complete. Until completion of all stages the innovation project creates no cash-flow. Its 

expected value is denoted by 𝑉𝑉 and follows the stochastic process 

𝑉𝑉𝑠𝑠 =  𝑉𝑉𝑠𝑠−1 + ɛ𝑠𝑠, (1) 

with 𝐸𝐸[ɛ𝑠𝑠] = 0. After incurring 𝑖𝑖𝑠𝑠 the random variable ɛ𝑠𝑠 is realized and becomes known to the 

firm4. Consequently, uncertainty resolution is endogenous in this model and contingent on the 

investment behavior of a firm (McGrath, 1997; Tong and Reuer, 2007).  

The firm has either the possibility to invest sequentially (staging) and make subsequent 

investments contingent on the realization of ɛ, or it can decide to complete all stages at once 

(non-staging). In this case,  ∑ ɛ𝑠𝑠𝒮𝒮
𝑠𝑠  is realized in one period upon payment of 𝐼𝐼. 

For illustrative purposes, consider the special case of 𝑉𝑉 following a discrete-state random 

walk (Dixit and Pindyck, 1994) and two stages required for completion, 𝒮𝒮 = 2. The project’s 

value is initially normalized to zero, 𝑉𝑉0 = 0, and either increases or decreases by one with equal 

probability, 𝑃𝑃𝑃𝑃(ɛ𝑠𝑠 = 1) =  𝑃𝑃𝑃𝑃(ɛ𝑠𝑠 = −1) =  1
2� . Figure 1 depicts this process graphically. 

[Figure 1 about here] 

We assume risk-neutrality. Furthermore, if 𝑉𝑉2 turns out to be negative, both staging and non-

staging firms can drop the project such that no negative cash-flows are realized. For a non-

staging firm the decision to invest in a project at time 0 is then given by the net present value 

(NPV) investment rule 

𝜋𝜋𝑛𝑛𝑛𝑛𝑛𝑛−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 0.25 × 2 − 𝐼𝐼 > 0. 

By contrast, a staging firm facing a negative shock in the first stage, i.e., ɛ1 =  −1 and hence 

𝑉𝑉1 =  −1, realizes that follow-up investment is not profitable and will abandon the project 

accordingly. Let total costs be 𝐼𝐼 =  𝑖𝑖1 +  𝑖𝑖2 =  𝛼𝛼 × 𝐼𝐼 + (1 − 𝛼𝛼) × 𝐼𝐼 with 𝛼𝛼 ∈ [0,1]. The 

expected profit under staging is then given by 

𝜋𝜋𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 0.25 × (2 − 𝐼𝐼) + 0.25 × (−𝐼𝐼) + 0.5 × (−𝛼𝛼𝐼𝐼) 

It is easy to show that the expected profit under staging is weakly larger than when investing 

upfront 

                                                      
4 After stage 𝓢𝓢 all uncertainty about the project’s value is resolved. Stages cannot be completed in 

arbitrary order but have to follow the natural order of 1, 2, …  𝒮𝒮. This captures the fact that, e.g., a market 
acceptance test usually comes after the prototyping stage and not vice versa.  
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𝜋𝜋𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≥  𝜋𝜋𝑛𝑛𝑛𝑛𝑛𝑛−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

0.25 × (2 − 𝐼𝐼) + 0.25 × (−𝐼𝐼) + 0.5 × (−𝛼𝛼𝐼𝐼) ≥ 0.25 × 2 − 𝐼𝐼 

0.5 −  0.5 (𝐼𝐼 + 𝛼𝛼𝐼𝐼) ≥ 0.5 − 𝐼𝐼 

(1 − 𝛼𝛼) × 𝐼𝐼 ≥ 0 

with the last inequality being true by construction. This implies that a staging firm has a higher 

propensity to start projects than a non-staging firm.  

Also, the decision to abandon a project will differ for staging and non-staging firms. In this 

simple example, a staging firm abandons a project after the first stage whenever 𝑉𝑉1 =  −1, 

which happens with probability 0.5. Non-staging firms, by contrast, abandon projects after the 

second stage with probability 0.25, i.e., if 𝑉𝑉2 turns negative. 

In the following we show that these results on the propensity to start new projects and to 

abandon ongoing projects also hold in a more general model in which 𝑉𝑉 follows a continuous-

state random walk. Assume standard normal profitability shocks, ɛ𝑠𝑠~ 𝑁𝑁(0,1). Because the sum 

of normal random variables is again normal, it follows from equation (1) that 

𝑉𝑉𝒮𝒮 = 𝑉𝑉0 +  ∑ ɛ𝑠𝑠𝒮𝒮
𝑠𝑠=1  ~ 𝑁𝑁(𝑉𝑉0 ,𝒮𝒮). 

However, as projects with negative value are abandoned, a firm considers the distribution of 𝑉𝑉 

truncated at zero. For 𝒮𝒮 = 2 and 𝑉𝑉0 = 0, as before, the NPV investment rule is given by 

𝜋𝜋𝑛𝑛𝑛𝑛𝑛𝑛−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0] − 𝐼𝐼 > 0, 

with 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0] being the mean of a truncated normal distribution5. 

A staging firm will decide to abandon a project after the first stage if the realization of 𝑉𝑉1 is 

too low, such that the expected profit of follow-on investment is (weakly) negative, 

𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1] − (1 − 𝛼𝛼) × 𝐼𝐼 ≤ 0. (2) 

If we denote the value of 𝑉𝑉1 for which the above equation holds with equality by 𝑣𝑣1, then the 

expected profit under staging is given by 

𝜋𝜋𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = �1 −  𝜙𝜙�𝑣𝑣1�� × {𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 > 𝑣𝑣1] – I } + 𝜙𝜙�𝑣𝑣1�  × (−𝛼𝛼𝐼𝐼) 

                                                      
5 For 𝑋𝑋~𝑁𝑁(𝜇𝜇,𝜎𝜎2),𝐸𝐸[𝑋𝑋|𝑋𝑋 ≥ 𝛼𝛼] = 𝜇𝜇 + 𝜎𝜎 𝜑𝜑(𝛼𝛼)

(1−𝜙𝜙(𝛼𝛼))
, with 𝜑𝜑(∙) and 𝜙𝜙(∙) being the PDF and CDF of the 

standard normal distribution. 
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with ϕ(∙) being the standard normal cumulative distribution function. The first summand on the 

right-hand side captures the case when follow-on investment is optimal; whereas the second 

summand represents the loss that a firm incurs if it abandons a project after stage one. 

In the Appendix we prove that, in our model in which V follows a continuous-state random 

walk, the expected profit of an innovation project is weakly larger under staging than under non-

staging. Because expected profits under staging are larger than if total investment costs are 

incurred upfront, staging firms will have a higher propensity to start new innovation projects 

than non-staging firms.  

Proposition 1: Staging firms have a higher propensity to start new innovation projects 
than non-staging firms.  

Furthermore, in the Appendix we also demonstrate that staging firms in our model have a 

higher propensity to abandon innovation projects than non-staging firms. 

Proposition 2: Staging firms have a higher propensity to abandon innovation projects 
than non-staging firms. 

Proposition 1 captures the ”value in learning” of real options. In many cases, a significant 

part of a project’s inherent uncertainty can already be reduced by making a relatively small 

initial investment. Chi and McGuire (1996) provide the example of two firms contemplating a 

collaborative venture. Although each firm may expect to acquire some valuable know-how from 

the other, it is often highly uncertain how much information will be actually exchanged. But 

after the venture is started, it will become clear how much knowledge both parties can gain. 

Once that information is available, the firms can decide whether or not to continue their 

collaboration. So, instead of having to invest heavily in a project, firms that use a staged 

approach can explore new opportunities at a lower cost.  

This “value in learning” is considered particularly relevant in the specific context of 

innovation, where staging allows firms to initiate and learn about a broader range of 

opportunities, and to potentially develop first-mover advantages in all of these domains. As 

Kogut and Kulatilaka (1994, p. 59) put it, “early investments generate the potential to expand 

and to earn increasing profits in later periods”. By taking an option on multiple innovations, a 

firm can learn about and develop a broad-based expertise, which is not restricted to technologies, 

but may include the wider organizational capacity to develop new products or services, and to 

commercialize them (see Kogut and Kulatilaka, 1994, on platform investments). 

