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Abstract
The role of constraints in the problem solving process has been a central line of inquiry in the
creativity and innovation literature with ongoing debates of whether constraints imposed on
creative problem solvers diminish or enhance their efforts and outputs. We investigate this
question by designing and executing a field experiment in collaboration with a world leading
company in consumer electronics seeking creative solutions through a community
crowdsourcing program to improve the wearing comfort of their popular headphones. We
mobilized 1,833 problem solvers, 331 ideas and 435 community evaluators to rate the quality of
the solutions, for a total of 2,473 evaluator-solution pairs. To make experimental comparisons,
we exogenously varied the number of constraints faced by the community problem solvers to
determine how exposures to constraints affected the number and quality of solutions. We find
causal evidence that moderate levels of constraints increase both solution quantity and quality.
Compared to problems framed with no constraints, having some constraints causally increases a
solvers’ likelihood of proposing a solution by 6% or 1.5 times. Turning to solution quality, we
find that while constraints decrease the average novelty of solutions, they have no effect on the
most novel and useful solutions. Lastly, we observe an inverse curvilinear relationship between
the number of constraints and the most creative solutions, where problems with some constraints
increase the likelihood of coming up with one of the most creative solutions by 3-4% compared
to problems with no constraints. We discuss the implications of our findings to the creativity and
problem-solving literatures.
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1. Introduction
“When people think about creativity, they think about artistic work – unbridled, unguided effort
that leads to beautiful effect. But if you look deeper, you'll find that some of the most inspiring
art forms, such as haikus, sonatas, and religious paintings, are fraught with constraints. They
are beautiful because creativity triumphed over the ‘rules.’ Constraints shape and focus
problems and provide clear challenges to overcome. Creativity thrives best when constrained.”
(Marissa Mayer 2006, as quoted in Bloomberg Businessweek, 2006).
Creative problem-solving, as a focal unit of analysis, has emerged as a central issue in the
knowledge-based theory of the firm (Nickerson & Zenger, 2004; Nonaka & Von Krogh, 2009).
Success at value creation inside of companies is a function of how effectively managers identify,
select and define insightful problems that need to be solved (Getzels & Csikszentmihalyi, 1975;
Isen, Daubman, & Nowicki, 1987; Simon & Newell, 1971; Weisberg, 2006), as well as their
ability to marshal the internal and external resources available to the firm to generate valuable
solutions (Baer, Dirks, & Nickerson, 2013; Felin & Zenger, 2014; Leiblein & Macher, 2009;
Macher & Boerner, 2012).
Despite the importance of problem formulation in determining the number and quality of
alternative solutions produced during problem solving (Baer et al., 2013; Rietzschel, Nijstad, &
Stroebe, 2014), most extant research has focused on the process of generating and selecting
creative solutions that are novel and useful in a domain (Amabile, 1996; Boudreau, Guinan,
Lakhani, & Riedl, 2016; Piezunka & Dahlander, 2015; Shalley, 1991; Shalley, Zhou, & Oldham,
2004; Zhou, Wang, Bavato, Tasselli, & Wu, 2019) rather than the process of formulating
problems before solving them (Baer et al., 2013; Csikszentmihalyi & Getzels, 1971; Cummiskey
& Baer, 2018). Hence, there exists a lack of understanding of the microfoundations of this
essential activity (Felin & Zenger, 2014).
One potential reason for this lack of understanding may be attributed to the fact that a
broadly shared view among many creativity scholars is that the ideal creative problem solving
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process is one that is unstructured, open and free of external limitations (Amabile, 1996;
Amabile, Conti, Coon, Lazenby, & Herron, 1996; Shalley, 1991). Similarly, there is an emerging
line of problem-solving research that proposes that in certain cases, problem formulation may not
be required when solvers focus on a need-solution pair. When a need and a solution are
discovered together, then problem formulation only occurs after the discovery of the needsolution pair, if at all (Von Hippel & Von Krogh, 2016). That being said, a counter viewpoint
surfacing in recent years, suggests that creative problem solving is not a random process
(Harvey, 2014) but rather, one that may generate more productive searches and higher quality
solutions when problem constraints lead solvers to search for solutions in certain problem spaces
over others (Acar, Tarakci, & van Knippenberg, 2019; Acar & van den Ende, 2016; Cromwell,
Amabile, & Harvey, 2018; Rosso, 2014). Problem constraints include any externally imposed
factor – such as rules and regulations, deadlines, norms, resource scarcity, requirements,
restrictions on choice, and boundaries that limit the number of possible solutions available for
solving a problem and direct the search for new ideas in some domains (Acar et al., 2019;
Caniëls & Rietzschel, 2015; Cummiskey & Baer, 2018; Stokes, 2001, 2005). A potential reason
why constraints may stimulate rather than hinder creativity is their ability to make a difficult
problem or task more manageable (Caniëls & Rietzschel, 2015; Rietzschel et al., 2014). People
may become overwhelmed when given too much freedom, leading to a “paradox of choice”
(Schwartz, 2004), where extensive choice and resources can be demotivating (Iyengar & Lepper,
2000), and detrimental to creativity (Chua & Iyengar, 2008). Also, because attention and time are
limited (Csikszentmihalyi, 1997; Ocasio, 1997; Simon & Newell, 1971), having an abundance of
choice may unintentionally undermine people’s abilities to engage in deliberate and deep
cognitive processing of information (Piezunka & Dahlander, 2015; Rhee & Leonardi, 2018).
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To reconcile these opposing views of how problem constraints affect creativity, some
scholars have proposed that an inverted U-shaped or curvilinear relationship exists between
problem constraints and the creative problem solving process – positing that a moderate level of
constraints enhances creativity, but excessive constraints can ultimately undermine it (Acar et al.,
2019; Joyce, 2009; Rosso, 2014). Despite the presumably intuitive nature of this relationship,
there has been relatively little research to date that has examined when and why a curvilinear
relationship between problem constraints and creativity is more or less likely to be exhibited.
Prior work has noted that creative solutions are a function of both the quantity of solutions and
the quality of those ideas, where productivity or the number of solutions produced during idea
generation is not always a sufficient condition for better solutions (Rietzschel, Nijstad, &
Stroebe, 2006, 2007). Building on this literature, our present research considers how problem
constraints may affect both the number and quality of the solutions generated from creative
problem solving. To further examine the nature of the relationship between constraints and idea
quality within the context of creativity, we further differentiate quality into its components of
novelty and usefulness (Amabile, 1996; Diehl & Stroebe, 1987; Shelley, 1991). In
conceptualizing creativity this way, with multiple stages and components, we address the
possibility that problem constraints may have distinct, and potentially contrasting effects on
different outcomes of idea generation, and different components of the creative process.
To draw causal inferences, we designed and executed a field experiment in collaboration
with a world leading company for consumer electronics seeking creative designs to improve the
wearing comfort of their popular headphones through their ongoing community crowdsourcing
efforts. The initial call went out to 32,476 subscribers of the company’s newsletter, which
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attracted 1,833 problem solvers and 331 ideas. A second, follow up call then recruited 435
community evaluators to rate the quality of the ideas for a total of 2,473 evaluator-solution pairs.
Our results indicate that imposing some problem constraints benefits both the generation
and selection of the high quality ideas during the creative problem solving process. First, we find
that intermediate levels of constraints can increase the quantity of solutions: having some
constraints causally increases the likelihood that a solver submits a solution by 6 percentage
points (pp) or 1.5 times more than problems with no constraints. Therefore, constraints benefit
idea quantity up until a certain threshold, after which there are decreasing returns to additional
constraints. Second, examining the novelty and usefulness of proposed solutions, we show that
while an increase in problem constraints decreases the average solution novelty, constraints do
not change the distribution of the most novel ideas. We also find no significant relationship
between the number of problem constraints and the usefulness of a solution. This suggests that
adding problem constraints can increase idea quantity without dampening the novelty or
usefulness of the most unique ideas. Third, we find evidence of an inverted U-shaped
relationship between the number of problem constraints and the most creative solutions, with
some constraints increasing the likelihood of coming up with one of the most creative solutions
by 3-4pp compared to problems with no constraints. Overall, our results indicate that some
constraints are beneficial to both the quantity and quality of solutions. Some constraints benefit
the creative problem solving process, but too many constraints dampen it.
The remainder of the paper is organized as follows. Section 2 reviews past literature and
motivates possible links between problem constraints and creativity. Section 3 describes the
research design. Section 4 presents the main results, and section 5 concludes with a discussion of
the main findings and their implications.
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2. Theory and Hypotheses
2.1. Creativity as Problem Formulation and Problem Solving
Creativity is reflected through the generation of novel and useful solutions (Acar et al.,
2019; Amabile, 1996; Runco, 1994; Shalley, 1991). Ideas are novel if they are unique relative to
other ideas in the market, and are useful if they have potential value to an organization (Acar et
al., 2019; Shalley et al., 2004). Much research has suggested that creative problem solving is a
special representation or form of problem formulation and problem solving (Baer et al., 2013;
Csikszentmihalyi & Getzels, 1971; Getzels, 1975; Isen et al., 1987; Runco, 1994; Simon, 1983)
that involves the generation and selection of discretionary actions to arrive at a goal state (Baer et
al., 2013). This is consistent with the psychological view that a problem occurs when an
individual or organization has a “goal to achieve and does not know how to achieve it” (Baron,
2000, pg. 49). When people generate a new idea that satisfies their objectives (Newell & Simon,
1972), they have chosen a possible path from several alternative paths, and have constructed and
