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Common Ownership and the Market for Technology

Dennis C. Hutschenreiter∗

February 27, 2023

Abstract

Using information on U.S. patent reassignments, this paper establishes economically and
statistically significant effects of institutional investors’ common ownership of publicly traded
companies on the reallocation of technological knowledge. A new instrumental variable strat-
egy is employed, and results are robust across different matching techniques. According to
a model of the market for technology, common ownership has no effect on the reallocation
of technologies when information is symmetric. But if a part of the technology transfer is
unverifiable (i.e., uncodified know-how that increases an adopter’s productivity), incentives
induced by common ownership enhance the transmission of this component, increasing the
quality of the technology transfer, which in turn affects adopter selection. Consistent with
the model, the data confirm that the effect of common ownership is stronger for technologies
for which know-how transfers are more crucial; by enhancing transfer quality, more common
ownership subsequently leads to more innovation output and higher market cap growth of
adopters. Moreover, the data suggest that common owners’ effect on technology realloca-
tion does not result from alleviating search frictions. Finally, the role of board connections
by executives and the interactions with common ownership in determining the matching of
adopters to providers are studied. Inter alia, the results suggest that sitting on another firm’s
board induces similar incentives for the providers’ executives as common ownership between
the firms.
JEL Codes: G23, G32, G34, L20, L25, O32, O33, O34
Keywords: common ownership, technology transfer, information frictions, board connections.
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Simats, and Lena Tonzer, as well as seminar participants at Universitat Autònoma de Barcelona, University of
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Corporate innovations drive economic growth (Schumpeter, 1911; Aghion and Howitt, 1992)
and strongly determine firms’ long-term profitability (Arrow, 1962). Beyond innovators, new
technologies can generate benefits for other firms and the economy overall. These benefits spread
through different channels, including both unintended technology spillovers (Griliches, 1979; Romer,
1983, 1986) and intentionally established markets for ideas (Akcigit, Celik and Greenwood, 2016;
Serrano, 2018). Current research shows that the market for technology plays an important role
in the diffusion of innovative knowledge, for innovators to profit from their inventions, and as a
source of acquiring valuable inputs for adopters (Arqué-Castells and Spulber, 2022).

However, efficient technology transfers between companies may be hampered by various infor-
mation and agency frictions.1 These frictions in the market for technology could lead to consider-
able welfare losses and a reduction in the benefits of technology adoption. By inducing incentives
for technology providers to supply a higher quality of technology transfer or increasing the informa-
tion flow between firms, institutional investors that—by virtue of their diversified portfolios—are
often owners of both parties involved in a deal could play a significant role in overcoming both
kinds of frictions in the reallocation of innovative knowledge. Despite of that, the connection
between technology reallocation and financial markets remains relatively understudied.

In this paper, I seek to explore whether the presence of common institutional owners of pub-
licly traded companies can ease information and agency frictions in the market for technology.
Specifically, I consider whether managers of technology providers that share common institutional
shareholders with a potential innovation adopter have more incentives to reveal valuable informa-
tion and thereby increase the benefits of the technology transfer for the acquirer.

Using data on patent reassignments, which signify transfers of intellectual property rights,
gathered from the United States Patent and Trademark Office (USPTO), I identify two significant
determinants of technology reallocation and the benefits of technology adoption: institutional
ownership linkages and the monitoring effort or attention of common shareholders. Common
ownership has a statistically and economically significant effect on adopters’ selection. This effect
is quantitatively stronger for those measures of common ownership that account for investors’
monitoring efforts with regard to providers’ management. Results are robust to controlling for
a range of firm, dyad, and adopter-technology characteristics, as well as different approaches for
matching counterfactual traders to observed provider-adopter dyadic observations. To further
address potential endogeneity, I exploit the variation of ownership of publicly traded companies
by a subset of so-called passive funds. The funds in this subset not only track one of several stock
market indexes but also replicate the index portfolio reliably. I construct an instrument using
the pure indexer mutual funds’ ownership of potential adopters and the index constituent status
of a technology provider. With this newly proposed instrumental variable strategy, I establish
causality.

The effect of common ownership on the reallocation of technologies can result from various
mechanisms. The ways in which common shareholders may influence the selection of adopters
correspond to the different frictions in the market for ideas. By alleviating these frictions, common

1Akcigit, Celik and Greenwood (2016) show that search and matching frictions in technology markets create
substantial welfare costs. Other studies emphasize the importance of agency problems between the partners involved
in the transfer of knowledge, decreasing the potential surplus of these transfers (e.g., Contractor and Sagafi-Nejad,
1981; Macho-Stadler, Martinez-Giralt and Pérez-Castrillo, 1996; Choi, 2001).
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ownership linkages can improve the total surplus of engaging in technology transfer and thereby
affecting firm matching. To identify the mechanism by which common ownership affects this
matching, I analyze a simple model of the market for technology and test further hypotheses
derived from the model.

Theoretically, I show that the effect of common ownership on the reallocation of technologies
is driven by managerial incentives. The presence of common shareholders alleviates the moral
hazard linked to the transfer of uncodified know-how: A technology transfer often entails both
trades of intellectual property rights and transfers of innovative know-how that is not fully evident
in the reassigned patents (i.e., uncodified or tacit know-how; see, e.g., Arora, 1995; Macho-Stadler,
Martinez-Giralt and Pérez-Castrillo, 1996). Common owners motivate managers of the technol-
ogy provider to transfer such innovative know-how, enhancing the quality of technology transfer,
which in turn increases the benefits of technology adoption. By leveraging joint shareholder link-
ages, adopters’ management anticipates this positive effect of common ownership, which increases
the dyad’s surplus from engaging in the deal. Therefore, an adopter with more common owner-
ship linkages to the technology provider enjoys an advantage over other potential buyers of the
technology, resulting in the likelihood that the two firms match in the market for technology to
increase with common ownership.

Empirically, I test if the evidence supports my model. First, if the effect of common ownership
on adopter selection is a result of alleviating moral hazard in the transfer of uncodified know-how,
the effect should be stronger for technologies that require such transfers to make their adoption
beneficial for the acquirer. Indeed, the data confirm that the effect of common ownership is
stronger for technology transfers associated with more recent innovations, for which less know-how
is codified. Similarly, I find evidence that the effect of common ownership is also stronger if more
complex technologies are reassigned. In both cases, the moral hazard problem linked to transfers
of uncodified know-how is more severe. Thus, common ownership has a more substantial effect
on the transfer quality resulting in a stronger impact on adopter selection. Second, the model
predicts an increase in transfer quality if common ownership between the provider and adopter is
larger. The data show that conditional on a technology transfer occurring, adopters create more,
and—in total—more valuable, innovations in the future when the common ownership incentives for
the provider with respect to the adopter are stronger. Adopters receiving higher-quality transfers
due to common ownership can better exploit new ideas and benefit more from the reassignment.
Moreover, both the adopter and common owners of the assignor and assignee benefit financially
since, through the higher transfer quality, common ownership positively affects the adopter’s future
market capitalization growth after a transfer has occurred. These findings strongly support my
theory.

Akcigit, Celik and Greenwood (2016) show that search frictions hamper technology transfer and
that reducing this type of friction would yield substantial welfare gains. Therefore, an alternative
mechanism could explain my baseline results: Common ownership could affect the reallocation
of intellectual property rights by alleviating search frictions. Diversified institutions might do so
by virtue of their extensive networks. In that case, institutional investors would have to monitor
potential opportunities for profitable technology reallocation among portfolio firms, which can be
costly. Using data pertaining to financial analyst coverage, provided by Guo, Pérez-Castrillo and
Toldrà-Simats (2019), I rule out this alternative mechanism: The effects of common ownership are
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not stronger for potential adopters that are less salient in the market.
Furthermore, recent literature cites a link between common ownership and interlocking direc-

torates (Nili, 2019, 2022; Fletcher, Peitz and Thépot, 2022), and Azar (2022) specifies that greater
common ownership between two firms also tends to imply a greater likelihood that they share
directors. When I exclude dyads with common directors from the sample, I still find a significant
effect of common ownership on the reallocation of technologies. That is, the impact of common
ownership is not the result of board connections. If I also control for directors’ roles in the two
boards, I find that non-executive directors serving on both boards do not increase the probability
of technology transfers, consistent with previous findings related to directors who serve on multiple
boards or the “busy directors” (Fich and Shivdasani, 2012; Hauser, 2018). But executive directors
who also serve on the other company’s board enhance the probability that the two firms will match
in the market for technology.

Cai and Sevilir (2012) study the effect of board connections on M&A transactions. To the best
of my knowledge, the current study is the first to investigate the interaction of common ownership
with joint directors that serve as executives in one of the firms, to identify the incentives induced by
these conditions, and to outline the consequences for corporate strategy. With this novel approach,
I can establish that executives of technology providers that also serve as directors on the board
of potential adopters have similar incentives to internalize the profits of the latter firm as those
managers of patent assignors that share common owners with potential adopters. Hence, the two
determinants of technology transfer are substitutes in determining matches. In contrast, when an
executive of a potential adopter also serves on the board of the technology provider, it can increase
the likelihood of technology transfer too, but for different reasons. Due to their presence on the
providers’ board, they enjoy advantages in acquiring information about the available technology
and its technological fit with their (adopter) firm. In this way, they help overcome adverse selection
issues, which also grants them a bargaining advantage (Cai and Sevilir, 2012). Consistent with this
reasoning, the effects of common ownership and executives of adopters that sit on the provider’s
board are complementary.

My analysis contributes to the literature on common ownership (Rotemberg, 1984; Azar, 2017)
and its relationship with corporate innovation (López and Vives, 2019; Vives, 2020; Antón et al.,
2021b). In particular, it considers know-how transfers in voluntary interactions in markets for
technology rather than addressing exogenous or unintended knowledge spillovers. Thus I can
detail the role of information asymmetries between providers and adopters in the relationship
between common ownership and firm matching, as well as clarify that the extent to which adopters
benefit from technology transfers depends on the managerial incentives of provider-managers, as
induced by common ownership or interlocking directorates. Although I analyze the impact of these
phenomena in the context of patent reassignments, the identified mechanisms are likely to apply
also to other modes of technology transfer, such as licensing.

To establish these insights, Section 1 contains a detailed outline of the data, variables, and
sample selection process. Section 2 outlines the empirical strategy. Section 3 presents the baseline
results regarding the effect of common ownership on technology reallocation. To explain these
results, I detail the relevant theory and analyze the model in Section 4, from which I derive further
hypotheses. I test these hypotheses in Section 5. Then with Section 6, I investigate if common
owners reduce search frictions, followed by a consideration of the impact of interlocking (executive)
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directorates in Section 7. Finally, Section 8 concludes.

1 Data, Variables, and Sample Construction

In addition to presenting the data sources used to construct the variables, I outline how I created
the data set in this section.

1.1 Data

The sample includes U.S. public firms with information available between 1990 and 2006. Their
financial information came from Compustat; I exclude financial firms and utilities (standard in-
dustrial classification [SIC] codes 4000-4999 and 6000-6999), as well as firms with total assets less
than $10 million. For information on patent reassignments, I turn to the USPTO Patent As-
signment Data Set, which contains the names of assignors and assignees linked through a patent
ownership transfer. Similar to Akcigit, Celik and Greenwood (2016), I rely on an algorithm to
clean the names of these parties, such that they reflect the names of the actual USPTO patent
assignees.2 Thus I can match firms in the reassignment data set with those in Compustat, using
the dynamic matching procedure available in the National Bureau of Economic Research (NBER)
patent database.

The Thomson Reuters Institutional Holdings (form 13F) database provides institutional own-
ership information, so I use it to construct a pertinent explanatory variable, namely, the profit
weight measure of common ownership (as described in the next section). For the period 1990-2006,
I can obtain information about the number of outstanding shares and shares held by institutional
investors for each firm. However, because this 13F data set suffers several data quality issues, I
manually cleaned the data by removing duplicate observations and incorrectly assigned holdings
information, as well as replacing missing information with information available from the Center
for Research in Security Prices and Compustat. After this cleaning, I aggregated fund holdings at
the institutional investor level.3 For several alternative common ownership measures, I also turn to
Wharton Research Data Services, which provide measures from Gilje, Gormley and Levit (2020).4

The R&D expenses are available from Compustat. I collect patent and citation information
for 1990-2006 from the NBER patent citation database (Hall, Jaffe and Trajtenberg, 2001), but I
also extend these data by leveraging the Harvard Business School patent database, which provides
information about citations received by each patent up until 2010. Following Hall, Jaffe and
Trajtenberg (2001) and Atanassov (2013), the “time-technology class fixed effect” method, applied
to relevant specifications, helps address truncation problems for patent and citation outcomes.
With the patent and citation information, I construct measures of firms’ innovativeness, distance

2In their Internet Appendix, Akcigit, Celik and Greenwood (2016) provide further details about this name
matching process.

3Some large institutional investors, such as BlackRock, report holdings disaggregated to the asset manager level.
I take this possibility into account and aggregate such information when necessary, using the method suggested by
Gilje, Gormley and Levit (2020).

4I thank these authors for providing their data sets, which facilitate research on common ownership and its
impact on managerial incentives.
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to a reassigned technology, as an inverse measure of technological propinquity (Akcigit, Celik and
Greenwood, 2016); and future innovation activity after a potential technology transfer.

Coverage by financial analysts is defined using data from Institutional Brokers Estimate Sys-
tems (I/B/E/S). The firm-level variable comes from Guo, Pérez-Castrillo and Toldrà-Simats (2019).5

Data about corporate boards and common directors come from BoardEx. Finally, to construct
the instrumental variable, I use ownership data for pure indexer mutual funds that own publicly
traded companies, which are available in the Thomson Reuters mutual fund data set (S12). To
identify pure indexer funds, I rely on information from Petajisto (2013).6

1.2 Variables

Table 1 contains a complete list of the variables used to analyze the link between common ownership
and patent reassignments, along with their definitions, as further specified hereafter.

Dependent Variable.—To analyze how common ownership influences the probability that two
firms engage in technology transfers, I use a binary outcome as the primary dependent variable.
That is, the indicator variable ReassAB,r takes a value of 1 if firm A transfers the reassignment r
to firm B in a given year and 0 otherwise. A reassignment r involves any transfer of ownership of
a bundle of patents at a given execution date.

[Table 1 about here.]

Profit Weight.—A natural measure of common ownership is the profit weight that an assignor
attributes to the profits of a potential assignee. This measure also has been used widely in prior
theoretical and empirical studies of common ownership (e.g., López and Vives, 2019, and Backus,
Conlon and Sinkinson, 2019).7 The profit weight measure can be derived from a Pareto problem,
with the assumption that a firm manager seeks to maximize the weighted average of shareholders’
wealth (Rotemberg, 1984). The Pareto weights a manager assigns to each investor are unobserv-
able, so prior literature suggests assuming proportional control (e.g., Azar, Schmalz and Tecu,
2018), limited to shareholders that hold at least 1% of the focal firm’s outstanding shares.8 There-
fore, the primary measure of the common ownership incentives of firm A with respect to firm B
can be calculated as follows:

κ1%,AB =

∑
i βiAβiB∑

i β
2
iA

, (1)

5I thank these authors for sharing their data.
6I thank this author for providing these data on his webpage, https://www.petajisto.net/data.html.
7This measure also constitutes a component of the MHHI (O’Brien and Salop, 2000) and MHHI∆ measures,

as used in studies of potential anticompetitive effects of common ownership (e.g., Azar, Schmalz and Tecu, 2018).
In contrast with those studies, I do not use market share weighting, which creates a potential source of endogeneity
in common ownership measures. My analysis, at the dyadic level, avoids this concern.