Staging does not merely allow for learning, but makes it possible to learn in a cost-effective 

way, because staging firms hold the option to abandon underperforming projects at relatively 
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lower costs. This is expressed by Proposition 2, which captures what is commonly referred to as 

“the value in abandoning” (Majd and Myers, 1990). As Li et al. (2007, p. 37) explain: “Given 

that abandonment before completion saves a portion of the total investment cost, the expected 

cost to be incurred with some stages still remaining must necessarily be lower than the total 

investment cost if there exists a positive possibility for the project to be abandoned before 

completion.” The increased flexibility that firms acquire through real options thinking stems 

from the irreversibility of investments. In the absence of sunk costs, it would not matter whether 

or not investments are fully allocated upfront. In case an investment went wrong, it could be 

fully recovered or redeployed. However, as real assets are typically firm-specific, industry-

specific, or subject to market imperfections, they are to a certain degree irreversible (Dixit & 

Pindyck, 1994; Rivoli and Salorio, 1996; Li et al., 2007).  If costs are sunk, firms having 

invested all resources upfront will be highly unlikely to terminate unsuccessful projects. By 

contrast, if investments are staged, initial costs are smaller and follow-on investment will be 

contingent on project performance. 

2.2  A behavioral perspective on staged investments in innovation 

The previous section modeled rational investment decisions in innovation under uncertainty, 

where the decision to invest depends on the decision-maker’s assessment of the model 

parameters, such as the total costs 𝐼𝐼 required for finalizing the project, and the realizations of 

project value after stage 1 and 2 (i.e., 𝑉𝑉1 and 𝑉𝑉2). We know however, that assessments and 

resulting decisions are subjective to cognitive biases. Below, we first discuss common cognitive 

biases in managerial decision-making. Building on the behavioral theory of the firm, which 

relaxes assumptions of “hyperrationality” (Miller and Arikan, 2004), we then argue that these 

cognitive biases are more likely to occur in higher-performing than in lower-performing firms. 

Finally, we develop hypotheses on how these differences in cognitive biases in turn moderate the 

effect of staging in higher-performing and lower-performing firms.  

 

Cognitive biases. Cognitive biases commonly affect individual decision-making and managerial 

decision-making in particular. Evidence shows that managers negate or misinterpret even the 

most objective information regarding their firms' strategies and environments because of 

judgmental biases and wishful thinking (Powell, Lovallo and Caringal, 2006, Bazerman, 1997; 

Kahneman & Tversky, 2000). Moreover, it is known that ambiguity—which is likely to occur in 

innovation trajectories—amplifies these effects (Dunning, Meyerowitz, & Holzberg, 1989; Van 

Yperen, 1992). In particular, managerial decision-making is prone to three common cognitive 
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biases. First, individuals tend to bias facts to bring them in line with previously held preferences 

and beliefs (Nisbett and Ross, 1980). Second, if something goes wrong, individuals are much 

more likely to attribute this to external than to internal causes (Ross & Staw, 1993). And finally, 

in line with the latter observation, they systematically overestimate their own competencies—a 

phenomenon which is called ”self-enhancement”—especially if they believe their assessments 

cannot or will not be objectively verified (Powell et al., 2006). This is closely related to the 

concept of ”perceived self-efficacy”, which is the individual’s “beliefs in one’s capabilities to 

mobilize the motivation, cognitive resources, and courses of action needed to meet given 

situational demands” (Wood and Bandura, 1989, p. 364). So managers, like other individuals, 

tend to bias facts to bring them in line with previously held beliefs, attribute negative outcomes 

mostly to external factors, and overestimate their own competences. 

Although these cognitive biases are commonly observed at the level of the individual and are 

known to affect individual decision-making, they are partly determined by organizational 

characteristics. For example, Sutcliffe and Huber (1998) demonstrate that top managers' 

perception of the environment, and in particular their assessment of instability, munificence, 

complexity, hostility, and controllability, depends heavily on the firm they work in. Top 

managers within the same organization tend to develop similar perceptions of their environment, 

which differ substantially from the perceptions of top managers in other firms in that same 

industry or environment. The literature also discusses how firm membership affects confidence 

in internal competences and capabilities, with the notion of a firm’s self-perception (Wood and 

Bandura, 1989; Hayward and Hambrick, 1997) being put forward as an extension of the concept 

of perceived self-efficacy identified for individuals (Durand, 2003). In the remainder of this 

section, we build on the behavioral theory of the firm and argue that firm performance, which is 

an important firm characteristic, affects the cognitive biases of a firm’s managers, and thereby 

also the effect of staging on their investment decisions. 

 

Cognitive biases and the behavioral theory of the firm. The behavioral theory of the firm, 

rooted in the work by March and Simon (1958) and Cyert and March (1963), focusses on the 

relationship between firm performance and organizational search, which can be defined as 

probing for information on alternative products and processes to facilitate changes in 

organizational routines (see Greve and Taylor, 2000). More specifically, investments in R&D 

and innovation are an important aspect of organizational search (Chen and Miller, 2007). As 

Chen (2008, p. 610) explains, the behavioral theory of the firm regards organizations “as goal-

directed systems that use simplified rules to adapt behavior in response to performance 
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feedback”. Firms evaluate their performance relative to their aspiration level (i.e. “the smallest 

outcome that would be deemed satisfactory by the decision maker”, Schneider, 1992, p. 1053). 

Firms that perform according to aspirations, will try to maintain a status quo, and will continue 

their activities as before. Firms with performance below aspiration levels however will search 

for ways to increase their performance (or, if unable to do so, will decrease their aspirations). 

This is called ”problemistic search”, i.e., “search that is stimulated by a problem […] and is 

directed toward finding a solution to that problem” (Cyert and March, 1963, p. 121). Likewise, 

also firms with performance above their aspiration level will engage in more search than firms 

performing according to their aspirations (March and Shapira, 1992). In particular, they will 

search for opportunities to improve their performance even further. The rationale behind this 

process of ”slack search” is that higher-performing firms can afford experimenting with novel 

solutions, as they are certain of staying above aspiration level (March and Shapira, 1987, 1992). 

Consequently, according to the behavioral theory of the firm, both lower-performing and higher-

performing firms engage substantially in organizational search. 

However, we propose that the investment decisions of higher-performing firms engaging in 

slack search differ from the decisions of lower-performing firms conducting problemistic search. 

In particular, we argue that high-performance and organizational slack reinforce managers’ 

cognitive biases, i.e., their tendency to bias facts and bring them in line with previously held 

beliefs, attribute negative outcomes mostly to external factors, and overestimate their own 

competences. A first reason is that a firm models its perception of the environment based on its 

successful and unsuccessful actions (Prahalad and Bettis, 1986). As firms with high past 

performance have experienced more successful actions, we can expect them to extrapolate this 

current level of success into the future and therefore to have more positively biased expectations 

and a more positively biased interpretation of facts than firms with low past performance. 

Evidence shows that “if managers perceive that their absolute levels of […] slack far exceed 

those of competitors, they are likely to be more optimistic about courses of action and may 

inadvertently implement strategic actions that decrease performance” (George, 2005, p. 664). 

As a result, it can be argued that even when confronted with negative outcomes, higher-

performing firms, because of their histories of success, will assume that things will eventually 

improve if they invest additional time and effort, a phenomenon called the ”reinforcement trap” 

(Ross and Staw, 1993). So, we propose that higher-performing firms are more likely to bias 

negative signals and information to align them with their previous success experience. 

A second reason why organizational slack may reinforce cognitive biases is that it insulates a 

firm from exogenous shocks (Thompson, 1967). Negative evolutions or incidents will not 
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immediately threaten firm performance or survival. This makes it easier to dismiss, for example, 

objective information about disappointing project results. Finally, the presence of organizational 

slack allows parties to pursue their own agendas (Cyert & March, 1963). As explained by 

George (2005), slack relaxes internal controls and generates reserves that can be invested in 

projects with uncertain outcomes. If internal controls are absent or weak, it is unlikely that 

decision makers’ assessments will be verified by other actors in the organization. We know from 

previous studies (mentioned earlier) that, in this absence of external verification, decision 

makers are even more prone to engage in self-enhancement. We can therefore presume that 

higher-performing firms will be more likely to overestimate their own competencies in realizing 

success even in the face of negative signals.  

As for lower-performing firms, we expect that they are less likely to develop overoptimistic 

assessments. Since they have undertaken more unsuccessful actions and, given their lack of 

reserves, have also experienced the negative effects of exogenous shocks, they can be presumed 

to have less positively biased expectations and interpretations of facts. Moreover, as lower-

performing firms, conducting problemistic search, are likely to introduce more rigid internal 

controls (Cyert & March, 1963), we can expect them to engage less in self-enhancement. In 

particular, lower-performing firms face serious financial distress (Chen and Miller, 2007), 

which—according to the ”threat-rigidity” hypothesis—induces them to behave conservatively 

(Ketchen and Palmer, 1999). Therefore, we do not expect them to increase their investment 

when intermediary project outcomes are unfavorable and fall into a reinforcement trap, as 

higher-performing firms tend to do. 