implemented a course of action to achieve an end goal state (Amabile, 1996; Runco, 1994).
Problem formulation refers to the process of discovering, identifying and defining a
problem before it is solved (Amabile, 2018; Dillon, 1982; Getzels, 1975; Getzels &
Csikszentmihalyi, 1975). Although a large body of literature has focused on solving a problem
after it has been formulated, the process of formulating a problem can be more essential than its
solution (Baer et al., 2013; Getzels & Csikszentmihalyi, 1975). As Einstein and Infeld (1938)
remarked: “To raise new questions, new possibilities, to regard old problems from a new angle,
requires creative imagination and marks real advance in science (p. 92)”.
Problem constraints are any externally imposed factor—such as rules and regulations,
deadlines, norms, resource scarcity, requirements, restrictions on choice, and boundaries that
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limit the number of possible solutions available for solving a problem and direct the search for
new ideas to solve problems (Acar et al., 2019; Cummiskey & Baer, 2018; Rosso, 2014; Stokes,
2001, 2005). Constraints offer a theoretical yet practical lens for conceptualizing how problem
formulation relates to the creative problem solving process. When viewed in this light, problems
lie on a continuum depending on the degree that it has been formulated before a solver begins the
creative process, ranging from open to closed (Getzels & Csikszentmihalyi, 1975; Unsworth,
2001). A closed problem is one where the problem is clearly given at the start, and where the
method and solution are already known. The problem solver only needs to adopt the “correct”
procedural steps to arrive at a solution. An algebra problem is an example of a closed problem
because students are given a set of equations and asked to solve the problem using a set of wellknown principles, heuristics (or algorithms) and rules to arrive at a known solution (Getzels,
1975; Simon, 1983). At the other end of the continuum is open problems, where the problem has
not yet been formulated and the solver is required to find or “discover” the problem and develop
an appropriate method for reaching an unknown solution (Csikszentmihalyi & Getzels, 1971;
Getzels & Csikszentmihalyi, 1975). A blank page or canvas are examples of open problems,
where the problem needs to be “discovered” before a writer or artist can begin solving it (Dewey,
1997; Dillon, 1982; Joyce, 2009).
The number of constraints imposed on a problem introduces boundaries limiting the
requirements, needs, and objectives that define the goal state and direct how people search for
potential solutions (Reitman, 1965; Stokes, 2001, 2005). When problem constraints are low –
i.e., open problems, it means that solvers are working within a larger, and broader problem
domain and have fewer requirements to satisfy at the end goal state. In contrast, when problem
constraints are high – i.e., closed problems, it means that the problem domain is narrower and
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there are more requirements or conditions that need to be met before an idea can be a solution
(Cummiskey & Baer, 2018; Harvey, 2014; Unsworth, 2001). Accordingly, fewer ideas are
capable of satisfying the end goal state when there are more constraints on the problem space.
In the next sections, we theorize the effects of constraints on the quantity and quality of
generated ideas, focusing on the novelty, usefulness and ultimately the creativity of these ideas.
2.2. Problem Constraints and Solution Quantity
Problem constraints limit the degree of choice and freedom available for idea generation
and direct search behavior to some parts of the problem space over others (Csikszentmihalyi &
Getzels, 1971; Stokes, 2001, 2005). Although scholars of creativity and innovation have long
viewed constraints as being detrimental to creativity (Amabile, 1983; Amabile et al., 1996; Cyert
& March, 1963; Shalley, 1991), there is a growing perspective that constraints may facilitate idea
generation because they reduce the complexity and the information processing demands of the
task at hand (Hirst, Van Knippenberg, & Zhou, 2009; Simon, 1978). Research on decisionmaking and judgment indicates that extensive choice and autonomy can be difficult to manage
(Kahneman, 2011), leading people to make suboptimal decisions, such as considering fewer
choices, choosing the default option or opting out altogether (Iyengar & Lepper, 2000). The
“paradox of choice” (Schwartz, 2004) suggests that people are not able to encode, process and
integrate information effectively when they are presented with a large number of possible
options, relying instead on simple heuristics (Gigerenzer & Gaissmaier, 2011; Iyengar & Lepper,
2000). When people are asked to solve open, minimally constrained problems, the freedom to
choose among many alternative paths may result in choice overload, which can inhibit them
from coming up with potential ideas or solutions, and opt out of solving a problem altogether.
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Another reason why open problems may inhibit idea generation is due to the limits of
people’s attentional resources. Individuals have a finite amount of attention to allocate and can
only pay attention to a subset of the information that they encounter (Cyert & March, 1963;
Ocasio, 1997; Piezunka & Dahlander, 2015). Attention allocation involves the focusing of time
and effort on a stimulus (Haas, Criscuolo, & George, 2015; Kahneman, 1973). Kahneman
(1973)’s theory of attention suggests that there are generally two primary strategies that people
use to allocate their attention. People can either adopt divided attention, where they symmetrize
their attentional resources across information inputs or stimuli, or focused attention, which
involves deliberate cognitive processing of information coming from a specific stimulus that
originated from a particular source or has some feature or characteristic (Kahneman, 1973). The
degree to which a problem is open (few constraints) versus closed (many constraints) may affect
how people allocate their attention when coming up with ideas. When the problem has few
constraints, people may be more likely to allocate their attention along many potential directions
while searching for a solution. However, a clear trade-off is that they are not able to focus their
attention and cognitive effort on any one specific direction, thereby limiting their ability to
converge on a potential solution or idea. In contrast, problems with some degree of constraints
may enable people to think more deeply within a single category or path, which can facilitate
idea convergence (Rietzschel et al., 2006). For example, Haas, Criscuolo and George (2015)
found that potential problem solvers were more likely to contribute knowledge to an online
discussion forum when the problem had some constraints (e.g., narrower, less novel and shorter
problem description) because they demanded less cognitive load (Haas et al., 2015), potentially
enabling the solver to focus rather than divide their attention across categories or domains.
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This suggests that adding some constraints to problems may be beneficial to solution
generation, compared to open problems that may offer too much choice and divide a solver’s
attentional resources. That said, problems with an excessive number of constraints may
inadvertently diminish a solver’s intrinsic motivation to engage in idea generation (Deci & Ryan,
2010), which is considered to be one of the most powerful influences on creativity (Amabile,
1996; Amabile et al., 1996; Shalley, 1991, 1995; Zhang & Bartol, 2010). The problem becomes
less enjoyable to solve, requiring few creative inputs, thereby reducing an individual’s propensity
to devote attention to it and persist in solving it (Amabile, 1996; Grant & Berry, 2011).
In summary, an open problem that has few constraints can fail to generate ideas from a
potential problem solver because complete freedom may offer too much choice or inhibit
focusing of attention, while a closed problem with many constraints can also hinder idea
generation because it reduces the intrinsic enjoyment of the creative process. Taken together,
these arguments suggest that there will be a curvilinear relationship between the number of
constraints imposed on a problem and the propensity that a problem solver will generate a new
idea or solution to that problem, such that the propensity to submit an idea will be increasing in
the number of problem constraints, but only up to a point, after which further constraints will
have negative effects on the likelihood of idea generation. Hence, we hypothesize:
Hypothesis 1. The likelihood that a problem solver proposes an solution to a focal
problem is curvilinearly related to the number of constraints imposed on the problem, in
an inverse U-shape.
2.3. Problem Constraints and Solution Novelty
Although moderate levels of constraint may improve the problem solver’s propensity to
come up with solutions, the quantity of solutions generated does not necessarily correspond to
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the quality of the solutions selected during evaluation (Rietzschel et al., 2014), as one only needs
a few high quality ideas to be selected for further development (Girotra, Terwiesch, & Ulrich,
2010; Rietzschel et al., 2006). Within organizations, idea quality generally refers to the extent
that the solution is creative – being both novel compared to existing ideas in the market, and
potentially useful to an organization (Acar et al., 2019; Shalley et al., 2004). In this section, we
theorize the role of problem constraints on the solution’s novelty, and hypothesize that
constraints will have a negative impact on a solution’s novelty for three reasons.
First, the role of constraints is to limit or preclude search behavior in some parts of a
problem space while promoting search in different parts (Reitman, 1965). Put differently,
constraints may reduce search scope while increasing search depth, which may limit exploratory
behaviors and reinforce exploitation behaviors, i.e., paradigmatic rigidity (Chai, 2017; March,
1991). In particular, by limiting search behavior, constraints promote the use of the same
knowledge elements via local search strategies for new ideas in conceptual spaces that are likely
to be familiar or related to the problem at hand (Katila & Ahuja, 2002); examples of such
strategies may include prior solutions and existing organizational routines (March, 1991).
Second, by directing search along some parts of the solution space, constraints limit the
amount of choice available for problem solving (March, 1991), which may reduce a solver’s
ability to find and integrate different knowledge elements in overlooked parts of the problem
space (Laursen & Salter, 2006). In their study of the problem formulation stage and creative
activity, Csikszentmihalyi and Getzels (1971) found a positive relationship between the amount
of “discovery-oriented” behavior (i.e., behaviors used to identify, structure, and approach a
solution) and the novelty of the creative product. By adding constraints, the problem seeker
enacts boundaries on the methods or approaches that are deemed appropriate for reaching a
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solution; accordingly, the problem becomes more closed. These constraints may filter out
alternative perspectives from marginal individuals (Jeppesen & Lakhani, 2010) and possible