8By focusing only on shareholders with more than 1% ownership, the measure is less likely to become very
skewed. The denominator of the measure is the sum of squares of investors’ ownership in firm A, so including
investors with tiny holdings would lead to assignments of huge profit weights to firms with a single common owner
that holds a small share in firm A and a substantial share of firm B, even though this owner cannot effectively
influence firm A’s corporate strategy or managerial incentives. The baseline results, estimated with a probit model,
also prove robust to including all shareholders.
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where i = 1, 2, 3, . . . indexes shareholders, and βij is the share of stocks hold by shareholder i in
company j ∈ {A,B}.

GGL Measures.—Institutional investors, including common owners, may adopt different moni-
toring practices toward the managerial decisions of firms in their portfolios, which in turn could be
relevant for understanding the effects of common ownership on technology transfer. Therefore, I
include another common ownership measure (Gilje, Gormley and Levit, 2020), which accounts for
investors’ portfolio weights as proxies of the attention an investor grants to a firm. These measures
are computed as follows:

GGLAB =
∑
i

βiAg(ρiA)βiB, (2)

where i refers to investors; A and B are two different firms; and βiA and βiB are the shares of
equity held by investor i in firms A and B, respectively. The weight of firm A in investor i’s
portfolio is ρiA, that is, the ratio of the value of the investment in firm A to investor i’s total assets
under management. Thus, the function g(·) proxies for the probability that an investor pays close
attention to firm A’s management’s decisions. Intuitively, a manager’s incentives to internalize the
common ownership interests of an investor i increase with the shares held by this investor (βiA),
as well as with the ownership share of the investor in the other firm (βiB), which influences the
extent to which manager A’s decisions affect investor i’s portfolio value, through its effect on firm
B’s profits. Finally, this measure increases with the probability (g(ρiA)) that the investor pays
attention to the manager’s decisions. Because this set of measures can be derived from a model
of a managerial agency problem, they can be interpreted as indicators of managerial incentives to
internalize the effect of corporate strategies on other firms’ profits.

The GGL class of measures also is flexible enough to accommodate different assumptions about
the functional form of g(·), reflecting how investor attention might depend on the portfolio weight
of the firm. Gilje, Gormley and Levit (2020) compute their measures using different assumptions
about g(·). In particular, they propose versions that feature full attention (g(ρiA) = 1), along

with linear (g(ρiA) = ρiA), concave (g(ρiA) = ρ
1/2
iA ) , and convex (g(ρiA) = ρ2iA) specifications for

g(·). They also fit a version of g(ρiA) to the likelihood that an investor vote fails to follow the
recommendations of the proxy advisor International Shareholder Services, which provides a proxy
of the independence of the investor’s decision-making relative to the firm’s strategy and, thus,
of the investor’s attention.9 The fitted attention function reveals a concave relationship between
portfolio weights and investor attention; Gilje, Gormley and Levit (2020) use it to construct another
version of their measure, GGLfitted.

10 Gilje, Gormley and Levit (2020) also scale the measures by
the sample average, such that a value of 1 indicates an average level of incentives.

Technological Distance.—To control for the technological propinquity of the reassigned tech-

9This approach reflects evidence from Iliev and Lowry (2015) on the relationship of the portfolio weight and
investors’ independent voting behavior. Proxy advisory firms are often accused of giving “blanket recommendations”
or following a one-size-fits-all approach (see also Coles, Daniel and Naveen (2008) and Johnson, Karpoff and Yi
(2015) for illustrative evidence that such approaches might not be optimal, regarding to the board size and takeover
defenses, respectively). If investors increase their attention to a given firm in their portfolios, they likely gather
information and form independent opinions about the corporate proposals on which they have to vote. Thus, they
are less likely to follow blanket recommendations of a proxy advisor.

10Gilje, Gormley and Levit (2020) provide further details on the construction of this measure.
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nology to a potential assignee, I construct a measure of the technological distance between the
bundle of patents being sold and the patent stock already held by potential buyers. Similar to
Akcigit, Celik and Greenwood (2016), I construct the distance metric on the technology space; the
measure of technological distance pertains to an individual patent and firm. Then I can aggregate
the distances of each patent in the reassigned bundle. Akcigit, Celik and Greenwood (2016) also
show that a patent contributes more to firm value when its distance from the firm’s location in
the technology space is smaller.

The distance between two 2-digit International Patent Classification (IPC) technology classes
X and Y is given by

d(X, Y ) = 1− ||(X ∩ Y )||
||(X ∪ Y )||

, (3)

where ||(X ∩ Y )|| is the number of patents that cite patents from both classes, and ||(X ∪ Y )|| is
the number of patents that cite one or the other class (or both). Therefore, the distance between
a technology class and itself is d(X,X) = 0; likewise, d(X, Y ) = 1 if no patent cites both IPC
technology classes. With this metric, I construct the distances of individual patents from a firm’s
patent portfolio in a given year. A firm’s patent portfolio in a given year contains all patents it
applied for up to that year. The distance between a patent and a firm is given by

dι(f, p) =

 1

||Pf ||
∑
p′∈Pf

d(Xp, Yp′)
ι

 1
ι

, (4)

where p is a patent, f identifies the firm, and Pf is the firm’s patent portfolio. As Akcigit, Celik
and Greenwood (2016) suggest, I set ι = 2/3.

As mentioned previously, I aggregate the measure across all patents p ∈ R. The bundle R
refers to the set of patents in reassignment r. The technological distance measure also weights the
patents in the reassignment r by citations:

df,r =
∑
p∈R

dι(p, f)wp, (5)

where wp is the weight of each patent, equivalent to the number of citations the patent received up
until 2010, scaled by the average number of citations of patents in the same application year and
technology class, divided by the sum of this statistic for all patents in the reassignment. Therefore,∑

p∈R wp = 1.11

Board Connections.—To account for connected corporate boards or interlocking directorates, I
construct an indicator variable, CDAB, that takes a value of 1 if a common director serves on the
boards of both firms, A and B. To account for the different roles common directors might take on
two distinct boards, I also construct two indicators, ExecCDA

AB and ExecCDB
AB, that equal 1 if the

common director is an executive of firm A or B, respectively, and 0 otherwise.

11Several robustness checks related to the aggregation method, shifted to the patent bundle-firm level, include
equal weighting or assigning greater weights to the most recent or most cited patent. The main results are robust
to these different weighting techniques and remain qualitatively the same (Hutschenreiter, 2022).
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Control Variables.—I control for several firm characteristics. First, the measure InstOwn ad-
dresses total institutional ownership (i.e., the share of stocks held by all 13F institutions in a firm).
Second, I include a measure of the firm’s patent stock, Pstock. As in Arqué-Castells and Spulber
(2021), this measure equals the natural log of (1 +) the prior 5-year average of eventually granted
patent applications. It thus accounts for firms’ long-run innovativeness, patenting experience, and
absorptive capacity.

Furthermore, I control for FirmSize, which is the natural logarithm of total assets; R&DtoAssets,
which corresponds to R&D expenses scaled by total assets; FirmAge, or the number of years the
firm has existed, according to Compustat; Leverage, which is the ratio of firm debt to total assets;
CashtoAssets, corresponding to firms’ cash scaled by total assets; Profitability, which is the return
on equity; Tobin’s Q, to gauge the firm’s growth potential; PPE, computed as firms’ property,
plant, and equipment, scaled by total assets; CapextoAssets, which corresponds to firms’ capital
expenditures scaled by total assets; MarketCap, which measures the firm’s market capitalization
at the fiscal year end; and the KZindex, a measure of financial constraints (Kaplan and Zingales,
1997). Another variable that can influence corporate innovation is the number of financial analysts
that issue forecasts for a firm. Therefore, I control for the natural logarithm of (1 +) the number
of financial analysts, or AnalystCoverage.12 Aghion et al. (2005) also argue that product market
competition affects innovation, through an escape competition and a Schumpeterian effect, and
that the resulting combined effect may be nonlinear. The impact of competition on technology
adoption also may be nonlinear. Therefore, I include HHI, which is the Hirschman-Herfindahl in-
dex based on market shares, to measure industry concentration, along with its squared value HHI 2,
as additional controls. With an index of corporate governance CGIndex, I adopt an approach sim-
ilar to the one suggested by Bertrand and Mullainathan (2001), Garćıa-Lara, Garćıa-Osma and
Penalva (2009), and Guo, Pérez-Castrillo and Toldrà-Simats (2019). Finally, to mitigate the effect
of outliers, I winsorize Profitability, Tobin’s Q, and the KZIndex at the 1st and 99th percentiles.

Instrumental Variable.—To account for the potential endogeneity of common ownership, I
construct the instrumental variable PassOwnInstrumentAB as the percentage ownership of firm
B’s outstanding shares by pure indexers that also track indexes in which firm A is a constituent.
Pure indexer funds are those mutual funds that track the S&P 500, Russell 1000, Russell 2000,
or Russell Mid Cap index and for which the sum of the differences between the funds’ portfolio
positions and the weights of firms in the index is less than 5% (Petajisto, 2013).

In detail, following Schmidt and Fahlenbrach (2017), I identify index-tracking mutual funds
in the Thomson Reuters (S12) mutual fund data set, according to the categorization and data
from Petajisto (2013) that detail which mutual funds benchmark against which stock market
index. Petajisto (2013) also measures how closely the index trackers replicate the benchmark
index portfolio. This measure, ActiveShare, is defined as

ActiveShare =
1

2

N∑
i=1

|wFund,i − wIndex,i|, (6)

where wFund,i is the weight of stock i in the fund’s portfolio, wIndex,i is the weight of the same

12Guo, Pérez-Castrillo and Toldrà-Simats (2019) offer detailed information about how to construct this variable.
I thank these authors for providing the data.
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stock in the fund’s benchmark index, and the sum gets computed across the universe of all assets.
Notably, ActiveShare is the percentage of the fund’s portfolio that varies from the fund’s benchmark
index. With this measure, I can identify the funds that closely track one of the four indexes, with
ActiveShare < 5%.13 Next, for each potential assignee in the data set, I compute passive ownership
of the funds separately, for each of the four benchmarks, PassOwnB,Index. Combining these data
at the dyad, I derive the following instrument:

PassOwnInstrumentAB = IA,S&P500 × PassOwnB,S&P500

+IA,Russell1000 × PassOwnB,Russell1000

+IA,Russell2000 × PassOwnB,Russell2000 (7)

+IA,RussellMC × PassOwnB,RussellMC,

where PassOwnB,Index is passive ownership of pure index funds in firm B that follow a particular,
given index, and IA,Index is an indicator variable that takes the value of 1 if firm A is a constituent
of the given index. I establish this instrument’s validity when outlining the empirical strategy in
Section 2.2.

1.3 Sample construction and descriptive statistics

In the constructed data set, at the dyad-technology level, each observation is a dyad of firms that
may trade a particular technology, reflecting the bundle of patents reassigned at a given execution
date within a particular year during the sample period (1990-2006). To develop this data set, I
first collected all dyads of an assignor and actual assignee that trade a bundle of patents. Then,
similar to Bena and Li (2014), I add potential counterfactual pairs in the technology market.
These counterfactual pairs consist of the same assignor but different assignees. The actual assig-
nor remains the unique supplier of the reassigned bundle of patents and technological know-how;
keeping this technology provider constant for a given deal across real and counterfactual trading
firm pairs allows to control for the technology-assignee match characteristics, including the techno-
logical distance between the patent bundle and the patent stock of the (actual or counterfactual)
assignee.

To construct the counterfactual observations, I pair the actual assignor with firms that could
have engaged in the transfer of intellectual property, as an alternative adopter of the technology.
The selection process features a few criteria. First, the counterfactual adopter must be a publicly
traded company, active in the year of the deal. Second, it must operate in the same 2-digit SIC
industry as the actual adopter.14 Third, all pairs in the sample must include firms that have
been granted at least one patent prior to the year of the deal, which is necessary to gauge their

13When I vary the active share between 1% and 20%, the results remain robust. However, as is reasonable, if I
were to use only those funds with an active share close to 0, the instrumental variable regression suffers from weak
identification for some common ownership measures. Only a few funds track each position of the index perfectly,
considering their need to include transaction costs when making adjustments due to fund in- or outflows or index
reconstitutions. The 5% cutoff thus seems reasonably close to a perfect portfolio replication of the index.

14This criterion helps limit the overall number of observations. Furthermore, it is plausible that an invention
can be beneficially employed in one sector of the economy but not others. I use a broad industry definition (2-digit
SIC) to avoid excluding suitable alternative adopters though.
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technological propinquity. In addition, to control for differences in innovation intensity, I use the
patent stock (Pstock) and innovation expenses (R&DtoAssets) of all potential assignees, that is,
all actual and counterfactual assignees. The resulting sample, including all possible counterfactual
pairs that satisfy these criteria, consists of 19,179 dyadic observations, of which 191 firm pairs
trade patents. Thus, the unconditional probability that a potential assignee is the actual buyer of
patents is approximately 1%.

[Table 2 about here.]

Table 2 contains summary statistics for the 191 actual technology adopters (assignees) in the
technology market between 1990 and 2006; Table 3 provides a comparison of the summary statis-
tics for actual versus counterfactual assignees, along with the firm characteristics of the patent
assignors. On average, the common ownership measures are consistently greater for the actual
assignees than for the counterfactual firms. Similarly, the technological distances are smaller for
actual assignees than for the entire set of control firms, indicating that these actual assignees are
technologically closer to the reassigned bundle of patents than the control group is. The average
patent stock of actual assignees also is greater than that of the counterfactual adaptors, suggesting
differences in their absorptive capacity. The actual assignees exhibit greater institutional owner-
ship too, which I control for in all the regressions. Finally, actual assignees, on average, are larger,
older, and have more growth potential. Besides the means of these variables, Table 3 also lists
their minimal and maximal values; the control group observations reveal a wide range of these
characteristics suggesting that it serves as a suitable control. Because the actual and counter-
factual assignees differ on average, I also constructed two matched samples, then repeated the
baseline analysis. The results, reported in the Online Appendix, confirm that the results of my
baseline analysis presented in this paper are robust to selecting a matched subset of control group
observations.15

[Table 3 about here.]

Finally, Table 4 offers correlation coefficients across different common ownership measures.
The correlations between the profit weight κ1%,AB and each of the GGL measures all are below
0.5. By ordering the GGL measures by decreasing correlation with the full attention version,
I demonstrate that the more convex the assumed relationship between the assignor’s weight in
the portfolio of the investor, the lower the correlation of the corresponding measure with the full
attention version. The more convex measures more powerfully overweight the effect of investors
with high portfolio weights, relative to other investors. Although GGLFitted,AB and GGLConcave,AB

correlate with GGLFullAttention,AB at 0.901 and 0.582 levels, respectively, the correlations of the
latter with GGLLinear,AB and GGLConvex,AB reach only 0.382 and 0.285, respectively.