 

Implications for the effect of staging. In general, cognitive biases are known to affect project 

decisions. Biasing facts to bring them in line with previously held beliefs, attributing negative 

outcomes to external factors, and self-enhancement are expected to prompt overconfidence about 

the duration and viability of projects, something researchers have called the ”planning fallacy” 

(see George, 2005, for a discussion). Firms then underestimate the time and effort needed to 

complete a project, and overestimate the potential returns. These positively biased forecasts 

generally lead to overinvestment (Durand, 2003). Firms with positively biased expectations 

cannot only be expected to start more projects, they are also less likely to display escalation of 

commitment (George, 2005). This means that instead of abandoning projects with clearly 

negative intermediary outcomes, they invest additional money in losing courses of action (Ross 

and Staw, 1993). We argue below that the differential cognitive biases of lower- and higher-

performing firms will also determine to which extent the staging of innovation projects affects 
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the propensity to start and abandon innovation projects. 

In particular, if we look at our continuous-state random walk model in Section 2.1., we see 

that staging raises the expected profit from a project, but this increase will be smaller if (1 −

𝛼𝛼) × 𝐼𝐼 is lower, i.e., when the expected investments needed in later project stages are judged to 

be lower, and when 𝐸𝐸[𝑉𝑉2|∙] is higher, i.e., when the firm has higher expectations about the cash 

flow generated by follow-up investment (see Appendix). As we argued above, compared to 

lower-performing firms, higher-performing firms underestimate the investment and time needed 

to complete a project, and overestimate the potential outcomes of a project. This implies that 

staging raises the expected profit from a project to a lower extent for higher-performing firms 

than for lower-performing firms. Given their optimistic assessments, higher-performing firms 

are likely to invest in a project, and the possibility to stage investments will not make a big 

difference. Lower-performing firms, however, have more realistic assumptions, which implies 

that staging raises their expected profit, and hence also their propensity to invest, to a larger 

extent. Therefore, we hypothesize that: 

Hypothesis 1: In higher-performing firms, staging has a lower effect on the propensity to start 
new innovation projects than it has in lower-performing firms.  

Furthermore, equation (2) for the continuous-state random walk model represents the 

decision of a staging firm on whether or not to abandon a project at the end of stage 1. The 

equation indicates that, for a given realization of 𝑉𝑉1, the higher the expected value of 𝑉𝑉2, the 

lower the probability that a project will be abandoned. As we argued above, compared to lower-

performing firms, higher-performing firms overestimate the potential outcomes of a project. This 

implies that the probability of projects being abandoned after stage 1 is lower for higher-

performing firms that stage their investments than for their lower-performing counterparts. 

Given their optimistic assessments, higher-performing firms are in general unlikely to abandon a 

project, and the possibility to stage investments will not make a big difference. Lower-

performing firms however, have more realistic perceptions, which implies that staging does have 

a significant effect on their propensity to abandon projects. We therefore hypothesize that: 

Hypothesis 2: In higher-performing firms, staging has a lower effect on the propensity to 
abandon innovation projects than it has in in lower-performing firms. 

3. DATA AND METHODS 

The Mannheim Innovation Panel (MIP) is an annually conducted innovation survey of German 

firms and part of the pan-European Community Innovation Survey (CIS). Each year, a number 
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of questions not included in the standard CIS instrument are added for purposes of academic 

research, such as the items used in this article. The MIP is a stratified (according to sector, size 

class, and region) random sample that complies with the guidelines and definitions of the Oslo 

Manual (OECD, 2005) for surveys on innovation activities. The MIP covers all production 

sectors (sections B, C, D, E according to the NACE Rev. 2.0 classification) and a large number 

of service sectors (H, J, K, N, division 46) including business-related services (divisions 69, 

70.2, 73, 74), architecture and engineering (71), and research and development (72). The use of 

CIS data has a long tradition in economics of innovation (Cassiman and Veugelers, 2002; 

Crépon, Duguet, and Mairesse, 1998; Czarnitzki and Hottenrott, 2011; Czarnitzki and Toole, 

2011). Recent contributions show an increased attention also by management scholars (Laursen 

and Salter, 2006; Leiponen and Helfat, 2010; Leiponen and Helfat, 2011; Klingebiel and 

Rammer 2014; Klingebiel and Adner, 2015). 

Items relevant to our research hypotheses are contained in the 2009 and 2011 waves of the 

MIP. The gross samples include 35,195 (2009) and 35,531 (2011) firms; net response rates 

(adjusted for neutral losses) amount to 22.3 percent (2009) and 23.6 percent (2011), leading to 

7,061 (2009) and 6,851 (2011) responses, respectively. Compared to other national contributions 

to the CIS, participation in Germany is rather low, which can be explained by the fact that survey 

participation is not mandatory, unlike in other European countries, while the questionnaire is 

significantly longer and more complex. For this reason, the survey is accompanied by an 

extensive non-response analysis via individual telephone interviews, whereas the main survey 

instrument allows respondents to choose between a mail and online questionnaire. Due to its 

extensive scope, with items that go beyond the standard catalog of CIS questions, annual 

surveys, and a careful quality control, the MIP data is generally considered to be of high quality 

(Klingebiel and Rammer, 2014). We drop firms that do not report any kind of innovation 

activities (including the attempt to innovate) from the full sample since our analysis is concerned 

with the question of how firms that have already decided to engage in innovation activities 

organize this process. The estimation sample that has been corrected for missing values contains 

2,956 observations, i.e., 1,638 observations from the 2009 wave and 1,318 observations from the 

2011 wave. 

3.1 Variables 

The MIP contains survey items on the total number of innovation projects a firm has initiated 

(New Projects) in a period of three years before the survey year (between 2006 until 2008 for the 

2009 wave, and 2008 until 2010 for the 2011 wave). The definition of innovation projects, as 
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used in the Oslo manual and in the survey guidelines, includes but is not limited to pure R&D 

projects (OECD, 2005, Section 2.5). It covers activities such as new product design, marketing, 

prototyping, or employee training, which in some industries (e.g. service industries) may be 

more relevant than traditional R&D projects. The survey further asks about the number of 

innovation projects a firm has abandoned in the same period of three years (Abandoned 

Projects), which is the second dependent variable in our analysis. Table 1 reports descriptive 

statistics and Table 2 correlations between variables in our data set. On average, the firms in our 

sample initiated ten new innovation projects and abandoned two innovation projects in the 

previous three years.  

[Table 1 about here] 
[Table 2 about here] 
[Table 3 about here] 

Our main variable of interest (Staging) reports whether firms allocate the majority of funds 

for innovation projects at the beginning of a project or in stages. We conceptualize this 

information as a dummy variable that takes on the value one if a firm finances its innovation 

projects in stages and zero otherwise. The wording of the respective survey question specifically 

mentions the possibility that stages could be organized along milestones. Such a staging of 

innovation projects is reported by about 64 percent of the firms in our sample.6 

To measure firm performance, we take advantage of a standardized credit rating index (Firm 

Performance) for German firms that is produced by Creditreform7, the largest credit rating 

agency in Germany (Czarnitzki and Hottenrott, 2011, provide further details on the underlying 

methodology). The index aggregates data about the creditworthiness of not only large publicly 

listed companies but also small and medium-sized firms, which comprise around 80 percent of 

the observations in our sample. Creditreform ratings are based on a company's general financial 

and economic situation, past reliability of repayment as well as on individual assessment by 

Creditreform's local staff. This information is provided to banks and other market participants, 

such as suppliers or clients, in order to evaluate credit default risks. Based on the German school 

grade system, the index ranges from 100 (excellent rating) to 600 (worst rating). A decrease in 

the integer-valued index thus denotes an ameliorated creditworthiness. We drop firms with a 

rating higher than 500 from the analysis since this case implies severe financial trouble and close 
                                                      
6 Staging firms are additionally asked how many steps such a process usually involves. The average 

lies slightly below four with six being the maximum. However, due to a particularly low response rate and 
concerns about possible measurement error for this specific item, we rely on the binary indicator in the 
subsequent analysis. 

7 Creditreform’s business model is comparable to that of Dun & Bradstreet in the U.S. 
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proximity to bankruptcy. To reduce problems of simultaneity we lag the credit rating 

information by one year. 

It is important to note that Creditreform takes sector membership into account when 

determining the credit rating of a specific firm. A firm’s financial situation, reliability of 

payment and future prospectives are compared to those of firms with similar economic activities. 

The normalization of performance to a common scale, provided by the index, is a distinct 

advantage for our purpose. We define the median of Firm Performance, which is equal to 220, 

as a firm’s aspiration level8. Consequently, we regard firms operating above their aspirations 

(i.e., with a value for Firm Performance above 220) as Higher-Performing firms engaging in 

slack search; whereas firms below their aspirations (i.e., with a value for Firm Performance 

below 220) are considered to be Lower-Performing and engaging in problemistic search (Table 

1 depicts descriptive statistics for these subsamples). 

