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Abstract. Organizations rely on their employees to produce many high-quality ideas for the
improvement of products, processes, and strategies. Evaluators such as managers and tech-
nical experts need to not only assess these ideas but also face expectations to contribute ideas
of their own. We investigate this task duality by asking how idea evaluation activities affect
evaluators’ ideation performance. Although much of the creativity and innovation literature
points to a crowding-out effect, some theoretical arguments support idea crowding-in. Using
data from a multinational firm’s idea management system and a difference-in-differences
framework, we find robust evidence of substantial idea crowding-in: Evaluators’ likelihood
of idea generation increases by 205% on the day that they evaluate ideas and remains ele-
vated for the following two weeks. Extensive analyses support knowledge recombination as
the key mechanism: By exposing evaluators to unfamiliar knowledge, idea evaluation creates
new opportunities for recombination and idea generation. The ideas that evaluators generate
postevaluation are 19% more valuable (but not more novel) than those they generate outside
the postevaluation window. We contribute to innovation scholarship by identifying a hith-
erto overlooked effect of idea evaluation: triggering idea generation among evaluators.
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1. Introduction

(Boudreau et al. 2016, Criscuolo et al. 2017, Lane et al.

Organizations cannot survive without new ideas on how
to improve products, processes, and strategies (Amabile
1988, Girotra et al. 2010, Bayus 2013). Many organizations
actively encourage employees at all levels to contribute
ideas by using tools such as individual target agreements
(Ahmadi et al. 2022), financial incentives (Ederer and
Manso 2013), innovation programs (Deichmann and Jen-
sen 2018, Cornelius et al. 2021), idea management sys-
tems (Fuchs et al. 2019, Schweisfurth and Greul 2024),
internal innovation communities (Haas et al. 2015), and
contests (Terwiesch and Xu 2008, Terwiesch and Ulrich
2009, Wooten and Ulrich 2017, Schweisfurth et al. 2023).
Every idea gathered by an organization needs evalua-
tors to determine which ones to pursue and invest in

2021). At the same time, anecdotal evidence suggests that
idea evaluation can be a heavy burden for evaluators, who
need to read, process, and compare a large number of
ideas. For example, IBM once tasked 50 managers to take
several weeks to evaluate 50,000 employee ideas from an
Innovation Jam (Bjelland and Wood 2008). Such an evalua-
tion burden may put conflicting demands on evaluators,
who—much like academic reviewers—are typically re-
quired to not only evaluate others” ideas, but also to con-
tribute new ideas themselves (Edmondson 2012, Rahmani
et al. 2018). This task duality raises the question whether
idea evaluation and idea generation complement or sub-
stitute for one another: Does evaluating others” ideas pro-
mote or hinder an evaluator’s own ideation performance?
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Much of the innovation and creativity literature sug-
gests that idea evaluation may hinder or crowd out idea
generation. Given that both tasks compete for employ-
ees’ time and cognitive effort, the evaluation workload
may deplete the time and mental resources necessary
for idea generation (March and Simon 1958, Cyert and
March 1963, Ocasio 1997, Agrawal et al. 2018). More
importantly, however, these tasks also involve distinct
thinking styles that are difficult for employees to switch
between (Guilford 1967, Cropley 2006). While idea eval-
uation requires convergent thinking (applying rules to
optimize and select the best option), idea generation
requires divergent thinking (generating numerous possibil-
ities and exploring unconventional combinations) (Berg
2016). Idea evaluation can make it difficult for employees
to shift back to the divergent thinking necessary for success-
ful ideation. Similarly, creativity research suggests that
exposure to others’ ideas may lead individuals to conform
to the evaluated ideas, resulting in ideas that replicate
rather than innovate (Janis 1982, Smith et al. 1993, Girotra
etal. 2010).

Despite these well-established theoretical arguments,
idea crowding-out remains contestable. Idea evaluation
may provide epistemic, attentional, or social stimuli that
increase evaluators’ ability or desire to ideate, poten-
tially crowding in ideas. For example, innovation research
posits that individuals generate new ideas by combining
existing knowledge in novel ways (Nelson and Winter
1982, Weitzman 1998, Fleming 2001). Thus, idea evalua-
tion could give evaluators access to new knowledge that
may, in turn, create more opportunities for recombina-
tion and ideation.

This paper examines whether idea evaluation either
crowds out or crowds in idea generation. We use panel
data from an idea management system (IMS) in a large
manufacturing firm with more than 90,000 employees.
The data contain the records of 185,681 ideas submitted
by 16,606 and evaluated by 12,069 distinct employees,
allowing us to trace every employee’s daily idea genera-
tion and evaluation activities. The firm encourages
employees from all functions and hierarchical levels to
submit product- and process-related ideas, which are
then assessed by evaluators—the employees responsi-
ble for the product or process targeted by the ideas.

We find strong evidence of idea crowding-in. Descrip-
tive analyses reveal that evaluators generate 80% more
ideas on the day of evaluation and 23%, 14%, and 3%
more ideas on days 1, 2, and 3, respectively, after idea
evaluation relative to the previous day. Event study esti-
mates support this finding. Evaluators are 205% more
likely to generate ideas on the same day of idea evalua-
tion and are 39%, 30%, and 29% more likely to generate
ideas one, two, and three days after idea evaluation than
on the day preceding idea evaluation. This effect per-
sists for roughly two weeks, after which the evaluators’
idea generation returns to pre-evaluation levels. Our

findings continue to hold when we account for treat-
ment effect heterogeneity, implement an instrumental
variable strategy, use alternative samples, consider
the number of business days instead of weekdays
between idea evaluation and generation, run a placebo
test, and apply coarsened exact matching (CEM). We
also find that the extent of idea crowding-in depends
on evaluators” workload, with high evaluation work-
loads reducing idea crowding-in but not inverting it to
crowding-out.

Following an abductive approach (Seetre and Van de
Ven 2021), we consider various mechanisms that could,
individually or jointly, account for idea crowding-in.
We find strong evidence that idea crowding-in is pri-
marily driven by idea evaluation enhancing opportu-
nities for knowledge recombination: evaluating ideas
exposes evaluators to new knowledge, which they com-
bine with their existing knowledge base to generate
new ideas (Nelson and Winter 1982, Weitzman 1998,
Fleming 2001). Consistent with knowledge recombina-
tion, we find the ideas that evaluators generate follow-
ing evaluation to be similar to the evaluated ideas. We
also find crowding-in to be especially strong when eva-
luators assess ideas on unfamiliar topics, supporting the
notion that idea evaluation expands possibilities for
recombination. This recombination is predominantly
problem based, meaning evaluators propose new solu-
tions to the problems addressed by the evaluated ideas.

We consider several alternative mechanisms. We find
only weak evidence for an attention-shifting explana-
tion, whereby evaluation redirects evaluators’ focus
from routine noncreative tasks toward idea generation.
We rule out that evaluators generate ideas due to social
pressure, plagiarize evaluated ideas, or bundle evalua-
tion and generation tasks for efficiency.

Finally, we examine the quality of the crowded-in
ideas by asking whether ideas generated after evalua-
tion differ in quality from those generated without prior
evaluation. Our findings reveal that ideas generated
within one week of evaluation are 19% more valuable
than those generated outside this one-week postevalua-
tion period and significantly more likely to score among
the top 1%, 5%, and 10% most valuable ideas submitted
within a given month or year. Again, this effect persists
for only two weeks following evaluation.

This paper makes several contributions to innovation
scholarship. First, we extend the literature by identifying
a novel function of idea evaluation: triggering idea gen-
eration among evaluators themselves. Previous research
has been largely limited to two functions of evaluation—
allocating scarce resources across innovation opportuni-
ties (Boudreau et al. 2016, Criscuolo et al. 2017) and pro-
viding feedback to ideators (Bayus 2013, Deichmann
and van den Ende 2014, Wooten and Ulrich 2017, Pie-
zunka and Dahlander 2019). Second, we advance the
notion of idea mobility—the flow of ideas within an
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organization—as a key driver of knowledge production.
Although previous research has extensively explored
how employee mobility, both within and across organi-
zational boundaries, creates opportunities for knowledge
recombination and idea generation (Singh and Agrawal
2011, Karim and Kaul 2015, Catalini 2018), we show that
idea mobility can complement, and in some cases even
replace, this process. As ideas journey through organiza-
tions on their path from inception to implementation,
they ignite new knowledge recombination. Third, recent
advances in natural language processing (NLP) enable us
to empirically distinguish between problem-based and
solution-based recombination (von Hippel and von
Krogh 2016) and thereby to unpack microlevel knowl-
edge recombination processes. Our results indicate that,
rather than reusing others” solution information to solve
their own problems, employees tend to build on others’
problem information to propose their own solution.