solutions that capture distant knowledge (Piezunka & Dahlander, 2015). Moreover, given that
novel solutions are often formed from the reuse, integration and recombination of existing ideas
in novel ways or by incorporating new ideas with more established ones (Fleming, Mingo, &
Chen, 2007; Katila & Ahuja, 2002), constraints may reduce a solution’s novelty by precluding a
solver from searching in distant and unfamiliar search terrains (Li, Maggitti, Smith, Tesluk, &
Katila, 2013) and making atypical associations between different knowledge domains (Schilling
& Green, 2011).
Third, constraints reduce the variability of proposed solutions by imposing boundaries
demarcating what is possible from what is out of scope. When problems add many constraints
and become relatively closed, both the method for solving the problem and the solution are
already known, creating little variation, imagination, or unpredictability in the range of relevant
outcomes (Stokes, 2001). Moreover, ideas that are similar in content and approach are likely to
be of similar quality or novelty (Girotra et al., 2010). Therefore, there is a smaller chance for
outlier ideas that fall outside the predictable range of expected solutions. Based on these reasons,
we predict:
Hypothesis 2 (H2). The likelihood that a problem solver proposes a novel solution is
negatively related to the number of constraints imposed on the problem.
2.4. Problem Constraints and Solution Usefulness
Although one aspect of idea quality is the novelty of the solution, the other component of
idea quality is its usefulness (Shalley et al., 2004). The ability to come up with useful ideas is
particularly critical when firms need to focus on more immediate and certain outcomes, rather
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than distal yet variable outcomes (He & Wong, 2004) that are often associated with unproven
and novel but also high risk technologies and products (Sine, Haveman, & Tolbert, 2005).
In technical domains, a solution’s usefulness often refers to the firm’s internal assessment
of whether a solution can be implemented efficiently and reliably using existing technological
capabilities, i.e., the extent to which a solution is feasible (Ulrich, 2011). If the search for novel
solutions favor exploratory behaviors, associated with increased search scope, risk taking and
experimentation, then the search for useful solutions is likely to benefit from exploitation
behaviors characterized by refinement, implementation, selection and efficiency ((He & Wong,
2004; March, 1991). Prior work suggests that the structures, processes and behaviors needed to
generate novel solutions are likely to differ from those needed for useful solutions (Benner &
Tushman, 2002; Rosenkopf & Nerkar, 2001). That is, the search for novel versus useful solutions
are not necessarily complementary in nature. Whereas some research has suggested that these
objectives are orthogonally related (Gupta, Smith, & Shalley, 2006), other research has also
suggested that these behaviors represent trade-offs that are negatively related to each other
(Poetz & Schreier, 2012). If problem constraints reduce the amount of exploratory behaviors
needed for novelty-seeking solutions, then adding constraints may effectively promote
exploitation behaviors that make better use of a firm’s existing knowledge and capabilities. Such
limitations and directions are likely to promote useful solutions that are both technically doable
and economically viable (Gupta et al., 2006; March, 1991; Sine et al., 2005). This may be
particularly effective in directing search behaviors among community end-users, who are
typically unaware of the internal technical and economic capabilities of the firm and known only
by its deep domain experts (Amabile, 1998; Ulrich, 2011). Hence, we predict the following:
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Hypothesis 3. The likelihood that a problem solver proposes a useful solution is positively
related to the number of constraints imposed on the problem.
2.5. Problem Constraints and Solution Creativity
Given that creativity requires a balance of novelty and usefulness (Amabile et al., 1996;
Shalley et al., 2004; Weisberg, 2006), this suggests that solvers are more likely to come up with
higher quality ideas, i.e., more creative solutions when problems have some constraints that limit
and direct search behavior in certain domains over others (Acar et al., 2019; Acar & van den
Ende, 2016; Rietzschel et al., 2014). Whereas solution novelty requires uniqueness, creative
solutions need to satisfy an additional condition of also being useful or relevant (Cummiskey &
Baer, 2018; Jeppesen & Lakhani, 2010). Firms often face numerous constraints, such as time,
money, resources, and assets, which are inevitably a part of all creative problem solving
activities in organizations (Acar et al., 2019; Shalley et al., 2004). Although innovation scholars
have argued that resource abundance or “slack” is a necessary condition to encourage
experimentation and risky projects (Cyert & March, 1963; Levinthal & March, 1981), another
view suggests that constraints may spur creativity by preventing problem solvers from falling
back on the path of least resistance (POLR). The POLR suggests that people are more likely to
generate uncreative ideas when offered complete freedom to ideate (Bayus, 2013;
Csikszentmihalyi, 1997; Ward, 1994; Ward, Smith, & Finke, 1999). In a qualitative study of
Coloplast, a major international manufacturer of medical equipment, Onarheim (2012) found that
creativity and constraints complement one another in engineering design, with constraints
“guiding and limiting the creative process” and demonstrating that problem solvers can maintain
an optimal combination or “sweet spot” of constraints (e.g., by adding, removing and altering
constraints) to enhance creativity (Onarheim, 2012).
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These arguments suggest that problems with moderate levels of constraints are more
likely to lead to creative solutions, compared to open or closed problems with few or many
constraints. This is due to the fact that creativity requires a balance of novelty and usefulness.
Accordingly, we hypothesize that there is a curvilinear relationship between the number of
constraints imposed on a problem and the creativity of the idea or solution, such that a larger
number of constraints will have a positive effect on the likelihood of generating a creative
solution, up until a threshold, after which any additional increase will have a negative effect on
the likelihood of coming up with a creative idea.
Hypothesis 4 (H4). The likelihood that a problem solver proposes a creative solution is
curvilinearly related to the number of constraints imposed on the problem, in an inverse
U-shape.
3. Research Design
Empirically testing the above hypotheses for causal inferences imposes several
significant challenges. The first challenge is to ensure that constraints need to be added to the
same underlying innovation problem. The second challenge is to ensure that multiple problem
solvers, i.e. sufficient numbers for statistical inference, are available to work on creating the
solution. The third challenge is to ensure randomization is possible so that problem solvers do
not choose to solve the problems they want but are instead randomly assigned to the different
constraint treatment conditions and that the problem solvers are not aware of the presence of
other treatments. The fourth challenge is to ensure that evaluation of the creative solutions is not
tainted by idiosyncratic tastes of the judges and that multiple evaluators rate multiple solutions.
These challenges impose significant constraints on our research design. It may be very difficult
to convince a company that it should dedicate hundreds of engineers and staff to both work on
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the same problem and to ensure randomization and isolation of treatments and participants in an
industrial research laboratory. Our solution to this problem was to rely on a company’s extended
open innovation ecosystem and execute the experiment through a crowdsourcing contest within
its expert user community. Relying on the external and global user community enables us to
overcome the causal inference challenges by executing the experiment in an online setting. In
this section, we describe the key aspects of the research design, the subjects, and the treatment
conditions. We then conclude the section by describing the main variables and the empirical
estimation strategy.
3.1. Setting
We collaborated with a world leading company in consumer electronics to examine the
effects of constraints on the creativity process, drawing on a pool of crowdsourced community
members for idea generation and evaluation. Among other music products, the company
produces industry-leading headphones. As indicated by reviews from consumer magazines, and
confirmed by interviews with company executives, we identified three key criteria for
purchasing headphones: sound, design, and wearing comfort. Our experiment focused on
crowdsourcing ideas to improve the wearing comfort of the company’s headphones. The
company uses email newsletters every 5-6 weeks to inform expert consumers about its music
equipment that anyone can sign up to receive. Within the regular newsletter edition of December
2015 in Germany and Austria, we inserted a link calling all subscribers to “participate in a lottery
and idea search initiative for the music equipment of tomorrow”. After clicking on the link,
participants were directed to a welcome page in the design of the company newsletter, with the
authors’ university logos embedded at the bottom that included a statement asking whether they
would be willing to participate in the idea search and a description of the prizes for the lottery
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(i.e., an Ivy League University t-shirt, a pair of Company headphones). To be eligible for a prize,
individuals were required to participate in the problem solving activity of generating solutions to
a future headphone design task.
3.2. Solver Participants
We sent the invitation to participate in the survey to 32,476 subscribers of the company’s
newsletter, which generated 2,877 (or 9.54%) unique clicks of the survey link. A total of 1,833
participants were exposed to the randomized experimental task, of which 470 completed the task,
generating a total of 331 unique ideas. 1 In the analysis that follows, we focus on the 1,833
participants that started the task and the 331 unique solutions generated in response to the call for
ideas. In interviews conducted with company executives, we verified that the click through rates
and the demographic characteristics of the survey participants were similar to those of
company’s regular newsletter subscribers. 2
3.3. Solver Procedures and Treatments
After clicking on the survey link , potential solvers were asked to answer a set of
questions about their knowledge about headphones, their information breadth, which referred to
the number of sources they use to keep up regularly with the latest trends and technologies in the
music industry, their motivation for participating in the ideation task, and their demographic
characteristics. After completing these background questions, participants were exposed to a
problem statement.
Figure 1 (left) illustrates the base problem statement shown to all participants (control
and treatment conditions) and the text blocks (Figure 1 right) that were added to the treatment