To control for confounding influences, we include other firm level characteristics in our 

empirical specification. Innovation activities are likely to be influenced by size and experience 

effects (Aerts and Schmidt, 2008; Veugelers and Cassiman, 1999), measured by the number of 

employees (Firm Size), as well as the firm's age (Age). The average firm in the sample has 447 

employees and is 32 years old. Because the distribution of firm size is highly skewed we include 

its logarithmized form in the regressions. In addition, innovation activities are contingent on a 

firm's internal capability to exploit new knowledge and technologies (Cohen and Levinthal, 

1990). We account for this by incorporating the firm's share of employees that hold an academic 

degree (Share of Graduates). At the same time, this measure controls for the quality of labor 

input. On average, the share of graduates among firms’ employees amounts to 26 percent. A 

dummy variable equal to one if a firm is part of an enterprise group (Group), which is the case 

for 6.5 percent of the firms in the sample, controls for differences in governance structure.  

Central to real options models is the fact that uncertainty of investment projects (expressed as 

the properties of the random walk in Section 2.1) determines firm behavior, including decisions 

to initiate and abandon projects (Dixit and Pindyck, 1994). Controlling for uncertainty and a 

firm’s competitive environment is therefore important to make project characteristics and 

capabilities comparable across firms (Ragozzino et al., 2016). The MIP survey includes items on 

possible sources of uncertainty firms face in their main market. In particular, respondents are 

asked to assess the applicability of the following statements on a 4-point Likert scale (0: applies 

                                                      
8 Since the median is roughly constant across all sectors in our sample, our approach is similar to that 

of Miller and Chen (2004) and Chrisman and Patel (2012), who use firm performance relative to the sector 
median as an indicator for the aspiration gap. 
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not at all, 1: applies very little, 2: applies somewhat, and 3: applies fully):  

• (Unc_Competitors) Competitors’ actions are difficult to predict. 

• (Unc_Entry) There is a major threat to the firm’s market position from entry by new 

competitors. 

• (Unc_Obsolescence) Products and services in the market are usually quickly outdated. 

These items reflect the concept of environmental dynamism, as put forward by Miller and 

Friesen (1983). We decided to include them as separate control variables based on a low 

Cronbach’s Alpha equal to 0.40. Table 1 shows that firms see their competitors’ actions as the 

largest source of uncertainty, although the other two dimensions exhibit a higher variance across 

firms. Finally, a time dummy (Year 2010, representing the respective survey wave) and a set of 

21 industry dummies based on two-digit NACE categories (Rev. 2.0, Table 3) are included in 

the analysis to capture possible confounding effects of the macroeconomic environment and 

sector-specific factors9. 

3.2 Empirical models 

Our two dependent variables of interest, New Projects and Abandoned Projects, are non-

negative count variables. We therefore employ a Poisson regression model (Gourieroux, 

Monfort, and Trognon, 1984b) which models the density of an outcome 𝑌𝑌 as 

𝑃𝑃𝑃𝑃(𝑌𝑌𝑖𝑖 = 𝑦𝑦) =  
exp(−𝜆𝜆𝑖𝑖) 𝜆𝜆𝑖𝑖

𝑌𝑌𝑖𝑖

𝑌𝑌𝑖𝑖!
.  

We specify the conditional mean of the Poisson distribution as 

𝜆𝜆𝑖𝑖 = exp (𝛽𝛽0 + 𝛽𝛽1 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑆𝑆𝑆𝑆𝑖𝑖 + 𝛽𝛽2 × 𝐻𝐻𝑖𝑖𝑆𝑆ℎ𝑒𝑒𝑃𝑃-𝑃𝑃𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑆𝑆𝑆𝑆𝑖𝑖 + 𝛽𝛽3 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑆𝑆𝑆𝑆𝑖𝑖  

× 𝐻𝐻𝑖𝑖𝑆𝑆ℎ𝑒𝑒𝑃𝑃-𝑃𝑃𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑆𝑆𝑆𝑆𝑖𝑖 + 𝑋𝑋𝑖𝑖′𝛽𝛽) 

and our main interest lies in the interaction effect Staging × Higher-Performing.10  

Since the log-likelihood of the Poisson model is part of the linear exponential family, the 

approach has desirable robustness properties. In particular, it is not sensitive to distributional 

misspecification as long as the conditional mean is correctly specified (Gourieroux, Monfort, 

                                                      
9 The share of firms that stage their innovation projects does not vary substantially across industries. It 

is highest in electronics (72.1 percent) and lowest in the financial intermediation sector (53.5 percent). 
10 Lower-Performing constitutes the omitted base category. 
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and Trognon, 1984a). This means that the restrictive property of equidispersion (the mean of the 

Poisson distribution being equal to its variance) does not impede consistent parameter 

estimation11. Moreover, building on the theory on quasi-maximum likelihood estimation 

(Wooldridge, 2002, Chapter 19.2), we can apply methods of robust inference (White, 1980; 

1982) rather than using the conventional maximum likelihood standard errors based on the 

inverse of the Hessian (Wooldridge, 2002, Chapter 13.5). 

4. RESULTS 

[Table 4 about here] 
[Table 5 about here] 
[Table 6 about here] 

Table 4 presents our main regression results. For completeness, we also report estimations 

without interaction terms. In column 1, we find a statistically significant (at the 5-percent level) 

negative association between Staging and New Projects; while there is no significant relationship 

between Staging and Abandoned Projects in column 3. Relevant for our hypotheses, however, 

are results in column 2 and 4. The estimated interaction effect Staging × Higher-Performing is 

negative and significant in the regression on New Projects (p-value: 0.011), which confirms our 

hypothesis 1. At the same time, and in line with our hypothesis 2, Higher-Performing negatively 

moderates the effect of Staging on Abandoned Projects (p-value: 0.006). The main effects of 

Staging, representing an influence in the base category of Lower-Performing firms, are both 

positive on New Projects (p-value: 0.470) and Abandoned Projects (p-value: 0.018), although 

the coefficient is not significant at the 5-percent level in the former case. 

In order to assess the magnitude of these estimated effects we compute the predicted means 

of our dependent variables (Table 5 and Table 6). Staging is associated with an increased 

number of New Projects, from 10.5 to 12.1, for Lower-Performing firms engaging in 

problemistic search. This relationship reverses for Higher-Performing firms, for which Staging 

is associated with a lower number of newly started projects (12.6 compared to 7.7 for non-

staging firms). The same pattern is present for the number of Abandoned Projects, which 

increases from 1.4 to 2.9 with Staging in Lower-Performing firms. In Higher-Performing firms, 

by contrast, Abandoned Projects decrease from 2.7 to 1.6, on average. 

                                                      
11 Nevertheless, we checked the robustness of our estimations to overdispersion by using a negative 

binomial regression (Cameron and Trivedi, 2005) and found similar effects. Results are available from the 
authors upon request. 
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The coefficients of our control variables have reasonable signs. Unsurprisingly, firm size 

significantly affects both the number of abandoned and new projects. Firm age only affects the 

number of abandoned projects, on which it exerts a significantly positive influence. The share of 

university graduates in a firm’s workforce increases both new and abandoned projects, although 

the statistical significance is weaker in the latter case. Shorter product-life cycles, which results 

in products or services that are quickly outdated, increase the number of abandoned projects as 

well as new projects. In rapidly changing business environments firms are inclined to place more 

strategic bets in order to secure their market position, while, at the same time higher variance in 

project outcomes increases their abandoning rates. 

4.1 Robustness checks 

We test the robustness of our main results in several ways. In our preferred specifications we do 

not control for firms’ total number of innovation projects because it is affected by Staging itself. 

Conditioning on intermediate outcomes of a treatment leads to biased estimates if they are 

correlated with unobservable influences of the variable under study (Pearl, Glymour, and Jewell, 

2016, Chapter 3.7). For the same reason we do not control for firms’ innovation expenditures, as 

they are likewise affected by the adoption of a staged investment approach. Nevertheless, we 

find similar results to those in Table 4 if we divide Abandoned Projects by the number of 

projects and use the resulting share as dependent variable. Moreover, our baseline results remain 

robust if we control for a firms’ innovation intensity (expenditures per employee). 

Our second set of robustness checks is concerned with the definition of aspiration levels. 

Because Creditreform’s credit rating index, from which we retrieve information on firm 

performance, already adjusts for industry affiliation, we specify a uniform aspiration level for all 

firms in our sample. However, our results are unchanged if we define Higher-Performing and 

Lower-Performing firms relative to industry-specific median performance. Furthermore, our 

conclusions remain robust if we drop firms that reside between the 33-percent and 66-percent 

percentile of the distribution of Firm Performance from the sample. Finally, our results still hold 

when using the continuous variable Firm Performance (and interacting it with Staging) instead 

of the dummy variable for Higher-Performing firms. Detailed results are available from the 

authors upon request. 