2. Literature

2.1. Drivers of Idea Generation

Valuable ideas are the source of organizational renewal
and innovation (Amabile 1988, Kornish and Ulrich
2011, Bayus 2013, Kornish and Hutchison-Krupat 2017).
What ultimately matters for organizations is that they
produce highly valuable “breakthrough” or “extreme-
value” ideas that significantly boost their performance
(Girotra et al. 2010). Generating such ideas requires both
quantity and quality: Large numbers of ideas, high aver-
age idea quality, or both expand the right tail of the value
distribution and increase the likelihood of extreme-value
outcomes (Dahan and Mendelson 2001, Singh and Flem-
ing 2010, Boudreau et al. 2011).

Both research and practice have long sought to under-
stand how to support prolific and high-quality idea gener-
ation. Creativity scholars have examined the effectiveness
of tools and methods such as brainwriting and brain-
storming (Osborn 1953, Nijstad et al. 2002, Rietzschel et al.
2007) and, more recently, artificial intelligence (Bell et al.
2024), whereas innovation scholars have explored the
roles of contests (Terwiesch and Xu 2008, Boudreau
et al. 2011), communities (Jeppesen and Frederiksen 2006,
Riedl et al. 2024), incentives (Ederer and Manso 2013, For-
derer and Burtch 2025), and reward structures (Gallus
2017, Burtch et al. 2022) in fostering idea generation.

More pertinent to this paper, a very influential body
of research has investigated how feedback on previ-
ously submitted ideas impacts the quantity and quality
of future ideas (Dahlander and Piezunka 2014, Wooten
and Ulrich 2017, Mihm and Schlapp 2019, Burtch et al.
2022). Idea feedback can take various forms, from the
simple selection or rejection of ideas (Deichmann and
van den Ende 2014) to detailed evaluations of particular
aspects of such ideas (Camacho et al. 2019). The impact
of feedback on the quantity and quality of future ideas

varies strongly, depending on the level of detail (Pie-
zunka and Dahlander 2019), valence (Chan et al. 2021),
and timing (Mihm and Schlapp 2019). Nonetheless,
research shows that ideators who receive feedback gen-
erate more (Wooten and Ulrich 2017, Camacho et al.
2019, Piezunka and Dahlander 2019), although not nec-
essarily better (Wooten and Ulrich 2017), ideas than
those who do not.

Although this literature primarily focuses on how
ideators respond to receiving feedback, there has been
little research into how evaluators respond to providing
feedback, particularly how the activity of evaluating the
ideas of others impacts their own idea generation. Given
the widespread organizational practice of having mem-
bers engage in both idea generation and evaluation, this
lack of research is surprising. For example, employees
are expected to develop their own ideas while also eval-
uating those of their colleagues (Rahmani et al. 2018);
scientists are tasked to write papers and to review
others” work (Boudreau et al. 2016, Li 2017, Lane et al.
2021); and online community members contribute their
own solutions to problems while also assessing the solu-
tions of their peers (Riedl et al. 2024). We therefore ask
the following question: How does idea evaluation affect
evaluators’ own ideation productivity in terms of idea
quantity and quality?

2.2. Idea Crowding-Out vs. Crowding-In

Much of the literature has indicated that, because idea
evaluation is time-consuming and cognitively demand-
ing, its likely consequence is idea crowding-out. Idea
evaluation involves reading, processing, and comparing
numerous ideas based on diverse criteria, including
potential value (Girotra et al. 2010, Fuchs et al. 2019) and
novelty (Boudreau et al. 2016, Lane et al. 2024). Evalua-
tors must often gather additional information and must
discuss the strengths and weaknesses of ideas with
other evaluators (Criscuolo et al. 2017, Lane et al. 2021).
After these deliberations, and often constrained by bud-
get limitations, evaluators decide whether to accept or
reject ideas. This time spent on evaluation takes up valu-
able slack time—time free from tight schedules and
pressures—which is known to be essential for successful
ideation. For example, Agrawal et al. (2018) show that,
during break weeks, students produce more ideas,
which are also more likely to be highly valuable. Simi-
larly, Schweisfurth and Greul (2024) find that unex-
pected interruptions in production provide employees
with time away from core tasks, leading to the genera-
tion of more and better ideas. For these reasons, idea
evaluation activities may be expected to compromise
evaluators’ ability to generate ideas of their own.

Even in the remaining time, evaluators may find it
more difficult to develop new ideas because idea genera-
tion and idea evaluation involve distinct thinking styles
that are hard to combine and switch between. Idea
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generation requires divergent thinking, which involves
making unexpected associations and combinations (Guil-
ford 1967, Cropley 2006, Berg 2016). In contrast, idea eval-
uation requires convergent thinking, which emphasizes
economic concerns, logic, accuracy, and speed (Cropley
2006). As employees increasingly engage in idea evalu-
ation, they may become too anchored in a convergent
thinking style to freely explore novel associations and
combinations, making them less productive ideators.
Contrary to this crowding-out perspective, some inno-
vation research could be taken to indicate that idea evalu-
ation may in fact stimulate or crowd in idea generation.
A well-established view in innovation is that individuals
generate ideas by recombining diverse knowledge com-
ponents in novel ways (Nelson and Winter 1982, Weitz-
man 1998, Fleming 2001). To create opportunities for
recombination, individuals must continually expand the
pool of knowledge available to them. Organizations can
support this process by facilitating interactions among
employees with disparate knowledge. Key strategies
include rotating employees across different parts of the
organization (Cornelius et al. 2021), hiring individuals
with nonredundant knowledge from outside the organi-
zation (Singh and Agrawal 2011), and reconfiguring
organizations to connect employees who have not previ-
ously collaborated (Karim and Kaul 2015). Idea evalua-
tion may be yet another way to increase opportunities for
recombination: As evaluators assess others” ideas, they
may be exposed to unfamiliar knowledge, increasing
combinatorial opportunities and idea generation.

3. Empirical Context

3.1. Firm’s IMS

Our data come from the Idea Management System
(IMS) of a large manufacturing firm with more than
90,000 employees operating on around 50 sites across
the globe. Its IMS is an online tool designed to elicit,
evaluate, and reward innovative ideas of employees. It
tracks all activities relating to employee ideas, ensuring
process reliability and transparency.

The firm implemented the IMS in 2004. Employees
have since submitted 400,000 ideas worth more than
€800 million. Roughly every second employee submits
at least one idea every year. The firm’s IMS resembles
those of other firms in the manufacturing industry, as
described for example by Cornelius et al. (2021) and
Fuchs et al. (2019). Figure 1 illustrates the IMS process,
which comprises idea submission, evaluation, selection,
and implementation. We will now provide greater detail

Figure 1. Idea Management Process

on each of these stages and will explain the roles of evalu-
ating employees therein.

3.2. Idea Submission

The firm encourages all its employees—regardless of
their experience and level in the hierarchy—to submit
ideas they consider valuable. These ideas mostly target
existing products and processes, suggesting how to
make them more efficient by using fewer steps, fewer
material resources, fewer human resources, less effort,
and/or different machines. Employees may also submit
ideas for entirely new products and processes that
replace or complement existing ones. Although nondi-
sclosure agreements prevent us from revealing the con-
tent of the submitted ideas, we provide two fictitious yet
highly representative examples to illustrate the nature of
the ideas:

1. To assemble its products, the firm requires metal
sheets. These need to be sliced to fit their particular use
in the production process. The slicing creates waste—
parts of metal sheets that can no longer be used. To
reduce this waste, employees devise a smarter way of
slicing metal sheets, reducing production costs by 5%.

2. The frontline workers use a wide variety of tools
along the assembly line, making it hard to quickly
locate smaller tools during production. An employee
proposes using color-coded bins at every workstation
for better organization. This increases frontline work-
ers’ productivity by 1%.

To submit ideas, employees are required to describe
(1) the problem they seek to address (What is the current
state of the art and why is it a problem?), (2) the pro-
posed solution (How does the idea address the prob-
lem?), and (3) the expected benefits and savings (How
does the idea create value?). Employees must also pro-
vide a short title of their ideas and (since 2016) must
indicate which of seven topic categories their idea per-
tains to.

Idea submission is entirely voluntary and may result
in a bonus payment. Employees are free to submit ideas
atany time, either individually or in teams. They are not
constrained to submit ideas during particular ideation
contest periods. Although the firm does occasionally
organize such contests, our data do not cover these.

3.3. Idea Evaluation

Once submitted, ideas are evaluated by the employees
primarily responsible for the product or process tar-
geted by the ideas (lead evaluators). Because employees

Idea Submission |—D| Idea Evaluation

Idea Rejection

Idea Selection

Idea —4 Bonus Payment

Implementation
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typically submit ideas relating to their own work area
and tasks, the lead evaluator is often their direct super-
visor. Lead evaluators may involve other employees
(coevaluators) whose knowledge they deem relevant in
the evaluation of ideas. Coevaluators are typically tech-
nical experts from within the lead evaluator’s unit.

