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Abstract

Idea production increasingly occurs in teams rather than by individual inventors.
Using U.S. patent data from 1976-2020, we document that i) the share of patents
produced by teams of multiple inventors rose from 45% to 80%; ii) nearly 90%
of team patents are produced by inventors within the same firm; and iii) inventor
concentration in large firms increased substantially more than overall employment
concentration. Motivated by these patterns, we study how changes in the inter-
nal organization of innovative activity—from solo inventors to team-based pro-
duction—affect firm size, firm distribution, and the allocation of inventors across
firms. We develop a tractable framework that microfounds inventor team forma-
tion within firms, in which firms produce with either solo inventors or R&D teams.
The model shows that firms with team production exhibit higher returns to scale
in R&D labor and operate at a larger size, and organizational change toward team
production explains a large share of the rise in inventor employment concentration.
However, in the presence of spillovers, the shift in firm organization from solo in-
ventors to teams exacerbates misallocation by disproportionately reducing the size
of small firms, which are the primary sources of knowledge spillovers.
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1 Introduction

The development of new ideas is a key driver of economic growth. Ideas are produced
either by individual inventors or by collaborations among teams of inventors. Teams
have become increasingly important in the production of new ideas in recent years
(Jones 2009; Pearce 2023), and firms play a central role in shaping how inventors are
matched and organized into collaborative units. Yet little is known about how changes
in the internal organization of innovation—specifically, the shift from solo inventors
to team-based production—affect firm size, outcomes, and the allocation of inventors
across firms. In this paper, we study the interaction between inventor team forma-
tion and the distribution of firms, emphasizing how organizational choices within firms
govern scale and resource allocation.

We begin by using the USPTO patent database linked to Compustat and documenting
stylized facts about inventor teams. First, patents developed by teams now account for
80% of all private patents in the U.S., compared to just 45% in 1980. Second, around
90% of team collaborations are by inventors at the same firm. Thus, understanding
the role of firms is critical to understanding how team idea production takes place. We
estimate returns to scale in inventor labor across patenting firms and precisely estimate
an increase in returns to scale from 0.693 to 0.736. In addition, we observe that team
characteristics vary across firm size, productivity, and age distributions: small, less pro-
ductive, or young firms are more likely to patent through solo inventors or small teams,
and team size rises with firm size and age. Furthermore, we find that patenting output
per worker, measured by citation-weighted patents, rises with the number of potential
collaborators and the intensity of team patenting within a firm. Finally, we document
the rising trend of inventor concentration in large firms, which is more pronounced
than overall employment concentration.

Motivated by these facts, we propose a novel and tractable way of modeling team in-
vention within firms. We build a general equilibrium model of the inventor labor market

with heterogeneous firms in the style of Hopenhayn (1992) with two new ingredients.



First, we explicitly model the process of inventor team formation within firms. Each
worker draws a bilateral productivity of collaborating with every other worker at the
firm, and can also work alone with some fixed productivity. The firm’s role is to match
its workers into the most productive allocation. Workers’ realized productivities become
an increasing but concave function of the number of coworkers they have. Second, we
add knowledge spillovers across firms, a key feature of the output of innovative firms,
following Chikis, Kleinman, and Prato (2025).

A key result from our microfoundation for team production is that firms that use team
production have higher returns to scale than firms where inventors work alone. This
is because workers in large firms have higher expected productivity, as they have more
chances to find a good match (e.g., a colleague with a complementary set of skills).
With particular functional form assumptions, expected worker productivity grows in
the number of employees at a diminishing rate and can easily be incorporated into a
standard production function to resemble less-decreasing returns to scale in the number
of R&D workers.

The central premise of this model is that firm boundaries impose strict limits on
collaborations between inventors and thus firms are an important element in the study
of the rise of knowledge teams. Explicitly modeling these limits allows us to study how
changes in the idea production function can also reshape the allocation of inventors to
firms, which has changed dramatically over this period, and is important for aggregate
innovative output and the design of firm-size-dependent R&D subsidies.

Building on this, we analyze how the shift in firm organization from solo inventors
to teams influences firm-level decisions, the allocation of inventors across firms, and
economic welfare. We find that team-based invention increases the optimal scale of
innovative firms, resulting in a higher concentration of R&D workers in large firms and
a greater share of large firms. These findings are consistent with our empirical evidence
on the growing concentration of inventors in large firms.

In one sense the growing concentration of inventors at large firms seems more benign

through the lens of the growing importance of teams and increased returns to scale in
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inventor labor. However, there is also evidence that small firms make disproportionate
contributions to knowledge spillovers (Akcigit and Kerr 2018; Chikis, Kleinman, and
Prato 2025). We show that with the existence of knowledge spillovers, misallocation
of R&D workers across firms is created with the primary role of small firms in creating
spillovers. The rise of teams exacerbates such misallocation as it disproportionately
reduces the size of small firms. This suggests that misallocation of inventors has become
more pronounced with the rise of patenting teams, and the gains to subsidizing small

firms are larger now than in the past.

Related Literature A growing body of literature examines the match between in-
dividual inventors and firms (Akcigit and Goldschlag 2023a; Akcigit and Goldschlag
2023b; Babalievsky 2023; Manera 2022; Liu 2023). A separate strand of literature
models firms as collections of coworkers or co-inventors, without incorporating addi-
tional dimensions of firm heterogeneity (Herkenhoff et al. 2024; Pearce 2023; Freund
2024). This paper bridges the gap between these two approaches by exploring how in-
ventor team formation varies with firm-level characteristics (in particular idiosyncratic
productivity, which is intimately connected in most models, including ours, to employ-
ment size) and connects to firm dynamics and inventor allocation across firms.!

Our paper is also related to the literature on how interactions between individu-
als shape economic growth (Lucas and Moll 2014; Akcigit et al. 2018; Prato 2022).
Relative to these papers, we abstract from the dynamics of individual-level knowledge
accumulation and instead focus on the organizational features that may determine dif-
ferent forms of knowledge production at the firm level (Garicano and Rossi-Hansberg
2015). Our model predicts that R&D workers will increasingly concentrate at large
firms, which highlights the importance of understanding how human capital accumu-
lation among R&D workers occurs. If variety in employers is a key source of knowledge

accumulation, the trend toward greater worker concentration at large firms could pose

LJarosch, Oberfield, and Rossi-Hansberg (2021) and Boerma, Tsyvinski, and Zimin (2023) study
models of sorting into teams within firms, but not specifically for inventors.



challenges. On the other hand, the shift from solo invention to more collaborative ef-
forts may accelerate on-the-job human capital accumulation for knowledge workers as
they learn from each other through collaboration.