1

We excluded double entries, blank entries, and any non-idea/comments (e.g., “I do not have an idea”, “I am not
willing to give my idea for free”. After data cleaning, each solver proposed one unique solution.
2
Statistics are not reported for Company confidentiality reasons.
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groups. We exogenously manipulated the number of constraints imposed on the problem
statement using different text blocks. The participants in the treatment groups were randomly
assigned to either a “low” (1 constraint), “moderate” (2 constraints) or “high” (3 constraints)
condition. Figure 1 provides a description of the three constraints. The first constraint, providing
directions, directed the solvers’ search behaviors by including additional details describing
wearing comfort, and included various sample use cases to direct the solvers’ attention to
particular parts of the solution space, but not prime them to a particular use case. The second
constraint, limiting solutions, provided explicit instructions to generate ideas that were feasible
and technically doable, thereby emphasizing the usability of the solutions. For both the providing
directions and limiting solutions constraints, solvers either saw the stimuli or not.
The third and final constraint, community evaluation, emphasized whether the proposed
ideas/solution would be evaluated by community members (i.e., non-experts) or firm experts.
Prior creativity research has suggested that creativity can be influenced by whether an individual
expects a judgmental evaluation that critically assesses the creativity of his or her work against a
standard (Shalley et al., 2004). Given that our participant base of end-users are more likely to
focus on developing solutions for themselves and other users, we reasoned that they are more
likely to identify with the community of other end users, and perceive that evaluations from the
community would be more judgmental (i.e., reputation enhancing or diminishing) compared to
private evaluations from firm experts (Chatterji & Fabrizio, 2014; Shah, 2006; Von Hippel,
2005). Unlike the other two constraints, participants were either randomly exposed to the
community evaluation or expert evaluation constraint.
[ Insert Figure 1 about here ]
Below we provide three examples of solutions generated by the community-solvers:
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● “in-ear headphones always slip out of the ears...make them out of a material (similar to
plasticine) that takes the shape of the inner ear and gives them a firm grip”
● “the headphone should not slip off...the headband should be held in two places...like the
straps of a helmet”
● “sweat marks on the headphones…use washable removable cover on the headphones,
preferably made of breathable material”
After completing the ideation task, participants were asked a series of manipulation checks about
the task features and how they arrived at their solution.
3.4. Evaluator Recruitment and Instructions
After the submission window for the ideation contest closed, we sent out a call in the
October 2016 newsletter inviting subscribers in Germany and Austria to evaluate the “Ideas of
Tomorrow”. To evaluate the ideas, any community member could click on a survey link,
embedded in the newsletter. Upon clicking on the survey link, individuals were randomly
assigned six ideas, one at a time. 3 Following previous research (Moreau & Dahl, 2005; Mueller,
Melwani, Loewenstein, & Deal, 2018; Poetz & Schreier, 2012), the quality of ideas were rated
for their novelty and usefulness, which was operationalized with solution feasibility. Before
rating each idea, evaluators were provided with a definition of the rating criteria: novelty was
defined as the uniqueness of the idea compared to ideas that are already available on the market;
feasibility was defined as an idea that is technically doable by the Company. After viewing the
descriptions, evaluators were then asked to rate each idea for its novelty and feasibility on a 7
point Likert scale. After completing their assigned ideas, evaluators had the option to request
another set of randomly assigned solutions.

3

The first two ideas presented to evaluators were always identical, as a baseline.
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Moreover, to avoid source bias, the evaluators were told that the ideas came from a
customer survey, experts and engineers. Evaluators were blind to the experiment and treatments.
Overall, the call recruited 435 evaluators that evaluated a mean of 6.355 (s.d. = 1.823, min = 2,
max = 8) solutions for a total of 2,473 evaluator-submission pairs.
3.5. Dependent Variables
Solution generation. To test H1, we use the dependent variable, Solution generation,
measured as the probability that a participant proposed a solution for the ideation task.
Solution novelty. To test H2, we use the dependent variable, Solution novelty, measured
using the evaluators’ ratings of the solution’s novelty on a 7-point Likert scale. Consistent with
prior research (e.g., Poetz & Schreier, 2012), we also use the dependent variable High solution
novelty to measure the probability that a solution receives a top novelty rating of 7 (24.6% of
ratings), to identify the most novel solutions.
Solution usefulness. To test H3, we use the dependent variables, Solution usefulness,
measured using the evaluators’ ratings of the solution’s feasibility on a 7-point Likert scale. We
also use the dependent variables High solution usefulness to measure the probability that a
solution receives a top feasibility of 7 (47.5% of the ratings), to identify the most useful ideas.
Solution creativity. To test H4, we use the dependent variable, Solution creativity, which
was represented as a linear combination of the solution’s novelty and usefulness (feasibility)
depicted in equation (1):
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐y = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈

(1)