[Table 4 about here.]

15See Section 1 of the Online Appendix.
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2 Empirical Strategy

2.1 Probit regressions

To learn which pairs of firms engage in technology transfer and how common ownership affects
the matching in the market for technology, I estimate the coefficients of the independent variables
in a sample of cross-sections of actual dyads that engage in technology transfer, as well as control
pairs constructed from actual assignors and counterfactual assignees. Similar to Banal-Estañol,
Macho-Stadler and Pérez-Castrillo (2018) and Arqué-Castells and Spulber (2021), I estimate a
probit model given by

ReassAB,rtj = β0 + β1COAB,(t−1)j + β2dB,rtj + β3CDAB,tj (8)

+ δXB,tj + ηA,rtj + uAB,rtj,

where A indicates the actual seller of a technology (assignor), B refers to potential buyers (as-
signees), and r reflects the bundle of patents reassigned from firm A to some firm B in year t. The
subscript j indicates firm B’s 2-digit SIC code, which is the same across all observations of a given
deal, defined as the group of observations corresponding to a given technology assignor A selling
a given bundle of patents r on a given execution date in year t. The dependent variable of the
binary outcome model, ReassAB,rtj, equals 1 if firm A sells technology r to firm B in year t (actual
traders) and 0 otherwise (counterfactuals). Then COAB,(t−1)tj represents one of the measures used
to gauge common ownership at the last quarter of year t− 1. The technological distance between
potential assignees and the reassigned technology is captured by dB,rtj, and CDAB,tj indicates
whether the boards of firms A and B share a common director. In turn, XB,tj is a vector of firm
characteristics, and ηA,rtj is the deal-fixed effect (Bena and Li, 2014). I cluster the standard errors
at the deal level r.

As mentioned previously, I also construct matched samples. Matching counterfactual pairs that
are similar to actual traders in the technology market provides a more balanced sample and helps
control for potential confounders. When I estimate the same probit model, using the observations
in the matched samples, it produces results that are very similar to the baseline results shown in
Section 3. Therefore, I detail the matched sample results in the Online Appendix (Section 1) and
briefly discuss them in conjunction with the baseline results in Section 3.

The estimation of the effect of common ownership on reassignments might be biased by reverse
causality or omitted variables. For example, institutional investors might invest more frequently
in innovative firms, and these firms could exhibit a greater propensity to trade patents, which
would lead to a spurious relationship between common ownership and patent trades. Therefore, I
control for firm-level innovativeness, using average patents granted per year (Pstock) and research
intensity (R&DtoAssets) measures. I also include the percentage of ownership held by institutional
investors (InstOwn) and firms’ growth potential (Tobin’s Q) in all regressions, to address the
potential upward bias in the coefficient of common ownership. Because reverse causality also
could occur if institutional investors anticipate a positive surplus from a patent trade shared by
trading partners, such that they proactively invest more in one or both firms participating in the
deal, I rely on lagged variables. In detail, I measure common ownership in the last quarter of
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year t − 1 to predict reassignments in year t. Finally, to address potential endogeneity further, I
estimate an instrumental variable (IV) model, as described next.

2.2 Instrumental Variable Strategy

With regard to the IV, I estimate Equation (8) by instrumenting the common ownership measures.
The instrument’s construction reflects Equation (7) in Section 1.2; it measures passive ownership
of the stock of firm B (assignee) by pure indexer funds16 that track the indexes of which firm A is
a constituent. As for the common ownership measures, I use passive ownership in the last quarter
of year t− 1 to instrument COAB,(t−1)j.

Relevance.—This instrument is relevant. First, for a given deal, the assignor remains the same
across all observations, so the only way common ownership between the assignor and potential
assignees can vary within a deal-group is with a difference in investors and ownership shares in
potential assignees. Second, for pure indexers, in principle, a fund can be a common owner of
two firms only if both of them are members of the particular index that the fund tracks.17 Third,
passive funds that track an index by investing in (almost) all its constituents are the most diversified
investors among the subset of index constituents, so they should contribute most to the common
ownership linkages of a given firm. Fourth, passive funds that do not engage in stock picking
but rather replicate the index portfolio may be non-passive owners in the sense that they engage
with and influence management, as I discuss subsequently. Fifth, the instrument accounts for the
varying numbers of pure index funds that operate in the market over time and attract investments
from clients. Thus, the funds have a variety of assets under management, which allows for changing
potential to own smaller or larger shares in the index constituents over time.

Exclusion Restriction.—The instrument also satisfies the exclusion restriction. First, pure in-
dexers cannot select firms to over- or underweight in their portfolio, relative to the index (e.g.,
because they are more or less innovative) without increasing their active share. Therefore, I de-
termine the passive ownership of pure indexers with an active share of less than 5%. Second, I
consider different stock market indexes that are market cap-weighted but represent different mar-
ket segments. The Russell 1000 index consists of 1000 companies with, roughly, the highest market
capitalization in the U.S. economy. The S&P 500 contains roughly the first half of the Russell
1000 index. The Russell Mid Cap comprises 800 smaller firms from the Russell 1000. Finally,
the Russell 2000 contains the largest 2000 firms that are not constituents of the Russell 1000. By
using different indexes, I can address the concern that common ownership and the instrument ac-
tually might be determined by a firm’s market capitalization or its ranking relative to other firms
in the same index. When combining firms’ membership in the different stock market indexes,
the passive ownership of indexer funds must be random and unrelated to market capitalization

16See also footnote 13 on Page 10.
17This point may raise a concern that the estimated effect of common ownership on reassignments is driven by

index inclusion. Firms and potential assignees could be more salient to providers if they are constituents of a certain
stock market index. I address this concern in two ways. First, I identify variation in common ownership between
firms within indexes by leveraging passive ownership, instead of (joint) index inclusion, as an instrument. Second,
as a robustness check, I run the baseline IV regression but add index-constituent fixed effects, in the form of an
indicator for each index that takes a value of 1 if a potential adopter is a member of the index and is 0 otherwise
(untabulated). The results remain robust; the effect of common ownership is still positive and highly significant.
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or other firm characteristics (e.g., innovativeness).18 Third, the focus on pure indexers alleviates
concerns about reverse causality, because even if index funds could anticipate potential gains from
technology transfers involving portfolio firms (which is very unlikely; it would demand vast infor-
mation acquisition and constant monitoring efforts), it remains difficult for them to reallocate their
investments to the firms before they engage in the transfer without increasing their active share.19

Otherwise, future technology transfers would have predictive power for past passive ownership of
funds with active shares smaller than 5%. To rule out this possibility, I ran regressions of pure
indexers’ passive ownership in the last quarter of year t − 1 on the dummy variable ReassAB,rtj,
with and without all control variables and year and firm fixed effects, using a panel of all firms in
the sample of potential assignees from Compustat. In these regressions (see Section 2 and Table 5
in the Online Appendix), the coefficient of ReassAB,rtj is negative, close to 0, and not statistically
significant at any usual level (p-values ranging from 0.673 to 0.844). Thus, reassignments are un-
likely to affect past common ownership by the funds in the last quarter of the year prior to the
reassignments. In turn, the IV estimates do not appear biased, due to either reverse causality or
for any other source of endogeneity.

Even acknowledging these features though, two concerns might arise regarding the validity of
this IV. First, passive ownership might involve only a small subset of institutional ownership, such
that it accounts for a tiny portion of common ownership linkages and induced incentives. How-
ever, as Banal-Estañol, Seldeslachts and Vives (2022) show, passive investors are more diversified
than active institutional investors. When they decompose the profit weights, they demonstrate
that more passive, relative to active, ownership consistently increases the implied product market
incentives induced by common ownership, resulting in higher markups.

Second, passive investors might be inactive in terms of monitoring, influencing, and engaging
with management. Thus, the common ownership correlation with the instrument might not trans-
late into actual changes in managerial incentives, corporate behavior, or strategy. Evidence related
to passive investors’ involvement in corporate governance and managerial behavior is mixed. On
the one hand, Appel, Gormley and Keim (2016) find that passive mutual funds influence firms’ gov-
ernance choices, resulting in more independent directors, removal of takeover defenses, and more
equal voting rights. On the other hand, Schmidt and Fahlenbrach (2017) indicate that exogenous
increases in passive ownership lead to greater CEO power and diminished corporate governance, in
which case passive funds may be less attentive to corporate governance or consider it too costly to
participate in firm-specific decision-making and monitoring of management decisions. Schmidt and
Fahlenbrach (2017) offer an explanation, noting that Appel, Gormley and Keim (2016) focus on
low-cost governance activities that entail minimal consistent monitoring by institutional investors.
But with regard to costly governance activities, passive ownership may affect corporate governance
negatively and reduce shareholder value.

18I reestimated the baseline IV model, including firms’ market capitalization as a control variable in a robustness
check (untabulated). The coefficient for market capitalization is not statistically significant. The coefficients of
common ownership are qualitatively and quantitatively similar to those in the baseline IV regressions. I also
estimated the IV model with assignees’ market capitalization, the squared market cap, the ratio of market caps of
the potential assignee and assignor, and the square of this ratio (untabulated). These results also are robust with
regard to the coefficients of common ownership.

19Recall that I use lagged variables.
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For the current study, I anticipate that common ownership does not influence the matching
in the market for technology by institutions that constantly search for profitable reallocations of
technologies (a high-cost activity). But my focus is on the situation after a potential match has
been formed, in which setting I predict they leverage the degree to which the deal is profitable
by increasing the transfer quality in a low-cost way. This intervention by institutional investors
then should be anticipated by the technology adopters’ management, such that it shapes the
matching in the market for technology. In turn, the costs of acquiring information arguably would
be borne by adopting firms (rather than investors) that have incentives to share information
with common owners, which helps them ensure a more efficient transfer of innovative knowledge.
Whether the intervention of common owners in technology transfers is more or less costly for
the investors compared to simple governance interventions is unclear. I account for this by using
different common ownership measures that vary with regard to the assumptions on the monitoring
incentives of heterogeneous investors.

Finally, it is worth noting that Shekita (2022) has documented interventions by common owners,
based on various sources. Some interventions come from institutions that mainly offer passive
index funds and index ETFs. The interventions that lead to better quality know-how transfers are
notably less visible to the public, less general, and inclusive of a smaller set of firms than those that
Shekita (2022) identifies. Nevertheless, this evidence indicates that passive institutional common
owners are willing to shape managerial decisions actively.

Therefore, the IV model that I estimate includes the following first-stage regression:

COAB,(t−1)j = α0 + α1PassOwnInstrumentB,(t−1)j + α2dB,rtj (9)

+ α3CDAB,tj + α4XB,tj + ηA,rtj + εAB,rtj.

Then in the second stage, I estimate the following probit model:

ReassAB,rtj = β0 + β1ĈOAB,(t−1)j + β2dB,rtj + β3CDAB,tj (10)

+ δXB,tj + ηA,rtj + uAB,rtj,

where ĈOAB,(t−1)j denotes the predicted values of the first-stage regression.

3 Baseline Results: The Effect of Common Ownership on

Assignee Selection

In this section, I present the baseline results, based on estimates of the effect of common ownership
on the matching in the market for ideas.

Probit Model.—Table 5 contains the baseline results for the simple probit model from Equation
(8), according to the sample described in Section 1.3. Each column indicates the coefficient for
a different measure of common ownership. That is, Column (1) presents the coefficient for the
profit weight κ1%,AB, which is positive and statistically significant at the 1% level. Columns (2)-
(4) contain the results for the GGL measures that assume full attention, a fitted, and a concave
attention function, respectively. These coefficients also are positive and significant at the 1% level.
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Then Columns (5) and (6) indicate that the coefficients of GGLlinear and GGLconvex are positive
and significant at the 5% level.

[Table 5 about here.]

In all six regressions, the technological distance coefficient is negative and significant at the 1%
level. As expected, a firm is more likely to buy a given technology if it is more proximal to its
existing patent stock in the technology space, because these reassigned patents contribute more to
firm value in this case (Akcigit, Celik and Greenwood, 2016). In addition, more innovative firms
appear more likely to buy a technology, according to the coefficient of Pstock (i.e., average number
of patents produced in the previous 5 years), which is significant at the 1% level. In contrast,
assignees’ short-term innovation intensity, measured by R&D expenditures normalized by total
assets, has no significant association with patent reassignments.

The indicator for board connections is significant only in Columns (1) and (6) but positive in all
regressions, with p-values below 0.2. Thus, common directors may play some role in matching firms
in the market for technology. A potential relationship between common ownership and interlocking
directorates also has been noted in recent research (Azar, 2022), particularly in antitrust studies
that address the potential anticompetitive effects of both phenomena (Nili, 2019, 2022; Fletcher,
Peitz and Thépot, 2022).20 However, common directors between firms that engage with others as
technology providers and potential adopters could influence the gains obtained from the trade and
the matching in the market for ideas. Therefore, I discuss the interaction of executive common
directors with common ownership in Section 7. At this point, my focus is on the effect of common
ownership, beyond that induced by the presence of common directors on two boards.

[Table 6 about here.]

Table 6 contains probit regressions, in which I exclude all dyads with common directors (that is,
observations for which the indicator variable CDAB,tj takes a value of 1), as well as all deal groups
(i.e., the entire set of actual and counterfactual dyadic observations for a given reassignment) in
which the assignor transfers the patent bundle to a firm with which it shares a director. Keeping
only observations for which CDAB,tj equals 0 and re-estimating Equation (8) without the board
connection indicator yields qualitatively similar results to those in Table 5. In detail, Column
(1) of Table 6 reveals the coefficient for the profit weight measure of common ownership, which
again is positive and significant at the 1% level. The coefficients of the other measures of common
ownership also are very similar for the sample without board connections. The coefficient of
GGLconvex becomes significant at the 1% level and increases somewhat in magnitude.

Instrumental Variable Model.—Table 7 contains the first-stage regressions for the IV estimation.
For all measures of common ownership, the coefficient of the instrument is highly significant,
confirming that it is relevant, and the F-statistics are all comfortably above the critical values,
alleviating concerns about potentially weak identification. Thus, ownership in potential adopters
of those investors that are pure index trackers of the indexes the assignor belongs to has strong
explanatory power for the strength of common ownership linkages as measured by the profit weight
and GGL measures.

20See also the special issue on “Common Ownership and Interlocking Directorates” in the Journal of Competition
Law and Economics.
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[Table 7 about here.]

Table 8 provides the causal effects of common ownership on matching assignees to technology
providers. The coefficient of the profit weight (Column 1) is positive and significant at the 5%
level; the coefficients of the GGL measures (Columns 2-6) are all positive and significant at the
1% level. Thus, these results are quantitatively and qualitatively very close to those obtained from
the probit regression model.

[Table 8 about here.]