Several empirical papers highlight the importance of inventor teams within firms.
Jaravel, Petkova, and Bell (2018) find that the death of a co-inventor negatively impacts
subsequent inventor productivity. Bhaskarabhatla et al. (2021) show that a significant
share of firm-level heterogeneity in research productivity is driven by differences in
inventor quality. Kline et al. (2019) demonstrate that firms share around 30% of the
rents from patenting with incumbent and high-paid employees, implying that a large
share of the rents from patenting are retained by firm owners. We abstract for the
most part from these issues and instead focus our attention on what determines the
allocation of workers to firms and how that responds to changes over time in the idea
production function that favor teams.

Our findings contribute to understanding trends in productivity differences between
large and small firms, particularly in the context of research productivity (Andrews,
Criscuolo, and Gal 2016; Bessen et al. 2020; Pugsley, Sedlacek, and Sterk 2021; Cave-
naile, Celik, and Tian 2020; Olmstead-Rumsey 2022; Akcigit and Ates 2023). Also our
findings are related to the recent trends of declining business dynamism and missing
high-growth young firms (Decker et al. 2014; Decker et al. 2016; Sterk, Sedlacek, and
Pugsley 2021; Akcigit and Ates 2023).

Finally, our model of teamwork within firms contributes to our understanding of the
boundary of the firm and optimal scale (Lucas 1978; Chandler 1977). Recent empiri-
cal work finds evidence of differences in returns to scale at the firm level (Chan et al.
2025) and evidence that the supply of managers (Engbom et al. 2025), standardization
(Argente et al. 2025), and economic development (Bassi et al. 2023; Chen 2023) all
influence optimal firm scale. We contribute an additional microfoundation for chang-
ing optimal firm scale: idea production in teams, and validate the existence of this

explanation using firm level data on inputs (inventors) and output (patents).



2 Empirics

2.1 Data

Our primary data sources are the USPTO PatentsView, Revelio Labs LinkedIn data,
and S&P’s Compustat. The USPTO PatentsView tracks all patents granted by the U.S.
Patent and Trademark Office (USPTO) from 1976 onward. This database provides
detailed information, including application and grant dates, technology class classifica-
tions, patent inventors, citation, and the names and addresses of patent assignees. The
Revelio Labs data contains CV-level employment histories for workers using LinkedIn
and allows us to match inventors to firms in years that they do not patent and hence do
not appear in the USPTO data.? Compustat is a comprehensive database maintained
by S&P Global and provides detailed firm-level data for publicly traded companies. It
includes information such as firm size, industry scope, balance sheets, income and cash
flow statements, and stock prices.

We collect utility patents filed between 1976 and 2018, granted by the USPTO. To
identify the patents assigned to US public firms and track them by different firm char-
acteristics, we link the USPTO assignee identifier to the Compustat GVKEY using the
bridge provided by Ding, Jo, and Kim (2022) and Braguinsky et al. (2023).> When
a patent is assigned to multiple entities, we only keep the first assignee following the
sequence order recorded by USPTO.

To measure the importance of a patent, we calculate five-year forward citations with
vintage fixed effects removed, and obtain real patent values from Kogan et al. (2017)
(KPSS values, hereafter) for patents filed by publicly held firms. To obtain an accurate
estimate of firm age, we also link PatentsView with the dataset provided by Ewens and

Marx (2024) to obtain the firm’s founding year.

2Eventually, we aim to incorporate administrative data from the U.S. Census Bureau to extend our
analysis, which is currently in progress.

3This bridge is constructed using the standard name and address matching process, complemented by
an internet search-aided algorithm following Autor et al. (2020) as well as additional manual matching.
The detailed methodology is described in Ding, Jo, and Kim (2022) and Braguinsky et al. (2023).



2.2 Stylized Facts

With this dataset, we document the following facts on team patenting, its properties,

and its relationship to firms.

Fact 1: Team patents have increased from 50% in 1976 to 80% of patents in 2018

Teams have played an increasingly dominant role in innovations over the past five
decades. A patent is identified as a team patent if it has multiple inventors, and the
group of inventors filing the same patent is identified as a team. Among all patents in
the dataset, the share of team patents has risen from below 50% in 1976 to above 80%
in 2018. This trend holds either measured in patent counts, KPSS values, or five-year

forward citations, as shown in Figure 1.*

Fact 2: Firms shape teams; 90% of team patents are by inventors at the same firm

At the same time, most team collaboration in innovation occurs within firms rather than
between them, highlighting the role of firms as a critical platform for team collabora-
tion. We identify an inventor’s affiliation in a given year as the firm with the largest
number of patents filed by that inventor during that year. In the event of a tie, we assign
the affiliation to the firm associated with the patent having the latest filing date. In the

dataset, 89.5% of the team patents are filed by inventors affiliated with the same firm.

Fact 3: Teams increase firm-level returns to scale and effect increases over time
To test for changes in returns to scale in inventor labor due to teams over time, we run

the following triple-difference regression at the firm level:

(log n g xI(team i) x Posty)+vy,
2.1

1
log(patsys) = p+o log(nft)—i-w (log n g xI(team))+

,ypost

“In this figure, we restrict our sample to Compustat firms with patent filings due to the use of KPSS
values and to maintain consistency of the sample across series. The result is robust when using the full
set of USPTO assignees.
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Figure 1: Team Patents Shares

Note: The figure represents the share of team patents at Compustat firms from 1976 to 2018. A team
patent is defined as one assigned by multiple inventors. The number of patents is counted unweighted
(red line), weighted in KPSS values (navy line) extracted from Kogan et al. (2017), and weighted in
five-year forward citations with vintage fixed effects removed (orange line).

where the dependent variable is the log number of patent filings by firm f in year ¢;
ns, denotes the total number of inventors filing patents assigned to firm f in year ¢;
s is a firm fixed effect capturing permanent heterogeneity in patenting; I(teamy,) is a

dummy equal to one if the share of team patents (those with multiple inventors listed)

team patentsft

> ‘total patents , ’ is above the median; and Post; is
ft

as a share of total firm patents in year ¢
an indicator for 2014-2018, the final five years of the sample. In this specification, «
captures the baseline returns to scale in inventor labor n; for firms that do not heavily

use team patenting, % reflects the role of using team patenting for estimated returns

pre
to scale pre-2014, and ﬁ captures the incremental increase in these returns for team-
based firms during 2014-2018.° All other base effects and interactions are included in

the regression, but we omit these for the sake of exposition here.

>We intentionally use these notations to be consistent with the model parameters in Section 3.