We also use the dependent variable High solution creativity to measure the probability
that a solution receives a top creativity rating of 14 (i.e., top rating for both novelty and
usefulness) in (1), corresponding to 16.2% of all ratings.
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3.6. Independent Variables
Number of treatment constraints. Our main variable of interest is the Number of
treatment constraints imposed on the problem. The control condition is always “no constraints”.
We also use the squared term, Number of treatment constraints2 to test the hypothesized
curvilinear relationships in H1 and H4.
Other Variables and Covariates. The analysis strategy relies most critically on the
research design’s randomization of constraint treatments and exploitation of multiple evaluations
per solution. We use dummy variables for evaluators to control for time-invariant unobserved
evaluator characteristics. We also use a number of covariates to control for the
solver/participants’ knowledge, motivation, and demographic characteristics. We control for the
solvers’ prior knowledge about headphones, their information breadth measured as the total
sources they use to stay informed about the newest technologies and trends in the music industry
(“Company websites or brochures”, “online magazines or consumer reports”, “online stores”,
“blogs or video blogs”, “Facebook”, “microblogging networks, e.g., Twitter, Instagram, etc.”,
“friends”, “journals”, “electronic goods retailers, e.g., branches, department stores, etc.”,
“specialist events, e.g., conferences, trade fairs, etc.”, “other”), their motivation for participating
in the ideation task (“to win a pair of Company headphones”, “winning an Ivy League University
t-shirt”, “to have fun”, “reciprocity norms”, “to improve job prospects”), with the motivation
categories of needs-driven versus hobbyist-driven informed by Shah (2006), as well as
demographic attributes of age and gender. In particular, we control for information breadth,
knowledge depth, and demographic characteristics as prior work suggests that technical and
social marginality (Jeppesen & Lakhani, 2010), and motivations for participating (Amabile,
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2018; Deci & Ryan, 2010; Shalley et al., 2004) may affect a solver’s performance and ability to
come up with creative ideas.
Table 1 presents the summary statistics for the main covariates, and also shows that the
randomization achieved balance on all covariates, except for some small differences in the
solvers’ motivations for participating. We note that there was an approximately equal number of
participants randomly assigned to each condition by constraint type (see Table A1). Table 2
presents the results of the manipulation checks, and shows that the solvers were significantly
more likely to indicate that they were exposed to constraint information corresponding to the
treatment condition they were assigned to.4 Note that for the third treatment constraint,
Community evaluation, the solvers were simply asked whether they were exposed to information
about the evaluator, where the difference in means indicates that the community evaluator
treatment was more salient (and constraining) than the expert condition.
[ Insert Table 1 about here ]
[ Insert Table 2 about here ]
3.7. Estimation Approach
To test H1-H4, we perform OLS regressions to estimate the relationships between the
likelihood of generating a solution on the number of treatment constraints imposed on the
problem, as well as the quality of the proposed solutions on the number of treatment constraints,
where quality was decomposed into solution novelty, usefulness, and creativity.

4

We also asked solvers whether they knew about the issue (i.e., wearing comfort) prior to the ideation task and
whether their proposed solution was an idea they had identified prior to the ideation task. F-tests of the solvers’
responses (N = 503) show no significant differences between the experimental conditions (issue known: F(7,495)
0.62, p = 0.741; previously identified solution: F(7,495) = 0.90, p = 0.508).
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In H1, our simplest model includes the constraint treatments. We then add controls for
solver i’s prior knowledge, motivation for participating, and lastly, demographic characteristics.
Our final model for the likelihood that solver i submits a solution is presented in equation (2):
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑖𝑖 +

𝛽𝛽2 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐴𝐴𝐴𝐴𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑖𝑖 + 𝜀𝜀𝑖𝑖 .

(2)

Turning to solution quality, once again the simplest model includes the number of
treatment constraints, as well as its squared term in the creativity models. We then add evaluator
fixed effects (𝛼𝛼𝑗𝑗 ) for each evaluator j to control for unobserved differences between evaluators.
In the regression models examining solution novelty, we control for the solution’s usefulness,

and for regression models examining solution usefulness, we control for the solution’s novelty.
Lastly, we add a number of covariates to control for the solver attributes, which include solver i’s
information sources and knowledge, motivation for participating, and demographic attributes.
The final models for novelty, usefulness, and creativity, and the composite creativity score for
the solutions are presented in equations (3)-(5), respectively:
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑦𝑦𝑖𝑖𝑖𝑖
= 𝛽𝛽0 + 𝛽𝛽1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑖𝑖 + 𝛽𝛽2 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑠𝑠𝑖𝑖𝑖𝑖
+𝛽𝛽3 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖 + 𝛼𝛼𝑗𝑗 + 𝜀𝜀𝑖𝑖 .
(3)
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑠𝑠𝑖𝑖𝑖𝑖
= 𝛽𝛽0 + 𝛽𝛽1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑖𝑖 + 𝛽𝛽2 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑦𝑦𝑖𝑖𝑖𝑖
+𝛽𝛽3 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠𝑖𝑖 + 𝛼𝛼𝑗𝑗 + 𝜀𝜀𝑖𝑖 .
(4)
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑦𝑦𝑖𝑖𝑖𝑖
= 𝛽𝛽0 + 𝛽𝛽1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑖𝑖
+𝛽𝛽2 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠 2
+𝛽𝛽3 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠𝑖𝑖 + 𝛼𝛼𝑗𝑗 + 𝜀𝜀𝑖𝑖 .

(5)

The equations examining the top solutions for each dependent variable are identical

except that we replace the continuous dependent variable with the binary variable (=1 if given a
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top rating of 7). Following recent research, we use OLS or linear probability models (LPM)
rather than a logit specification because it yields more interpretable coefficients and allows us to
correct for heteroskedasticity in the standard errors (Angrist & Pischke, 2008; Chang, Kirgios,
Rai, & Milkman, 2020).
4. Results
In this section, we describe our main results testing H1-H4. Table 3 presents the correlations
between the main variables.
[ Insert Table 3 about here ]
Solution Generation and Problem Constraints. H1 theorized that solvers are more likely
to generate ideas when a problem has an intermediate level of constraints. Table 4 presents the
results examining the estimated relationships between the probability of generating a solution
and the linear and squared terms of problem constraints imposed on the problem. Model 1 is the
baseline model. In Model 2, we add the knowledge and information breadth controls. Model 3
adds motivation controls and finally, Model 4 adds the demographic controls.
In Model 1, we observe that the coefficient for the number of constraint treatments is
positive and significant (Model 1: 0.0829, p < 0.01), while the coefficient of its squared term is
negative and significant (Model 1: -0.0243, p < 0.05). Following the suggestion of Haans et al.
(2016) and Lind and Mehlum (2010), we further confirm the presence of an inverted U-shaped
relationship between the probability of generating a solution and problem constraints by
calculating the slope of the curve to the left and right of its turning point (Haans, Pieters, & He,
2016; Lind & Mehlum, 2010). The slope at the lower bound (minimum value) is positive and
significant (𝛽𝛽 = 0.083, p < 0.003) and the slope at the upper bound (maximum value) is negative
and significant (𝛽𝛽 = -0.063, p < 0.024). The inflection point is 1.703 and 49.7% of the
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observations lie beyond this point. Using the utest.ado command in stata, developed by Lind and
Mehlum (2010), we find a significant presence of an inverse U-shaped relationship (p = 0.024)
(Lind & Mehlum, 2010). As an additional test, we derive Fieller’s (1954) confidence interval
around the maximum of the curve to determine whether the maximum lies within the range of
the treatment constraints variable. The extreme values of the confidence interval are [1.294,
2.957], which is within the range of the main independent variable (Fieller, 1954). Thus, we find
evidence that the significant squared term signals negative returns to an increasing number of
constraints beyond a threshold. Figure 2 plots the estimated relationships with 95% CIs between
the probability of generating a solution and the number of treatment constraints from Model 1.
We observe that compared to no problem constraints, having some constraints increases a
solver’s likelihood of generating a solution by about 6pp, or 1.5 times more than the baseline
submission rate with no constraints (i.e., control condition).
[ Insert Figure 2 about here ]
In Model 2-4, we add covariates for the solvers’ prior knowledge of head phones and
information breadth, motivation for participating, and demographics. Given that the number of
constraints is exogenously assigned to the solvers, controls add precision to the estimated
relationships. The coefficients for the number of treatment constraints and its squared term
remain significant and consistent across the models. Taken altogether, these results strongly
support H1, which predicts that solvers are more likely to generate solutions when the problem
has a moderate level of constraints.
[ Insert Table 4 about here ]
In Tables 5-6, we turn to testing H2-H3, which theorize the effects of problem constraints
on the components of idea quality, solution novelty (Table 5) and usefulness (Table 6). In both

