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You know, when | really wanted to understand irtllegat a company was doing, Amazon or
Apple, I'd get their 10-K and read it. It's wonkys this, it's that, but it's the greatest depth
you’re going to get, and it's accurate: Steve Ballmer, former Microsoft CEO, April 2017

1. Introduction

Good management requires good information. Inuis, the firm’s information plays a
central role in models of corporate investment. eev, tying investment decisions to the firm’s
information is empirically challenging because mfi@tion acquisition is mostly unobservable.
Evidence on how the firm acquires information, hgnod that information is, and how it affects
investment decisions is limited.

This paper examines the links between the firmfgrmation acquisition and corporate
investment. We develop a novel measure that capfunes’ acquisition of information about
rival firms. As the quotation from Steve Ballmeggests, public disclosures can be a key source
of information about rivals, as these disclosus®al rivals’ strategic plans, accounting
performance, material contracts, product infornmgtans for capital expenditures (Capex), and
other details. We therefore focus on firms’ acdigsiof information about their rivals in public
disclosures and the effects this has on investaerisions.

Our measure is derived from server logs of the B@esiand Exchange Commission’s
(SEC) Electronic Data Gathering, Analysis, and iretl (EDGAR) database, which captures
every click or download of public firms’ SEC filisgThese data resemble those used in recent
research (e.g., Ljungqvist and Qian, 2016; Draka.eR015; Lee et al., 2015) but with an
important difference—our data identifpththe entity acquiring the information and the entit
whose information is acquired. Thus we construad@ensive panefirm-pair data set of each

searching firm’s acquisition of rival firms’ SEQifigs.



This measure of interfirm information flows overcesrseveral limitations in prior research.
First, many measures of information acquisitioruass that agents take actions to become
informed based solely on the availability of infaton (e.g., Veldkamp, 2011). Rather than
assume demand based on supply, our new measuctyda&ptures the acquisition of
informationby rivals Such search indicates direct employee actiogsttoer information, which
likely affects managers’ views directly (as managesk employees to collect this information)
or indirectly (as this information “rises to thetd. In this way, our approach allows us to focus
on managers’ rather than investors’ informationugsitjon (e.g., Da et al., 2011) as well as
assess the type of information acquired (e.g., Bscleer et al., 2013).

Second, other measures typically do not identifiyezithe firm acquiring the information or
the firm whose information is acquired. Our meassi@ the firm-pair level, which better
reflects the intuition that the actions and positid specific rivals influence many investment
decisions (e.g., Gilbert and Lieberman, 1987).iRstance, Apple’s entry into the wearable
devices product space with its Apple Watch depemaganly on conditions facing the broader
tech industry but also on the investment opporiesmi&nd behavior of specific rivals in the
space, such as FitBit. Our measure captures iregauch as Apple’s acquisition of FitBit's
filings, providing a more direct view into firmsse of information than would be possible using
coarser firm- or industry-based measures. As dtregel can examine how pairwise information
flows relate to, and predict, pairwise interactiongivestment decisions.

We begin by examining how a firm’s acquisition affic information depends on its
investment opportunitiesnd those of its rivals. On one hand, models of olet@rmal learning
suggest that information flows should be greateemthe firm or its rivals have significant

investment opportunities whose values are sengiiveanagers’ decisions about how to exploit



them (e.g., Bikhchandani et al., 1998). Managec®rtain about optimal investment can acquire
information about other firms to build precision—+f&xample, to predict the success of a
potential product introduction. On the other hdirdhs’ rich set of private information related to
investment decisions could make public informatabout rivals redundant. This critique is
particularly applicable to public information ing@atory filings, which often contain a
substantial amount of boilerplate (e.g., Dyer gt2017; Kravet and Muslu, 2013; Hanley and
Hoberg, 2010). Given that this information is cormpte-driven, largely backwards-looking, and
easily accessible, opportunities to exploit it coiog limited:

We model firm-pair information flows as a functioha variety of economic fundamentals,
both firm-specific and specific to the firm-paihd results suggest that the searching firm’s
average acquisition of rivals’ filings increaseshwits own investment opportunities, as proxied
by its market-to-book ratio. We similarly find thise acquisition of a given rival’s information
increases with the magnitude of that rival’s inu@stt opportunities. These results illustrate both
firm- and rival-specific drivers of information fles—firms appear to learn from public filings in
response to their own as well as specific rivaigeistment opportunities.