Table 1: Returns to Scale in Team Production

(D (2) 3)
All n>1 Public Firms
log(nft) 0.755** 0.789** 0.824***
(0.00165) (0.00276)  (0.00351)
log(ny) x I(teamy) 0.0521**  0.0372**  0.0942**
(0.00233) (0.00285) (0.00345)
log(nys) x I(teamy) x Post,  0.0345**  0.0106*** 0.00545
(0.00314) (0.00377) (0.00575)
I(team ;) -0.696***  -0.630*** -0.742**
(0.00276) (0.00466) (0.00596)
Post, -0.00678** -0.0828***  -0.0575***
(0.00299) (0.00699) (0.0111)
log(nys) x Post, 0.0117**  0.0328*** 0.0272**
(0.00187) (0.00283) (0.00355)
I(teamy;) x Post, -0.0565**  0.0211*** 0.00000563
(0.00483) (0.00784) (0.0149)
log(k:j!t”a”') -0.0156***
(0.00219)
R-squared 0.704 0.720 0.817
Obs. 1105437 759085 131166
Firm FE Yes Yes Yes

Notes: Column (1) includes all firm—year observations. Column (2) restricts the sam-
ple to firm—year observations with at least two inventors. Column (3) includes public
firms with available intangible capital data from Peters and Taylor (2017). See equa-
tion (2.1) for details. Standard errors are reported in parentheses. * p < 0.10, **
p < 0.05, *** p < 0.01.

Table 1 reports the results for three different samples: the first column includes all
assignees in the patent data, the second column includes all firms with at least two
inventors present in year ¢, and the third column includes public firms only. For public
firms, we additionally control for the intangible capital measure of Peters and Taylor
(2017), which capitalizes past selling, general administrative expenditures, and past
R&D expenses to approximate knowledge capital of firms. This adjustment is important
because the first two specifications may overstate returns to scale in inventor labor if
inventor labor is correlated with unobserved inputs, particularly with intangible capital.

We find evidence of decreasing returns to scale in inventor labor in the baseline period



with a € (0.755,0.824) < 1. Consistent with the theory, using teams increases returns
to scale, with WPL € (0.0372,0.0942), suggesting an initial value of  of between 10.6
and 26.9. The positive coefficient on the triple interaction suggests that + fell in the
later period, consistent with a positive productivity shock to team idea production, at
least for private firms (the coefficient is positive but not significant for public firms).
Based on the coefficient associated with the dummy Post,;, we find a general decline in
patenting output across firms in the later part of the sample period.® Surprisingly, the

Peters and Taylor (2017) measure of knowledge capital is negatively correlated with

current patenting output of the firm.

Fact 4: Patent output increases with the number of potential collaborators in a

firm

For each assignee in the USPTO, we count the total number of inventors each year as
the number of potential collaborators in a firm. We see how the number and output of
patents in a firm depend on the number of collaborators in the firm.

First, for each assignee in a given year, we calculate patents per potential collabo-
rator and then compute the average across pairs for each value of potential collabora-
tors. Figure 2 presents a scatterplot of the average patent count against the number
of potential collaborators. The figure shows that firms with a larger pool of potential
collaborators tend to produce more patents, even after normalizing by the number of
potential workers.

Next, we compute five-year forward citations per potential worker for each firm in a
given year and then take the average across firm-year pairs for each number of potential
collaborators. Figure 3 presents the corresponding scatterplot, showing that firms with
more potential collaborators also receive more citations per collaborator. This pattern

remains robust with using adjusted citations—filtered by CPC technology group-year

®This pattern might be related to ideas getting harder to find (Bloom et al. 2017). Whether this effect
is stronger or weaker for team based firms is not clear since the coefficient on the interaction of the team
indicator with the post period varies depending on the sample.
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Figure 2: Patent Numbers and Potential Collaborators

Notes: The figure shows a scatterplot of the number of potential workers (x-axis) against
the average number of patents per potential worker (y-axis).

fixed effects—as shown in Figure 4.”

Fact 5: Larger firms have a larger share of team patents

The formation of teams varies systematically with firm size. Defining firm size by the
number of inventors, we estimate the following regression to examine the relationship

between firm size and the propensity to engage in team patenting:

TeamPatShares = 1 + v + log(Num.Inventors) s + €4 (2.2)

where TeamPatSharey, is the share of team patents out of total patents assigned by
firm f in year ¢; log(Num.Inventors) is the log number of inventors within firm f in
t; and 7y and v, are firm and year fixed effects, respectively.

Table 2 presents the results, where the first column uses all USPTO assignees, and the

’The adjustment accounts for potential effects driven by time trends or shifts in technology composi-
tion, which may arise from differences in citation distributions across technology classes or over time.
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Notes: The figure shows a scatterplot of the number of potential workers (x-axis) against
the average citations per potential worker (y-axis).
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Notes: The figure shows a scatterplot of the number of potential workers (x-axis) against
the average adjusted citations per potential worker (y-axis). The adjusted citations are
calculated by filtering out technology class-year fixed effects.
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Table 2: Team Patent Share and Firm Size

All Firms Public Firms

Log num. inventors  (.204*** 0.122**
(282.52) (22.46)
N of Obs. 717,111 74,501
Firm FE Yes Yes
Year FE Yes Yes
Adj. R? 0.491 0.375

Note: The table presents the regression result from equation (2.2), where the dependent variable is the
share of team patents within a firm. The coefficient of interest is on the log number of inventors in the
firm. Firm and year fixed effects are included, respectively. The first column covers all USPTO assignees,
and the second column includes Compustat firms only. *** p<0.01, ** p<0.05, * p<0.1

second column restricts the sample to public firms in Compustat. Across both samples,
we find that larger firms exhibit a higher share of team patents than smaller firms. The
effect is economically meaningful: a 1% increase in the number of inventors within a
firm is associated with a 20.4 pp increase in the share of team patents for USPTO firms,

and a 12 pp for public firms.

Fact 6: Patent output in a firm increases in team patenting

We further examine the quality of team innovation using the citation-weighted number

of patents at the firm level.® To this end, we estimate the following regression:

log(CitationWgtPatents) ; = 1y + v, + TeamPatShares, + X + €y, (2.3)

where log(CitationWgtPatents) s, is the log of the citation-weighted number of patents
of firm f in year ¢, and TeamPatSharey, is the share of team patents. The vector X,
includes firm-level controls such as sales, employment, and R&D expenses, whenever
available. We estimate this regression for both the full sample of USPTO assignees and
the subsample of public firms.