The evaluators must ensure that ideas satisfy three
key criteria. The first is novelty (Boudreau et al. 2016,
Criscuolo et al. 2017): The idea must be new and must
not duplicate previously submitted or implemented
ideas. If an idea is identical to one that has been rejected,
it is re-evaluated in light of any changes in circum-
stances. The second is technical feasibility (Lane et al.
2022, 2024; Franzoni and Stephan 2023): The company
must have the tools, staff, and financial resources neces-
sary to implement the idea, and it must meet safety stan-
dards. The third is value (Girotra et al. 2010, Fuchs et al.
2019, Ghosh and Wu 2023): The idea must provide
tangible benefits over the current approach, with its
expected economic value surpassing its expected imple-
mentation costs. At this stage, the value criterion does
not require a precise calculation of expected economic
value, which comes only after the idea has been imple-
mented (see below). If any of these criteria are not met,
an idea is rejected. To document how well ideas meet
these criteria, evaluators write reports, which are acces-
sible to the submitting employees and all other evalua-
tors involved in evaluating the idea through the IMS.
The final decision on ideas is taken by the lead evaluator
based on these evaluation reports.

For our analysis, we define an evaluator as any
employee involved in the evaluation of ideas. This
includes lead evaluators and coevaluators, irrespective
of their organizational role or hierarchical position. We
define idea evaluation as the reading, processing, and
assessing of ideas that result in the production of evalu-
ation reports. Evaluators may produce multiple reports
per idea, for instance when revising an initial evalua-
tion based on others’ reports or in response to new
information.

The evaluators have discretion over when to evaluate
ideas. They receive e-mails whenever they are assigned
a new evaluation task, and they are expected to submit
their evaluation reports within three weeks. Unless they
complete the evaluation within this timeframe, they
receive a first reminder, followed by additional remin-
ders every four weeks. There are no formal penalties for
missing these deadlines.

3.4. Idea Implementation and Bonus Payment

Lead evaluators implement the ideas they have selected
using their own budgets, which gives them a vested
interest in ensuring that ideas are executed efficiently
and promptly. After implementation, the value of an
idea is calculated as the expected cost savings or addi-
tional revenue generated in the first year minus the

implementation costs. Standard values provided by the
controlling department are used for this calculation,
including hourly rates, energy costs, and material costs.
Some selected ideas are assigned a value of zero, espe-
cially when their value is too small to justify the effort
associated with calculation.

Idea submitters may receive bonus payments for
implemented ideas, contingent on idea value and align-
ment with the employees’ core responsibilities. Although
bonus payments increase with idea value, they decrease
when ideas closely align with the employees’ core respon-
sibilities, because the employees are expected to develop
such ideas as part of their roles.

4. Data

4.1. Description of the Data

Our data comprise the idea generation and evaluation
activity of 23,408 distinct employees who were employed
in one of the firm’s major plants between January 2004
and March 2018. Together, they generated and evaluated
a total of 185,681 ideas. Among these employees, 5,267
(22.5%) both evaluated and generated ideas; 6,802
(29.1%) only evaluated ideas; and 11,339 (48.8%) only
generated ideas (see Table A.1 in the Online Appendix).

Table A.2 in the Online Appendix compares the
group of employees who evaluated ideas (evaluators) to
the group who did not (nonevaluators). Evaluators tend
to be further along in their careers. They are more likely
to hold permanent positions, have moved between
organizational units more often, and hold roles higher
up in the organization than nonevaluators. Besides
being more advanced in their organizational careers,
evaluators exhibit a higher ideation productivity than
nonevaluators. They generate more than twice as many
ideas per year, and the ideas they generate are more
valuable on average.!

On average, evaluators assess 3.0 ideas and write 3.9
evaluation reports per year (Table A.3 in the Online
Appendix). The evaluation workload is distributed
unevenly among evaluators. For example, 50% of the
evaluators assess only one idea and write only one evalu-
ation report per year; 10% of the evaluators are responsi-
ble for more than 70% of the evaluated ideas (Figure A.1
in the Online Appendix). The lead evaluators involve
coevaluators for 62.0% of the ideas (Figure A2 in the
Online Appendix). The entire evaluation process, from
submission to final decision, takes on average 127.0 days.
The evaluators complete their reports within five weeks
on average, with more than half of these reports submit-
ted within the three-week evaluation deadline.

4.2. Construction of the Sample

4.2.1. Sampling of Employees. A key question is which
employees to include in our sample. Although one
approach is to sample all the employees, a problem with
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this approach is that the assignment of evaluation tasks
is not random, as seen above, but depends on employ-
ees’ career stage and demonstrated ideation productiv-
ity, among other factors. Extant research warns that, if
the treatment is endogenously assigned, sampling both
treated and never-treated units may bias estimates (Kim
2022, Miller 2023). Specifically, including both evalua-
tors and nonevaluators in our sample would have made
it hard for us to assess whether estimates are driven by a
causal effect of idea evaluation or by evaluators and
nonevaluators differing in the first place. Even if we
matched evaluators with nonevaluators on the basis of
observed characteristics (e.g., their past ideation pro-
ductivity), they likely still fundamentally differ in unob-
served ways. Given these concerns, we only include
evaluators in our sample, omitting nonevaluators.

4.2.2. Choice-Based Sampling. We construct a panel
data set at the evaluator-day level. For every evaluator,
we sample the days between their first and last IMS
interaction, with a one-month lead and lag. This gives
us a panel data set with more than 26,425,003 evaluator-
day observations. Because there are many more days on
which evaluators do not generate ideas than days on
which they do, any outcome variables related to evalua-
tors’ idea generation take the value zero in the vast
majority of cases. Regression analysis, including logistic
regression, is known to produce biased estimates if
applied to such data (King and Zeng 2001a, b). Follow-
ing past innovation research (Sorenson and Stuart 2001,
Singh 2005, Singh and Marx 2013), we apply choice-
based sampling: We sample all ones (i.e., days on which
evaluators generate at least one idea) and a subset of
zeroes (i.e., days on which evaluators do not generate
any ideas). Specifically, for every day on which an eval-
uator generates at least one idea, we randomly sample
two other days on which the same evaluator does not
generate any ideas. This gives us a choice-based sample
consisting of twice as many days on which evaluators
do not generate ideas than days on which they do. Sum-
mary statistics and pairwise correlations of this choice-
based sample are provided in Tables A.4 and A.5 in the
Online Appendix. When running regressions using the
choice-based sample, we account for the oversampling
of ones by including evaluator-specific weights. For
more details, see Section A.1 in the Online Appendix.

5. Main Analysis

In this section, we analyze how idea evaluation affects
the number of ideas that evaluators generate them-
selves. We outline our empirical strategy in Section 5.1
and present evidence of idea crowding-in in Section 5.2.
Section 5.3 explores the boundary condition of crowd-
ing-in.

5.1. Empirical Strategy
Ideally, to identify the effect of idea evaluation on evalua-
tors” own idea generation, we would randomly assign
evaluation tasks to some employees (treated) and not
others (control) and compare the changes in idea genera-
tion by treated employees before and after idea evalua-
tion with concurrent changes in idea generation by
control employees. However, as seen above, the assign-
ment of evaluation tasks to employees is endogenous.

We address endogeneity using a two-way fixed effects
(TWEE) event study framework that exploits variation in
the timing of evaluation activities within and across the
evaluators. That is, we compare the idea generation by
the evaluators who evaluate ideas in t with that of the
evaluators who do not evaluate ideas in t while also
accounting for different baseline idea generation levels
across the evaluators and idea generation trends com-
mon to all evaluators (Sandler and Sandler 2019, Schmid-
heiny and Siegloch 2023, Borusyak et al. 2024). Thus, the
same evaluator switches from being a treated unit in peri-
ods when they evaluate ideas to a control unit in periods
when they do not evaluate ideas.

Our main specification reads as follows:

yit=f< Tz::

a'El + BXy + 7y, + 0 + eit) , @)
==7,1#-1

where i denotes the evaluator and ¢ the day; y; repre-
sents evaluator i’s idea generation on day t. The lead
and lag variables E;7,...,E/, are our key independent
variables, and E}, takes the value of one if evaluator i
evaluated an idea T weekdays ago and zero otherwise.
We omit E;;! as a reference period such that a® indicates
changes in evaluator i’s idea generation relative to the
day before idea evaluation.

To account for the effect of multiple evaluation activi-
ties on evaluators’ idea generation, Specification (1)
allows several leads and lags to be “turned on” simulta-
neously. We choose an event window that runs from six
days prior to an evaluation event to six days thereafter.
As is common practice, we bin the event dummies at the
endpoints of the event window in E;” and E/, (Schmid-
heiny and Siegloch 2023). To ensure that the estimates
for a=7 and o are not driven by the different number of
leads and lags observed for every evaluator, we trim
events that were more than 20 days away from the focal
day. Thus, E;;” sums up evaluation events that are more
than 6 but fewer than 20 days into the future, and E},
sums up evaluation events that are more than 6 but
fewer than 20 days in the past.