5. DISCUSSION 

By integrating insights from real options reasoning and the behavioral theory of the firm, we 
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hypothesized that staging will have a lower impact on the propensity to start new projects and to 

abandon unpromising projects in higher-performing firms than in lower-performing firms, 

because these firms differ with respect to cognitive biases. Our empirical results confirm these 

hypotheses by showing a negative interaction between staging and firm performance that is 

robust across a wide range of specifications. We believe our study has important implications for 

the real options and behavioral literature, as well as for firms trying to improve their investment 

decisions.  

5.1 Contributions to real options literature 

Although the limitations of the option model in the light of cognitive biases are discussed in the 

real options literature, there have been few systematic approaches to study under which 

conditions firms are likely to depart from the entirely rational real options logic and how this 

then affects their investment decisions. Our study contributes to the real options literature by 

discussing how firm heterogeneity, and differences in cognitive biases in particular, moderate 

the effect of staging on investment decisions.  

As Ragozzino et al. (2016) explain, both the financial economics and strategy literatures have 

produced a significant stream of studies supporting the use of real options as a decision-making 

mindset or tool. However, instead of building on each other’s insights, these two fields have 

developed quasi-independently. For instance, the financial economics literature, which has 

mainly worked on quantitative valuation aspects of options, has considered the parameters 

driving the valuation of an investment opportunity to be given and common across all firms. 

Strategy studies, by contrast, often start from the assumption that firms differ in terms of 

resources and capabilities and that the value of an option will therefore differ across firms. 

However, they mainly rely on qualitative evidence. Ragozzino et al. (2016) argue that “for real 

options theory to connect with the core of strategic management theory and become a pillar 

theory in this field, it ultimately must focus on issues of firm heterogeneity” (p. 431). We believe 

our study makes an important contribution towards this goal, as it explicitly investigates to 

which extent heterogeneity in firm performance moderates the effect of staging on investment 

decisions. By focusing on the firm as a unit of analysis, as suggested by Ragozzino et al. (2016), 

we provide generalizable, quantitative evidence that higher-performing and lower-performing 

firms differ in the way they take decisions under staged investment. Our study therefore 

advances the real options literature by demonstrating the relevance of firm heterogeneity, and by 

putting forward firm performance as an important dimension of heterogeneity in this respect. It 

thereby accommodates a strong plea in the literature for a more contingent view on real options 
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reasoning (Driouchi and Bennett, 2012; Tong and Reuer, 2006, 2007) and on project 

management in general (Loch, 2000; Phillips, Noke, Bessant, and Lamming, 2006; Biazzo, 

2009). 

Secondly, the current study contributes to the field by relaxing the assumption of 

“hyperrationality” (Miller and Arikan, 2004) that typically dominates the real options literature. 

Building on insights from the behavioral theory of the firm, we argue that a firm’s assessment of 

the decision parameters in a real option evaluation model can be biased, and that these cognitive 

biases are different for higher-performing firms engaging in slack search and lower-performing 

firms engaging in problemistic search. Previous work has not adequately addressed the effect of 

behavioral biases on firms’ ability to implement and benefit from real options reasoning 

(Ragozzino et al., 2016). The results of our study imply that cognitive biases lead to suboptimal 

resource allocation under staged investment in innovation. Higher-performing firms’ success 

experience engenders substantial organizational slack and more relaxed internal monitoring, 

which in turn create leeway for positively biased expectations. By contrast, lower-performing 

firms monitor their search activities more closely and are less likely to hold overoptimistic 

beliefs about their courses of action. As a consequence, escalation of commitment and 

reinforcement traps occur more frequently in higher-performing firms, who therefore reap less 

effects from staging their investments in innovation. 

More generally, the current study demonstrates that the mere decision to stage investments 

does not necessarily imply that the potential benefits of a real options approach will be realized, 

and that future studies will have to take firm characteristics pertaining to performance and 

cognitive biases into account when investigating the value of staging and decision-making rules 

inspired by real options reasoning more in general. As Adner and Levinthal (2004) already 

argued, a sequential stream of investment in and of itself does not constitute a real option. We 

demonstrate analytically and empirically that, when decision makers are overly optimistic about 

project duration and outcomes, the fact that they stage their investments will not lead to more 

projects being started or more unsuccessful projects being abandoned. As such, our findings 

advance our understanding of the investment decision process. While Klingebiel and Adner 

(2015) consider the staging of projects and project abandonment as two explicitly distinct 

dimensions of resource allocation behavior, our study advances staging as a potential enabler of 

project abandonment, under the condition that cognitive biases are absent or kept under control 

by introducing disciplined project management and objective assessment and termination 

procedures in the decision-making process. Our study also responds to the call by Adner and 

Levinthal (2004) who argued that, in order to truly understand the impact of staging on firm 
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performance, one should move beyond studying whether projects are on average more 

profitable, and instead examine firms’ approaches to abandonment. In particular, it shows that 

staging can affect firm performance through its positive impact on both the initiation and 

abandonment of projects when the impact of cognitive biases on the decision-making process in 

limited.  

This study also challenges the notion of "rational escalation" put forward by Adner (2007). 

Adner argues that, given the normal distribution of project outcomes, there is always a slight 

change that a project will turn out well in the future, no matter how bad it looks today, and he 

uses this argument to rationalize firms’ resistance to abandon projects. Under reasonable 

assumptions of risk-aversion (i.e., in the absence of extreme risk-love) such behavior appears far 

from rational, however. A rational firm would compare the slight probability of project success 

with the high risk involved in pursuing it further, and would consequently decide to abandon the 

project given its negative expected profit. Our study proposes that escalation of commitment is 

not rational, but instead driven by cognitive biases. The fact that lower-performing firms that 

stage their investments, do succeed in abandoning a higher number of projects, supports this. 

5.2 Contributions to the behavioral literature 

The current study also contributes to the behavioral theory of the firm, as it clearly 

demonstrates that lower-performing and higher-performing firms search differently for solutions. 

According to the behavioral theory of the firm, both lower-performing and higher-performing 

firms will engage in organizational search. While firms that perform according to aspirations 

will try to maintain a status quo, firms with performance below aspiration levels will engage in 

problemistic search, i.e., search for ways to increase their performance. Also firms with 

performance above their aspiration level will engage in organizational search to improve their 

performance even further (slack search). Although behavioral scholars acknowledge that the 

motivation for problemistic and slack search is entirely different, most empirical work has 

operationalized the concept of organizational search in the same way for lower-performing and 

higher-performing firms, namely as the degree of risk-taking or innovation (for an overview, see 

Bromiley and Washburn, 2011). It must be noted, however, that the seminal work of Cyert and 

March (1963) does not regard risk-taking and innovation as inherent characteristics of 

organizational search. The behavioral theory of the firm merely states that firms failing to reach 

aspiration levels and firms surpassing aspiration levels, will respectively search for solutions and 

opportunities to raise expected performance. In fact, it is easy to imagine several approaches to 

raising performance. While the launch of additional innovation projects is certainly one 
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possibility, keeping costs under control may be an alternative. 

Our study shows that lower- and higher-performing firms, due to differences in their 

cognitive biases, take different decisions when staging their investments in innovation. In 

contrast to their lower-performing counterparts, higher-performing firms do not exercise the 

option values in learning and abandoning in an adequate manner. These results provide insight 

into the different mechanisms and characteristics of slack and problemistic search. In particular, 

they call for renewed attention to the initial work by Cyert and March (1963), stating that if 

problemistic search does not immediately result in the identification of acceptable solutions, 

firms will subsequently focus on “those activities in the organization for which the connection 

with major goals is difficult to calculate” (Cyert and March, 1963, p. 122). Abandoning 

unpromising projects may be a highly relevant target in this respect, and hence an important 

additional aspect of organizational search, next to R&D and risk-taking. Future work should 

therefore not only look at the effect of firm performance on investments in new projects, but also 

at the link between performance and project abandonment (or cost cutting in general). 

5.3 Implications for practitioners 

The findings of this study have important implications for firms trying to optimize their 

investments in innovation. For lower-performing firms it makes sense to stage investments in 

innovation, as staging generally leads to an increase in the number of new and abandoned 

innovation projects. By staging their investments, lower-performing firms can learn from a wider 

variety of new projects, and can abandon projects at a lower cost; the latter being crucial for 

improving performance. Nevertheless, our empirical results also show that lower-performing 

firms exercise the option value in learning only hesitantly. This is demonstrated by a positive but 

insignificant main effect of staging in our regressions. Firms engaging in problimistic search 

could therefore benefit from an even more consequent reallocation of resources that are freed-up 

by the abandoning of unpromising projects to other opportunities. 

By contrast, for higher-performing firms, the benefits of staging are far less straightforward. 