The results, reported in Table 3, show a positive association between the share of

team patents and the citation-weighted number of patents. Specifically, the estimates

8The citations are counted for each patent within a five-year window.
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Table 3: Team Patent Share and Citation-weighted Patents

Variable All Firms Public Firms
TeamPatShare (0.074*** 0.113***
(20.49) (7.85)

Log past pats.  0.140*** 0.308***
(74.66) (20.25)

Log sales — —0.019
(—1.09)
Log emp. — 0.256™*
(6.64)
Log R&D — 0.120™*
(7.05)
N of Obs. 717,111 69,193
Firm FE Yes Yes
Year FE Yes Yes
Adj. R? 0.535 0.665

Note: The table presents the regression result from equation (2.3), where the dependent variable is
the log of citation-weighted patent counts within a firm. The coefficient of interest is on the share
of team patents in the firm. Firm and year fixed effects are included, respectively. The first column
covers all USPTO assignees, and the second column includes Compustat firms only. For Compustat
firms, we include firm sales, employment size, and R&D expenditure as additional controls. *** p<0.01,
** p<0.05, * p<0.1

suggest that if a firm were to shift from producing all patents solo to producing them
entirely in teams, its citation-weighted patent output would increase by 7.4% among

USPTO assignees and by 11.3% among public firms in Compustat.

Fact 7: Team size rises with firm size, but not one for one

Furthermore, there is heterogeneity in team size across firms of different size. To an-
alyze this, we classify firms into three groups the number of inventors in a year as a
proxy for firm size in the USPTO. We define firms as small if they have fewer than
five inventors, medium-sized if they have between five and ten inventors, and large if
they have more than ten inventors. For each year, we calculate the average team sizes
for these three groups and examine their variations over time, as shown in Figure 5.
The pattern indicates that medium-sized and large firms consistently have larger teams

than small firms.

14
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Figure 5: Average Team Sizes in a Firm (By Number of Inventors)
Note: The figure illustrates the average team size in firms, categorized by firm size groups based on the
number of inventors. Small firms are those with five or fewer inventors (red line), medium-sized firms
are those filing between five and ten inventors (navy line), and large firms are those with more than ten
inventors (orange line) in the USPTO data.
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Figure 6: Average Team Size By Number of Inventors

Note: The figure illustrates the average team size within firms, as a function of the total number of
patenting inventors at the firm in that year pooling all years in the USPTO data, 1976-2023.



On top of these, we also investigate different firm characteristics, such as productivity
and age. We find consistent results where more productive firms (with productivity
defined as the number of patents in USPTO or revenue productivity in Compustat)
tend to have larger teams compared to less productive firms. Also, we find a similar
trend with respect to firm age, where younger firms tend to have smaller team sizes
compared to older firms. See more details in Appendix A.1.

However, large firms do not choose to form just one team with all the inventors.
Instead, the average team size levels off as the firm’s number of inventors continues to

grow. Figure 6 illustrates this pattern.

Fact 8: Teams are short-lived

We also find the duration over which a team remains active in patenting. We find that
most teams are short-lived: 80% of teams patent together once in our sample. This
implies that serial teams are unlikely. Also, taken together with Fact 1, this finding

suggests that there may be multiple variations or turnover of teams within firms.

Fact 9: Firms are less likely to be single-inventor firms now than in the past

We explore how the fraction of patenting firms with a single inventor in a given year
has changed over time. Figure 7 illustrates the decreasing trend of this ratio over time.
In addition, we find that this trend also holds amongst young firms given the fact that

young firms are likely to be single-inventor firms. See more details in Appendix A.2.

Fact 10: Inventor employment concentration has increased much more than over-

all employment concentration

A large recent literature analyzes the causes and consequences of rising employment
concentration in the United States (Autor et al. 2017; Rossi-Hansberg, Sarte, and Tra-
chter 2020). We document that concentration has also increased among inventors, and

to a substantially greater extent than for overall employment. Figure 8 illustrates this
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Figure 7: Fraction of Single-Inventor Firms

Note: The figure shows the fraction of patenting firms with a single inventor filing patents each year.

17



—— USPTO: 145.0+ Inventors
{1 ---- BDS: 10,000+ Employees

Employment share

1980 1985 1990 1995 2000 2005 2010 2015 2020
Year

Figure 8: Employment Concentration: Inventors and Overall Employment

Note: The figure plots the employment share of inventors at the largest firms (ranked by the number of
inventors), indexed to match the employment share of overall employment at the largest firms (ranked
by total employment) in 1978. Inventor employment is measured using patent data in USPTO to count
inventors at the firm—year level, while overall employment shares are constructed from the Census Bu-
reau’s Business Dynamics Statistics (BDS).

pattern. Our model explores how this divergence can arise from changes in optimal
innovative firm size driven by an increase in the relative productivity of teams in idea
production.

Finally, on top of these findings, we also document a rising trend of team diversity
and complementarities within teams in the Appendix. See Appendix A.3 and A.4 for

details.

3 Baseline Model

In this section, we construct a simple static model that provides a micro-foundation for
team production and explains the role of firms in shaping it. The model also helps ac-
count for the stylized facts observed in the data. In this version, we prioritize parsimony

to enhance expositional clarity.
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3.1 Team Production

Suppose worker i has the following productivity:

Ziit = Z if solo
(3.4
Zijt ~ P(aleam ~team) if working with another worker j,

mwn

where a worker can either operate independently or collaborate with another worker
within a firm. When working alone, productivity is constant at z. When collaborating,
the workers draws a symmetric, pairwise productivity z;;, from a Pareto distribution
P(ategm, ytearm) 9

Now assume that firms can observe all potential collaborations among their workers
and assign each worker to the co-worker who yields the highest pairwise productivity:.
This defines team productivity z/f*™ for worker i within a firm, which is the highest

productivity the worker obtains amongst possible collaborations he can form within a

firm. The team productivity for worker 7 in a firm of size n is given by

theam = max{ 2y, Zizts ---; Zint } - (3.5)

Based on the Pareto distribution, the expected team productivity of worker 7 in a firm

of size n can be derived as

Ly s (3.6)

E(Z;fteam) — xteamr(l _

min

team
Y

See Appendix B.1.1 for derivation. Note that this property also holds with a continuum
of workers by interpreting n as the mass of workers rather than a discrete count. See
details in Appendix B.1.2. This provides a tighter connection to our model, which
assumes a continuum of workers.

The expected team productivity in (3.6) increases with firm size n, the scale parame-

°For simplicity, we assume each potential collaboration consists of only two workers. This is consistent
with empirical evidence showing that most team inventions are done by small teams.
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ter /¢ and the inverse of the tail parameter 7'““™ of the Pareto distribution. Figure 9
presents this feature. At the worker level, team productivity exceeds solo productivity
when the worker belongs to a sufficiently large firm (with size n). Figure 10 illustrates
this relationship, showing a firm-size cutoff above which workers attain higher produc-
tivity in teams than when working alone. Therefore, workers in larger firms benefit
more from collaborating in teams than from working alone. This provides a potential

mechanism supporting the empirical evidence of increasing inventor teams at larger

firms.

3.2 Firms

Given this structure, we can now characterize the firm’s problem. Let firm productivity
2y be determined by the average worker productivity within the firm, combined with
an idiosyncratic firm-level shock ¢,. Since workers are homogeneous, the average pro-
ductivity of workers in a firm coincides with the productivity of any individual worker

within that firm. Equation (3.7) characterizes the firm productivity.