25

tables, the dependent variable in Models 1-4 corresponds to the novelty, usefulness and creativity
scores for each evaluator, whereas the dependent variable in Models 5-8 is a binary variable
corresponding to whether an idea received a top rating of 7. Models 1 and 5 are the baseline
models with the number of treatment constraints, Models 2 and 6 add rater fixed effects, Models
3 and 7 add controls for the usefulness (Table 5) and novelty (Table 6) of the solution, and lastly,
Models 4 and 8 add solver attributes as controls.
Solution Novelty and Problem Constraints. In H2, we predict adding problem
constraints would lead to less novel solutions. Table 5 presents the results examining the
estimated relationships between solution novelty and the number of problem constraints. Model
1 indicates that higher levels of constraints decrease the novelty ratings of the solution by 0.152
points (Model 1: -0.151, p < 0.01). The coefficient remains consistent and highly significant in
Model 2 which adds the evaluator fixed effects (Model 2: -0.157, p < 0.01). Next, Model 3
controls for the solution’s usefulness, and shows that the coefficient for treatment coefficients
remains stable and significant (Model 3: -0.157, p < 0.01) and that solution usefulness is
orthogonally related to its novelty (Model 3: -0.0153, ns). Lastly, Model 4 controls for solver
attributes, and we observe that the coefficient for the treatment constraints variable remains
negative and significant (Model 4: -0.121, p < 0.01). Figure 3 plots the estimated relationships
with 95% CIs between solution novelty and the number of treatment constraints from Model 2,
and highlights the negative, linear relationship between problem constraints and novelty.
[ Insert Table 5 about here ]
[ Insert Figure 3 about here ]
Turning to the most novel solutions that received the top novelty rating, Model 5 shows
that the number of constraint treatments has no significant effect on the most novel solutions
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(Model 5: -0.0112, ns). The coefficient for the constraint treatments variable is also not
significant in Models 5-8, which adds evaluator fixed effects, and controls for the solution’s
usefulness and solver attributes. Taken altogether, we find strong support that constraints
decrease the average novelty of proposed solutions, but there is no negative impact of problem
constraints on the most novel solutions. Taken altogether, we find support for H2.
Solution Usefulness and Problem Constraints. In H3, we theorized that problems with
more constraints would lead to more useful solutions. Table 6 presents the results examining the
estimated relationships between solution usefulness and the number of treatment constraints.
Model 1 indicates that higher levels of constraints have no effect on the solution’s usefulness
(Model 1: 0.023, ns). The results in Models 2-4 are consistent. Turning to highly useful solutions
in Model 5, once again, there is no significant relationship between the number of treatment
constraints and the most useful solutions (Model 5: 0.0120, ns). The results in Models 6-8 are
consistent. Thus, we do not find support for H3.
[ Insert Table 6 about here ]
Solution Creativity and Problem Constraints. H4 theorized that an intermediate level of
problem constraints would lead to more creative solutions. Table 7 presents the creativity results.
In Models 1-3, the dependent variable is the solution’s creativity, and in Models 4-6, the
dependent variable is the most creative solutions receiving the top creativity score of 14. Models
1 and 3 are the baseline models, which includes the number of treatment constraints. Models 2
and 5 add evaluator fixed effects, and Models 3 and 6 add solver controls. Turning to the
solution creativity in Model 1, we observe that there is a positive but not significant effect of the
number of treatment constraints (Model 1: 0.237, ns) and a negative and significant effect of its
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squared term (Model 1: -0.116, p < 0.05) on the solution’s creativity. That said, neither term is
significant in Model 2 or Model 3, which add evaluator fixed effects and solver attributes.
Turning to the most creative solutions, we observe in Model 4 that the linear term for the
number of treatment constraints is positive and significant (Model 4: 0.0616, p < 0.05), and the
squared term is negative and significant (Model 4: -0.0204, p < 0.05), suggesting the presence of
an inverse U-shape relationship. To confirm the presence of the inverted U-shape relationship,
we conduct the following tests by calculating the slope of the curve to the left and right of its
turning point as well as the 95% CI for the extreme point (Haans et al., 2016; Lind & Mehlum,
2010). First, we find that the minimum value at the lower bound is positive and significant (𝛽𝛽 =
2.189, p < 0.05) and the maximum value at the upper bound is negative and significant (𝛽𝛽 = 2.332, p < 0.01). Second, the extreme point is 1.505 [0.652, 2.133], with the Fieller (1954)’s
95% CI for the extreme point showing that it is within the range of the treatment constraints
variable (Fieller, 1954). Therefore, we confirm that an inverted U-shape relationship exists in
Model 4 between the most useful solutions and the number of treatment constraints.
In Model 5, we add evaluator FE. The linear term for the number of treatment constraints
is positive, but not significant (Model 5: 0.0431, ns), and its squared term is negative and
marginally significant (Model 5: 0.0505, p < 0.10). Lastly, in our final, and most stringent
specification in Model 6, which adds solver controls, we observe that the linear term for the
number of treatment constraints is positive and marginally significant (Model 6: 0.0505, p <
0.10), and its squared term is negative and marginally significant (Model 6: -0.0159, p < 0.10). 5
Figure 4 plots the relationship between the most creative solutions and the number of treatment