Quantitative Assessment.—To gauge the economic significance of the impact of common own-
ership between technology providers and potential adopters, I next calculate the marginal effects
of a one standard deviation increase of common ownership, relative to the sample mean, on the
probability that a firm becomes an assignee of a specific technology. The unconditional probabil-
ity in the IV sample is approximately 1.06%.21 The marginal effect of the profit weight κ1%,AB

corresponding to the coefficient in Column (1) of Table 8 is 0.017, and the standard deviation of
the measure in the sample is 0.526. Thus, the percentage increase in the unconditional probability
resulting from an increase in κ1%,AB by one standard deviation is (0.017×0.526)/0.0106 ≈ 92.54%.
The marginal effects of the GGL measures are greater; they range from 174% for the fitted atten-
tion function (which is concave and closely correlated with the full attention version) to 268% if I
assume a convex relationship between portfolio weights and investor attention with respect to the
technology provider.

I have constructed matched samples. Using the Mahalanobis distance for example, I derived
a sample with exactly four counterfactual pairs matched to one actual trading pair, such that
the unconditional probability of reassignment is 0.2 for each deal group.22 In this sample, the
marginal effects are naturally lower, due to the higher unconditional probability. However, they
remain sizeable. For example, for the profit weight κ1%,AB, a one standard deviation increase
relative to the mean increases the probability of reassignment from 20% to greater than 30%,
which corresponds to a marginal effect in excess of 50%. The greater effects of the GGL measure
then range from 76% for the full attention measure to 231% for the linear version.

From these calculations, I derive another insight as well. Recall that the GGL measures can
be interpreted as managerial incentives, induced by common ownership (because they were de-
rived from an agency problem) and reflect different assumptions about monitoring activity by
institutional investors. Here, they represent the incentives that drive the managers of technol-
ogy providers to internalize the effects of the reassignment on adopters’ profit. According to the
marginal effects, the probability that partners engage in a transfer doubles when assuming full
attention; it more than triples if the differences in the amount of attention investors pay to as-
signors’ management are strongly reflected by the common measures, as is the case for the linear
or convex versions of GGL. Because the latter two measures display greater effects, it is possible
to infer that in the case of technology transfers, it is more important for a firm to appear in the

21There are 155 technology transfers among the sample of 14,620 observations.
22In Section 1 of the Online Appendix, Table 3 contains summary statistics for this sample, and Table 4 offers

the corresponding regressions.
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upper ranks of the investor’s portfolio (i.e., high portfolio weight) for the investor to monitor such
activity compared to voting on simple corporate governance issues, from which GGLFitted,AB has
been created by Gilje, Gormley and Levit (2020).

To explain these results, I provide a theory in the next section from which further testable hy-
potheses are derived. This analysis and further empirical tests allow me to identify the mechanism
by which common ownership affects the reallocation of technologies.

4 A Model of the Market for Technology with Common

Ownership

I present and analyze a simple model of the market for technology and the implications of
common ownership between a technology provider, firm A, and potential adopters, firms Bl,
l = 1, 2, 3, . . . , n. In this assessment, firm A is the initial owner of the technology. It does
not benefit from applying the technology itself, perhaps because the field of application is distant
from its core line of business (Akcigit, Celik and Greenwood, 2016) or because it lacks necessary,
complementary assets, to which access is restricted (Teece, 1986; Arora and Ceccagnoli, 2006). In
contrast, firms Bl are potential adopters of the technology codified in firm A’s patents and would
benefit from obtaining exclusive rights to it, though to varying degrees.

Let πBl
be the operational profits of firm Bl. Then the ex ante operational profits of firm Bl

can be denoted by π̃Bl
, representing the profits of firm Bl if it does not adopt the technology.

If firm Bl becomes the assignee and adopts the technology, it earns higher operational profits
πr
Bl
, such that πr

Bl
> π̃Bl

. But if its rival in the market for technology buys the patents, firm Bl

continues to operate with its old technology and earns profits equal to π̃Bl
. In this case, no business

stealing effects arise between the potential adopters, such that the adoption of the technology by
one potential assignee does not hurt the other.23

The extent to which the potential adopters benefit from applying the technology is hetero-
geneous, depending on firm characteristics such as absorptive capacity, innovativeness, growth
potential, and financial frictions. The technological propinquity between the reassigned technol-
ogy and the firm’s location in the technology space also affects adopters’ ability to profit from the
reassignment. Thus, ∆πBl

≡ πr
Bl

− π̃Bl
is firm-specific.

I assume no product market rivalry exists between the assignor and the potential assignees
either. Thus, the operating profits of the assignor, earned through its core business activities, are
unaffected by the transfer of technology and can be ignored in the model.24 This assumption sim-
plifies the analysis and helps reveal the direct impact of common ownership on assignee selection.
I also normalize firm A’s operational profits to 0.

A technology transfer contract reassigns intellectual property rights to the technology, from
the assignor (firm A) to the assignee (some firm Bl). It also stipulates a fixed fee payment
F ≥ 0 from the assignee to firm A. I do not consider contracts with royalty payments; in the
market for technology, lump-sum payments for the provision of intellectual property rights appear

23Hutschenreiter (2022) provides a model that includes business stealing effects among adopters.
24For an analysis of the effect of product market interactions between providers and adopters of technology, see

Arqué-Castells and Spulber (2021).
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more common (see also Arqué-Castells and Spulber, 2021).25 Moreover, they are efficient under
symmetric information, and in the absence of product market rivalry among the partners; a fixed
fee does not distort an adopter’s product market strategy. All the qualitative results also hold
even when I allow for the possibility of royalties.26 Finally, if firm A reassigns the technology to
firm Bl, it incurs a cost of technology transfer, C ≥ 0.

Having described the contract F , the cost of the technology transfer C, and the operational
profits of the potential adopters πBl

, I can define firms’ net profit functions. Firm A’s net profits
when it reassigns the technology to firm Bl equal the difference between the fixed payment and
the cost of the technology transfer, ΠA = F − C (recall that the operating profits are normalized
to 0).

Potential adopters earn net profits denoted by ΠBl
for l = 1, 2, . . . , n. If firm A keeps the

technology, firm Bl’s net profits coincide with its ex ante operational profits, and ΠBl
= π̃Bl

. If,
however, one of the potential adopters, say firm B1, makes a deal with firm A, it earns net profits
of Π1 = πr

1 − F , while the other potential assignees earn net profits of ΠBl
= π̃Bl

for all l ̸= 1.
Before solving the model, I describe how common ownership likely influences a manager’s

decisions.

4.1 Common Ownership Incentives

In industrial economics in general, and research into technology transfers in particular, a standard
assumption is that the profit function of a firm is equivalent to the objective function of the
agents that make decisions on behalf of the firm and thereby establish the firm’s strategy. In such
models, firms act as profit maximizers, reflecting the assumption that firm owners want to and
can incentivize managers to work in their best interests, namely, by maximizing profits.

However, the common ownership hypothesis instead states that investors that hold shares in
various firms seek to maximize the value of their portfolio, so they promote managerial incentives
and firm behavior that potentially depart from exclusively profit maximization goals (Schmalz,
2018; Backus, Conlon and Sinkinson, 2020). Rather than behaving as independent profit maxi-
mizers, firms function as if they are parts of a larger corporate structure.

Azar (2017) and Gilje, Gormley and Levit (2020) propose different models of how common
owners can induce managers to internalize their preferences through voting in annual meetings.

25In a study of patent assertion entities, the FTC (Federal Trade Commission, 2016) collected confidential
business information about licensing contracts by executing its authority under Section 6(b) of the Federal Trade
Commission Act. The findings indicate that 83.7% of licensing contracts only include lump-sum payments, 13.5%
include only running royalties, and just 2.8% of contracts rely on both fixed and royalty payments. For patent
reassignments, the use of lump-sum payments appears even more pervasive. Furthermore, among a sample of
Spanish technology adopters, Macho-Stadler, Martinez-Giralt and Pérez-Castrillo (1996) find that if a technology
transfer involves property rights, a greater share of contracts features fixed fee payments, compared with deals that
involve only the transfer of use or commercial rights. Variable royalty payments, based on the use of the technology
or sales by the assignee that stem from the application of the patents, require permanent monitoring by the assignor,
which is very costly.

26Royalties introduce an inefficiency if the operational profits depend on the amount of the royalty. Imagine
two potential assignees are monopolists in their respective product markets, facing a downward-sloping demand
function. In that case, a royalty payment based on the produced quantities increases the technology adopter’s
effective marginal costs, thereby reducing the value of the technology transfer.
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Antón et al. (2021a) also show that common ownership affects the monetary incentives provided
in compensation contracts to managers.

The model proposed herein abstracts away from the concrete mechanism that leads managers to
consider common owners’ preferences. Ultimately, it is reasonable to anticipate that institutional
investors that monitor managers’ behavior also can influence their decision-making, especially if
they have access to the managers during informal meetings or through shareholder representation.
Institutional investors also might influence portfolio firms’ management through active engage-
ment.27 Diversified investors, such as index funds that frequently function as common owners,
seem to engage closely with portfolio firms’ management teams. As described by Shekita (2022)
for example, BlackRock engaged with thousands of companies, often multiple times, in 2019.

Whereas common owners thus appear to want to influence managerial decisions, managers may
be reluctant to internalize those common owners’ preferences. Azar (2017) points out that share-
holder voting to contest management teams is costly, and Conyon (2015) finds that shareholder
votes against management in “say-on-pay” proposals reduce CEO pay. Aggarwal, Dahiya and
Prabhala (2019) reveal that voting against directors in uncontested elections makes those directors
more likely to leave the board or, if they stay, take less prominent positions. Such directors also
encounter reduced opportunities in the market for directors. Given investors’ direct engagement
with management, strong evidence exists of common owners’ ability to influence managerial deci-
sions. Managers may anticipate consequences if they do not follow recommendations or requests
from investors; they also may engage strategically in gift exchanges or positive reciprocity with in-
vestors in their efforts to build up their reputations as reliable partners (Akerlof and Yellen, 1990;
Fehr and Gächter, 2000). When common owners are very diversified, they likely can influence
management even more, by virtue of their presence in many companies and industries, such that
they could influence managers’ and directors’ future career prospects in other firms.28

In line with previous literature, I model the incentives induced by common ownership in a
reduced form. For simplicity, assume that managers internalize shareholders’ preferences, and
the degree of internalization depends on the extent of overlapping ownership. That is, assume
a set of investors i = 1, 2, . . . , I. Each investor can hold shares in several companies. Similar to
Rotemberg (1984), Azar (2017), and López and Vives (2019),29 I assume that firm A’s management
maximizes the weighted average of its shareholders’ wealth. According to López and Vives (2019),

27According to Glenn Booraem, Principal and Fund Controller at Vanguard Fund Financial Services, “As major
and practically permanent holders of most companies by virtue of our significant index franchise, we have a vested in-
terest in ensuring that governance and compensation practices support the creation of long-term value for investors—
a key to achieving investment success.... This is where the second—and perhaps more important—component of
our governance program takes over; engagement with directors and management of the companies in which we
invest provides for a level of nuance and precision that voting, in and of itself, lacks. So while voting is visible, it
tells only part of the story.... We believe that engagement is where the action is. We have found through hundreds
of direct discussions every year that we are frequently able to accomplish as much—or more—through dialogue as
we are through voting.... We believe that our independent analysis, supported by substantive engagement, puts us
in the best position to both vote on an informed basis and influence corporate behavior appropriately” (Booraem,
2013).

28Aghion, Van Reenen and Zingales (2013) show that institutional investors influence managerial decisions about
investing in innovation by affecting career concerns.

29López and Vives (2019) also discuss how different arrangements of overlapping ownership structures may
influence the way firms internalize the profits of rivals. See also O’Brien and Salop (2000).
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this assumption leads to the following objective function30

ϕA = ΠA +
∑
l

λABl
ΠBl

, (11)

where λABl
is the profit weight that the management of firm A assigns to the profits of firm Bl in

its objective function. Therefore, firm A behaves as if it would maximize a weighted sum of its
own and other firms’ profits.

The connection between the theoretical profit weight λABl
and the empirical profit weight

κ1%,AB in the empirical analysis is evident.31 Alternatively, I could model managerial incentives
in the manner Gilje, Gormley and Levit (2020) do, but doing so would produce a similar objec-
tive function. Therefore, I interpret λABl

as any measure that gauges the incentives of firm A’s
management, resulting from common ownership, which also may encompass the degree to which
investors pay attention to firm A’s management.

4.2 Technology Transfer under Common Ownership and Symmetric
Information

To study the effect of common ownership on the matching in the market for technology, I analyze
a simple version of the assignment game introduced by Shapley and Shubik (1972). An appealing
feature of this framework is that the bargaining power of two partners interacting in a market is
endogenously determined through the presents of other potential partnerships.

A matching in the market for ideas is a function µ, such that µ(Bl) ∈ {A,Bl}, and µ(A) ∈
{A,B1, B2, . . . , Bn}. Either potential assignee, such as Bl, might be matched to firm A, so µ(A) =
Bl, and µ(Bl) = A, and then adopt the technology. Other firms, such as Bl′ , remain unmatched
(µ(Bl′) = Bl′ , for Bl′ ̸= Bl). Alternatively, firm A might keep the technology (µ(A) = A and
µ(Bl) = Bl for all Bl ∈ {B1, B2, . . . , Bn}).

An outcome is a tuple (µ, F ), such that it includes the matching µ and a fixed fee F ≥ 0
paid by firm µ(A) to firm A. Furthermore, an outcome of the game is stable if two conditions are
satisfied. First, it must be individually rational:

ϕA(µ(A), F ) ≥ ϕ̃A, (12)

30This objective function can be derived easily: Let the share held by investor i in company j ∈
{A,B1, B2, . . . , Bn} be denoted βij ∈ [0, 1], with

∑
i βij = 1. Let investor i’s wealth be given by Wi =

∑
j βijΠj ,

i = 1, . . . , I. If the manager of firm A maximizes a weighted sum of investors’ wealth,∑
i

γiAWi,

where γiA are Pareto weights that the manager of firm A assigns to investor i, then the maximization problem yields
the same solution as Equation (11), in which λABl

≡ (
∑

i γiAβiBl
)/(

∑
i γiAβiA), l = 1, 2, . . . , n. The Appendix

(Section A.1) provides a more detailed derivation.
31The empirical profit weight, κ1%,AB , is not restricted to the interval [0, 1). However, I interpret this measure

as an ordinal measure of common ownership incentives. It is reasonable to assume that managers always weight
their own firm’s profits more than other firms’ profits, as long as managerial decision-making is not fully dominated
by common owners. Thus, in the theoretical model, I assume that the common ownership incentives internalized
by firm A’s management equal λABl

∈ [0, 1).
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Πµ(A)(A,F ) ≥ π̃µ(A), (13)

where ϕ̃A and π̃µ(A) are the outside options of firms A and µ(A),32 respectively, of staying un-
matched. Second, there does not exist any blocking pair, such that for some Bl ̸= µ(A) and any
fixed fee F ′ ≥ 0

ΠBl
(A,F ′) > π̃Bl

and (14)

ϕA(Bl, F
′) > ϕA(µ(A), F ). (15)

Let F o
Bl

denote the fee that makes a potential adopter Bl indifferent between buying or not
buying the technology. In that case, F o

Bl
is defined by

ΠBl
(A,F o

Bl
) = π̃Bl

. (16)

A blocking pair does not exist if and only if for any Bl

ϕA(µ(A), F ) ≥ ϕA(Bl, F
o
Bl
). (17)

Recall that ∆πBl
≡ πr

Bl
− π̃Bl

is the increase in operating profits of any firm Bl when becoming
the adopter. Since the adopter’s financial profits decrease with the fixed fee,33 from Equation (17)
it follows that firm A prefers to reassign the technology to firm µ(A) if and only if

F ≥ 1

1− λAµ(A)

(∆πBl
− λAµ(A)∆πµ(A)), (18)

because by Equation (16) F o
Bl

= ∆πBl
must hold.