ZE ft w/ solo production

1
,Yteam

Zft = a1 — W)nﬂ € ft w/ team production. (3.7

J/

~~
:]E(Zf{;a'm)

Firms (f) maximize profits and decide optimal size by taking wages as given.

a
max thnft — WiN e,
nfe

where n, denotes firm size and w, the wage. Note that, under team production, firm
productivity increases with firm size, as shown in (3.7). Consequently, switching from
solo to team production generates higher returns to scale for firms. This is because
the probability of drawing better productivity for forming a team increases with the

number of workers within a firm, which provides more potential collaborations.
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9: Expected Team Productivity E(z¢*™)

Note: The figure illustrates the expected team productivity by firm size (top) and by different values of
scale (middle) and tail (bottom) parameters from the Pareto distribution.

The remaining steps are standard. The optimal size of firms under solo and team
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Figure 10: Team vs Solo Productivity

Note: The figure compares worker-level productivity under team and solo production. The red solid line
indicates team production, while the black dashed line shows solo production.

production can be derived, respectively, as follows:

z 11—« :
(%) w/ solo production
n* = 1 team 1 — (3.8)
(eam T)e @i T(1= —gam ) \ 1-(—d—+a)
~y o4 ,yteam
wt

w/ team production.

3.3 Equilibrium Wage

For now, we assume a frictionless labor market with a fixed labor supply NV to highlight
the fundamental differences between solo and team production and their effects on
firm labor demand and labor reallocation. Under this assumption, equilibrium wages

are determined by the labor market clearing condition:
[ pswidg(en) = .
where n*(ep; w) = n’, in (3.8).
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3.4 Model Implications

Suppose there are two types of economies: one with only solo production and the
other with team production. This is akin to considering an experiment where initially

team

7™ = oo and x4 < 1 so no firms choose team production, and then ~**™ decreases
sufficiently to induce all firms to choose team production. We derive the equilibrium
outcomes under each type of economy to study how the rise in the relative productivity

of teams affects the equilibrium wage and firm size distribution.

—Team
- - Solo

0.9

0.8}

wage

0.7+

0.6

0.5 ‘ ‘ ‘ ‘
0 10 20 30 40

num. of employees

Figure 11: Equilibrium Wage under Team vs Solo Production

Note: The figure shows the equilibrium wages under team and solo production. The red solid line
indicates team production, while the black dashed line shows solo production.

Figure 11 presents the equilibrium wages, and Figure 12 shows the firm size distribu-
tion, under solo and team production. The red solid line indicates the team production
economy and the black dashed line the solo production economy. The equilibrium wage
rises with the transition from solo to team production. This is due to having increased
returns to scale with team production, which increases labor demand across firms and
the equilibrium level of the wage. Second, under team production, the firm size dis-
tribution is more skewed toward larger firms. This is also intuitive, as the increased

returns to scale are more pronounced for larger firms, which are better able to achieve
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Figure 12: Size Distribution under Team vs Solo Production

Note: The figure shows the firm size distribution under team and solo production. The red solid line
indicates team production, while the black dashed line shows solo production.

higher team productivity with a larger set of workers. Although higher wages tend
to reduce labor demand across firms, this effect is offset by the increased returns to
scale from team production. As a result, switching from solo to team production re-
allocates labor toward larger firms, consistent with the observed increase in inventor

concentration at larger firms in the data (Akcigit and Goldschlag 2023b).

4 Extension with Knowledge Spillovers

With the baseline model, we further assume there are knowledge spillovers across firms
in the economy. This is motivated by facts established in the literature of research
productivity that small firms are more likely to make breakthrough innovations that
have spillover effects to other firms (Rosen 1991; Olmstead-Rumsey 2022; Akcigit and
Kerr 2015). We formalize spillovers in the model, following Chikis, Kleinman, and Prato
(2025), in a way that captures the special role of small firms in creating knowledge

spillovers. In particular, the spillover is assumed to be created with the average of other
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firms’ productivities z;, and size ny, as follows:

6
gfpillover _ (/ Z}tﬁn/?tdf> ) (49)

The parameter # > 0 governs the importance of knowledge spillovers for firm output.
The parameter 5 € [0, 1] governs how much firm size (ns;) matters compared to firm
productivity (zy;) for generating spillovers. In the extreme cases, if 5 = 1, only the
total number of inventors matters for spillovers, not their allocation to particular firms.
If B = 0, the allocation of workers also does not matter because all that matters is the
average productivity of firms regardless of their size. For intermediate cases, /3 governs
the concavity of the spillover in labor, with more concavity (lower ) making the effects

of misallocation of workers across firms more pronounced.

4.1 Competitive Equilibrium

Given that, the firm problem can be rephrased as follows with the addition of spillover

term in production:

_spillover a
max z, thnft — WN .
'I'Lft

Consequently, the optimal size of firms can be derived similarly as before with spillovers.

This is given by:

1

_spillover _ T—a .
(azt - fot> I w/ solo production
) (4.10)

ft (#+a)zspillove’r$t5q7nl—\(1_#)8 —_—
< Lteam t min Steam ft> 17(W+a) W/ team production

wt

Based on this, equilibrium wages are determined by the following labor market clear-

ing condition as before for each solo or team production scheme:

/ n*(e s w)dgles) = N,

—spillover

where n*(ep;w) = ny, in (4.10). This needs to be jointly solved with spillovers z;
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in (4.9).

4.2 Social Planner’s Problem

A social planner would allocate inventors across firms to maximize total output, inter-
nalizing spillovers and resource constraint. The planner’s problem can be written as

follows:

maxy = [ zPHer s ne qf (4.11)

nft
subject to (3.7), (4.9), and
/nftdf = N. (4.12)

4.3 Welfare Implications

We define a firm-level wedge 7y, as the gap between the social marginal product of

labor at firm f and the private marginal revenue product perceived by the firm:
MPFF = (1+ 7p) M PGE. (4.13)
Under solo production, the planner faces the following marginal product of labor:
MP;;JIO,SP _ Qﬁ(gspillover)—% (ngt)1—5n?;1Y + azspillover(zgft)n?t—l’ (4.14)
and the counterpart in competitive equilibrium is
M P;tozo,CE = qzorillover s ”?t_l- (4.15)

Using (4.13), (4.14) and (4.15), we get the general expression for wedge under solo

production as follows:

08Y _
solo __ — —B, B—«
Tre = a(gspillover>1+% (ngt) fto- (416)
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Figure 13: Firm-level Wedges under Solo Production

The wedge is firm specific, which comprises not just a common component of param-
eters, aggregate output Y, and spillovers z*P#°ver but also a firm-specific component
that depends on firm idiosyncratic productivity ¢, varying across firms.