To ensure the identification of these effects, wploy two quasi-natural experiments in
unrelated settings. The first is the U.S. governnbeiget crisis and sequestration cuts of 2011—
2013. The crisis reduced current and expected ptatkmand for government contractors,
which caused a substantial decline in these fiim&stment opportunities. Using a difference-
in-differences design, we find that, during thesisriand ensuing imposition of sequestration cuts,
information flows decreased more for firms morehhyglependent on government contracts

than for other public firms.

! For example, many studies question the valueisfitifiormation, even to investors (e.g., Li and Ratn 20009;
Stice, 1991).



The second quasi-natural experiment exploits chamgenport tariffs. Fresard (2010) shows
that reductions of industry-level import tariffgsificantly reduce the investment opportunities
of firms subject to the reductions, via an increas®reign competition. We find that, in the two
years following tariff reductions, the acquisitiofirivals’ information declines more for firms
exposed to tariff reductions. Overall, these raspitbvide consistent evidence that investment
opportunities, for both the firm and its rivalsivdr the acquisition of rivals’ public information.

We next explorénowrivals’ public information is used for the firméxternal and internal
investment decisions. We report three central figdi First, information flows relate strongly to
mergers and acquisitions (M&A) activity. Exploititige time-specificity of the data to examine
pairwise search in event time, we find that infotim@ acquisition builds prior to M&A, spikes
around announcements, and remains elevated foratewenths. We also examine the predictive
power of pairwise information flows for M&A, whicle find is substantial: a one standard
deviation increase in information flows correspotala greater than 50% increase in the odds of
a pairwise acquisition the following year. Furthibie evidence suggests an externality of public
firm information for private companies: public aagus collect information on the public peers
of future private targets, an effect strongest witenacquirer and target are in different
industries—that is, when information asymmetriestagh. These results underscore the use of
public information for vetting targets and facititey due diligence and highlight the importance
of this information for investments subject to higicertainty, such as acquisitions that are
plausibly differentiating.

Second, we find evidence that pairwise informaflows predict pairwise investment levels.
Firms appear to learn about rivals’ capital an@aesh and development (R&D) investment

levels and mimic them in subsequent years, comsigtith the intuition that public information



lets managers better evaluate investment levelksssacy to remain competitivé/e also find
that the predictive power of information flows foture R&D mimicking is greater when the
product similarity of the firms is lower—again, whaformation asymmetries are high.
Together, these results point to corporate learagg plausible mechanism for peer effects in
the investment literature (e.g., Bustamante anddfdg 2018; Roychowdhury et al., 2018).

Third and finally, we find that acquired informatifacilitates product differentiation
strategies. Although the use of rivals’ informattorset investment levels could give rise to
similar project selection, firms have strong inoegd to differentiate their products within a
market to gain pricing power and reduce direct cetitipn (e.g., Hoberg and Phillips, 2016;
Lieberman and Asaba, 2006). For example, Amazotdame Netflix's disclosures to
benchmark spending on streaming content while e@lstuating product strategies (e.g.,
spending on sports content) that creates sepaiatitie product space. Consistent with this, we
find that greater firm-pair information flows cosfond to subsequent product differentiation
relative to the searched firmiVe also find that this effect is somewhat revefee firm-pairs
that are more dissimilar; information flows betwegssimilar firms is more predictive of
product mimicking than differentiation. These réswsiuggest that firms use rivals’ public
information in part to improve product positioning.

Our paper contributes along several dimensionst,Rire contribute to the literature on
corporate investment. Uncertainty undermines imaest (e.g., Guiso and Parigi, 1999). Yet the
actions of firms to address information deficite aot well understood. Our findings support a
role for public information acquisition in faciltiag capital and product investment decisions.
The results suggest an economically significansiseity of information acquisition to the

searching firm’s and the searched firm’s investnogortunities. We also provide the first



direct evidence on relations betwdem-pair information flows and corporate outcomes, results
that highlight the role of public information acqition in shaping interactions among rivals.

Second, we contribute to the literature on peexot$t Prior work finds that corporate
decisions are often a function of the actions @&rgems, but the mechanism for these effects is
unclear (e.g., Roychowdhury et al., 2018; Leary Boberts, 2014; Delong and Deyoung, 2007).
Our evidence points to a plausible learning med@ranas firms appear to acquire information
about rivals to facilitate their own investment ideans. This evidence builds on research that
provides indirect evidence of learning. For examplkedertscher et al. (2013) show that
investment sensitivities of private firms increas¢he presence of public peers, and Durnev and
Mangen (2009) provide evidence that restatememgegoinformation about the investment
projects of restating firms’ competitors. Our fings also complement the growing literature that
studies how managers learn from the prices of foiees (e.g., Dessaint et al., 2019; Foucault
and Fresard, 2014; Bond et al., 2012). Our evidsnggests corporate learning from peers’
public disclosures is also important, plausiblydese information in these disclosures is often
richer and less noisy than stock prices.