According to Equation (13), firm µ(A) finds it profitable to adopt the technology at a fixed fee
F if and only if

F ≤ ∆πµ(A). (19)

Therefore, by combining Equations (18) and (19), a necessary condition for F to exist and for
(µ, F ) to be a stable outcome emerges:

∆πµ(A) ≥ ∆πBl
, for all Bl, l = 1, 2, . . . , n. (20)

Only the firm that profits most from the technology can become the adopter in equilibrium.
Equivalently, it is possible to express Equation (20) in terms of the surplus of the match, by
subtracting the transfer costs C from both sides. I summarize this result in the following lemma.

32The outside option of firm A is ϕ̃A ≡
∑

B λABl
π̃Bl

, where B ≡ {Bl|l = 1, 2, . . . , n}, because the operational
profits of firm A have been normalized to 0.

33It is possible to rewrite Equation (12) as

F ≥
C − λAµ(A)∆πµ(A)

1− λAµ(A)
.

Because the empirical analysis only includes technologies that have been reassigned to some adopter, I assume that
this condition is always satisfied.
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Lemma 1. If a technology transfer occurs in the market for technology under common ownership
and symmetric information, the technology gets transferred to the firm that benefits the most from
adopting it, and the matching generates the highest possible surplus.

The following proposition follows immediately from this lemma.

Proposition 1. Under symmetric information, the matching in the market for technology is in-
dependent of common ownership.

Thus, under symmetric information, common ownership does not influence the matching in
the market for technology. Therefore, there must exists some information or agency friction in the
market for technology that causes common ownership to have an effect on technology reallocation,
as shown in Section 3. In the next subsection, I propose an extension of the model in which a part
of the technology transfer is unverifiable and show that this moral hazard problem can explain the
effect of common ownership found in the data.

4.3 Technology Transfer under Common Ownership and Moral Haz-
ard

In this section, I study environments in which the technology transfer is not fully verifiable. For
example, a technology transfer might consist of both trading intellectual property rights and trans-
ferring innovative know-how. The latter facilitates the application of the technology, so it benefits
the adopter. Know-how generally is not fully revealed in patents, such that it constitutes private
knowledge of the inventing firm and has to be transferred, e.g., by means of technical services, such
as the training of personnel, trips by the engineers of the assignor and other services offered by the
technology provider (Teece, 1977; Arora, 1995). Indeed, technology transfers are often composed
of information, rights, and such technical services, which are the means by which know-how is
transferred (Contractor and Sagafi-Nejad, 1981). Ensuring that the buyer gains the full benefits of
adoption requires the seller of the technology to transfer this uncodified know-how, which requires
incentives to do so (Macho-Stadler, Martinez-Giralt and Pérez-Castrillo, 1996).

In the model, the technology provider, firm A, transfers a patent or bundle of patents. It also
can transfer an unverifiable component of the technology in the form of know-how. This know-how
transfer is subject to moral hazard because the know-how itself is not codified in the patents. Thus,
its transmission is a separate and costly action.

Let the amount of unverifiable know-how transferred be denoted by kBl
≥ 0. Considering that

this know-how seemingly should increase the profitability of adopting the technology, πr
Bl

becomes
a function of kBl

. If I denote ∆Bl
as the increase in firm Bl’s profits if kBl

= 0, then ∆Bl
measures

how much firm Bl can benefit from adopting the technology without know-how transfers. In
this sense, ∆Bl

corresponds to the firm characteristics or technological propinquity of a potential
assignee in the empirical analysis. To complete the description of this model with moral hazard, I
also make two assumptions.

Assumption 1. If firm A reassigns technology to firm Bl, the ex post profit of firm Bl increases
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linearly with know-how transfer, such that34

πr
Bl

= π̃Bl
+∆Bl

+ γkBl
,

and γ > 0.

Assumption 2. If firm A transfers an amount kBl
of know-how, it incurs a cost of C(kBl

) = 1
2
k2
Bl
.

Timing considerations also are needed to incorporate moral hazard into the assignment game.
At stage 1, the matching µ is determined, and if a firm Bl matches with the technology provider
firm A, they enter into the fixed-fee contract F . In this case, in stage 2 the management of firm
A chooses the amount of know-how kBl

and transfers it to the matched firm.
Applying backward induction, suppose that in the first stage, an outcome (µ, F ) has occurred,

and µ(A) ̸= A. Thus, firm A and some firm µ(A) have signed contract F , and the ownership of
intellectual property rights has been reassigned. Firm A’s manager then determines the amount
kµ(A) to be transferred. The manager chooses the amount such that it maximizes the objective
function under common ownership. Therefore, the incentive-compatible know-how transfer reflects

kµ(A) = argmax
k̂µ(A)

F + λAµ(A)

[
(∆µ(A) + γk̂µ(A))− F

]
− 1

2
k̂2
µ(A). (21)

This incentive compatibility constraint indicates that, independent of the fixed fee F , firm A
credibly transfers to firm µ(A) the amount of know-how,

kµ(A) = γλAµ(A). (22)

Thus, Equation (22) indicates that the know-how transfer is a function of common ownership
between the technology provider and the adopter. Moreover, the derivative ∂kµ(A)/∂λAµ(A) = γ is
positive, because γ > 0. The following lemma thus emerges:

Lemma 2. The greater the incentives for managers of the assignor to internalize the adopter’s
profit, the more unverifiable know-how that gets transferred.

Having solved for the know-how transfer at stage 2, in the first stage I seek to identify the
conditions in which (µ, F ) is a stable outcome. Anticipating the know-how transfer, according to
Equation (19), firm µ(A) finds it profitable to adopt the technology if and only if

F ≤ ∆πµ(A)(kµ(A)) = ∆µ(A) + γ2λAµ(A). (23)

Similarly, I can derive F o
Bl
, the highest fixed-fee an alternative adopter would be willing to pay

when matched with the provider:

F o
Bl

= ∆πBl
(kBl

) = ∆Bl
+ γ2λABl

. (24)

34Considering that kBl
is not verifiable, I could also assume that πr

Bl
= π̃Bl

+ ∆Bl
+ γkBl

+ ϵBl
, where ϵBl

∼
N (0, σ2

Bl
), such that kBl

cannot be inferred from the assignee’s profit. Since universal risk-neutrality prevails,
adding noise does not change the analysis.
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If I define ΛABl
≡ λABl

(1− 1
2
λABl

), then for all λABl
∈ [0, 1), ΛABl

is strictly increasing in λABl
.

Using Equations (17) and (24) and Assumptions 1 and 2, and given that a technology transfer
takes place, (µ, F ) is a stable outcome if and only if

[∆µ(A) −∆Bl
] + γ2

(
ΛAµ(A) − ΛABl

)
≥ 0, for all Bl, l = 1, 2, . . . , n. (25)

From Inequality (25) follows the next proposition:

Proposition 2. In the market for technology under common ownership and moral hazard in know-
how transfer

1. it is more likely that a firm Bl adopts the technology if common ownership λABl
(and, thus,

ΛABl
) increases,

2. the effect of an increase in λABl
on the likelihood that the firm Bl becomes the assignee is

stronger if the productivity of unverifiable know-how γ is larger.

4.4 Model Discussion and Hypotheses Development

In Section 4.2, I established that common ownership between the assignor and potential assignees
does not affect the selection of the actual assignee under symmetric information (Proposition
1). Whether the manager of the technology provider takes common ownership preferences of the
shareholders into account simply does not matter.

Then in Section 4.3, I showed that moral hazard related to know-how transfers leads to a
positive effect of common ownership on the selection of a potential adopter (Proposition 2). This
effect stems from the improved quality of the technology transfer, which in turn increases the
surplus of a match for a potential adopter with which the provider shares more common owner-
ship. The management of the adopter anticipates the know-how transfer, so it exhibits a higher
willingness to pay and offers a higher fixed fee than alternative adopters.35 In this sense, moral
hazard in know-how transfer provides a possible explanation for the effect of common ownership
on the matching of firms in the market for technology. The evidence seems to confirm this effect
of common ownership as seen in Section 3 in which I have tested the following hypothesis:

Hypothesis 1. Greater common ownership between an assignor and a potential assignee increases
the probability of a technology transfer in the dyad.

The results in Section 3 show that common ownership has a significant, robust effect on the
probability that a potential adopter gets selected, consistent with the model for the market for
technology that includes common ownership and the transfer of unverifiable know-how (moral haz-
ard). However, moral hazard might not be the only reason common ownership affects the matching.
Efficient transfers of technologies in the market for ideas may be hampered by other problems,
such as search and matching frictions, that common owners might help alleviate. Therefore, here

35This point is more crucial than the assumption that managers of the provider account for the preferences
of common shareholders during the contracting stage, as long as ex post, after signing the contract, common
shareholders can enforce incentive-compatible know-how transfers.
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I first develop some further hypotheses based on the moral hazard model, which I test in Section
5. Furthermore, I consider matching frictions as an alternative explanation in Section 6.

Proposition 2 indicates that the impact of common ownership is stronger if the productivity of
the unverifiable know-how transfer is greater (i.e., a higher γ). In other words, for technologies for
which all necessary know-how is either codified in patents or available in the public domain, the
effect of common ownership on the reallocation of the patents should be attenuated. Conversely,
for technologies for which this know-how can only be obtained from the innovator or technology
provider, the effect of common ownership is stronger. The transfer of know-how by the provider
in this latter scenario affects the profits of the adopter more substantially, with relevant effects on
the matching in the market.

Technologies differ in the extent to which their application also requires specialized, uncodified
know-how, shared by their initial owners. Simpler, older technologies may not require any such
know-how transfers, but complex and new technologies often demand substantial such transfers
before the acquirer can fully exploit them in productive ways (Macho-Stadler, Martinez-Giralt and
Pérez-Castrillo, 1996). In particular, complex innovations often combine know-how from various
technological areas, which increases the cost of adoption without the help of the innovator (Teece,
1977).36 If such know-how is not codified in the individual patents of the bundle that comprises
the intellectual property linked to this technology, the assignee cannot reasonably access it and
needs to receive know-how from the technology provider. Thus, the positive effect of common
ownership on assignee selection may be stronger for complex technologies, new technologies, or
recent innovations that have not been widely applied or exploited outside the innovating firm.
In the scenario of recent innovation being reassigned, little complementary know-how has accrued
among researchers or employees outside the innovating firm, so the transfer of uncodified know-how
becomes even more crucial for an efficient adoption of the technology by the assignee. Formally,

Hypothesis 2. The effect of common ownership on assignee selection is more substantial if the
reassigned technology represents a recent or more complex innovation.

The moral hazard model also predicts that, conditional on a technology transfer taking place,
the amount of know-how transferred and the quality of the transfer both increase with common
ownership. Such considerations also affect the degree to which the adopter can benefit from the
technology adoption. The unverifiable know-how is valuable for integrating the technology into
the adopters’ knowledge capital, so better quality technology transfers should increase adopters’
future innovativeness. To determine if a technology transfer leads to better results if common
ownership is higher, I test the following hypothesis:

Hypothesis 3. A technology transfer increases the number of future patents and citations by a
technology adopter to a greater extent if there is more common ownership between the technology
provider and adopter.

36Contractor and Sagafi-Nejad (1981) also present evidence that transnational technology transfers of more
complex technologies more frequently involve foreign direct investments or equity arrangements to secure a higher
quality transfer. These arrangements analogously provide incentives for the transmission of unverifiable know-how,
albeit in a more direct manner than common ownership by institutional investors.
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Finally, common ownership and the transfer of uncodified know-how affect the value of adopting
the technology. This outcome is the primary reason common owners are interested in the quality
of the know-how transfer. To study this effect, I hypothesize:

Hypothesis 4. A technology transfer increases the future market capitalization growth of a tech-
nology adopter more if the common ownership incentives for the provider’s managers are higher.

5 Testing the Model

Having established the significant positive effect of common ownership on the probability that
a potential assignee becomes the adopter of the technology (Hypothesis 1) in Section 3, in this
section, I address further implications of the model discussed in the previous subsection.

Recent Innovations.—The test of Hypothesis 2 relies on the heterogeneity of the technologies
reassigned in the sample. With the application dates of reassigned patents and the execution date
of the ownership transfer, I compute the age of individual patents in each bundle, then weight the
individual age of a patent by its citations, correcting for truncation (Hall, Jaffe and Trajtenberg,
2001; Atanassov, 2013), to obtain the age of each reassigned technology, i.e.,

ar =
∑
p∈R

apwp, (26)

where ap is the age of an individual patent in the bundle, and wp is the weight of each patent,
equivalent to the number of citations the patent received up until 2010, scaled by the average
number of citations of patents in the same application year and technology class, divided by the
sum of this statistic for all patents p ∈ R, with

∑
p∈R wp = 1.

Then with an indicator variable, recentr, I identify those technologies with an average age below
the median of the sample. As I have argued, the moral hazard problem for know-how transfers
should be more severe if the technology is younger. Thus, common ownership should be more
relevant and exert a stronger effect on the reallocation of recent innovations compared to older
ones. To test this prediction, I run the baseline IV regression, adding an interaction term of
common ownership with the indicator recentr, as well as the indicator itself, as regressors. As the
results in Table 9 reveal, the interaction term is positive and significant at the 1% level (Columns
1-5). In Column (6), which refers to the convex version of the GGL measure, the interaction term
is positive, but the p-value is 0.228.

Overall, I find significantly different and stronger effects of common ownership on the reas-
signments involving recent innovations. The effect for older technologies instead is insignificant or
slightly negative (Column 1). This result is consistent with Hypothesis 2 and the model in which
common ownership alleviates the moral hazard problem for know-how transfers.37

[Table 9 about here.]

37Estimating a simple probit model gives qualitatively similar results. The interaction term of recentr and the
profit weight is positive and significant at the 5% level. The interaction terms based on the GGL measures are all
positive and significant at the 1% level.
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To gauge technological complexity, I use an inverse measure of the concentration of the patent
bundles in 2-digit SIC patent classes.38 The complexityr measure and its interaction with common
ownership measures appear in the baseline probit model. The results in Table 16 in the Appendix
confirm Hypothesis 2, such that they reveal a positive interaction of common ownership and
complexityr. This finding holds for regressions that include the profit weight (Column 1), as
well as the concave, linear, and convex versions of GGL (Columns 4-6) as measures of common
ownership. The latter three measures overweight investors that likely devote more monitoring
effort to the assignors’ management, which is consistent with the idea that the presence of these
common owners induces incentives for providers’ management that alleviate moral hazard in the
transfer of know-how.