In the spirit of Hsieh and Klenow (2009), we evaluate the wedge at competitive

equilibrium and derive the following results.

Proposition 1. If a, 8 € (0, 1), small firms are inefficiently smaller in competitive equi-

librium under solo production.
Proof. See Appendix B.3 O

Proposition 1 implies misallocation of inventor labor across firms, which is more pro-
nounced for smaller firms. Figure 13 illustrates the shape of the wedge across firms of
different sizes.

Under team production, the planner faces the following marginal product of labor:

1 , 1 1 1-8 (B=D(— gam)
eam,SP zspillover\—4 eam B eam
MP;t - e(ﬁ + ,yteam<1 B 5))<Z Pl ) ¢ (I:mn F<1 B ,yteam)gft) nft " Y
; o+ —ream —1
+ mff;%"l“(l — ,yteam)(a + W)gspzllovergﬁnft +t ’ (417)
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and the counterpart in competitive equilibrium is

1
o+ team

. -1
Zspzllovergftnft vy ) (418)

1
team,CE __ team
MPft = Tmin F<1 o ,yteam)<a + ,Yteam)

Using (4.13), (4.17) and (4.18), we get the general expression for wedge under team

production as follows:

team __ 9(6"’(1_5)#)}/

foo (Oé—|— 1 )(Zspillover)l—l-%

team
~

1 B(l— o)~

o) g . (4.19)

(:L,teamr(l _

min

The following proposition shows the evaluation of wedges under team production.

Proposition 2. If o + W € (0,1) and § € (0, 1), small firms are inefficiently smaller in

competitive equilibrium under team production.
Proof. See Appendix B.4 ]

Proposition 2 implies misallocation of inventor labor across firms under team produc-
tion, which is more pronounced for smaller firms. Figure 14 illustrates it and compares
with the case of solo production. This shows that wedges under team production are
higher than under solo production. This is because the increase in returns to scale
under team production raises wedges for all firms, as potential output is higher and
spillovers are stronger than in the solo economy. At the same time, higher returns to
scale make the firm size distribution more skewed. With a production function that is
concave in inventor labor and a spillover function that is also concave, this increased
skewness exacerbates misallocation across firms, particularly for smaller firms. Figure
14 illustrates both effects.

These results suggest an increased scope in the team production economy for size-
dependent R&D subsidies favoring small firms. This may seem counterintuitive at first,
but the intuition comes from general equilibrium spillovers when the economy switches
to team idea production: the wage increases and small firms get smaller, as in the

frictionless model. This makes them even further from their optimal employment size
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Figure 14: Firm-level Wedges: Solo vs. Team

given the knowledge spillover function. Figure 15 illustrates the resulting gap between

social and private marginal products in the two economies.

4.4 Comparative Statics

To identify the sources of the wedges, we perform comparative statics with respect to
parameters governing solo and team productivity, firm-level idiosyncratic productivity,
spillovers, and returns to scale. Figure 16 reports the results.

A higher shape parameter of team productivity reduces wedges under team produc-
tion (Panel a), with the effect concentrated among larger firms, while the scale parame-
ters of team productivity and solo productivity have no effect on wedges (Panels b and
c). Higher returns to scale in production amplify wedges under both solo and team
production, with a quantitatively stronger effect for team production (Panel d). An
increase in the shape parameter of firm-level idiosyncratic productivity lowers wedges
under both production modes, with a larger effect for team production, and dispro-
portionately reduces wedges for smaller firms (Panel e). In contrast, a higher scale

parameter of idiosyncratic productivity increases wedges for both solo and team pro-
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Figure 15: The Gap between Social and Private Marginal Products of Labor: Solo vs.
Team

duction (Panel f). Finally, a higher value of 6, which raises the importance of spillovers,
increases wedges under both production modes. (Panel g). A higher [ strengthens the
dependence of spillovers on firm size and further amplifies wedges for both solo and
team production, while attenuating the relatively high wedges faced by smaller firms

by lowering their marginal contribution to spillovers (Panel h).

5 Conclusion

Understanding inventor teams has become increasingly important as a growing share
of ideas is produced by teams rather than individuals. Inventors do not collaborate ran-
domly; instead, they disproportionately form teams with colleagues within the same
firm. We document new empirical evidence showing that team production is associated
with less-decreasing returns to scale in inventor inputs, and that larger, more produc-
tive, and older firms are more likely to form inventor teams, assemble larger teams,
and create teams with more diverse skill sets.

Our novel theoretical framework explains these patterns through a simple mecha-
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Figure 16: Comparative Statics of Firm-level Wedges



nism: when the set of potential coworkers is larger, inventors are more likely to find
a productive match, and team production raises the returns to scale in inventor labor.
Our data estimates based on firm-level patent output and inventor counts are consis-
tent with this mechanism. In our baseline model, this alone can account for the rising
concentration of inventors in large firms.

We then show that the shift toward team production increases labor demand at the
top of the firm productivity distribution, which squeezes less productive firms and leads
them to hire fewer inventors. Furthermore, we find additional implications of team
production when it interacts with knowledge spillovers and labor market frictions. In a
model calibrated with realistic spillovers, the resulting reallocation from team produc-
tion amplifies misallocation across firms.

In future work, we plan to combine the model with microdata on inventors and firms
to identify the underlying sources of the rise of teams—how much reflects changes in
the idea-production technology versus shifts in the firm-productivity distribution, which
offers a novel explanation for the growth of team innovation. These distinct forces in-
teract differently with the misallocation of inventors across firms, making it essential
to understand them for designing size-dependent R&D policies. Another promising
direction is to examine how the transition toward team-based idea production, partic-
ularly within specific firms, shapes the long-run dynamics of knowledge accumulation

for R&D workers.
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Appendix

A Empirical Appendix

A.1 Team Size, Firm Productivity, and Age

We measure firm productivity by the number of patents in USPTO or revenue produc-
tivity (TFPR) in Compustat as proxy. Using each measure, we classify firms into three
groups. For the number of patents, we categorize firms filing a single patent as small
(or low-productivity) firms, those filing between two and five patents as moderately
sized (or moderately productive) firms, and firms filing more than five patents as large
(or highly productive) firms. With TFPR, firms grouped into three categories based
on their percentiles in the within-industry (NAICS4) cross-sectional productivity dis-
tribution for each year. Figure A17 and A18 display that team size increases in more
productive firms, in terms of both patent counts and TFPR.

In addition, firm age is calculated by subtracting the founding year from Ewens and
Marx (2024) from the current year. With firm age, those younger than six years are
considered young firms, those between six and twenty years are medium-aged firms,
and those older than twenty years are categorized as old firms. A similar trend is
observed with respect to firm age. The trends in team sizes across these age groups
are plotted in Figure A19. After the year 2000, young firms tend to have smaller team

sizes compared to older firms.