Our results show that high-performing firms that stage their investments in innovation, fail to 

eliminate unsuccessful projects and also do not launch more new projects. Overall, our study 

clearly demonstrates that the staging of investment decisions does not automatically lead to 

improved decision-making. As such, it reinforces management advice in previous work stressing 

the need for disciplined project management and objective assessment and termination, 

especially in higher-performing firms where these tend to be more relaxed. 
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5.4 Limitations and suggestions for further research 

The present study leaves room for improvement and further research. Although the data were 

collected in two consecutive waves of the German CIS, limited overlap (respondents appearing 

in both waves) does not allow to exploit the panel structure of the survey, which would enable us 

to control for time-invariant unobserved heterogeneity. Instead, we rely on cross-sectional 

analyses. Nevertheless, in our data, the between-variation of Staging (std. dev. of 0.47) is 

considerably larger than the within-variation (std. dev. of 0.14). This reduces the applicability of 

a fixed effects regression that relies solely on within-variation for identification. At the same 

time, this fact mitigates concerns about endogeneity in the cross-section regressions. For the 

context of a large multinational firm Du, Leten, and Vanhaverbeke (2014) show that R&D 

project managers make an active choice to whether or not adopt a more formal management 

approach. This choice does not only depend on project characteristics, but also on personal 

preferences of the management team. If a staged approach is very stable over time (as is the case 

in our data) and preferences for management styles play an important role (as shown by Du, 

Leten, and Vanhaverbeke, 2014), a reversed causal effect of our dependent variables on the 

adoption of staged project management is less likely. 

Given the data we use, our analysis is inherently bound to the firm-level. We are therefore not 

able to differentiate between different types of innovation projects. Although we control for 

uncertainty at the firm level, we would like to see our study replicated in contexts where 

statements about, e.g., the riskiness or the strategic relevance of a particular project are more 

easily possible (see for example Belderbos and Zou, 2009, on the options value of partly 

redundant investment projects). Having project-level data for a firm’s portfolio would also allow 

to take the composition of that project portfolio and strategic considerations as path dependence, 

complementarities, and substitution effects into account (Trigeorgis, 1996; Vassolo, Anand, and 

Folta, 2004). However, focusing on the firm as the unit of analysis responds to the recent call by 

Ragozzino et al. (2016). The advantage of our dataset is that it is large and representative, 

thereby allowing to investigate firm heterogeneity and providing a higher degree of external 

validity than studies which focus on a specific firm or a specific sector alone. 

Future studies could improve on our measure of firm performance. As we argued in Section 

3.1, we see two distinct advantages of measuring firm performance with credit rating 

information in the context of a behavioral approach. First, the credit rating index we use in our 

empirical specification provides an objective assessment of performance by market participants 

that covers the economy at large. It is thus particularly suited for a large-sample, representative 
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statistical analysis. Second, a standardized index represents information on firm performance 

relative to other players in the sector. It is similar to the approach of Miller and Chen (2004) and 

Chrisman and Patel (2012) who operationalize the aspiration gap by comparing firm 

performance to the sector median. However, although credit ratings incorporate evaluations of a 

firm’s general economic situation and forecasts about future profitability, they are largely based 

on past performance. Existing work in the literature (Chen, 2008) demonstrates that both 

performance feedback and performance prospects are important determinants of firms’ search 

behavior. We are unable to disentangle these dimensions with our measure of firm performance. 

In the development of our hypotheses we argue that lower-performing and higher-performing 

firms differ in terms of organizational slack, which in turn creates leeway for cognitive biases. 

Future studies could try to differentiate between a measure of performance and a measure of 

organizational slack, in line with e.g., Greve (2003). 

Finally, there is the question whether our findings are generalizable to the internationalization 

context of real options. Future research should investigate whether firm performance and 

cognitive biases also moderate the effect of staging on internationalization decisions, or whether 

such decisions take place more outside the firm and are therefore less prone to cognitive biases 

(as suggested by Adner and Levinthal, 2004, and Adner, 2007). 

6. CONCLUSION 

Investments in innovation are characterized by technical and market uncertainty. Whereas from a 

real options perspective, the development and financing of innovation projects in consecutive 

stages has been advanced as the preeminent approach to managing and even benefiting from this 

uncertainty, several authors have pointed out that boundedly rational decision-making can 

prevent firms from reaping the potential benefits of staging. The current study investigates under 

which conditions firms are likely to depart from the entirely rational real options logic and how 

this affects their project decisions when staging investments in innovation.  

Drawing from insights in the behavioral theory of the firm, we argue that cognitive biases are 

more likely to occur in firms with high past performance than in firms with low past 

performance. This is because higher-performing firms’ success experience engenders substantial 

organizational slack and more relaxed internal monitoring, which in turn create room for 

positively biased expectations. By contrast, lower-performing firms monitor their search 

activities more closely and are less likely to hold overoptimistic beliefs about their courses of 

action. We hypothesize and empirically confirm that in higher-performing firms, staging will 
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therefore have a lower impact on the propensity to start new projects and to abandon 

unpromising projects than in lower-performing firms.  

This paper accommodates an important plea in the real options literature as it takes a 

contingency perspective on the relationship between the staging of innovation projects and 

investment decisions, by explaining how firm performance creates a leeway for cognitive biases, 

which in turn moderate the effect of project staging on investment decisions. Our hope is that the 

current study will motivate scholars to take into account behavioral contingencies when studying 

firms’ investment decisions and the use of real options reasoning in particular. Also, by 

demonstrating that staging has a different effect on the investments of lower-performing and 

higher-performing firms, the study provides insight into the distinct mechanisms and 

characteristics of slack and problemistic search, and may inspire further research in this area. 
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Figure 1: Discrete-state random walk
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Table 1: Descriptive statistics 

 Full Sample Higher-Performing Lower-Performing  

 
Mean Std. Dev. Min. Max. Mean Std. Dev. Mean Std. Dev. Mean Diff. 

New Projects 10.119 45.386 0 1408 13.219 49.753 7.068 40.420 6.151 
Abandoned Projects 2.087 17.401 0 657 2.847 17.398 1.340 17.378 1.508 
Staging 0.637 

 
0 1 0.618 

 
0.656 

 
-0.038 

Firm Performance 222.944 44.817 100 500 188.944 25.526 256.397 32.970 -67.453 
Firm Size 446.808 4108.87 1 186000 757.377 5766.44 141.242 775.017 616.135 
Age 32.257 36.419 1 509 41.653 40.338 23.012 29.306 18.641 
Share of Graduates 0.258 0.264 0 1 0.206 0.216 0.309 0.295 -0.102 
Group 0.065 

 
0 1 0.090  0.040  0.050 

Unc_Competitors 1.510 0.763 0 3 1.506 0.733 1.513 0.791 -0.007 
Unc_Entry 1.296 0.800 0 3 1.287 0.787 1.305 0.812 -0.018 
Unc_Obsolescence 1.033 0.817 0 3 0.968 0.788 1.097 0.841 -0.129 
Year 2010 0.446 

 
0 1 0.456 

 
0.436 

 
0.021 

 N = 2956.  
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Table 2: Correlations 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(1) Abandoned Projects 1            
(2) New Projects 0.62 1           
(3) Staging -0.01 -0.03 1          
(4) Firm Performance -0.07 -0.09 0.04 1         
(5) Firm Size 0.13 0.24 0.00 -0.08 1        
(6) Age 0.08 0.06 -0.04 -0.31 0.04 1       
(7) Share of Graduates -0.01 0.00 0.04 0.17 0.01 -0.25 1      
(8) Group 0.08 0.10 0.02 -0.11 0.19 0.05 -0.01 1     
(9) Unc_Competitors 0.01 -0.01 0.05 -0.01 -0.01 0.00 -0.07 -0.04 1    
(10) Unc_Entry 0.02 -0.02 0.01 0.02 -0.04 -0.01 -0.04 -0.01 0.30 1   
(11) Unc_Obsolescence 0.06 0.06 0.04 0.06 0.00 -0.04 0.19 0.01 0.11 0.15 1  
(12) Year 2010 0.02 0.01 -0.08 0.00 0.00 0.00 0.06 -0.02 -0.04 0.05 0.05 1 
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Table 3: Industry dummies 