Future Innovations.—As mentioned, the moral hazard model predicts increased technology
transfer qualities if the common ownership incentives of the technology provider with respect
to the adopter are greater. Thus, we expect that an adopter can exploit ideas codified in the
patents better in the presence of more common ownership. To test if common ownership leads
to more future patents and citations, I construct a dyadic panel, using observations for the whole
sample period (1990-2006) and the same pairs of assignors and potential assignees that appeared
in the baseline analysis.39 Accordingly, I can control for dyad- and time-specific unobservables by
including year and firm-pair fixed effects.

[Table 10 about here.]

Table 10 presents the effects of reassignment and common ownership on adopters’ patents
(LnPatent) and citations (LnCitation) in year t, estimated with an ordinary least squares model.
Here, I expect a positive interaction of common ownership measures with the dummy variable
ReassAB,r, because more common ownership should lead to more innovations by the adopter,
conditional on a reassignment taking place. According to Column (1), neither the indicator variable
ReassAB,r nor the profit weight κ1%,AB (or their interaction) produces a coefficient significantly
different from 0 in the regression for patent output. A similar finding emerges for citations (Column
2).

The broader pattern reveals a more interesting picture: When common ownership measures
account for institutions’ likelihood to pay attention to providers’ managerial decisions, the interac-
tion term becomes positive and significant, at the 5% level in Columns (7) and (8) for the concave
version and at the 1% level in Columns (9)-(12) for the linear and convex version of GGL. Yet
the differences in the measures do not reflect adopters’ characteristics but rather the characteris-
tics of providers relative to institutional investors. That is the providers’ weight in the investors’
portfolios. This relationship seems to capture, as predicted by Gilje, Gormley and Levit (2020),
how much attention investors pay to the managerial decisions of portfolio firms (here of the tech-
nology providers) and, in turn, how much the managers take care of responding to this attention
by internalizing these investors’ preferences. Recall also that these measures had a quantitatively
stronger effect on technology reallocation, as shown in Section 3.

38See Hutschenreiter (2022) and Table 1 for more details.
39For example, if two firms transfer technology in 2000, I include a dyadic observation of this pair and coun-

terfactual pairs for the whole sample period, as long as both firms are active and data on firm characteristics and
common ownership are available.
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Furthermore, I find similar patterns for patents and citations in t + 1 and t + 2, that is,
one and two years after the reassignment. Table 11 contains the results for the linear and the
convex versions of GGL. In Columns (1)-(4), the results for future patents and citations are based
on GGLLinear,AB and its interaction with ReassAB,r. All the interaction terms are positive and
significant. This result also holds if I use GGLConvex,AB, as in Columns (5)-(8). Finally, using
the IV strategy to instrument GGLLinear,AB and the interaction term, as in Columns (9)-(12), the
coefficients of the interaction term again are positive and significant at the 1% level.

[Table 11 about here.]

Future Market Cap Growth.—Common owners engage with managers to achieve a more efficient
technology transfer, because they are motivated to increase the financial success of their stock
market investments in those firms. Mutual and index funds usually earn fees as a percentage of
assets under management. In addition to fund inflows, their earnings can also increase when the
value of the assets increases, such as when the stock market value of the companies rises.

[Table 12 about here.]

In Table 12, using the same dyadic panel, I estimate the effect of common ownership on the
future market capitalization growth of the potential assignees one year after the reassignment.
Here, the focus is on the effect of common ownership, conditional on a reassignment taking place,
so I consider the interaction term between common ownership measures and the reassignment
indicator. The pattern that emerges is similar to that for innovation output. The interaction
term is only significant for the linear and convex versions of the GGL measures (Columns 5 and
6). With a long-run view, as summarized in Table 13, this interaction term exerts a significant
effect on the growth rate of adopters’ market cap in the two-year period after the reassignment,
according to the concave, linear, and convex versions of GGL in Columns (1)-(3). In Columns
(4) and (5), I reestimate the effect of the interaction term for one- and two-year growth rates,
respectively, by instrumenting GGLLinear,AB and its interaction with ReassAB,r. The effect of the
interaction remains positive and significant at the 1% level.

These results indicate that the effect of common ownership is driven by institutional investors
that pay attention to providers’ management. Their experience with these firms and their managers
likely enables them to exert strong influences on managerial decisions and thereby increase the
quality of the technology transfers.

[Table 13 about here.]

6 Common Ownership and Search and Matching Frictions

In this section, I investigate whether common ownership between technology providers and po-
tential adopters helps alleviate the impediments that stem from search and matching frictions in
the market for technology. As Akcigit, Celik and Greenwood (2016) show, reducing search and
matching frictions in the market for ideas can produce substantial welfare gains. For example, for
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firms that want to profit from their innovation, but that cannot apply it in-house, finding another
company that can benefit from the technology requires assessing potential patent assignees, which
vary in visibility, according to their ability to adopt and profit from the technology. But finding
such firms, especially when they are less visible, incurs search costs for the provider, which accord-
ingly reduce the gains available from the trade. If common owners, which offer diversification and
broader networks, can mitigate such frictions, the effect of common ownership should be stronger,
particularly for firms that are less visible or have less information available in the public domain.

Financial analysts collect and share information about firms with the market by reporting on
their activities and future prospects. Firms that attract more coverage from analysts thus should
be more visible to technology providers, which reduces their search costs. If the positive effect of
common ownership results from reduced search costs, which then increase the potential surplus of
a deal, this benefit should be particularly salient for the invisible firms that are rarely covered by
financial analysts. To test this prediction, I use an interaction term between common ownership
and potential assignees’ analyst coverage; its coefficient should be negative if the existence of
common owners alleviates search and matching frictions.

Table 14 contains the results. For all six measures of common ownership, the interaction term
with analyst coverage is positive and significant at the 1% level.40 That is, the effect of common
ownership, in terms of increasing the probability that a firm becomes the adopter, is greater if
firms are followed by more analysts, such that they likely are more salient to technology providers.
This finding implies that common owners reduce search costs only to a negligible extent; their
ability to overcome these matching frictions does not appear to drive their positive effect on the
allocation of innovative knowledge.41

[Table 14 about here.]

7 Common Ownership and Executive Common Directors

As detailed in Section III, the impact of the simple common director indicator on the reallocation
of intellectual property is statistically not robust, and board connections do not drive the effect of
common ownership on assignee selection. Here, I focus on the additional effect of having a common
director on the two boards if this director is also either an executive of the technology provider or
a potential adopter. Then, I consider the interaction of these different executive roles of shared
directors with common ownership.

The informational effects of board connections are likely to influence technology transfers if
shared directors serve as executives of one of the firms. Executives have more information about

40Estimating the probit models instead of the IV probit yields qualitatively the same results.
41The results in Table 14 do not necessarily imply that common owners use analyst reports to match firms in

the market for technology. Rather, it is more plausible that firm management identifies potential matches, which
is more likely if the firms are covered by more analysts, which makes them more visible in the market. Common
ownership only affects the ultimate match, among those salient potential options, through its effect on the surplus,
in that it helps alleviate the moral hazard problem linked to the transfer of know-how. This aspect explains both
the robust positive interaction between analysts and common ownership and the otherwise insignificant or negative
effect of common ownership in the regressions in Table 14.
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the firm they are managing and more immediate control over this firm’s resources compared to
non-executive directors. For example, an executive director can decide to send engineers to another
firm in order to help with technology adoption. She also can decide which personnel to send and
for how long this service is provided.

Executive common directors also have varying incentives to internalize their actions’ effects
on the performance of the two firms. For instance, executives who sit on another firm’s board
also probably care about that firm’s performance, whether because they (i) take their role as
representatives of its shareholders seriously, (ii) have career concerns and want to maintain their
position on the board, or (iii) receive remuneration linked to firm performance. Thus, sitting
on another firm’s board likely creates incentives to internalize the effects of managerial decisions
(with regard to the firm in which the director is an executive) on the other firm’s performance,
similar to those evoked by common ownership. Since, in my setup, the moral hazard problem
in know-how transfer stems from the management of the technology provider, I posit that if a
common director is also an executive of the technology provider, then this condition contributes to
the alleviation of the moral hazard problem. If common ownership and provider-executive common
directors imply similar effects with regard to alleviating the moral hazard problem, such that they
increase the surplus available from a potential match, these dyadic characteristics should function
as substitutes in determining the probability that a transfer takes place. In other words, if two
suitable adopters of the technology are available and an executive of the provider sits on one of their
boards, the effect of common ownership between the provider and each potential adopter should
be attenuated. Thus, I expect the interaction between common ownership and provider-executive
common directors to be negative.

As Cai and Sevilir (2012) indicate in the context of M&As, executives of an acquirer might
reduce asymmetric information if they also sit on the target’s board, because they have access to
valuable information that outside acquirers lack. In the context of technology transfers, executive
directors of potential adopters who also sit on the provider’s board may have better access to
relevant information, by virtue of their position in the innovator’s company, in which role they
might talk to R&D staff, for example. Such insights likely establish a bargaining advantage in
the market for technology, compared with outsiders and potential adopters without board con-
nections. Executives of the adopters also have superior knowledge of their company’s technology;
by combining it with the information they can gather as directors of the provider, they likely can
improve match quality, which contributes to alleviating adverse selection problems and reducing
search costs. Thus, I expect the effect of adopter-executive common directors to be complementary
to common ownership and the interaction to be positive.

[Table 15 about here.]

In Table 15, I report the results for the three GGL measures that take into account the at-
tention of common owners with respect to the provider’s management.42 In columns (1) to (3),
in additionally to the simple common director indicator CDAB, I also include the indicator vari-
ables ExecCDA

AB and ExecCDB
AB, which take the value 1 if a common director also serves as an

executive of firm A (provider) or B (adopter), respectively, and 0 otherwise. Both indicators have

42The results are qualitatively similar for the other measures.
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positive and significant coefficients. This confirms that executives positively affect the likelihood
of matching when sitting on both firms’ boards.

Columns (4) to (6) of Table 15 contain the results for the interaction of common ownership
with common directors that are executives of the provider. The interaction term is negative and
significant at the 1% level.43 Reflecting incentives to alleviate moral hazard, the two phenomena
are substitutes. Thus, common ownership by monitoring institutions creates managerial incentives
to account for the effects of managerial decisions on other firms’ profits, similar to those resulting
from a manager sitting on the board of this company.

In columns (7) to (9) of Table 15, I provide the coefficient of the interaction of the common
ownership measures with the indicator for common directors that are executives in the adopter
firm. The interaction terms for the different measures all are positive and significant at the 1%
level for the concave, linear, and convex versions.44 This interaction suggests the complementarity
of these two determinants of the probability of a match. That is, adopter-executive common direc-
tors increase the probability of technology transfer through a different mechanism than common
ownership does, such as by alleviating adverse selection and search and matching frictions.

Finally, including the effects of executives in Table 15, I find a significant negative effect of
non-executive common directors in all specifications, which is consistent with findings pertaining
to busy directors and firm performance (Fich and Shivdasani, 2012; Hauser, 2018).

8 Conclusion

By studying the effect of common ownership on the matching of firms in the market for technology,
I demonstrate that common ownership between technology providers and potential adopters has
economically and statistically significant effects. In particular, and as the proposed model predicts,
common ownership creates incentives that motivate providers’ managers to transfer uncodified
know-how in ways that increase the quality of the technology transfer, which in turn increases
the surplus available from the match. In anticipation of this effect, common ownership influences
the selection of adopters in the market for technology. This effect is quantitatively stronger if the
degree to which common owners pay attention to providers’ management is accounted for by the
common ownership measures.

Also consistent with the proposed model, the effect of common ownership is stronger for tech-
nologies for which the adopter more substantially relies on the transfer of uncodified know-how to
benefit from the reassignment, such as recent and more complex innovations. Common ownership
increases the number of future patents and citations, as well as the market cap growth of actual
adopters, in support of the notion that common ownership increases the quality of technology
transfers. Although this study pertains to common ownership in the context of patent reassign-
ments, the underlying mechanism likely extends to other modes of technology transfer too, such
as licensing.

43These results are qualitatively similar to the estimates from a probit model.
44Estimating a simple probit model yields positive estimates of the interaction term that are significant at the

1% level for all measures of common ownership.
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Alternative mechanisms, such as reducing search costs and appointing common directors, can-
not explain the positive effects of common ownership on technology reallocation. However, execu-
tive common directors have a positive impact on technology transfers between the connected firms.
The interaction of these different roles of shared directors with common ownership is consistent
with the proposed model of common ownership incentives. On the one hand, joint directors who
are executives of the provider have incentives to ensure strong transfer quality to facilitate the
adoption as they internalize the effect of the reassignment on the adopter’s profits. Thus, common
ownership and provider-executive common directors are substitutes in generating a match. On the
other hand, the positive effect of adopter-executive common directors stems from other mecha-
nisms, beyond alleviating the moral hazard problem in know-how transfer. They alleviate adverse
selection or search and matching frictions. Thus, their effect complements the one of common
ownership between firms on the matching in technology markets.

Because common ownership appears to spur the transmission of uncodified know-how and
increases the quality of technology transfers, it also could lead to greater quantities of technologies
being transferred, because it increases the total surplus of each deal. I leave this question for further
research. Another, related research question pertains to whether innovating firms internalize the
effect of diversified investors on their chances to profit from innovations that they cannot apply in
their own production process, by selling them in the market for technology. This outcome would
imply a positive effect on R&D investments by increasing the returns to R&D, similar to the
interaction of common ownership with unintended technology spillovers (López and Vives, 2019;
Antón et al., 2021b).

A primary focus of previous research into common ownership has been the potential for an-
ticompetitive effects (e.g., Azar, Schmalz and Tecu, 2018), so various studies offer ideas for its
regulation or limitation (Elhauge, 2016; Baker, 2016). But before such measures are taken, it is
critical to gauge the economic magnitudes of the different effects of common ownership, to avoid
inflicting more harm than benefits. My paper contributes to this ongoing discussion by demon-
strating that common ownership of investors that pay attention to portfolio firms may alleviate
moral hazard between those firms that are active in the reallocation and dissemination of innovative
technological knowledge. This positive effect has to be weighed against the potential downsides of
having common ownership between firms. An investigation of the trade-offs between competition
and collaboration or static and dynamic efficiency promises interesting insights for future research
on common ownership.