Variables y; are evaluator fixed effects that adjust for
differences in evaluators’ baseline levels of idea genera-
tion; O; are day fixed effects that control for idea genera-
tion trends common to all the evaluators. We also include
a vector of time-variant evaluator characteristics, X;;. To
account for lifecycle effects on the evaluators’ idea
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generation (Levin and Stephan 1991, Jones 2010), we con-
trol for the number of ideas previously generated by the
evaluators (No. of Prev. Ideas) and the cumulative value of
these ideas (Cum. Idea Value). As early-career evaluators
may have incentives to submit more ideas to advance
their careers than their late-career counterparts, we
control for whether the evaluators are permanently
employed by the firm (Permanent), the number of times
they have moved between organizational units (Prev.
Mobility), and their level in the firm’s hierarchy (Hierar-
chy). An overview of the variables used in our analysis
appears in Table A.6 in the Online Appendix.

Our event study framework requires that there are no
pretrends in evaluators’ idea generation prior to the
evaluation event. Any anticipation effects would raise
doubts about the causal effect of idea evaluation on idea
generation. We will demonstrate the absence of pre-
trends in the next section by examining the coefficient
estimates for the lead indicator variables.

The event study specification is useful to capture the
dynamic effect of idea evaluation on idea generation.
However, to simplify our results, we will often report
findings from the following single difference-in-
differences specification:

Yit = f(a = Post Evaluationy + Xy + 7y, + 0t + €i).  (2)

This specification is identical to the event study specifi-
cation as given in Equation 1 but collapses the lag indi-
cators to the dummy variable Post Evaluation; that takes
the value of one if day t is within one week after evaluator
i evaluated ideas and zero otherwise. Thus, a indicates
changes in the evaluators’ likelihood of idea generation if
day f is within one week after idea evaluation.

5.2. Idea Evaluation and Idea Quantity

5.2.1. Main Results. We begin by descriptively explor-
ing how the number of ideas generated by the evalua-
tors on any given day changes after they evaluated
others” ideas. Figure 2 plots the percentage change in
ideas generated against the days after idea evaluation.
We observe strong crowding-in effects: Evaluators gen-
erate 79.8% more ideas on the same day of evaluation
and 22.7%, 13.8%, 3.2%, and 4.3% more ideas on week-
days 1, 2, 3, and 4, respectively, after evaluation com-
pared with the day before idea evaluation.

Next, we provide more systematic evidence of idea
crowding-in by estimating our event study specification.
We report the results from logistic regression with Idea
Generation as the dependent variable as well as from Pois-
son regression with No. of Ideas as the dependent variable
in Table A.7 in the Online Appendix. We find that evalua-
tors are 2.62 times more likely to generate ideas on the
same day of evaluating others” ideas and 1.30, 1.24, and
1.19 times more likely to generate ideas one, two, and
three days, respectively, after idea evaluation relative to
the day before idea evaluation (column 1 of Table A.7 in

Figure 2. Effect of Evaluation on Idea Generation: Descrip-
tive Evidence
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Notes. This figure illustrates postevaluation changes in the number of
generated ideas based on the full sample of generated and evaluated
ideas. Changes are relative to the day before idea evaluation.

the Online Appendix). We plot coefficient estimates from
column 1 of Table A.7 in Figure 3, which demonstrates the
absence of pretrends. Poisson regressions produce very
similar results (columns 3 and 4 of Table A.7 in the Online
Appendix). We also estimate the event study specification
using ordinary least squares (OLS) regression. Column 1
of Table A8 in the Online Appendix indicates that idea
evaluation increases evaluators’ likelihood of idea genera-
tion by 205.0% on the same day of idea evaluation and by
39.9%, 304%, and 29.1% at one, two, and three days,
respectively, after idea evaluation relative to the day
before idea evaluation. We plot coefficient estimates of
column 1 of Table A.8 in Figure A.3 in the Online Appen-
dix, which again confirms the absence of pretrends.
Further, we estimate Specification (2), which collapses
the event study lags to the binary treatment variable

Figure 3. (Color online) Effect of Idea Evaluation on Idea
Generation: Event Study—Logistic Regression
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Notes. This figure displays changes in the odds of idea generation as
reported in column 1 of Table A.7 in the Online Appendix. Error bars
indicate 95% confidence intervals.
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Post Evaluation. Logistic regression suggests that the
evaluators are 1.67 times more likely to generate ideas
within one week after idea evaluation than outside this
postevaluation window (column 1 of Table 1). Similarly,
OLS regression predicts a 66.3% increase in the likeli-
hood of idea generation within one week after evalua-
tion (column 1 of Table A.9 in the Online Appendix).

5.2.2. Long-Term Effects. We also examine whether
idea evaluation has any long-term effects on idea gener-
ation. To do so, we estimate the event study specifica-
tion at the evaluator-week (rather than evaluator-day)
level. Figure A.4 in the Online Appendix demonstrates
that coefficients are positive and statistically significant
until week 2 following idea evaluation, suggesting that
idea evaluation raises the evaluators’ idea generation
for a sustained period but not permanently.

5.2.3. Heterogeneous Treatment Effects. A growing
body of literature highlights that TWFE estimates may
be inconsistent if treatment effects vary across time and
adoption cohorts (de Chaisemartin and D'Haultfceuille
2020, Callaway and Sant’Anna 2021, Goodman-Bacon
2021, Sun and Abraham 2021, Borusyak et al. 2024). In
our context, the effect of idea evaluation on idea genera-
tion may vary over time as employees become more
familiar with the IMS submission process. Likewise,
evaluators’ response to idea evaluation may vary across
cohorts owing to varying evaluation workloads.

To address potential treatment effect heterogeneity,
we re-estimate our event study and single difference-in-
differences models using the robust estimator proposed

by de Chaisemartin and D’Haultfeeuille (2026). This esti-
mator is particularly well suited for our empirical setting,
because it accommodates nonabsorbing treatments—
those that can be turned on and off—and allows for
dynamic treatment effects. As shown in Figure A.5 and
Table A.10 in the Online Appendix, the robust estimates
are very close to (and in some cases even larger than) the
original estimates, alleviating concerns about treatment
effect heterogeneity. We provide further details in Section
A.2in the Online Appendix.

5.2.4. Robustness Checks. We take several steps to
verify the robustness of our findings, which we outline in
the Online Appendix. Specifically, we implement an
instrumental variable strategy (Section A.3.1), replicate
our main analysis using alternative samples (Section
A.3.2), conduct a placebo test (Section A.3.3), consider the
number of business days instead of weekdays between
idea evaluation and generation (Section A.3.4), and apply
CEM (Section A.3.5). Taken together, all these estimates
confirm our results, indicating significant idea crowding-
in from idea evaluation; that is, evaluators become more
productive ideators following idea evaluation.

5.3. Boundary Condition: Is There Too Much
Idea Evaluation?

Naturally, there must be limits to crowding-in effects
from idea evaluation. Evaluators” days contain only so
many hours; if they are all spent on idea evaluation, the
number of ideas they generate must drop. Thus, we exam-
ine how idea crowding-in varies with evaluators” evalua-
tion workload. We expect idea crowding-in to decrease

Table 1. Effect of Idea Evaluation on Idea Generation: Single Difference-in-Differences—Logistic

and Poisson Regression

Logistic regression

Poisson regression

Idea generation No. of ideas
©) 2 ©3) (4)

Post Evaluation 0.5127%** 0.477%** 0.523*** 0.479***

[1.669]*** [1.611]*** [1.687]*** [1.614]***

(0.029) (0.028) (0.041) (0.032)
Day fixed effects X X X X
Evaluator fixed effects X X X X
Controls X X
Dependent variable weighted mean 0.005 0.005 0.007 0.007
No. of evaluators 5,267 5,267 5,267 5,267
No. of days 4,446 4,446 4,446 4,446
No. of observations 412,332 412,332 412,332 412,332
Pseudo R? 0.152 0.155 0.182 0.185
Wald 303.074*** 109.829*** 162.928*** 94.966***

Notes. This table reports results from Specification (2) using logistic and Poisson regression. The analysis is at the
evaluator-day level. Coefficient estimates indicate changes in the log odds of idea generation (columns 1 and 2) and the log
number of ideas generated (columns 3 and 4). Exponentiated coefficient estimates, shown in square brackets, indicate
changes in the odds of idea generation (columns 1 and 2) and the number of ideas generated (columns 3 and 4). Robust
standard errors, clustered at the evaluator level, are in parentheses. All regressions include weights to adjust for choice-

based sampling.
*p < 0.05; **p < 0.01; ***p < 0.001.
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with growing evaluation workloads because this leaves
evaluators less time to generate ideas of their own.

We begin by visually inspecting how evaluators’ eval-
uation workload affects idea crowding-in. We define
evaluators’ daily evaluation workload as the number of
ideas they evaluate on day t and their weekly evaluation
workload as the number of ideas they evaluate in the
week preceding day t. We relate evaluators’ likelihood
of idea generation on day f to their daily and weekly
evaluation workloads in panels A and B of Figure A.6 in
the Online Appendix. Likelihoods are relative to no idea
evaluation (zero evaluation workload). We make two
observations. First, moderate evaluation workloads are
ideal to trigger idea generation. Second, even high eval-
uation workloads—at least those that we observe—do
not crowd out idea generation, suggesting that high
evaluation workloads are still more effective in eliciting
evaluator ideas than no evaluation workload at all.