Industries NACE (Rev. 2.0) Observations Percentage 
Food/Beverages/Tobacco 10, 11, 12 105 3.55 
Textiles/Clothing 13, 14, 15 88 2.98 
Wood/Paper 16, 17 79 2.67 
Chemicals/Pharmaceuticals 20, 21 165 5.58 
Rubber/Plastics 22 93 3.15 
Glass/Ceramics/Concrete 23 75 2.54 
Metals 24, 25 227 7.68 
Electronics/Electrical 26, 27 376 12.72 
Machinery/Equipment 28, 33 351 11.87 
Vehicles 29, 30 106 3.59 
Furniture/Other Manufacturing 31, 32 106 3.59 
Energy/Mining/Oil 5, 6, 7, 8, 9, 19, 35 59 2.00 
Water Supply/Waste/Recycling 36, 37, 38, 39 92 3.11 
Wholesale Trade 46 54 1.83 
Transportation/Postal Services 49, 50, 51, 52, 53, 79 106 3.59 
Printing/Publishing/Media 18, 58, 59, 60 119 4.03 
IT-Services/Telecommunications 61, 62, 63 211 7.14 
Financial Intermediation 64, 65, 66 86 2.91 
Consulting/Advertising 69, 70, 73 106 3.59 
Technical Engineering/R&D 71, 72 240 8.12 
Other Producer Services 74, 78, 80, 81, 82 74 2.50 
Other  38 1.29 

NACE stands for “Nomenclature statistique des activités économiques dans la Communauté 
européenne”. More information: http://ec.europa.eu/eurostat/statistics-
explained/index.php/Glossary:Statistical_classification_of_economic_activities_in_the_European_Comm
unity_(NACE) 
 
Table 4: Poisson regression results 

 New Projects Abandoned Projects 

 (1) (2) (3) (4) 
Staging -0.271 0.140 -0.204 0.688 

 (0.117) (0.194) (0.233) (0.291) 
Higher-Performing -0.195 0.178 -0.166 0.649 

 (0.181) (0.202) (0.285) (0.374) 
Staging × Higher-
Performing 

 -0.629  -1.249 

  (0.247)  (0.453) 
Firm Size (log) 0.585 0.584 0.570 0.569 
 (0.055) (0.051) (0.079) (0.072) 
Age -0.000 -0.000 0.006 0.006 

 (0.002) (0.002) (0.002) (0.002) 

http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Statistical_classification_of_economic_activities_in_the_European_Community_(NACE)
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Statistical_classification_of_economic_activities_in_the_European_Community_(NACE)
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Statistical_classification_of_economic_activities_in_the_European_Community_(NACE)
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Share of Graduates 0.611 0.603 0.910 0.806 

 (0.286) (0.272) (0.510) (0.454) 
Group -0.171 -0.171 0.042 0.036 

 (0.189) (0.183) (0.239) (0.236) 
Unc_Competitors -0.051 -0.059 0.008 -0.002 

 (0.067) (0.067) (0.204) (0.202) 
Unc_Entry -0.088 -0.085 0.199 0.208 

 (0.112) (0.109) (0.231) (0.225) 
Unc_Obsolescence 0.347 0.346 0.535 0.524 

 (0.100) (0.098) (0.120) (0.119) 
Year 2010 -0.018 -0.022 0.211 0.218 

 (0.115) (0.113) (0.218) (0.220) 
Constant -1.234 -1.408 -4.033 -4.492 

 (0.721) (0.698) (1.102) (1.087) 

N = 2956. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included. 

 
Table 5: Predicted means of New Projects 

 Lower-Performing Higher-Performing 
Non-staging 10.516 12.567 
 [7.304; 13.729] [9.676; 15.459] 
Staging 12.100 7.709 
 [7.778; 16.421] [6.382; 9.036] 

95-percent confidence intervals in parentheses. 

Table 6: Predicted means of Abandoned Projects 

 Lower-Performing Higher-Performing 
Non-staging 1.435 2.746 
 [0.719; 2.150] [1.340; 4.152] 
Staging 2.855 1.568 
 [1.410; 4.301] [1.121; 2.014] 

95-percent confidence intervals in parentheses. 

9. APPENDIX 

9.1 Proof of Proposition 1 

We need to show that 

𝜋𝜋𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≥ 𝜋𝜋𝑛𝑛𝑛𝑛𝑛𝑛−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. 
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in the continuous-state random walk model. Inserting the respective definitions yields 

�1 −  𝜙𝜙�𝑣𝑣1�� × {𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 > 𝑣𝑣1] – I } + 𝜙𝜙�𝑣𝑣1�  × (−𝛼𝛼𝐼𝐼) ≥ 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0] − 𝐼𝐼 

⇔ �1 −  𝜙𝜙�𝑣𝑣1�� × 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 > 𝑣𝑣1] – {�1 −  𝜙𝜙�𝑣𝑣1�� × 𝐼𝐼 +  𝜙𝜙�𝑣𝑣1�𝑆𝑆𝐼𝐼} ≥  �1 −  𝜙𝜙�𝑣𝑣1�� ×

𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 > 𝑣𝑣1] + 𝜙𝜙�𝑣𝑣1�× 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 ≤ 𝑣𝑣1] – {�1 −  𝜙𝜙�𝑣𝑣1�� × 𝐼𝐼 +  𝜙𝜙�𝑣𝑣1� × 𝐼𝐼} 

⇔ −𝜙𝜙�𝑣𝑣1�𝛼𝛼𝐼𝐼 ≥  𝜙𝜙�𝑣𝑣1� × 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 ≤ 𝑣𝑣1]− 𝜙𝜙�𝑣𝑣1� × 𝐼𝐼 

⇔ (1 − 𝛼𝛼) × 𝐼𝐼 ≥ 𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1 ≤ 𝑣𝑣1]  

The last inequality holds by construction, given how 𝑣𝑣1 has been defined in light of condition 

(2). Because expected profits under staging are larger than if total investment costs are incurred 

upfront, this implies that, for a given distribution of project costs 𝐼𝐼, staging firms will have a 

higher propensity to start new innovation projects than non-staging firms. 

9.2 Proof of Proposition 2 

Recall that both staging and non-staging firms abandon projects that turn out to have a negative 

value after all uncertainty is resolved, i.e., if 𝑉𝑉2 ≤ 0. To prove that staging firms have a higher 

propensity to abandon projects than non-staging firms, it suffices to show that there are projects 

with positive 𝑉𝑉2, which do fulfill condition (2) in the main text: 

𝐸𝐸[𝑉𝑉2|𝑉𝑉2 ≥ 0,𝑉𝑉1] − (1 − 𝛼𝛼) × 𝐼𝐼 ≤ 0. 

A staging firm will abandon these projects after the first stage, whereas a non-staging firm will 

keep them as total project costs 𝐼𝐼 are sunk at the beginning and the projects’ cash-flow is 

positive.  

Consider 𝑉𝑉1 = 𝑣𝑣1 − 𝜀𝜀 for an arbitrary small 𝜀𝜀 > 0, such that the previous inequality holds 

and thus follow-on investment is not profitable. However 

Pr(𝑉𝑉2 > 0|𝑉𝑉1 = 𝑣𝑣1 − 𝜀𝜀) = 1 −  Pr(𝑉𝑉2 ≤ 0|𝑉𝑉1 = 𝑣𝑣1 − 𝜀𝜀) > 0. 

The last inequality follows from the fact that the normal distribution has positive probability 

mass over the entire range of ℝ.  Consequently, there is a positive probability for projects to 

occur that would be abandoned by a staging firm but completed by a non-staging firm. At the 

same time, all projects that are abandoned by a non-staging firm are also abandoned by a staging 

firm, which completes the proof.  
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10. SUPPLEMENTAL MATERIAL (NOT FOR PUBLICATION) 

The following table shows that the shares of firms which stage their innovation projects do not 

vary excessively across industries. Given that we control for industry affiliation in our empirical 

specifications, this makes us comfortable with pooling our analysis across different industries.  

Table 7: Share of staging firms in different industries 

Industries Staging Propensity 
Food/Beverages/Tobacco 0.619 
Textiles/Clothing 0.659 
Wood/Paper 0.608 
Chemicals/Pharmaceuticals 0.673 
Rubber/Plastics 0.656 
Glass/Ceramics/Concrete 0.600 
Metals 0.621 
Electronics/Electrical 0.721 
Machinery/Equipment 0.584 
Vehicles 0.566 
Furniture/Other Manufacturing 0.708 
Energy/Mining/Oil 0.559 
Water Supply/Waste/Recycling 0.620 
Wholesale Trade 0.593 
Transportation/Postal Services 0.660 
Printing/Publishing/Media 0.580 
IT-Services/Telecommunications 0.649 
Financial Intermediation 0.535 
Consulting/Advertising 0.585 
Technical Engineering/R&D 0.700 
Other Producer Services 0.606 
Other 0.658 

 

10.1 Robustness checks 

In this section we report all robustness checks we refer to in the main text. Table 8 shows 

negative binomial regressions (Cameron and Trivedi, 2005, Chapter 20.4) which account for the 

presence of overdispersion (larger variance than mean) in our dependent variables. 