5

We note that the slope at the minimum value at the lower bound is positive and significant ( = 1.737, p < 0.05), and
the slope at the maximum value at the upper bound is negative and significant ( = -1.667, p < 0.05). That said, the
Fieller (1954)’s 95% CI for the extreme point is outside the range of the treatment constraints variable.
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constraints in Model 6, and illustrates that having some constraints improve the likelihood of
generating one of the most creative solutions by about 3-4pp. Taken altogether, we find evidence
of an inverted curvilinear relationship between the most creative solutions and the number of
problem constraints, and find partial support for H4.
[ Insert Table 7 about here ]
5. Discussion
Scholars of creativity and innovation have long been interested in the factors that lead to
productive creative solving activities (Amabile, 1996; Criscuolo, Dahlander, Grohsjean, &
Salter, 2017; Fleming et al., 2007; Jeppesen & Lakhani, 2010; Perry-Smith, 2006). Although the
number and quality of alternative solutions largely depend on how problems are formulated to be
solved (Baer et al., 2013; Csikszentmihalyi & Getzels, 1971), the literature has predominantly
focused on the problem solving stage (Amabile, 1996; Jeppesen & Lakhani, 2010; March, 1991;
Shalley et al., 2004), which occurs after a problem has been identified and formulated (Dillon,
1982; Runco, 1994). Consequently, research that systematically examines the links between the
problem formulation and problem solving stages remains relatively obscure (Ehls, Polier, &
Herstatt, 2020). To advance understanding, this paper focuses on how problem constraints may
affect the quantity and quality of solutions generated by creative problem solving.
Overall, our results indicate that some problem constraints benefit both the generation
and selection of the high quality ideas during the creative problem solving process. First, we find
that intermediate levels of constraints increase the quantity of solutions: having some constraints
causally increases the likelihood that a solver submits a solution by 6 pp or 1.5 times more than
problems with no constraints. Therefore, constraints benefit idea quantity up until a certain
threshold, after which there are decreasing returns to additional constraints. Second, examining
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the novelty and usefulness of proposed solutions, we show that while an increase in problem
constraints decreases the average solution novelty, constraints do not change the distribution of
the most novel ideas. We also find no significant relationship between the number of problem
constraints and the usefulness of a solution. This suggests that adding problem constraints can
increase idea quantity without dampening the novelty or usefulness of the most unique ideas.
Third, we find evidence of an inverted U-shaped relationship between the number of problem
constraints and the most creative solutions, with some constraints increasing the likelihood of
coming up with one of the most creative solutions by 3-4pp compared to problems with no
constraints. The significance of our relationships between problem constraints and the best ideas
is critical, as firms often select a few high quality solutions to be implemented in their innovation
strategy (Baer, 2012).
Our results offer several contributions. First, we contribute to the literature on the
knowledge-based view of the firm, which emphasizes the problem as the basic unit of analysis
(Baer et al., 2013; Nickerson & Zenger, 2004). Despite the call for great work examining how
problem formulation is linked to problem solving, there is relatively little work that examines
these important relationships (Acar et al., 2019). By focusing on the role of problem constraints,
we advance understanding of how problem formulation affects different activities associated
with the creative problem solving process. In particular, we are able to offer greater insight into
whether and when an inverted U-shaped relationship exists between problem constraints and
creative ideas, and how problem constraints conceptualized during the formulation stage may
have differentiated effects on either the stage of problem solving via solution generation and
solution quality, as well as the different components of solution quality in the context of
creativity. In contrast, prior work tends to focus on the factors that lead to greater productivity of
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ideas (Bayus, 2013; Jeppesen & Lakhani, 2010; Piezunka & Dahlander, 2015), with little regard
to how a problem is formulated (Baer et al., 2013; Ehls et al., 2020), or on identifying high
quality solutions, typically focusing on novelty (Boudreau et al., 2016; Criscuolo et al., 2017;
Uzzi & Spiro, 2005). By considering the role of usefulness in solution generation, our work
presents an alternative explanation to recent work on evaluation and selection that suggests that
ideas with intermediate levels of novelty are often preferred to highly novel solutions (Boudreau
et al., 2016; Criscuolo et al., 2017). One potential reason for these findings may be related to the
notion that evaluators are often trying to identify the most creative ideas that effectively balance
both novelty and usefulness, rather than purely novel solutions, which may be unique but not
useful or relevant to the problem domain (Jeppesen & Lakhani, 2010; Lane et al., 2020).
Second, we contribute to the open innovation and crowdsourcing literature (Henkel,
Schöberl, & Alexy, 2014; Laursen & Salter, 2006; Piezunka & Dahlander, 2015; Poetz &
Schreier, 2012; Shah, 2006; Von Hippel, 2005) by showing that problem formulation is likely to
influence the breadth and characteristics of crowd participation, affecting both the number of
solutions and range of perspectives. In contrast, most of the literature to date has focused on how
broadcast search may attract greater marginality (Jeppesen & Lakhani, 2010), the effects of
solution quantity and diversity on evaluators’ selection behaviors (Piezunka & Dahlander, 2015),
or the implications of end-user participation on firm innovation (Chatterji and Fabrizio, 2014,
von Hippel, 2006). Our work suggests that crowdsourcing and open innovation scholars ought to
pay closer attention to the problem discovery and formulation stage, which is likely to determine
who participates and the quality of their ideas.
Third, we make practical, managerial contributions to the innovation literature. Managers
often need to balance their innovation strategies to effectively combine exploration and
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exploitation strategies to sustain their competitive advantage (Gupta et al., 2006; He & Wong,
2004; March, 1991; Rosenkopf & Nerkar, 2001). We suggest that how a problem is formulated,
via the number of problem constraints imposed on the problem, will causally affect the quantity
and quality of the ideas generated. Although a firm’s expertise, strategy, and/or domain may
ultimately determine how novelty and usefulness are prioritized, we show that problem
constraints are causally related to whether a firm’s new product development strategy veers
closer to radical versus incremental innovation.
Although this research exploits a large field experiment with community idea generators
and evaluators, and offers valuable insights into the nature of the relationships between problem
constraints and the creativity process, it also has some limitations. First, although we
exogenously varied the number of constraints imposed on the problem, the type of constraint
may affect a solution’s creativity as much as the number of constraints. For example, Acar et al.
(2019) suggest a typology for classifying constraints as input, process and output oriented, which
may differentially affect solvers’ motivation and cognitive behaviors. In addition, research from
behavioral economics and psychology suggests that individuals tend to process information
sequentially rather than comprehensively (Kahneman, 2011). This suggests that the order that the
treatment constraints were presented may affect how the constraints are processed by solvers as
they search for solutions. While our work is relatively agnostic to the type of constraint and the
order of constraints, we do note that compared to the control condition (no constraints), the
treatment conditions of limiting solutions and community evaluation are more effective in
increasing submissions than providing directions, which included examples of sample solutions.
These sample solutions may have limited the solvers’ ideas to explore outside of these solution
domains. Future research can seek to place greater specificity into how the type and sequence of
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constraints imposed on a problem may influence the relative novelty, usefulness and creativity of
the generated solutions. Another possible avenue for future work would be to examine other
types of problem solving processes. Our work focused on formal problem solving processes
where a problem is formulated prior to it being solved. In contrast, von Hippel and von Krogh
(2016) propose that under informal problem solving, a need and a solution are discovered and
tested together as a need-solution pair – such that “formulating a need” and “formulating a
problem” are really a single process (p. 211). In the context of creativity and constraints, future
work can examine to what extent need-formulation also puts constraints on the viable solutions
that emerge from solving the need.
A second limitation of this study is that although we examine the creative problem
solving as a process of interconnected components, we are not able to directly observe which
solutions were ultimately implemented (due to company privacy reasons). Therefore, we cannot
make causal claims about how the effects of constraints on earlier stages of creativity production
is directly related to their implementation decisions. As the criteria for novel ideas may differ
from the subsequent economic value (Baer, 2012; Kaplan & Vakili, 2015), future research can
seek to examine this link more closely to identify whether and how problem constraints influence
which ideas are generated, selected, implemented, and ultimately rewarded as innovations.
Third, our study focuses on consumer electronics where the nature of innovation is unlike
those found in more technical or uncertain fields, such as bench science or early-stage R&D
projects (Criscuolo et al., 2017; Fleming et al., 2007; Singh & Fleming, 2010), where the
creative problem solving process is subject to longer discovery times, failure rates, and for which
it has been documented that paradigmatic constraints may be cognitively confining on solvers'
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creativity (Chai, 2017). Hence, another fruitful area for future work is to investigate how
problem constraints affect creativity across different domains and industries.
Fourth, we conducted this study in the ecosystem of the company and not within the
engineering and design staff of the company. The limitations of our causal inference design
necessarily moved us to focus on the community. Although we are comfortable with the external
validity of our findings to open and crowdsourced settings, we remain cautious about the
implications of these findings to internal settings - which is another promising area for future
work to investigate.
In summary, we offer this research as a new perspective into the effects of problem
formulation on the process of generating creative ideas. By highlighting the important role of
constraints on both the quantity and quality of generated solutions, our research offers important
insights into the nature of the creative problem solving process for firm innovation.
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Table 1. Summary Statistics By Randomized Exposures to Constraint Treatments
Variable

Mean

SD

Min

Ma
Statistical Test
x
Study 1 (N = 2,473)
Prior knowledge
4.763
2.388
0
10
F(3,1829) = 0.76, p =0.52
Information breadth
3.318
1.643
1
10
F(3,1829) = 0.32, p = 0.81
Motivation – fun
4.932
1.874
1
7
F(3,1756) = 0.27, p = 0.85
Motivation – job
1.572
1.317
1
7
F(3,1756) = 3.24, p = 0.02
Motivation – win
F(3,1756) = 0.23, p = 0.89
headphones
4.478
2.230
1
7
Motivation – win t-shirt
6.179
1.402
1
7
F(3,1759) = 2.59, p = 0.05
Motivation – reciprocity
4.802
1.800
1
7
F(3,1756) = 3.38, p = 0.02
Age
47.32
13.04
F(3,1115) = 1.81, p = 0.14
0
9
19
80
Gender
0.106
0.307
0
1
𝜒𝜒2 (3,N = 1115) = 2.65, p = 0.45
Note: Descriptive statistics are reported for the full sample.
N’s for conditions: control = 229, 1 constraint = 693, 2 constraints = 682, 3 constraints = 229.

Table 2. Manipulation Checks By Treatment Constraint Condition (N = 503)
Constraint Not Given

Constraint Given

Diff. (two-tailed t-test)

Providing directions

M = 3.209 (s.d. = 0.122); M = 4.004 (s.d. = 0.134);
N = 916
N = 917

-0.795***

Limiting solutions

M = 2.814 (s.d. = 0.120); M = 3.222 (s.d. = 0.123);
N = 917
N = 916

-0.408**

Community evaluation M = 2.882 (s.d. = 0.120); M 3.375 (s.d. = 0.130);
N = 922
N = 911

-0.493***

40

Table 3. Correlation Table of Main Variables (Study 1; N = 2,473)
1

2

3

4

5

6

7

8

9

10

11

13

Solution rating
1

Novelty

1.000

2

Usefulness

0.066

1.000

3

Creativity

0.860

0.484

1.000

-0.053

0.010

-0.046

1.000

Treatment
4

# of constraints
Knowledge

5

Headphones

-0.030

-0.039

-0.041

-0.050

1.000

6

Info. Sources

0.018

-0.009

0.014

0.066

0.349

1.000

Motivation
7

Fun

-0.045

0.014

-0.029

0.029

0.046

-0.054

1.000

8

Job

0.000

-0.044

-0.021

-0.023

0.174

0.106

-0.123

1.000

9

Win headphones

-0.019

-0.017

-0.012

0.045

0.011

-0.005

-0.003

0.118

1.000

10

Win t-shirt

0.020

-0.013

0.018

0.081

-0.102

-0.135

-0.038

0.073

0.261

1.000

11

Reciprocity

-0.004

0.007

0.008

-0.098

0.253

0.127

-0.065

0.237

0.086

0.034

1.000

-0.043

0.024

-0.032

-0.111

-0.116

-0.011

0.041

-0.211

0.094

0.052

-0.169

1.000

13 Female
0.039
0.013
0.038
-0.014
Note: correlations > |0.04| are statistically significant at p < 0.05

-0.105

0.047

0.089

-0.027

-0.051

-0.073

-0.008

-0.180

Demographics
12

Age
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Table 4. OLS Regression Models of Probability of Generating a Solution on Treatment
Constraints and Constraints2
VARIABLES

# constraints
# constraints2
Prior knowledge
# of info sources
Motivation - fun
Motivation - job
Motivation - prize
Motivation headphones