Next, we examine more systematically how idea
crowding-in varies with daily evaluation workloads by
extending Specification (1). We regress Idea Generation on
two sets of evaluation lead and lag indicators: one captur-
ing low evaluation workload and the other higher evalu-
ation workload. We define E}"™ to take the value of one
if evaluator i evaluated fewer than three (but at least one)
ideas 7 days ago and zero otherwise. Analogously, we

define E}/"®" to take the value of one if evaluator i evalu-
ated three or more ideas 7 days ago and zero otherwise.
We choose an evaluation workload of three ideas as the
threshold based on Figure A.6 in the Online Appendix.
Figure A.7 in the Online Appendix compares changes in
the likelihood of Idea Generation predicted by a one-
standard-deviation increase in high versus low daily
evaluation workloads. Although both workloads crowd
in ideas, low evaluation workloads do so more than high
ones. For example, a one-standard-deviation increase in
E%! raises evaluators’ likelihood of idea generation by
75.1%, whereas the same increase in E*"8" raises it by
only 38.7%. We arrive at very similar conclusions when
examining weekly—rather than daily—evaluation work-
loads (see Section A .4 in the Online Appendix). Together,
this confirms that moderate evaluation workloads are
ideal to trigger idea crowding-in.

6. Mechanisms

Next, we examine potential (not mutually exclusive)
mechanisms. We find that idea crowding-in is primarily
driven by knowledge recombination: Idea evaluation
exposes evaluators to unfamiliar knowledge, which
they recombine with their extant knowledge to generate
ideas. We also explore alternative mechanisms, includ-
ing a shift in evaluators’ attention (Section 6.2), social
comparison (Section 6.3), idea plagiarism (Section 6.4),
and task bundling (Section 6.5), but find weak evidence
for attention shifting only.

6.1. Knowledge Recombination
Idea crowding-in may derive from enhanced opportu-
nities for knowledge recombination. Idea generation is
widely conceptualized as a recombinatorial process, in
which individuals generate ideas by combining existing
knowledge components in unprecedented ways (Nel-
son and Winter 1982, Weitzman 1998, Fleming 2001).
However, because there are only so many ways in
which existing knowledge components can be recom-
bined, accessing unfamiliar knowledge components is
key to sustaining idea generation (Fleming and Soren-
son 2004). Innovation scholars have identified various
ways of expanding individuals’ knowledge pool by
such unfamiliar components. Notably, teamwork (Sutton
and Hargadon 1996, Wuchty et al. 2007, Singh and Flem-
ing 2010) and employee mobility—both within organiza-
tions (e.g., across units, teams, and sites) (Karim and Kaul
2015, Cornelius et al. 2021, Kang and Eklund 2025) and
between organizations (Singh and Agrawal 2011)—have
been shown to be effective in pooling diverse knowledge
components and facilitating knowledge recombination.
We propose that idea evaluation may offer evaluators
a unique opportunity to access unfamiliar knowledge. By
assessing others’ ideas, they may encounter new meth-
ods and processes and may recall forgotten knowledge
(Haunschild et al. 2015, Ramdas et al. 2018, Argote et al.
2021). We provide several pieces of evidence that support
knowledge recombination as the key mechanism.

6.1.1. Idea Similarity. If idea crowding-in was driven
by evaluators building on the ideas they evaluate, the
ideas generated postevaluation should resemble the
evaluated ideas. To test this resemblance hypothesis, we
examine whether and how the similarity between idea
k, evaluated by evaluator i, and idea I, generated by the
same evaluator i, depends on whether evaluator i gener-
ated idea / within one week after evaluating idea k or
outside this one-week postevaluation window. Specifi-
cally, we estimate the following specification:
Similarity,;, = aPost Evaluation;; + fXy + yZ; + €.
C)
We define Post Evaluation as usual; X is a vector of
evaluated idea controls, and Z; is a vector of generated
idea controls. We use three measures of Similarity. The
first is the Cosine Similarity between the titles of evaluated
and generated ideas. The second, Share Same Topic—NLP-
Assigned, captures the share of topics common to evalu-
ated and generated ideas, based on topics derived from
NLP models. The third, Share Same Topic—Pre-Assigned,
also captures the share of common topics, but uses topics
preassigned by the firm. All Similarity measures range
from zero (low similarity) to one (high similarity). Further
details on the construction of these measures are pro-
vided in Section A.6 in the Online Appendix.
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We find strong evidence for the resemblance hypothe-
sis. Figure A.8 in the Online Appendix compares the dis-
tribution of Cosine Similarity for evaluated-generated idea
dyads where evaluators generated the idea within one
week after evaluation to the distribution for dyads where
idea generation occurred outside this time window. The
distribution of ideas generated postevaluation is signifi-
cantly more right-skewed, suggesting that evaluators
build on the ideas they evaluate. OLS regressions of Idea
Similarity on Post Evaluation further support the resem-
blance hypothesis (Table A.12 in the Online Appendix).
For example, we find that ideas generated postevaluation
are 10.6% more similar (column 2) to the evaluated ideas
and have 44.7% (column 4) more topics in common
with the evaluated ideas than those generated outside
the postevaluation window. In the Online Appendix,
we demonstrate that these findings are robust to dif-
ferent measures of Share Same Topic—NLP-Assigned
(Table A.13).

6.1.2. Familiar vs. Unfamiliar Knowledge. Knowledge
recombination suggests that idea crowding-in is driven
by evaluation exposing evaluators to unfamiliar knowl-
edge. Thus, crowding-in should be stronger when eva-
luators assess ideas containing unfamiliar rather than
familiar topics. We test this prediction, defining a topic

as unfamiliar to an evaluator if none of their previous
idea generation or evaluation activities are connected to
it. To infer evaluators” (lack of) familiarity with topics,
we rely on the topics assigned to ideas using NLP mod-
els (see Section A.5). Building on Specification (2), we
regress Idea Generation on Post Evaluation Unfamiliar and
Post Evaluation Familiar, which capture the share of unfa-
miliar and familiar topics, respectively, contained in the
ideas that evaluator i evaluated during the preceding
week. We normalize these variables to have a mean of
zero and a standard deviation of one for easier compari-
son across coefficient estimates.

Table 2 attests to the importance of unfamiliar knowl-
edge for idea crowding-in. Column 4 indicates a 4.0%
increase in the evaluators’ likelihood of idea generation
in response to a one-standard-deviation increase in Post
Evaluation Familiar but a 11.3% increase in this likelihood
in response to a one-standard-deviation increase in Post
Evaluation Unfamiliar. That is, evaluating ideas contain-
ing unfamiliar knowledge is almost three times as effec-
tive in eliciting evaluator ideas than evaluating ideas
containing familiar knowledge. By controlling for the
numbers of ideas that evaluators previously evaluated
and generated, we can rule out that our finding is driven
by evaluators naturally encountering more unfamiliar
topics early on in their organizational careers, which

Table 2. Mechanism: Recombination—Exposure to Unfamiliar Knowledge

OLS regression: Dependent variable = Idea Generation

Q)

®) 4) ©) (6)

Post Evaluation Familiar 0.0003*** 0.0002** 0.0002*** 0.0002** 0.0002**
[6.1159]*** [4.0789]** [4.0030]*** [3.5285]** [3.7179]**
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Post Evaluation Unfamiliar 0.0007#** 0.0006*** 0.0006*** 0.0013*** 0.0030%**
[12.83791***  [11.9639]**  [11.3432]**  [24.2794]*** [56.8652]***
(0.0001) (0.0001) (0.0001) (0.0002) (0.0004)
Post Evaluation Unfamiliar X Idea Team Size —0.0002*
[—4.4547]*
(0.0001)
Post Evaluation Unfamiliar X Cross-Unit Ideation —0.0018***
[—34.6048]***
(0.0003)
Evaluator fixed effects X X X X X
Day fixed effects X X X X X
Controls X X X
Dependent variable weighted mean 0.0052 0.0052 0.0052 0.0052 0.0052 0.0052
No. of evaluators 12,069 12,069 12,069 12,069 12,069 12,069
No. of days 4,446 4,446 4,446 4,446 4,446 4,446
No. of observations 419,134 419,134 419,134 419,134 419,134 419,134
Adjusted R? 0.0215 0.0215 0.0216 0.0217 0.0232 0.0232

Notes. This table reports results from Specification (2) using OLS regression. The analysis is at the evaluator-day level. We define Post Evaluation
Unfamiliar and Post Evaluation Familiar as the share of unfamiliar and familiar topics, respectively, contained in the ideas that an evaluator
evaluated during the preceding week. We normalize these variables to have a mean of zero and a standard deviation of one such that coefficient
estimates indicate percentage point changes in the likelihood of idea generation in response to a one-standard-deviation increase in the
independent variables. We define Idea Team Size as the average number of employees involved in idea generation in the evaluator’s unit, and
Cross-Unit Ideation as the average number of organizational units involved in the evaluator’s unit. Percentage changes, shown in square brackets,
are calculated by dividing percentage point changes by the weighted mean of the dependent variable. Robust standard errors, clustered at the
evaluator level, are reported in parentheses. All regressions include weights to adjust for choice-based sampling.