A.2 Single Inventor Share of Young Firms

Young firms are particularly likely to be single-inventor firms. To see the trend of the
likelihood for young firms over time, we calculate the proportion of single-inventor
firms among all young firms that have ever filed a patent in a given year. This is plotted
in Figure A20, showing a declining trend of the fraction of single-inventor young firms

over time.
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Figure A17: Average Team Sizes in a Firm (By Number of Patents)

Note: The figure illustrates the average team size in firms, categorized by firm size groups based on the
number of patents filed. Small firms are those with one patent (red line), medium-sized firms are those
filing between two and five patents (navy line), and large firms are those filing more than five patents
(orange line) in the USPTO data.

A.3 Team Diversity

Another trend over the past decades is rising knowledge diversity within teams. To
measure knowledge diversity, we first identify the “core” CPC subgroup associated with
an inventor in a given year as a proxy for the inventor’s type or area of expertise.'%!! The
core CPC subgroup of an inventor is defined as the subgroup with the highest number of
patents filed by that inventor up to that year.'? For each team, we calculate the number

of core CPC subgroups associated with its inventors, which serves as a measure of the

OFor example, GO6N 20/00 is “Machine learning” or A23B 11/00 is “Preservation of milk or dairy
products.”

HFor a patent associated with multiple CPC subgroups, we pick the main CPC subgroups based on the
sequence variable provided by the USPTO.

2Eventually, we aim to leverage the Longitudinal Employer-Household Dynamics (LEHD) dataset,
which contains detailed demographic and educational information for workers covered by the U.S. Un-
employment Insurance (UI) system. By linking it to the Longitudinal Business Database (LBD) and
USPTO inventor data, we plan to track workers’ patenting activities within and across firms. This is in
progress.
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Figure A18: Average Team Sizes in a Firm over Years (By Firm TFPR)

Note: The figure illustrates the average team size in firms, categorized by firm productivity. Firms are
classified by their percentile of the cross-sectional productivity distribution within a pair of industry
(NAICS4) and year. Top 25% (red line) indicates the top 25 percentile firms, 25-75% (navy line) indi-
cates firms between 25 and 75 percentiles, and bottom 25% (orange line) indicates those in the bottom
25 percentile in productivity distribution. Firm productivity is measured by the revenue productivity in
Compustat.

team’s knowledge diversity in that year. We then average this knowledge diversity
measure across all teams within a firm for that year. Finally, we compute the average
of these firm-level measures across all firms in a given year.

The result is plotted in Figure A21, which shows an upward trend and an increasing

likelihood of the average team working with inventors with different specialties.

A.4 Team Complementarities

We also aim to directly assess differences in complementarities among patenting team
members across firms of varying sizes and ages, and to explore how these differences
have evolved over time.

To do this, we estimate the linear model of team complementarities proposed by
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Figure A19: Average Team Sizes in a Firm over Years (By Firm Age)

Note: The figure illustrates the average team size in firms, categorized by firm age groups. Firm age
data is sourced from Ewens and Marx (2024). Firms are classified as young if their age is five years or
less (red line), medium-aged if their age is between six and twenty years (navy line), and old if their
age is above twenty years (orange line).

Bonhomme (2021):
Yj = Anlaingy + -+ + ain(y) + €5,

where Y,,; is the five-year forward citations of patents produced by team j of size n
(including single inventor patents), «; is individual ’s fixed effect, and ), is the team-
size scaling factor for size n, which takes value one for single inventor teams.

The procedure of model estimation follows Section 3 in Bonhomme (2021). First, we
use the identification condition to iteratively determine the subset of inventors for which
the inventor fixed effects can be determined, and restrict the sample to this subset.
Next, we estimate the complementarity coefficients from a linear moment condition.
Last, the inventor fixed effects can be estimated in a standard OLS regression.

The interpretation is as follows. Output (citations) is a linear function of the team

members’ fixed effects. \,, captures the effects of working in a team of size n. If A\, = 1
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Figure A20: Fraction of Single-Inventor Young Firms

Note: The figure shows the fraction of young firms (aged five or less) with a single inventor in a given
year. Firm age is sourced from Ewens and Marx (2024).

for n > 1, the citations produced from this collaboration are the same as the sum of
what the team members could produce individually. If \,, > 1 it indicates that the team
produces more citations than the members could generate on their own. An increase
in )\, over time suggests increasing complementarities for teams of size n. However,
this model does not account for selection into teams or the impact of teams on the
probability of securing a patent, among other factors.

As shown by the coefficients listed in Table A1, firms in the post-2000 period usually
exhibit larger team complementarities than firms in the pre-2000 period, especially for
teams of size two. Notably, complementarities for teams of two grew significantly for
older firms after 2000.

This exercise also allows us to estimate inventor fixed effects that control for partic-
ipation in teams of different sizes (say, selection into solo invention). Solo inventors,

those with above median share (20%) of their patents filed alone, are slightly positively
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Figure A21: Average Number of Inventor CPC Subgroups in Teams in a Firm

Note: The figure illustrates the average number of core CPC subgroups associated with inventors on team
patents in USPTO. A core CPC subgroup is defined as the modal CPC subgroup in an inventor’s patenting
history up to a given year. For each firm, we calculate the average number of core CPC subgroups for
inventors on team patents and then compute the mean across all firms in a given year.

selected but this gaps has narrowed over time (Figure A22). Surprisingly, we find ev-
idence of negative rather than positive assortative matching into teams of two based
on the fixed effects we estimate (Figure A23). Formally, the exercise computes the a
histogram and the mean of the absolute difference between team members’ estimated
fixed effects in the data versus 1000 random draws of two person teams the same size
as the data with sampling weights for inventors the same in the bootstrap as that in-
ventor’s share of patents in the data. The mean expected difference in the fixed effects
is 6% higher in the data, mean quality differences are larger in the data than patenting

teams drawn at random (negative assortative matching).
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Table A1: Complementarity estimates for periods and subgroups of firms

Period Group A A2 A3 A>4 # of Patents # of Inventors
< 2000 All 1.0000 0.5674 0.4147 0.3116 | 1,022,209 206,849
<2000 Small | 1.0000 0.5699 0.4089 0.3209 48,392 10,697
<2000 Large | 1.0000 0.5627 0.4116 0.3088 885,695 181,694
<2000 Young | 1.0000 0.5919 0.4424 0.3581 12,982 3,234
<2000 Old 1.0000 0.5587 0.4173 0.3149 323,371 65,928
> 2000 All 1.0000 0.6607 0.4803 0.3543 | 3,103,493 590,872
> 2000 Small | 1.0000 0.6447 0.5027 0.3949 308,769 71,193
> 2000 Large | 1.0000 0.6569 0.4750 0.3492 | 2,652,074 503,741
> 2000 Young | 1.0000 0.5870 0.4526 0.3489 49,209 12,803
> 2000 Oold 1.0000 0.6417 0.4631 0.3384 906,673 181,569

Note: This table lists the complementarity estimates for various periods and subgroups of firms. The
dataset consists of all USPTO patents filed between 1976 and 2018. The sample of patents is divided
into two periods based on their filing years: the first period includes patents filed no later than 2000, and
the second period includes patents filed after 2000. Within each period, the sample is further divided
by firm size and firm age. The group of small firms consists of those classified as small or micro entities
in the USPTO dataset, while the group of large firms includes the remaining firms. The group of young
firms includes those with an age of five years or less, where firm age is defined as the difference between
the current year and the founding year from Ewens and Marx (2024). The group of old firms includes
those with an age greater than five years.