Table 8: Negative binomial regression results 

 New Projects Abandoned Projects 

 (1) (2) 
Staging 0.125 0.442 



36 
 

 

 (0.098) (0.153) 
Higher-Performing 0.223 0.756 

 (0.118) (0.199) 
Staging × Higher-
Performing -0.401 -0.782 

 (0.142) (0.235) 
Firm Size (log) 0.453 0.435 
 (0.027) (0.041) 
Age 0.000 0.006 

 (0.001) (0.002) 
Share of Graduates 0.376 0.537 

 (0.154) (0.246) 
Group -0.060 -0.158 

 (0.123) (0.186) 
Unc_Competitors -0.044 0.020 

 (0.048) (0.074) 
Unc_Entry -0.079 -0.091 

 (0.045) (0.085) 
Unc_Obsolescence 0.186 0.266 

 (0.053) (0.073) 
Year 2010 -0.248 0.135 

 (0.065) (0.116) 
Constant 0.069 -1.688 

 (0.432) (0.731) 

N = 2956. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included. 

 

In order to assess whether Staging × Higher-Performing also affects abandoning relative to a 

firm’s portfolio size, we divide Abandoned Projects by the total number of projects and estimate 

the relationship by a fractional response model (Papke and Wooldridge, 1996). We only do this 

for Abandoned Projects as there is a deterministic causal relationship between newly started 

projects and the project portfolio size, which renders the approach inappropriate for New 

Projects. Ideally, one would divide New Projects by the number of projects a firm ever 

contemplates to start. Such information is hardly available, though. 

Consistent with our main results we find a negative effect of Staging × Higher-Performing 

on the share of abandoned projects in a firm’s portfolio in Table 9. Although the coefficient is 

only significant at the 10-percent level (p-value: 0.096), a one-sided test—which is in line with 

our research hypothesis that the interaction of Staging and Higher-Performing is smaller than 

zero—rejects at the 5-percent level. Staging increases the share of abandoned projects from 6.9 

to 8.7 percent in lower-performing firms; whereas the share remains almost constant in higher-



37 
 

 

performing firms (8.9 compared to 8.7 percent). 

Table 10: Fractional response model estimation results 

 Abandoned Projects (Share) 

 (1) 
Staging 0.244 

 (0.124) 
Higher-Performing 0.273 

 (0.133) 
Staging × Higher-
Performing -0.268 

 (0.161) 
Firm Size (log) 0.038 
 (0.028) 
Age 0.001 

 (0.001) 
Share of Graduates 0.030 

 (0.209) 
Group 0.028 

 (0.150) 
Unc_Competitors 0.028 

 (0.057) 
Unc_Entry 0.008 

 (0.052) 
Unc_Obsolescence 0.018 

 (0.052) 
Year 2010 0.008 

 (0.076) 
Constant -3.158 

 (0.567) 

N = 2956. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included.  

 

Although we do not control for a firm’s innovation intensity (measured as innovation 

expenditures divided by number of employees) in our main specifications—as it is likely to be 

an outcome of staging itself, and therefore endogenous—we establish in the following Table 11 

that our results are not sensitive to this omission. 

Table 12: Control for firms’ innovation intensity (innovation expenditures divided by number of 
employees) 

 New Projects Abandoned Projects 

 (1) (2) 
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Staging 0.200 0.716 

 (0.182) (0.308) 
Higher-Performing 0.199 0.697 

 (0.199) (0.397) 
Staging × Higher-
Performing -0.627 -1.290 

 (0.238) (0.473) 
Innovation Intensity (log) 0.279 0.281 
 (0.040) (0.078) 
Firm Size (log) 0.603 0.561 
 (0.047) (0.072) 
Age -0.000 0.006 

 (0.002) (0.002) 
Share of Graduates 0.184 0.440 

 (0.284) (0.541) 
Group -0.224 0.063 

 (0.180) (0.242) 
Unc_Competitors -0.062 0.005 

 (0.062) (0.201) 
Unc_Entry -0.079 0.227 

 (0.104) (0.220) 
Unc_Obsolescence 0.273 0.461 

 (0.094) (0.121) 
Year 2010 -0.012 0.213 

 (0.111) (0.224) 
Constant 0.344 -2.524 

 (0.677) (1.109) 

N = 2817. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included. 

 

In the main paper we define firms’ aspiration levels as the median of Firm Performance 

(equal to 220) of the overall sample. This is justified because (1) Creditreform’s credit rating 

index already takes industry affiliation into account, and (2) the median value does not vary 

extensively across sectors. We nevertheless test the robustness of our analyses to an alternative 

definition of aspiration levels according to industry medians and find very similar results, as can 

be seen in Table 14. 

Table 13: Define aspiration level by industry median performance 

 New Projects Abandoned Projects 

 (1) (2) 
Staging 0.164 0.597 
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 (0.189) (0.277) 
Higher-Performing 0.178 0.629 

 (0.204) (0.366) 
Staging × Higher-
Performing -0.688 -1.143 

 (0.244) (0.438) 
Firm Size (log) 0.586 0.566 
 (0.049) (0.073) 
Age -0.000 0.006 

 (0.002) (0.002) 
Share of Graduates 0.595 0.847 

 (0.269) (0.467) 
Group -0.168 0.043 

 (0.181) (0.237) 
Unc_Competitors -0.061 -0.002 

 (0.066) (0.204) 
Unc_Entry -0.086 0.205 

 (0.109) (0.228) 
Unc_Obsolescence 0.346 0.525 

 (0.098) (0.119) 
Year 2010 -0.020 0.228 

 (0.114) (0.221) 
Constant -1.409 -4.465 

 (0.695) (1.098) 

N = 2956. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included. 

 

Firms operating in close proximity to their aspiration level might neither engage in substantial 

problemistic search, nor possess significant amounts of slack. As a consequence, their search 

activities could be less pronounced than those of firms far above or below aspirations. We check 

the validity of our main conclusions if we drop firms in the range between the 33-percent and 

66-percent percentile of the distribution of Firm Performance. Although this leaves us with 

almost 1,000 fewer observations our results remain unchanged (see Table 14).  

Table 15: Drop firms between the 33-percent and 66-percent percentile of Firm Performance 

 New Projects Abandoned Projects 

 (1) (2) 
Staging 0.210 1.161 

 (0.224) (0.292) 
Higher-Performing 0.124 0.731 

 (0.235) (0.403) 
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Staging × Higher-
Performing -0.762 -1.692 

 (0.286) (0.520) 
Firm Size (log) 0.638 0.647 
 (0.049) (0.053) 
Age 0.000 0.008 

 (0.002) (0.003) 
Share of Graduates 0.625 0.832 

 (0.307) (0.523) 
Group -0.284 -0.141 

 (0.189) (0.255) 
Unc_Competitors -0.070 -0.129 

 (0.074) (0.153) 
Unc_Entry -0.095 0.445 

 (0.120) (0.189) 
Unc_Obsolescence 0.424 0.519 

 (0.117) (0.104) 
Year 2010 -0.066 0.068 

 (0.133) (0.228) 
Constant -1.776 -4.982 

 (0.757) (1.035) 

N = 2006. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included. 

 

Finally, Table 13 shows that our results still hold when using the continuous variable Firm 

Performance (and interacting it with Staging) instead of the dummy variable for Higher-

Performing firms. Note that the signs for Firm Performance are opposite to those for the Higher-

Performing dummy variable, because Firm Performance ranges from 100 (excellent rating) to 

600 (worst rating), in line with the German school grade system (as explained earlier in the text). 

Table 13: Continuous interaction of Staging and Firm Performance 

 New Projects Abandoned Projects 

 (1) (2) 
Staging -1.288*** -2.706** 

 (0.565) (1.343) 
Firm Performance -0.001 -0.009 

 (0.002) (0.006) 
Staging × Firm Performance 0.005* 0.013** 
 (0.003) (0.006) 
Firm Size (log) 0.584*** 0.559*** 
 (0.054) (0.081) 
Age 0.000 0.006*** 
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 (0.002) (0.002) 
Share of Graduates 0.633*** 0.882* 

 (0.301) (0.530) 
Group -0.179 -0.003 

 (0.192) (0.255) 
Unc_Competitors -0.053 -0.018 

 (0.069) (0.212) 
Unc_Entry -0.087 0.220 

 (0.109) (0.243) 
Unc_Obsolescence 0.353*** 0.565*** 

 (0.100) (0.116) 
Year 2010 -0.017 0.257 

 (0.115) (0.213) 
Constant -1.062 -2.323 

 (1.031) (1.865) 

N = 2956. Cluster-robust standard errors in parentheses. Bold coefficients significant at the 5-
percent-level. Industry dummies included. 

 

 

10.2 References for supplemental material 

Cameron CA, Trivedi PK. 2005. Microeconometrics: Methods and Applications. Cambridge 
University Press: Cambridge, MA. 

Papke LE, Wooldridge JM. 1996. Econometric Methods for Fractional Response Variables with 
an Application to 401 (K) Plan Participation Rates. Journal of Applied Econometrics 11: 619–
632. 
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