*p < 0.05; **p < 0.01; **p < 0.001.
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may also be when they are most eager to generate ideas
of their own. This finding is robust to alternative mea-
sures of topic (un)familiarity, including whether topics
were covered within the past three years or one year, as
well as to variations in the number of topics assigned to
ideas (Tables A.14 and A.15 in the Online Appendix).

As additional support for the knowledge recombina-
tion mechanism, we find the evaluators with otherwise
limited access to unfamiliar knowledge to benefit most
from evaluating unfamiliar topics. Previous research sug-
gests that individuals can gain access to unfamiliar
knowledge through teamwork (Girotra et al. 2010, Singh
and Fleming 2010) and cross-unit collaboration (Singh
2008, Lahiri 2010, Cornelius et al. 2021). If access to these
alternative sources is limited, the effect of evaluating
unfamiliar ideas should be especially strong. Conversely,
evaluators with greater access to such sources should
benefit less from evaluating unfamiliar ideas. To test
this argument, we interact Post Evaluation Unfamiliar
with Idea Team Size, which captures the average number
of employees per generated idea (column 5 of Table 2),
and Cross-Unit Ideation, which captures the average
number of organizational units per generated idea (col-
umn 6 of Table 2). We measure both variables at the level
of the evaluator’s unit—that is, they reflect the average
collaboration patterns in idea generation within that unit.
We find that the benefits of evaluating unfamiliar ideas
decline by 4.5% and 34.6% for every additional employ-
ee and organizational unit contributing to an idea,
respectively—consistent with the notion that evaluation
substitutes for other sources of unfamiliar knowledge.

Finally, to further validate the importance of unfamil-
iar knowledge for crowding-in, we adopt a more implicit
measure of topic (un)familiarity, namely whether the
evaluation of an idea involves coevaluators. Recall that
the lead evaluators may call in coevaluators whenever
they feel that they lack the knowledge needed to evaluate
ideas. Thus, the involvement of coevaluators implies that
an idea spans disparate knowledge domains, with some
of them unfamiliar to the lead evaluator and possibly
also to coevaluators. We find coevaluation to be almost
twice as effective in eliciting evaluator ideas as solo eval-
uation (columns 1-3 of Table A.16 in the Online Appen-
dix). Coevaluation is especially effective when evaluators
join the evaluation process at a later stage and have access
to previous evaluation reports (columns 4-6 of Table
A.16 in the Online Appendix), suggesting that previous
reports help evaluators to understand and contextualize
unfamiliar topics.

Taken together, these results provide strong evidence
that access to unfamiliar knowledge plays a central role
in driving idea crowding-in.

6.1.3. Problem-Based vs. Solution-Based Recombina-
tion. Finally, we explore the nature of knowledge
recombination, distinguishing between problem-based

recombination (when evaluators build on the problems
addressed in others’ ideas and propose alternative solu-
tions) and solution-based recombination (when they
apply the solutions proposed in others’ ideas to problems
they face elsewhere) (von Hippel and von Krogh 2016).
Problem- and solution-based recombination have distinct
implications for organizational performance. Problem-
based recombination helps organizations to find superior
solutions to well-defined existing problems but does not
expand the number of problems being addressed. In con-
trast, solution-based recombination helps solve previ-
ously unaddressed problems by transferring solutions
across domains but does not improve existing solutions.

Empirically, to assess the relative importance of prob-
lem- versus solution-based recombination, we examine
whether evaluated and generated ideas become more
similar along their problem versus solution components
following evaluation. In Section A.7 in the Online Appen-
dix, we explain how we measure the problem and solu-
tion similarities of idea dyads. We find that evaluators
draw more heavily on the problems than on the solutions
of the ideas they evaluated. Figure A.9 in the Online
Appendix shows that problem similarity becomes a
stronger predictor of overall idea similarity after evalua-
tion (left), whereas the predictive power of solution sim-
ilarity remains unchanged before and after evaluation
(right). OLS regressions further support the dominance
of problem-based recombination. Although both prob-
lem and solution similarity explain the total similarity
between idea dyads, the explanatory power of problem
similarity increases by 31.1% within the week following
evaluation, whereas that of solution similarity remains
unchanged (column 5 of Table A.17 in the Online Appen-
dix). This suggests that idea evaluation is particularly
effective in transferring problem-related knowledge from
evaluatees to evaluators, that is, in surfacing problems,
for which evaluators then go on to find better solutions.

We observe that problem-based recombination is
especially likely when the problems are relatively
unexploited—that is, when they have received little
attention in the recent past—compared with problems
that have been heavily addressed (columns 1 and 2 of
Table A.18 in the Online Appendix). This finding aligns
with research emphasizing the value of directing search
toward underexplored areas to sustain organizational
learning and adaptation (March 1991, Levinthal and
March 1993). In addition, problem-based recombination
is most likely when the problem addressed in the evalu-
ated idea is relatively distant from those the evaluator
previously explored in their own idea generation (col-
umns 3 and 4 of Table A.18 in the Online Appendix). In
such cases, evaluation appears to expand the set of pro-
blems that evaluators are able to address.

Together, our findings indicate that idea crowding-in
operates by granting evaluators access to unfamiliar knowl-
edge, which facilitates (problem-based) recombination.
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6.2. Shift in Attention

Idea crowding-in may also be driven by evaluation
shifting employees” attention to idea generation. Much
research has documented employees’ tendency to allo-
cate their attention to easy routine tasks at the expense
of more complex nonroutine ones such as idea genera-
tion (Repenning 2001, Sullivan 2010). March and Simon
(1958, p. 206) refer to this as Gresham’s law: “When an
individual is faced both with highly programmed and
highly unprogrammed tasks, the former tend to take
precedence over the latter.” How, then, can employees’
attention be shifted toward nonroutine tasks such as
idea generation? One way is to expose them to stimuli
that increase the salience of nonroutine tasks (Ocasio
2011). Idea evaluation may provide such stimuli,
increasing the salience of idea generation and thus
employees’ likelihood to generate ideas of their own.

This shift-in-attention explanation suggests stronger
idea crowding-in when evaluators have not interacted
with the IMS for a long time. In contrast, if their most
recent interaction was just yesterday, their attention will
already be focused on idea generation. Table A.19 in the
Online Appendix provides evidence that a shift in atten-
tion accounts, at least to some extent, for idea crowding-
in. In columns 1 and 2, we interact Post Evaluation with
Years Since IMS Interaction, which is the number of years
since evaluators last interacted with the IMS, either by
submitting or evaluating ideas. We observe stronger
crowding-in with increasing temporal distance to eva-
luators’ last IMS interaction. The effect of Post Evaluation
on Idea Generation increases by 27.1% with every year of
no IMS interaction (column 2). A split-sample analysis
confirms this finding (columns 3-6). We split the sample
based on the median value of Years Since IMS Interaction,
which is 0.10 years or 37 days. Although we observe
idea crowding-in in both subsamples, it is much stron-
ger in the sample where the last IMS interaction was
longer ago.

Although this provides evidence that attention-
shifting contributes to idea crowding-in, we find its role
to be small compared with recombination, as can be
seen from the coefficient estimates across Table 2 and
Table A.19 in the Online Appendix. Because the evalua-
tion treatments are standardized in both analyses, with a
mean of zero and standard deviation of one, direct com-
parison is feasible. According to column 4 of Table 2, a
one-standard-deviation increase in Post Evaluation Unfa-
miliar raises the likelihood of idea generation by 11.3%,
whereas an equivalent increase in Post Evaluation Familiar
raises it by only 4.0%—a difference of 7.3 percentage
points. Thus, to match the effect of access to unfamiliar
knowledge would require evaluators to remain inactive
for an additional 0.27 years (= 7.3/27.1), or just over three
months—extending the average inactivity period from
1.5 to 4.5 months, a duration of inactivity observed in
fewer than 15% of cases.

6.3. Social Comparison

Idea crowding-in may derive from social comparison
processes (Festinger 1954). Employees who observe
their coworkers and subordinates generate ideas may
feel pressure to contribute their fair share to ideation
(Mas and Moretti 2009, Bandiera et al. 2010). Or, to the
extent that they perceive their coworkers to be competi-
tors, they may want to outperform them (Chan et al.
2014, Baumann et al. 2019). In both cases, we would
expect idea crowding-in to increase with the social prox-
imity between evaluators and evaluatees.

To test this prediction, we compare the differential
effects of evaluating ideas by socially proximate versus
distant evaluatees. We use various measures of social
proximity, including evaluators and evaluatees working
in the same unit, sharing the same gender, or having the
same record of intraorganizational mobility. Across vari-
ous specifications in Table A.20 in the Online Appendix,
we find coefficient estimates for the evaluation of ideas
by socially proximate and distant evaluatees to be highly
similar, suggesting that social comparison is unlikely to
explain idea crowding-in.