3.5+

Inventor FEs

1980

1990 2000 2010 2020
appyear

—— Solo Inventor —— Team Inventor

Figure A22: Mean estimated inventor fixed effect ;. The median share of solo patents
for inventors is 20%. Above = solo inventor, below = team inventor.
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Figure A23: Histogram of the absolute difference in two-person team member fixed ef-
fects |o; — ;| in the data vs. 1000 random samples of two person teams with the same
number of teams and sampling weights on inventors as in the data. Mean difference:
4.293 in the data and 4.041 in random bootstrap.

B Model Appendix

B.1 Derivation of Team Productivity
B.1.1 Discrete Firm Size

Recall that bilateral productivity is:

B P team . team Pz < _ 1 _ xf?i?r? ~team Vo > team
Zijt ™~ (xmm 7 )7 (Z = ZL') - ( T ) T Z Tpnin

Let the max of n draws be

Mn = maX{let, Zgjt, ey ant}

then
team n
Fu,(2) = P(My < ) = |1 = (F2m)7 " | vy > gle
x
Then, we can derive the pdf as follows:
cam (i )" T yteam] "1 cam
Faa () = ™™ (=) [1 - (=) ] Vo = @
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Thus, the expected value is

1

team ) )

BM,) = [, (a)do = s nBln,1 -

where B is Beta function.'®
Note that for large n, the Beta function asymptotically becomes:
1 L) (1 = szw) 1

,-)/team) I‘(n+ 1— ,},te%) (

B(n,1— )n_HW.

,-Yteam
Therefore, the expected productivity of working in a firm with n team members be-
comes:

1 1
ynoteem (B.20)

E(M,) = @i T(1 = ~ieam

which increases in n.

B.1.2 Continuous Firm Size

Assume that worker bilateral productivity is drawn from an inhomogeneous Poisson

point process with intensity function within firm of size n € [0, 00).

Then, the distribution function of the maximum talent is

Flcam (2) = P[N (2, +00) = 0]

— exp (_ / - A(u)du)

= int <x>n7

and thus, everything follows the same as before.

131t can be derived with a transformation of variable with ¢ = 1 — (z€¢™ /2)Y"““™ | So that it can be
_ 1
rephrased as E(M,,) = nxtcom fol (1 — ) v g,

min
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B.2 Empirical Evidence for Modeling Assumptions

One model assumption that deserves additional discussion is the assumption that there
is no serial collaboration or team-specific human capital. Our model is a static, one
period model, so there is no natural way of modeling accumulation of team-specific
capital. Moreover, somewhat surprisingly, patenting teams are quite short lived in the
data: 80% of teams in our sample only patent together once.

A second assumption is that inventors only work in teams of two. This assumption
is stylized, since we also observe many teams of three to five inventors in the data xx
table/figure. We expect a similar increasing, concave relationship between inventor
productivity and the number of coworkers would hold in a richer model with produc-
tivity draws for larger groups of inventors. The data do show that number of inventors
per patent is not increasing one for one in the number of inventors (that is, firms with
many inventors still divide them into smaller teams rather than pooling them into a

single large team), but instead levels off at around three inventors (Figure 6).

B.3 Proof for Proposition 1

We evaluate wedges in equation (4.16) at competitive equilibrium under solo produc-
tion. Note that the firm decision rule in competitive equilibrium remains the same as
in (3.8), except that the equilibrium wage is determined by the labor market clearing

with solo production. The equilibrium wage is pinned down by

/ (e ) g(e) = N,

which gives
/

1 —spillover

W = 557 az(x! )1% 7

-

«

We normalize N = 1, and this gives a closed-from solution for firm labor demand
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under solo production as follows:

1

1 T—a
solo __ (7]0 B 17()4)8]1%
N = o =
v (‘Tmzn) e

This also determines spillovers and total output at the equilibrium,

f_ 1
Zspillover _ 2(1—,8)9 ((xfn”)# ’)1/{ )9<(${mn)_l—laﬁy l—oz)B@
Nf — (izetal) U

11—«

Y — Espilloverzxf ' < ﬁyf - >1a.
min /_yf _ m
Plugging them into (4.16), we obtain the following expression for wedges under solo

production:

min 1

v — L=

i (B f __ l-atap a(f—1)
Ll i = B (B.21)
« l1-o
Since § < 1 and « € (0,1), (B.21) is decreasing in firm productivity—and hence in

employment size, given their positive relationship in competitive equilibrium.

B.4 Proof for Proposition 2

We evaluate wedges in equation (4.19) at competitive equilibrium under team produc-
tion. As before, the equilibrium wage is pinned down by the following, which deter-

mines firm decision rule in (3.8) under team production:

[ e emgter = N

which gives

1

1 P —— f
+a)xteamr(1 . )(ZL‘f )1 (,Ytelam+ ) v

min ’Yteam min

w; = Etspillover(

team
Y
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Thus, firm labor demand under team production is

1

1*(%+0¢)
(0 = ey
L (=t +a)/~ [t
team __ ~team
niG" = 7
(0 )

This also determines spillovers and total output at the equilibrium,

(1—B)$f+ﬂ
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Plugging them into (4.19), we obtain the following expression for wedges under solo

production:
(a+ 1 VB+ (1-8) f (ﬂ+(1_ﬁ) tela,m)
1 T — (1= B4 L yream)
peom OO F A= D) g V0B e )
t - 1 min 1
a + ~team 1 1—(Oc+ ,Yteanz) (a+ telam)
! (71[ - 1—(a+@n)) ()7
(a+ ,Ytelam )5:!‘ 7(17_;3)
1—(a+—éam)
Xep . (B.22)

If 3 < 1and a + == < 1, (B.22) is decreasing in firm productivity—and hence in
~ g p y

employment size, given their positive relationship in competitive equilibrium.
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