Finally, my empirical analysis indicates that monitoring institutional investors exert stronger
impacts on alleviating moral hazard problems in dyadic relationships. The effects of the common
ownership of institutions that supposedly pay more attention to providers’ management appear
stronger with regard to the adopter’s market cap growth and future innovation activity. Taking
this influence into account might help potential adopters gauge the value of technology transfers,
which in turn can improve firm matching in the market for ideas.
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Arqué-Castells, Pere, and Daniel F. Spulber. 2021. “Firm Matching in the Market for
Technology.”
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Table 1: Variable Definitions

Variables Definitions
Dependent variables
ReassAB,r Indicator variable that takes value one if firm pair AB reassigns technology r

and zero otherwise
LnPatent Natural logarithm of (one plus) firm’s patent output
LnCitation Natural logarithm of (one plus) firm’s citation output
MCGrowth Firm’s growth rate of market capitalization

Independent variables

Measures of common ownership:
κ1%,AB Profit weight that takes into account the cross-holdings of investors

that hold at least 1% of the assignor’s outstanding shares
GGLFullAttention,AB GGL measure (Gilje, Gormley and Levit, 2020) that assumes full attention of investors
GGLFitted,AB GGL measure using an attention function fitted to actual voting behavior
GGLConcave,AB GGL measure that assumes a concave attention function
GGLLinear,AB GGL measure that assumes a linear attention function
GGLConvex,AB GGL measure that assumes a convex attention function

Technological distance measure:
dB,r Distance measure weighting the distances between firm B and each patent in

reassignment r by citations

Board Connections:
CDAB Indicator variable that takes the value one if there is a common director that serves on

the boards of both firms, A and B.

ExecCDA
AB Indicator variable that take the value one if at least one common director

is an executive of firm A, and zero otherwise.

ExecCDB
AB Indicator variable that take the value one if at least one common director

is an executive of firm B, and zero otherwise.

Control variables
InstOwn Percentage of firm’s outstanding shares held by 13F institutions

(Thomson Reuters s34 file)
Pstock Natural logarithm of (one plus) the past 5-year average number of eventually granted

yearly patent applications
R&DtoAssets Firm’s R&D expenses (Compustat data item ♯46) to total assets (♯6)
AnalystCoverage Natural logarithm of (one plus) the arithmetic mean of the 12 monthly

numbers of earnings forecasts obtained from financial analysts
FirmSize Natural logarithm of the book value of total assets (♯6) at the end of the fiscal year
FirmAge Natural logarithm of the number of years listed on Compustat
Leverage Book value of debt (♯9 + ♯34) divided by book value of total assets (♯6)
CashtoAssets Cash (♯1) at the end of fiscal year divided by book value of total assets (♯6)
Profitability Operating income before depreciation (♯13) divided by book value of

total stockholders’ equity (♯216)
PPEtoAssets Property, plant, and equipment (♯8) divided by book value of total assets (♯6)
CapextoAssets Capital expenditure (♯128) divided by book value of total assets (♯6)
MarketCap Market capitalization of equity (♯199 × ♯25)
KZindex Kaplan and Zingales index calculated as −1.002× cash flow [(♯18 + ♯14)/♯8] plus

0.283× Tobin’s Q plus 3.139× Leverage minus 39.368× dividends [(♯21 + ♯19)/♯8]
minus 1.315× cash holdings (♯1/♯8), where ♯8 is lagged

CGIndex Average of three standardized variables: the percentage of independent directors
on a board, G-index, and CEO duality

HHI Herfindahl-Hirschman Index of four-digit standard industrial classification (SIC) code

HHI2 Squared Herfindahl-Hirschman Index
recentr Indicator variable that takes the value one if the age of the technology r is below the

mean age of reassigned technologies. The age of the technology is the weighted average
(by application year and technology class adjusted citations) of the difference between
the year of reassignment and the application year of the patents in the reassigned bundle r

complexityr Measure of the dispersion of patents across technology classes in the reassigned bundle

given by 1 −
∑

X s2X , where X indexes the 2-digit IPC technology classes and sX
is the share of patents in a reassigned bundle r that falls into the 2-digit IPC class X

Instrument
PassOwnInstrumentAB Percentage ownership of firm B’s outstanding shares by pure indexers

that track indexes of which firm A is a constituent

Note: This table details the definitions of the main variables used in the empirical analysis.
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Table 2: Summary Statistics of actual Assignees.

Variable 25th percent. Median Mean 75th percent. Std. Dev. No. of Obs.
Dependent variable
ReassAB,r 1.000 1.000 1.000 1.000 0.000 191

Independent variables
κ1%,AB 0.259 0.617 0.996 1.749 0.943 191
GGLFullAttention,AB 2013.605 4114.409 5999.593 8299.659 4910.305 191
GGLFitted,AB 52.502 160.865 277.970 460.068 252.807 191
GGLConcave,AB 45.019 193.436 584.502 1292.945 683.203 191
GGLLinear,AB 1.265 12.478 85.895 243.095 120.328 191
GGLConvex,AB 0.002 0.047 2.466 6.196 3.775 191
dB,r 0.049 0.293 0.321 0.498 0.269 191
CDAB 0.000 0.000 0.073 0.000 0.261 191

Controls
InstOwnB 0.497 0.664 0.675 0.976 0.269 191
PstockB 2.760 4.755 4.066 5.344 1.780 191
R&DtoAssetsB 0.029 0.040 0.073 0.087 0.073 191
FirmSizeB 7.544 9.337 8.688 10.173 1.853 191
FirmAgeB 2.639 3.714 3.227 3.951 0.911 191
Tobin’sQB 1.379 1.794 3.532 4.233 3.958 191
KZindexB -3.271 -1.485 -3.700 -0.074 8.096 191
ProfitabilityB 0.259 0.367 0.328 0.457 0.327 191
PPEtoAssetsB 0.114 0.180 0.224 0.327 0.144 191
CapextoAssetsB 0.022 0.031 0.051 0.066 0.053 191
CashtoAssetsB 0.033 0.085 0.164 0.260 0.186 191
AnalystCoverageB 2.526 2.719 2.677 2.987 0.589 191
LeverageB 0.104 0.237 0.214 0.294 0.130 191
CGIndexB -0.026 0.410 0.285 0.694 0.525 191
HHIB 0.126 0.361 0.455 0.861 0.321 191
HHI2B 0.016 0.130 0.310 0.741 0.331 191

Note: This table provides the descriptive statistics for the variables included in the baseline probit regressions for actual assignees in
the market for technology during 1990-2006.
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Table 3: Comparison of actual and counterfactual Assignees and actual Assignors.

Sample: Assignees Counterfactuals Assignors
Variable Mean Min Mean Max Min Mean Max
Dependent variable
ReassAB,r 1.000 0.000 0.000 0.000 1.000 1.000 1.000

Ownership
κ1%,AB 0.996 0.000 0.609 20.891
GGLFullAttention,AB 5999.593 0.000 3200.321 39683.627
GGLFitted,AB 277.970 0.000 127.861 2543.245
GGLConcave,AB 584.502 0.000 221.916 6091.315
GGLLinear,AB 85.895 0.000 29.763 1627.122
GGLConvex,AB 2.466 0.000 0.980 116.210
InstOwnB 0.675 0.000 0.518 1.000

Board connections
CDAB 0.073 0.000 0.015 1.000

Technology
dB,r 0.321 0.000 0.526 0.994
Pstock 4.066 0.182 2.045 8.261

Controls
R&DtoAssets 0.073 0.000 0.096 1.744 0.003 0.082 1.334
AnalystCoverage 2.677 0.000 2.023 3.847 0.000 2.448 3.847
FirmSize 8.688 2.311 6.953 13.081 2.934 9.548 13.529
FirmAge 3.227 0.000 2.912 4.025 1.386 3.330 4.007
Tobin’sQ 3.532 0.341 3.421 29.494 0.523 2.375 24.088

Note: This table contains the descriptive statistics of key variables used to compare actual assignees and counterfactuals, along with
assignor firm characteristics.

Table 4: Correlation between Common Ownership Measures.

Variables (1) (2) (3) (4) (5) (6)
(1) κ1%,AB 1.000
(2) GGLFullAttention,AB 0.355 1.000
(3) GGLFitted,AB 0.423 0.901 1.000
(4) GGLConcave,AB 0.445 0.582 0.803 1.000
(5) GGLLinear,AB 0.392 0.382 0.619 0.960 1.000
(6) GGLConvex,AB 0.328 0.285 0.486 0.857 0.950 1.000

Note: This table reports the correlation coefficients for the different common ownership measures.
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Table 5: Baseline results: Common Ownership and Reassignments.

(1) (2) (3) (4) (5) (6)
ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r

κ1%,AB 0.250***

(0.071)
GGLFullAttention,AB 0.000***

(0.000)
GGLFitted,AB 0.002***

(0.000)
GGLConcave,AB 0.001***

(0.000)
GGLLinear,AB 0.004**

(0.002)
GGLConvex,AB 0.028**

(0.011)
CDAB 0.415* 0.361 0.340 0.324 0.368 0.416*

(0.246) (0.243) (0.245) (0.250) (0.248) (0.244)
InstOwnB 0.747** 0.468 0.455* 0.510** 0.788*** 0.996***

(0.313) (0.292) (0.273) (0.244) (0.263) (0.310)
dB,r -2.113*** -2.164*** -2.200*** -2.151*** -2.110*** -2.091***

(0.248) (0.249) (0.253) (0.255) (0.250) (0.251)
PstockB 0.347*** 0.353*** 0.354*** 0.345*** 0.348*** 0.355***

(0.035) (0.036) (0.036) (0.035) (0.035) (0.036)
R&DtoAssetsB -0.380 -0.360 -0.463 -0.927 -0.819 -0.420

(0.590) (0.593) (0.664) (0.840) (0.733) (0.592)
AnalystCoverageB 0.125 0.088 0.105 0.130 0.103 0.071

(0.090) (0.087) (0.086) (0.088) (0.085) (0.084)
FirmSizeB -0.005 -0.022 -0.024 -0.030 -0.022 -0.012

(0.044) (0.044) (0.045) (0.045) (0.044) (0.043)
FirmAgeB -0.257*** -0.263*** -0.280*** -0.288*** -0.265*** -0.246***

(0.074) (0.074) (0.075) (0.080) (0.078) (0.074)
Tobin’sQB 0.006 0.009 0.010 0.009 0.007 0.006

(0.011) (0.010) (0.010) (0.010) (0.010) (0.011)
KZindexB -0.001 -0.002 -0.002 -0.003 -0.002 -0.001

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
ProfitabilityB -0.059 -0.034 -0.014 -0.009 -0.033 -0.059

(0.078) (0.082) (0.083) (0.085) (0.082) (0.079)
PPEtoAssetsB -0.552 -0.542 -0.488 -0.427 -0.539 -0.649

(0.419) (0.433) (0.434) (0.448) (0.440) (0.426)
CapextoAssetsB 0.629 0.572 0.489 0.582 0.697 0.708

(1.292) (1.348) (1.372) (1.350) (1.307) (1.302)
CashtoAssetsB -0.199 -0.226 -0.274 -0.297 -0.244 -0.186

(0.307) (0.303) (0.312) (0.318) (0.309) (0.298)
LeverageB 0.400** 0.361* 0.357* 0.363** 0.389** 0.399**

(0.165) (0.205) (0.209) (0.185) (0.167) (0.163)
CGIndexB -0.210*** -0.215*** -0.225*** -0.228*** -0.224*** -0.215***

(0.081) (0.083) (0.084) (0.082) (0.080) (0.079)
HHIB -0.425 -0.301 -0.302 -0.521 -0.568 -0.474

(0.588) (0.603) (0.625) (0.638) (0.606) (0.585)

HHI2B 1.227** 1.118** 1.064* 1.178** 1.260** 1.250**
(0.516) (0.527) (0.548) (0.560) (0.533) (0.510)

Constant -1.760*** -1.322*** -1.357*** -1.342*** -1.426*** -1.525***
(0.361) (0.367) (0.377) (0.374) (0.367) (0.365)

Deal-FE YES YES YES YES YES YES
Observations 19179 19179 19179 19179 19179 19179

Pseudo − R2 0.314 0.322 0.332 0.336 0.319 0.303

Note: This table provides coefficient estimates for different common ownership measures from the probit model in Equation (8), using
the full sample of actual and counterfactual dyads of technology providers and potential adopters. The dependent variable ReassAB,r is
equal to 1 for dyads AB that engage in the transfer of the reassignment r and 0 for dyads that form the control group. All specifications
include deal-group fixed effects. Robust standard errors (clustered at the deal level) are reported in parentheses. *, **, and *** denote
significance at the 10%, 5%, and 1% levels, respectively.
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Table 6: Common Ownership and Reassignments without Board Connections.

(1) (2) (3) (4) (5) (6)
ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r

κ1%,AB 0.265***
(0.074)

GGLFullAttention,AB 0.000***
(0.000)

GGLFitted,AB 0.002***
(0.000)

GGLConcave,AB 0.001***
(0.000)

GGLLinear,AB 0.004**
(0.002)

GGLConvex,AB 0.032***
(0.012)

Controls YES YES YES YES YES YES
Deal-FE YES YES YES YES YES YES
Observations 17021 17021 17021 17021 17021 17021
Pseudo−R2 0.319 0.326 0.337 0.342 0.325 0.307

Note: This table contains the coefficient estimates for the different common ownership measures from the probit model in Equation (8),
using the sample of actual and counterfactual dyads of technology providers and potential adopters in the full sample, excluding dyads
with board connections. The dependent variable ReassAB,r is equal to 1 for dyads AB that engage in the transfer of the reassignment
r and 0 for the dyads that form the control group. All specifications include deal-group fixed effects. Robust standard errors (clustered
at the deal level) are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Table 7: IV First Stage.

(1) (2) (3) (4) (5) (6)
κ1%,AB GGLFullAttention,AB GGLFitted,AB GGLConcave,AB GGLLinear,AB GGLConvex,AB

PassOwnInstrumentAB 0.193*** 481.332*** 29.592*** 69.597*** 11.278*** 0.420***
(0.020) (86.957) (4.356) (10.326) (1.902) (0.090)

Controls YES YES YES YES YES YES
Deal-FE YES YES YES YES YES YES
Observations 14620 14620 14620 14620 14620 14620

Adjusted R2 0.375 0.500 0.549 0.763 0.808 0.753
F - statistic 69.944 69.949 69.237 43.851 29.958 25.164

Note: This table provides the coefficient ordinary least squares estimates for the instrumental variable from the model in Equation (9),
reflecting the first-stage regression of the IV, using the sample of actual and counterfactual dyads of technology providers and potential
adopters in the full sample, for which there is index-constituent information. The dependent variables are the different measures of
common ownership. All specifications include deal-group fixed effects. Robust standard errors (clustered at the deal level) are reported
in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 8: IV Second Stage: Common Ownership and Reassignments.