6.4. Idea Plagiarism

Our results may be driven by evaluators plagiarizing the
ideas they evaluate. If this was the case, idea crowding-in
would occur primarily after evaluators reject ideas. After
all, evaluators can only receive credit for ideas that are
not already selected for implementation. To test for pla-
giarism, we re-estimate Specification (1) but distinguish
between two sets of lead and lag indicators: one captur-
ing evaluators selecting ideas and the other capturing
evaluators rejecting ideas. We compare coefficient esti-
mates for the selection versus rejection of ideas in Figure
A0 in the Online Appendix. The coefficient estimates
are virtually identical, suggesting that plagiarism is an
unlikely explanation for idea crowding-in.

6.5. Efficient Bundling

The observed patterns may also be explained by evalua-
tors scheduling idea evaluation and idea submission
activities to achieve efficiency gains. First, they may
handle the evaluation and submission of ideas in a sin-
gle IMS session to minimize logon costs. In this case,
evaluators may have previously generated ideas but
postponed their submission until evaluation tasks accu-
mulated, allowing them to complete both activities in
one session. However, such system-logon bundling can
account only for the increase in submissions on the day
of evaluation; it cannot explain the continued increase
on the following days, each of which requires a separate
IMS log-on.

Second, the patterns may reflect task bundling, where
evaluators complete one set of tasks first before turning
to the other to reduce switching costs. However, task
bundling does not imply a fixed task order. It cannot
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explain why evaluators consistently evaluate ideas be-
fore submitting their own but not the reverse. Thus, task
bundling fails to account for our results.

7. ldea Evaluation and Idea Quality

As shown in the previous section, evaluation leads to a
significant increase in idea quantity. The present analysis
explores whether these additional ideas differ systemat-
ically regarding their quality. We focus on two key
dimensions of idea quality: novelty (Boudreau et al.
2016, Criscuolo et al. 2017, Lane et al. 2024) and value
(Girotra et al. 2010, Kaplan and Vakili 2015, Ghosh and
Wu 2023).

To assess the impact of idea evaluation on quality, we
compare the quality of ideas from the same evaluator,
where some were generated within one week of evalua-
tion and others outside this timeframe. Specifically, we
regress the novelty and value of ideas on Post Evaluation;,
which—as above—is one if day t is within one week
since evaluator i evaluated an idea and zero otherwise.
Positive and statistically significant coefficient esti-
mates for Post Evaluation would suggest that idea evalu-
ation is linked to higher idea novelty and value. We
provide more details on the empirical approach in Sec-
tion A.8 of the Online Appendix.

7.1. ldea Novelty

We follow a recombinatorial view of novelty (Boudreau
et al. 2016, Criscuolo et al. 2017, Lane et al. 2024), mea-
suring idea novelty as the extent to which ideas combine
topics in unprecedented ways. We assign topics to ideas
using NLP methods (for details, see Section A.5 in the
Online Appendix). Every idea is mapped to N topics—
those that best describe it—selected from a set of M pos-
sible topics. From these N topics, we derive the [N X
(N —1)]/2 topic combinations that characterize the idea
and assess how many of these combinations have not
been made before. The novelty score reflects the share of

topic combinations that are new: A score of one indi-
cates that all topic combinations are novel, whereas a
score of zero indicates that none are novel.

Figure A.11 in the Online Appendix shows descrip-
tively that the ideas generated within one week after
evaluation hardly differ in their novelty from those gen-
erated at other times. Table A.21 in the Online Appendix
confirms this finding: Post Evaluation has no statistically
significant effect on idea novelty. This result is robust to
different parameter choices in our topic assignment pro-
cedure, including different values for M € {500, 1,000}
and N € {3,5,7}. We therefore conclude that idea evalu-
ation does not affect the novelty of generated ideas.

7.2. Idea Value
Next, we examine how idea evaluation affects the value
of ideas. As noted, idea value is calculated as the costs
saved or revenues generated within the first year after
implementation minus the implementation costs. Fig-
ure 4 suggests that the ideas generated within one week
after evaluation are more valuable than the ideas gener-
ated outside this postevaluation window. As seen in
Figure 4(a), the share of zero-valued ideas is 61.2% for
ideas generated postevaluation but 71.7% for ideas gen-
erated outside the postevaluation window. Figure 4(b)
shows that postevaluation ideas are disproportionately
represented in the right tail of the value distribution.
Regression analysis confirms this finding. Table 3
shows that the ideas generated within one week after
evaluation are 19.5% (= 100 = (¢"17® — 1)) more valuable,
on average, than the ideas generated outside this time
window (column 1). We also examine whether idea eval-
uation increases the evaluators’ likelihood of generating
ideas that the organization finds particularly valuable—
so-called extreme-value ideas (Girotra et al. 2010, Singh
and Fleming 2010). Top 1, Top 5, and Top 10 take the value
of one if an idea ranks among the 1%, 5%, and 10% most
valuable ideas among all ideas generated in a given year,

Figure 4. Relationship Between Evaluation and Value of Generated Ideas
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Notes. This figure compares the value distribution of ideas generated within one week after idea evaluation against the value distribution of
ideas generated outside this time window. It is based on the sample of selected ideas, as the value is only known for these ideas. To preserve con-
fidentiality, we transformed log(Idea Value + 1) by normalizing it to have a mean of one and a standard deviation of one.



Downloaded from informs.org by [134.28.50.169] on 19 October 2026, at 06:19 . For personal use only, al rights reserved.

14

Schnier, Raasch, and Schweisfurth: /dea Crowding-Out or Crowding-In?

Management Science, Articles in Advance, pp. 1-18, © 2026 The Author(s)

Table 3. Effect of Idea Evaluation on Idea Value: OLS Regressions

OLS regression

Log(Idea Value + 1)

Top 1 Top 5 Top 10
(€] ) 3 4 )
Post Evaluation 0.178** 0.192%* 0.006** 0.007* 0.017%**
[19.475]** [21.189]** [58.781]** [13.983]* [16.849]***
(0.062) (0.062) (0.002) (0.004) (0.005)
Day fixed effects X X X X X
Evaluator fixed effects X X X X X
Controls X X X X
No. of evaluators 4,633 4,633 4,633 4,633 4,633
No. of days 4,284 4,284 4,284 4,284 4,284
No. of observations 108,938 108,938 108,938 108,938 108,938
Adjusted R? 0.382 0.386 0.238 0.257 0.262

Notes. This table reports results from Specification 4 using OLS regression. The analysis is at the idea-evaluator-day level. Coefficient estimates
indicate percentage point changes in the respective dependent variable. Percentage changes, shown in square brackets, are calculated by
dividing percentage point changes by the weighted mean of the dependent variable. Robust standard errors are in parentheses and clustered at
the evaluator level. Estimations are based on the sample of selected ideas, as the value is only known for these ideas.

*p <0.1; *p < 0.05; **p < 0.01; ***p < 0.001.

respectively. Columns 3-5 of Table 3 indicate that evalua-
tors have a 58.8%, 14.0%, and 16.8% higher probability of
generating Top 1, Top 5, and Top 10 ideas, respectively,
within one week after idea evaluation than outside this
time window. These findings are very robust to alterna-
tive definitions of extreme-value ideas, for example,
when comparing ideas generated in the same month or
week rather than year. The positive effect of idea evalua-
tion on idea value is similarly short lived as its effect on
idea quantity, persisting for only about two weeks (see
Tables A.22 and A.23 in the Online Appendix).

To examine whether these findings are driven by
ideas becoming more valuable across the entire idea dis-
tribution (upward mean shift) or mainly extreme-value
ideas becoming more valuable (upper quantile shift),
we estimate quantile regressions (Girotra et al. 2010,
Singh and Fleming 2010, Boudreau et al. 2011). Coeffi-
cient estimates from quantile regressions indicate the
impact of idea evaluation on particular quantiles of the
value distribution of ideas rather than on its conditional
mean (Koenker and Bassett 1978). As seen in Table A.24
in the Online Appendix, all coefficient estimates are sta-
tistically significant and positive, reflecting the general
positive effect of idea evaluation on idea value. We do
not find larger effect sizes for higher value quantiles,
suggesting that our findings derive from a mean rather
than an upper quantile shift.

8. Discussion

8.1. Contributions

This paper makes several contributions. Our first contri-
bution is to highlight a hitherto unrecognized function
of idea evaluation, which is to encourage idea genera-
tion among evaluators. Extant research has emphasized
the importance of idea evaluation in resource allocation

(Terwiesch and Ulrich 2009, Boudreau et al. 2016, Kor-
nish and Hutchison-Krupat 2017), with a particular
focus on how biased evaluation can lead to inefficient
resource allocation (Mueller et al. 2012, Criscuolo et al.
2017, Li 2017). In a second stream, scholars have explored
how idea evaluations, once communicated to ideators,
shape their subsequent ideation behaviors (Deichmann
and van den Ende 2014, Wooten and Ulrich 2017, Pie-
zunka and Dahlander 2019). We establish a third key
function of idea evaluation beyond resource allocation
and feedback, which is to encourage idea generation
among evaluators. We thereby also extend a sparse litera-
ture on interactions between the idea generation and
evaluation phases (Berg 2016, Perry-Smith and Mannucci
2017).