Dependent Variable: Probability of Generating a Solution
Model 1
Model 2
Model 3
Model 4
# constraints
Info & knowledge
Motivation
Demographics
0.0829***
(0.0298)
-0.0243**
(0.00977)

0.0831***
(0.0294)
-0.0237**
(0.00961)
0.0177***
(0.00409)
0.0170***
(0.00632)

0.0858***
(0.0301)
-0.0235**
(0.00995)
0.0151***
(0.00435)
0.0137**
(0.00667)
-0.00489
(0.00490)
-0.00933
(0.00717)
-0.00397
(0.00652)
0.00115

0.138***
(0.0477)
-0.0456***
(0.0152)
0.0144**
(0.00631)
0.0232**
(0.00993)
-0.00480
(0.00714)
-0.0133
(0.0110)
6.68e-05
(0.00964)
-0.00150

(0.00654)
0.0286***
(0.00728)
Age
-0.00474***
(0.00110)
Female
-0.0224
(0.0425)
Constant
0.129***
0.00370
-0.00153
0.264***
(0.0205)
(0.0276)
(0.0510)
(0.102)
Observations
1,833
1,833
1,760
1,044
R-squared
0.003
0.025
0.035
0.068
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
Motivation - rec

(0.00437)
0.0204***
(0.00476)
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Table 5. OLS Regression Models of Solution Novelty on Treatment Constraints
VARIABLES

Dependent Variable: Solution Novelty
Model 1
Model 2
Model 3
Model 4
# constraints Rater FE Usefulness
Controls

# constraints

-0.152***
(0.0451)

-0.157***
(0.0426)

5.089***
(0.0768)
N
N
2,473
0.005
435

5.098***
(0.0660)
N
Y
2,473
0.007
435

Usefulness
Constant
Solver controls
Rater FE
Observations
R-squared
# of raters

-0.157***
(0.0427)
-0.0153
(0.0405)
5.188***
(0.236)
N
Y
2,473
0.007
435

-0.147***
(0.0480)
-0.0100
(0.0419)
5.742***
(0.379)
Y
Y
2,312
0.018
435

Dependent Variable: Most Novel Solutions
Model 5
Model 6
Model 7
Model 8
# constraints Rater FE Usefulnes Controls
s
-0.0112
-0.0108
-0.0109
-0.0104
(0.0104)
(0.00875) (0.00876) (0.0101)
0.00874
0.0110
(0.00756) (0.00793)
0.263***
0.263*** 0.211*** 0.288***
(0.0185)
(0.0136) (0.0455)
(0.0813)
N
N
N
Y
N
Y
Y
Y
2,473
2,473
2,473
2,312
0.000
0.001
0.001
0.013
435
435
435
435

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Table 6. OLS Regression Models of Solution Usefulness on Treatment Constraints
VARIABLES
# constraints
Novelty
Constant
Solver controls
Rater FE
Observations
R-squared
# of raters

Dependent Variable: Solution Usefulness
Dependent Variable: Most Useful Solutions
Model 1
Model 2 Model 3 Model 4
Model 5
Model 6
Model 7
Model 8
# constraints Rater FE Novelty Controls # constraints Rater FE
Novelty
Controls
0.0230
0.0138
0.0124
0.00303
0.0120
0.00823
0.00521
-0.000159
(0.0348)
(0.0353) (0.0351) (0.0371)
(0.0123)
(0.0119)
(0.0118)
(0.0124)
-0.00896 -0.00598
-0.0192*** -0.0189***
(0.0236) (0.0250)
(0.00664)
(0.00707)
5.866***
5.880*** 5.926*** 5.851***
0.457***
0.462*** 0.560***
0.605***
(0.0605)
(0.0546)
(0.128)
(0.273)
(0.0215)
(0.0185)
(0.0376)
(0.0858)
N
N
N
Y
N
N
N
Y
N
Y
Y
Y
N
Y
Y
Y
2,473
2,473
2,473
2,312
2,473
2,473
2,473
2,312
0.000
0.000
0.000
0.008
0.000
0.000
0.006
0.015
435
435
435
435
435
435
435
435

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Table 7. OLS Regression Models of Solution Creativity on Treatment Constraints and
Constraints2
VARIABLES
# constraints
# constraints2
Constant
Controls
Rater FE
Observations
R-squared
Number of raters

Dependent Variable: Solution Creativity
Dependent Variable: Most Creative Solutions
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
# constraints
Rater FE
Controls
# constraints
Evaluator FE
Controls
0.237
0.0752
0.0963
0.0616**
0.0431
0.0505*
(0.186)
(0.162)
(0.179)
(0.0281)
(0.0272)
(0.0291)
-0.116**
-0.0692
-0.0774
-0.0204**
-0.0140*
-0.0159*
(0.0583)
(0.0520)
(0.0588)
(0.00859)
(0.00799)
(0.00876)
10.74***
10.85***
11.35***
0.129***
0.138***
0.193***
(0.136)
(0.112)
(0.365)
(0.0210)
(0.0203)
(0.0572)
N
N
Y
N
N
Y
N
Y
Y
N
Y
Y
2,473
2,473
2,312
2,473
2,473
2,312
0.001
0.003
0.010
0.001
0.002
0.007
435
435
435
435
435
435
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Figure 1. Problem statement for control group and description of treatment constraints

Figure 2. Estimated relationship between probability of solution generation and number of
treatment constraints with 95% CIs
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Figure 3. Margins plot for solution novelty and number of constraint treatments with 95% CIs

Figure 4. Estimated relationship between probability of generating one of the most creative
solutions on the number of treatment constraints
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Appendix
Table A1. Number of Treatment Constraint Exposures by Constraint Type and Percentage
Proposing a Solution
Condition

# of treatment constraints

N

Prob(generating solution)

Control

0

229

0.118

T1: Providing directions

1

229

0.164

T2: Limiting solutions

1

229

0.214

T3: Community evaluation

1

229

0.214

T4: Providing directions &
Limiting solutions

2

229

0.214

T5: Providing directions &
Community evaluation

2

227

0.154

T6: Limiting solutions &
Community evaluation

2

226

0.190

T7: Providing directions, Limiting
solutions & Community evaluation

3

229

0.170

Table A2. OLS Regression Models of Solution Novelty on Treatment Constraints and
Constraints2
Dependent Variable: Solution Novelty Dependent Variable: Most Novel Solutions
Model 1
Model 2
Model 3
Model 4 #
Model 5
Model 6
# constraints Rater FE Controls
constraints
Rater FE
Controls
# constraints
0.127
0.0311
0.00150
0.0420
0.0166
0.0174
(0.145)
(0.122)
(0.129)
(0.0342)
(0.0296)
(0.0315)
# constraints2
-0.0884*
-0.0596
-0.0480
-0.0169
-0.00865
-0.00898
(0.0451)
(0.0386) (0.0418)
(0.0104)
(0.00907)
(0.00998)
Constant
4.928***
4.989*** 5.590***
0.232***
0.247***
0.334***
(0.106)
(0.0873)
(0.297)
(0.0259)
(0.0210)
(0.0654)
Controls
N
N
Y
N
N
Y
Rater FE
N
Y
Y
N
Y
Y
Observations
2,473
2,473
2,312
2,473
2,473
2,312
R-squared
0.006
0.008
0.019
0.001
0.001
0.012
Number of raters
435
435
435
435
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
VARIABLES
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Table A3. OLS Regression Models of Solution Feasibility on Treatment Constraints and
Constraints2
Dependent Variable: Solution Feasibility Dependent Variable: Most Feasible Solutions
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
# constraints
Rater FE
Controls
# constraints
Rater FE
Controls
# constraints
0.110
0.0441
0.0948
0.0385
-0.00589
0.0166
(0.112)
(0.118)
(0.125)
(0.0412)
(0.0372)
(0.0393)
# constraints2
-0.0277
-0.00957
-0.0294
-0.00841
0.00447
-0.00452
(0.0349)
(0.0371)
(0.0402)
(0.0125)
(0.0112)
(0.0124)
Constant
5.815***
5.862*** 5.760***
0.441***
0.471***
0.488***
(0.0840)
(0.0810)
(0.242)
(0.0312)
(0.0275)
(0.0782)
Controls
N
N
Y
N
N
Y
Rater FE
N
Y
Y
N
Y
Y
Observations
2,473
2,473
2,312
2,473
2,473
2,312
R-squared
0.000
0.000
0.008
0.001
0.000
0.010
Number of raters
435
435
435
435
435
435
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
VARIABLES
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