(1) (2) (3) (4) (5) (6)
ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r

κ1%,AB 0.928**
(0.368)

GGLFullAttention,AB 0.000***
(0.000)

GGLFitted,AB 0.006***
(0.002)

GGLConcave,AB 0.003***
(0.001)

GGLLinear,AB 0.018***
(0.007)

GGLConvex,AB 0.487***
(0.123)

CDAB 0.347 0.153 0.121 0.057 0.044 -0.315
(0.320) (0.278) (0.310) (0.400) (0.451) (0.410)

InstOwnB 0.690* -0.319 0.124 0.458 0.744** 1.143***
(0.403) (0.577) (0.469) (0.371) (0.327) (0.293)

dB,r -2.404*** -2.025*** -2.237*** -2.409*** -2.411*** -2.158***
(0.306) (0.424) (0.363) (0.332) (0.337) (0.352)

PstockB 0.340*** 0.293*** 0.323*** 0.338*** 0.342*** 0.333***
(0.041) (0.064) (0.052) (0.044) (0.044) (0.048)

Controls YES YES YES YES YES YES
Deal-FE YES YES YES YES YES YES
Observations 14620 14620 14620 14620 14620 14620
p-value exogeneity 0.181 0.036 0.070 0.284 0.375 0.022

Note: This table contains coefficient estimates for the different common ownership measures from the IV probit model in Equation (10),
using the identification strategy described in Section 2.2 and the full sample of actual and counterfactual dyads of technology providers
and potential adopters for which index-constituent information is available. The dependent variable ReassAB,r is equal to 1 for dyads
AB that engage in the transfer of the reassignment r and 0 for dyads that form the control group. All specifications include deal-group
fixed effects. Robust standard errors (clustered at the deal level) are reported in parentheses. *, **, and *** denote significance at the
10%, 5%, and 1% levels, respectively.
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Table 9: Common Ownership and Recent Technologies (IV Probit Second Stage).

(1) (2) (3) (4) (5) (6)
ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r

κ1%,AB -0.979**
(0.479)

κ1%,AB 3.243***
×recentr (0.497)
GGLFullAttention,AB 0.000

(0.000)
GGLFullAttention,AB 0.001***
×recentr (0.000)
GGLFitted,AB -0.001

(0.004)
GGLFitted,AB 0.012***
×recentr (0.003)
GGLConcave,AB -0.003

(0.003)
GGLConcave,AB 0.008***
×recentr (0.002)
GGLLinear,AB -0.048

(0.029)
GGLLinear,AB 0.071***
×recentr (0.019)
GGLConvex,AB -0.855

(1.402)
GGLConvex,AB 1.421
×recentr (1.179)
recentr -3.398*** -1.716*** -0.988 -1.584* -2.157*** -1.306

(0.419) (0.431) (0.616) (0.812) (0.811) (1.013)
CDAB -0.163 -0.075 -0.103 0.283 0.396 -0.453

(0.265) (0.306) (0.328) (0.430) (0.483) (0.422)
InstOwnB 0.591* 0.042 0.164 0.715 0.871*** 1.026***

(0.339) (0.884) (0.676) (0.530) (0.262) (0.260)
dB,r -2.058*** -2.262*** -2.400*** -2.376*** -1.970*** -1.968***

(0.306) (0.327) (0.313) (0.406) (0.706) (0.507)
PstockB 0.295*** 0.308*** 0.317*** 0.304*** 0.256** 0.296***

(0.037) (0.049) (0.043) (0.052) (0.101) (0.077)
Controls YES YES YES YES YES YES
Deal-FE YES YES YES YES YES YES
Observations 14620 14620 14620 14620 14620 14620
p-value exogeneity 0.000 0.002 0.012 0.184 0.107 0.000

Note: This table reveals the coefficient estimates for the different common ownership measures and their interaction with an indicator
variable for recent innovations from the IV probit model in Equation (10), using the identification strategy described in Section 2.2
and the full sample of actual and counterfactual dyads of technology providers and potential adopters for which index-constituent
information are available. The dependent variable ReassAB,r is equal to 1 for dyads AB that engage in the transfer of the reassignment
r and 0 for dyads that form the control group. The indicator variable recentr takes a value of 1 if the reassigned technology is younger
than the median of the sample. All specifications include deal-group fixed effects. Robust standard errors (clustered at the deal level)
are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 10: Common Ownership, Reassignments, and Adopters’ Future Innovation (1).
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Note: This table reveals the ordinary least squares coefficient estimates for different common ownership measures and their interaction
with the indicator variable ReassAB,r which equals 1 for dyads AB that engage in the transfer of the reassignment r in year t and 0
otherwise. The sample is a dyadic panel of all actual traders and control pairs. The dependent variables are the natural logarithm of (1
+) the number of patents and citations, respectively, for which a potential adopter applied in year t (for patents granted afterward). All
specifications include year and dyadic fixed effects. Robust standard errors (clustered at the firm-pair level) are reported in parentheses.
*, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 11: Common Ownership, Reassignments, and Adopters’ Future Innovation (2).
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Note: This table contains both ordinary least squares (OLS) and IV coefficient estimates for different common ownership measures and
their interaction with the indicator variable ReassAB,r which is equal to 1 for dyads AB that engage in the transfer of the reassignment
r in year t and 0 otherwise. The sample is a dyadic panel of all actual traders and control pairs. The dependent variables are the
natural logarithm of (1 +) the number of patents and citations, respectively, for which a potential adopter applied in year t + 1 and
t+ 2 (for patents granted afterward). All specifications include year and dyadic fixed effects. Robust standard errors (clustered at the
firm-pair level) are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 12: Common Ownership, Reassignments, and Adopters’ Market Cap Growth (1).

(1) (2) (3) (4) (5) (6)
MCGrowth MCGrowth MCGrowth MCGrowth MCGrowth MCGrowth
t to t+ 1 t to t+ 1 t to t+ 1 t to t+ 1 t to t+ 1 t to t+ 1

ReassAB,r -0.196 -0.255 -0.272 -0.310* -0.300* -0.286*
(0.148) (0.186) (0.179) (0.180) (0.170) (0.163)

κ1%,AB -0.070
(0.061)

ReassAB,r -0.064
× κ1%,AB (0.205)
GGLFullAttention,AB 0.000

(0.000)
ReassAB,r 0.000
× GGLFullAttention,AB (0.000)
GGLFitted,AB 0.000*

(0.000)
ReassAB,r 0.000
× GGLFitted,AB (0.000)
GGLConcave,AB 0.000**

(0.000)
ReassAB,r 0.000
× GGLConcave,AB (0.000)
GGLLinear,AB 0.000

(0.000)
ReassAB,r 0.004**
× GGLLinear,AB (0.002)
GGLConvex,AB -0.000

(0.000)
ReassAB,r 0.134***
× GGLConvex,AB (0.048)
Controls YES YES YES YES YES YES
Firm pair-FE YES YES YES YES YES YES
Year-FE YES YES YES YES YES YES
Observations 223236 223236 223236 223236 223236 223236
Adjusted R2 0.406 0.406 0.406 0.406 0.406 0.406

Note: This table provides ordinary least squares coefficient estimates for the different common ownership measures and their interaction
with the indicator variable ReassAB,r which is equal to 1 for dyads AB that engage in the transfer of the reassignment r in year t and
0 otherwise. The sample is a dyadic panel of all actual traders and control pairs. The dependent variable is the market capitalization
growth rate of the adopter one year after the (potential) reassignment. All specifications include year and dyadic fixed effects. Robust
standard errors (clustered at the firm-pair level) are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and
1% levels, respectively.
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Table 13: Common Ownership, Reassignments, and Adopters’ Market Cap Growth (2).

(1) (2) (3) (4) (5)
MCGrowth MCGrowth MCGrowth MCGrowth MCGrowth
t to t+ 2 t to t+ 2 t to t+ 2 t to t+ 1 t to t+ 2
OLS OLS OLS IV IV

ReassAB,r -0.641* -0.524* -0.467* -0.858** -1.522**
(0.352) (0.301) (0.282) (0.337) (0.599)

GGLConcave,AB 0.000
(0.000)

ReassAB,r 0.001**
× GGLConcave,AB (0.001)
GGLLinear,AB 0.000 -0.044*** -0.090***

(0.000) (0.016) (0.025)
ReassAB,r 0.007** 0.032*** 0.056***
× GGLLinear,AB (0.003) (0.011) (0.021)
GGLConvex,AB -0.000

(0.000)
ReassAB,r 0.176**
× GGLConvex,AB (0.072)
Controls YES YES YES YES YES
Firm pair-FE YES YES YES YES YES
Year-FE YES YES YES YES YES
Observations 211299 211299 211299 197525 187475
Adjusted R2 0.390 0.390 0.390 -0.015 -0.041
Kleibergen-Paap F 19.606 18.476

Note: This table reports OLS and IV coefficient estimates for different common ownership measures and their interaction with the
indicator variable ReassAB,r which is equal to 1 for the dyad AB that engages in the transfer of the reassignment r in year t and 0
otherwise. The sample is a dyadic panel for all actual traders and control pairs. The dependent variable is the market capitalization
growth rate of the adopter within one or two years after the (potential) reassignment. All specifications include year and firm-pair fixed
effects. Robust standard errors (clustered at the firm-pair level) are reported in parentheses; *, **, and *** denote significance at the
10%, 5%, and 1% levels, respectively.
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Table 14: Common Ownership and Analyst Coverage (IV Probit Second Stage).

(1) (2) (3) (4) (5) (6)
ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r

κ1%,AB -3.614***
(1.244)

κ1%,AB 1.626***
×AnalystCoverageB (0.420)
GGLFullAttention,AB -0.000*

(0.000)
GGLFullAttention,AB 0.000***
×AnalystCoverageB (0.000)
GGLFitted,AB -0.009**

(0.004)
GGLFitted,AB 0.004***
×AnalystCoverageB (0.001)
GGLConcave,AB -0.005

(0.003)
GGLConcave,AB 0.003***
×AnalystCoverageB (0.001)
GGLLinear,AB -0.042

(0.027)
GGLLinear,AB 0.020***
×AnalystCoverageB (0.007)
GGLConvex,AB -1.779***

(0.283)
GGLConvex,AB 0.680***
×AnalystCoverageB (0.081)
AnalystCoverageB -0.875*** -0.532** -0.332* -0.178 -0.111 -0.262***

(0.299) (0.229) (0.177) (0.193) (0.202) (0.073)
CDAB 0.262 0.382 0.469 0.567 0.711 0.354

(0.271) (0.298) (0.313) (0.424) (0.466) (0.308)
InstOwnB 1.269*** 1.146* 1.296** 0.945* 0.909*** 0.836***

(0.280) (0.642) (0.520) (0.496) (0.332) (0.245)
dB,r -1.446* -2.277*** -2.334*** -2.331*** -2.168*** -1.093**

(0.827) (0.308) (0.317) (0.365) (0.538) (0.507)
PstockB 0.192 0.321*** 0.338*** 0.326*** 0.302*** 0.186**

(0.127) (0.046) (0.047) (0.053) (0.074) (0.078)
Controls YES YES YES YES YES YES
Deal-FE YES YES YES YES YES YES
Observations 14620 14620 14620 14620 14620 14620
p-value exogeneity 0.013 0.031 0.088 0.488 0.444 0.000

Note: This table reports coefficient estimates for the different common ownership measures and their interaction with the variable
AnalystCoverageB from the IV probit model in Equation (10) using the identification strategy described in Section 2.2 and the full
sample of actual and counterfactual firm pairs of technology providers and potential adopters for which index constituent information
are available. The dependent variable ReassAB,r is equal to 1 for the dyads AB that engage in the transfer of the reassignment r and 0
for the control pairs. The variable AnalystCoverageB is the natural logarithm of (1 +) the arithmetic mean of the 12 monthly numbers
of earnings forecasts the potential adopter obtained from financial analysts. All specifications include deal-group fixed effects. Robust
standard errors (clustered at the deal level) are reported in parentheses; *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively.
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Table 15: Common Ownership and Executive Common Directors (IV Probit Second Stage).
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Note: This table reports coefficient estimates for different common ownership measures and the indicators for executive common
directors and the corresponding interactions using the identification strategy described in Section 2.2 and the full sample of actual and
counterfactual firm pairs of technology providers and potential adopters for which index constituent information are available. The
dependent variable ReassAB,r is equal to 1 for the dyads AB that engage in the transfer of the reassignment r and 0 for the control
pairs. The indicator CDAB takes the value 1 if the firm pair has at least one common director and 0 otherwise. The dummy variable
ExecCDA

AB (ExecCDB
AB) takes the value 1 if a common director is also an executive of the provider (adopter) and 0 otherwise. All

specifications include deal-group fixed effects. Robust standard errors (clustered at the deal level) are reported in parentheses; *, **,
and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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A Appendix

A.1 Derivation of firms’ objective function (11)

Let Wi =
∑

l βilΠl be the wealth of investor i. When the manager of firm j maximizes a weighted
average of its investors’ wealth, then he solves the following program:

max
∑
i

γijWi = max
∑
i

γij
∑
l

βilΠl (27)

=max
∑
i

γijβijΠj +
∑
i

γij
∑
l ̸=j

βilΠl (28)

=maxΠj

∑
i

γijβij +
∑
l ̸=j

∑
i

γijβilΠl (29)

∝maxΠj +
∑
l ̸=j

∑
i γijβil∑
i γijβij

Πl. (30)

Considering firm j = A and firms Bl, where l = 1, 2, ..., n, and denoting λABl
≡

∑
i γiAβil∑
i γiAβiA

yields

equation (11).
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Table 16: Common Ownership and Complex Technologies (Probit).

(1) (2) (3) (4) (5) (6)
ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r ReassAB,r

κ1%,AB 0.008
(0.115)

κ1%,AB 0.787**
× complexityr (0.318)
GGLFullAttention,AB 0.000

(0.000)
GGLFullAttention,AB 0.000
× complexityr (0.000)
GGLFitted,AB 0.001

(0.000)
GGLFitted,AB 0.002
× complexityr (0.001)
GGLConcave,AB -0.000

(0.000)
GGLConcave,AB 0.003**
× complexityr (0.001)
GGLLinear,AB -0.006**

(0.003)
GGLLinear,AB 0.035***
× complexityr (0.012)
GGLConvex,AB -0.118***

(0.043)
GGLConvex,AB 0.571***
× complexityr (0.195)
complexityr 4.833*** 6.701*** 6.437*** 4.752*** 3.711*** 4.696***

(0.829) (0.921) (0.934) (0.922) (0.968) (0.851)
CDAB 0.963*** 0.947*** 0.938*** 0.935** 0.952*** 0.923**

(0.365) (0.354) (0.360) (0.368) (0.368) (0.372)
InstOwnB -0.116 -0.166 -0.211 -0.140 -0.070 0.042

(0.315) (0.301) (0.290) (0.283) (0.292) (0.302)
dB,r -2.033*** -2.053*** -2.054*** -2.020*** -2.006*** -2.035***

(0.281) (0.281) (0.283) (0.285) (0.283) (0.287)
PstockB 0.260*** 0.267*** 0.267*** 0.261*** 0.259*** 0.266***

(0.037) (0.038) (0.038) (0.038) (0.037) (0.038)
Controls YES YES YES YES YES YES
Deal-FE YES YES YES YES YES YES
Observations 13973 13973 13973 13973 13973 13973
Pseudo−R2 0.278 0.274 0.280 0.283 0.284 0.273

Note: This table reports coefficient estimates for the different common ownership measures and their interaction with the variable
complexityr from the probit model in equation (8) using the entire sample of actual and counterfactual firm pairs of technology
providers and potential adopters. The dependent variable ReassAB,r is equal to 1 for the dyads AB that engage in the transfer of the
reassignment r and 0 for the control pairs. The variable complexityr measures the inverse of the concentration of the reassigned patents
in IPC 2-digit patent classes. All specifications include deal-group fixed effects. Robust standard errors (clustered at the deal level) are
reported in parentheses; *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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