Second, we contribute to innovation scholarship by
introducing the concept of idea mobility—the movement
of ideas within an organization. Research has long
recognized the significance of employee mobility—
the movement of employees across teams, units, or
organizations—for knowledge production (Choudhury
2022). As employees transition between contexts, they
carry sticky knowledge, making it accessible to others and
facilitating knowledge recombination and generation
(Argote and Ingram 2000, Singh and Agrawal 2011, Sta-
dler et al. 2022). For example, the relocation of employees
to new office sites (Catalini 2018) or organizational units
(Karim and Kaul 2015), even if only for some time (Corne-
lius et al. 2021, Kang and Eklund 2025), has been shown to
enhance innovation performance. However, as employ-
ees increasingly work remotely, the traditional benefits
of employee mobility—such as spontaneous interac-
tion, knowledge exchange, and recombination—may
be diminished. We show that idea mobility can com-
plement, and perhaps even substitute for, employee
mobility by facilitating knowledge transfer across
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organizational members. Unlike employee mobility,
idea mobility operates virtually: Ideas can circulate
rapidly across individuals, often within days, and
enable recombination even in remote settings. Our find-
ings suggest that idea mobility has the greatest recombi-
natorial potential when ideas travel long distances—
passing through many evaluators who, through their
evaluations, make new knowledge accessible to other
evaluators. In the end, it is not only the original idea but
also the knowledge codified through these evaluations
that becomes a potent source for recombination and
innovation.

Our third contribution is to unpack the microprocesses
of knowledge recombination by utilizing advances in
NLP. Recent research highlights the potentials of NLP
models for developing and testing management theory
(Arts et al. 2023, Guzman and Li 2023, Aceves and Evans
2024). Although the concept of knowledge recombination
has been a cornerstone of the innovation literature for
decades (Nelson and Winter 1982, Weitzman 1998, Flem-
ing 2001), capturing how it unfolds at the individual level
has remained challenging owing to methodological con-
straints. For instance, researchers have had to rely on pre-
defined patent classifications (Fleming and Sorenson
2004) or manually coded idea topics (Girotra et al. 2010)
to track recombination.

NLP models enable us to trace knowledge recombina-
tion with unprecedented precision. This allows us, first,
to confirm the crucial role of access to unfamiliar knowl-
edge for successful recombination (Fleming and Soren-
son 2004). Second, we are able to empirically assess the
relative importance of problem- versus solution-based
recombination. Although these two forms have been con-
ceptually distinguished before (von Hippel and von
Krogh 2016), to our best knowledge, this study is the first
to demonstrate that evaluation makes employees more
likely to build on others’ problem information to propose
their own solutions rather than apply existing solutions
to address problems they encounter elsewhere.

8.2. Managerial Implications

Practice and research have used various tools and incen-
tives to engage employees in idea generation. Many fol-
low the direct approach of inviting or requiring more
ideas. Our research suggests that having employees
evaluate others’ ideas is an indirect yet powerful way of
tapping into employees’ creativity. To fully reap the
benefits of idea evaluation for employee ideation, we
recommend that organizations reconsider who they
assign evaluation tasks to and when.

First, we recommend that organizations assign ideas
to multiple evaluators who, together, cover all relevant
areas but individually are unfamiliar with some aspects
of the idea. Although previous research highlights the
importance of expertise for effective evaluation (Li
2017), our findings point to a tradeoff: Evaluators are

more likely to generate ideas of their own when exposed
to unfamiliar rather than familiar content. To balance
evaluation quality with the potential for idea crowding-
in, organizations can adopt a model akin to academic
peer review, where reviewers are selected for comple-
mentary expertise (e.g., theory versus method). This
approach ensures high-quality evaluation while expos-
ing evaluators to novel content that can spark knowl-
edge recombination.

Second, organizations should consider assigning idea
evaluation tasks to a broader pool of employees, includ-
ing those without a previous track record in ideation.
Expanding participation in evaluation can help reap the
benefits of idea crowding-in and can contribute to a ful-
ler idea pipeline. It can also promote idea diversity. We
have seen that evaluation tasks tend to be assigned to
employees with strong ideation records, which can cre-
ate a self-reinforcing cycle: Successful ideators are more
likely to evaluate, which further enhances their own ide-
ation, increasing their chances of being selected as eva-
luators again, and so forth. Over time, ideation and
evaluation could become concentrated among a small
subset of employees, potentially at the expense of idea
diversity. This is problematic, because previous research
shows that newcomers and peripheral actors are often
key sources of outlier ideas (Jeppesen and Lakhani 2010,
Sgourev 2013, Cattani et al. 2017). To sustain diversity in
idea generation, organizations should therefore con-
sider assigning evaluation tasks not only to established
contributors but also to employees with little or no idea-
tion experience. Along these lines, some firms have
begun experimenting with distributed evaluation mod-
els, where employees—regardless of their ideation his-
tory and hierarchical position—evaluate one another’s
ideas (Schweisfurth et al. 2023).

8.3. Limitations and Future Research

Our study has limitations, which open avenues for
future research. First, we have presented a partial analy-
sis of employee behavior; that is, we examined the effect
of idea evaluation on idea generation but disregarded
its effects on employees” other activities. Specifically,
because employees’ time and attention are limited, idea
crowding-in must come at the expense of some third,
competing activity. Unfortunately, we cannot tell what
these competing activities are, or whether employees
would have added more value by engaging in these
competing activities than they did by generating ideas.
We encourage researchers to explore the costs and bene-
fits of idea crowding-in in this light.

Second, we may have underestimated the true magni-
tude of idea crowding-in, because we captured only the
ideas submitted and evaluated through the firm’s IMS
while missing out on those that bypassed the system.
Employees are likely to submit many of their ideas
through the IMS, not least because this is a simple way
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for them to secure bonus payments. Still, some employ-
ees, especially those with ties to upper management,
may prefer to propose and advance their ideas through
more informal channels, for example, over lunch or in
board meetings. Like the ideas submitted through the
IMS, these ideas may crowd in additional ideas, which
we failed to observe.

Third, we were unable to fully account for why idea
evaluation has no effect on the novelty of subsequently
generated ideas. At first glance, this null result may
seem counterintuitive, because we identified access to
unfamiliar knowledge as a key driver of idea crowding-
in. One may reasonably expect such exposure to foster
novel combinations of topics. A possible explanation for
the lack of an effect on idea novelty is that, although
evaluation may allow evaluators to recombine knowl-
edge components that are novel to themselves, these com-
binations may not be novel to the organization—which is
how the literature conceives of idea novelty and what
our novelty measure captures (Boudreau et al. 2016,
Lane et al. 2024). Further investigation of the relation-
ship between idea evaluation and idea novelty remains
a promising direction for future research.

Finally, we caution against interpreting the observed
crowding-in effect as definitive evidence of a causal
effect of idea evaluation on idea generation. The assign-
ment of evaluation tasks was not random, which makes
it impossible to completely rule out that unobserved
factors influence both the likelihood of being selected
to evaluate and the likelihood to generate ideas.
We employed rigorous identification strategies to
strengthen causal inference, including recent advances
in two-way fixed effects models, instrumental variables,
and matching. Still, we encourage future research to
build on our findings through randomized field experi-
ments that reinforce the causal effect of evaluation on
ideation.

8.4. Generalizability of Idea Crowding-In

We have documented idea crowding-in within a single
manufacturing firm, which calls for caution when gen-
eralizing our findings. However, many features of this
firm’s IMS are typical of innovation programs in multi-
national companies (Deichmann and van den Ende
2014, Fuchs et al. 2019, Cornelius et al. 2021). For exam-
ple, idea submission is voluntary and incentivized, and
evaluators are also expected to contribute their own
ideas. This dual role—where employees both generate
and evaluate ideas—is increasingly common as innova-
tion becomes more distributed and is central to under-
standing when crowding-in is most likely to occur
(Schweisfurth et al. 2023).

Individuals engage in idea evaluation and generation
also outside their company context. In online communi-
ties (Smirnova et al. 2022) and crowdsourcing (Klapper
et al. 2024, Riedl et al. 2024), for example, participants

submit their own ideas while assessing others’ submis-
sions; similarly, the scientific community depends on
researchers contributing ideas while reviewing manu-
scripts and grant proposals (Boudreau et al. 2016, Li
2017, Ayoubi et al. 2025). We anticipate that idea evalu-
ation will also foster idea generation in these contexts,
given that the core mechanism behind idea crowding-
in—knowledge recombination—should also operate in
these settings. We encourage researchers to explore
whether this holds true.
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