Finally, the study contributes to the body of workthe decision-usefulness of firms’ public
disclosures. As a public good, information in thdselosures is often maligned as boilerplate
and prepared to satisfy regulators more than iovestr other users. Our evidence highlights the
decision-usefulness of this public information speally for investment, especially when
information asymmetries are high. Firms appearde fide on rivals’ information production,
suggesting a byproduct of regulatory requiremenmtsransparency is to facilitate both internal

and external investments, such as acquisitionsidgg companies.



2. Data

2.1. Data collection and sample construction

We measure information acquisition using novel diaéé capture firms’ search activities on
the SEC EDGAR repository (e.g., Drake et al., 2@i%&ke et al., 2016; Lee et al., 2015). SEC
filings contain substantial amounts of firm informea, including information about product
costs, operational decisions, forecasts, segmsalodures, material contracts, and management
discussion of risks and performance, among margratims. As a result, our measure reflects a
broad scope of incentives to acquire informatiag.(d.i et al., 2013%.SEC filings are also
audited, easy to obtain, and highly standardizea-sthucture, basic content, and periodicity of
many of these filings are essentially fixed. Byedity examining the acquisition of public firms’
standardized, mandatory filings, we minimize consehat differences in the endogenous
supply of disclosures or variation in the costaaduiring and processing them could explain the
results.

We start with the log files of EDGAR servers, whiabst all SEC filings. To measufiem-
to-firm search, we separate activity of the searching, firfnrom that of the firm being searched
for, j. We identify firmi by its IP address and firjrby its Central Index Key (CIK), both of
which are recorded in the logs. We match fjisnCIK to its GVKEY in Compustat using the
SEC Analytics match table.

Identifying the IP address for firimrequires several steps. We begin by matchingifgriP
address from the server logs to its owner’s narsieguheader files from the American Registry

of Internet Numbers (ARIN). To this end, we empéogroprietary query program that scrapes

2 Of course, our analyses examine the acquisitid®Ee filingsspecifically via EDGARand some proportion of
information acquisition likely occurs through aliative channels. However, few other sources aee &asily
accessible, complete, and offer relatively anonysrmecess. For example, firms tend to monitor tradfiinvestor
relations pages of their websites (Hodge and Pr2d86), so rivals are more likely to access filingsthe SEC
website to the extent they wish to mask informasearch from disclosing firms.
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all IP addresses and their corresponding ownedigp (known as WHOIS data) from ARIN.
These data identify the owner of each IP addressf Rebruary 2014. We then identify, by
manual checks, the searching IP owners’ namesthegspond to public companies and retrieve
these firms’ CIKs (and GVKEYSs, using the SEC Analytmatch table) to identify an initial set
of searching firms.

Next, we augment the WHOIS data, using historiPadidress ownership records (known as
WHOWAS data) for the initial set of searching firmisie use of WHOWAS data is necessary,
because the WHOIS data represent IP address ovimatsinsingle point in time (as of 2014 in
this case) and IP address ownership can vary ower Thus, with the full time-series of
ownership for each IP address, we identify and renB-searching firm matches for those years
that the owner was different from that in Febru2®yg4# This additional step ensures we
identify IP ownership with a high degree of fidgldver the full sample period, which eliminates
the possibility of attributing EDGAR search actwib the wrong firm. The resulting sample,
which we call the “verified sample,” consists oasghing firms that have downloaded disclosure
filings from EDGAR for which we can identify IP adgsses using WHOIS and WHOWAS data
and for which Compustat includes requisite dataHeranalyses.

The sample covers the period 2004—-2015, which wes#based on data availability for our
primary measures. Because we aim to better unaergtéormation flowsamong rivals for
most analyses, the data are restricted to obsengatif firm-pairs for which firm (the searching

firm) and firmj (the searched firm) compete in similar productkets, based on the Hoberg and

3 We originally identified a set of firms in 2014sing EDGAR data of firms’ search for years 2004-20//e
subsequently acquired more recent EDGAR data, wiveehppended to the initial data set to extendsémaple
period through 2015 for the firms we originally idigied.

4We cannot form an initial set of searching firnaséd on WHOWAS data, as they are not obtainable in
machine-readable form. To incorporate WHOWAS, weds@ separate request by email to ARIN for every IP
address we identify based on WHOIS for the ingetl of searching firms.
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Phillips (2016) text-based network industry clasation schema (“TNIC3” industry). The
TNIC3 industries are established based on the aiityilof mandated product descriptions
provided in firms’ 10-K filings and are designedi® as coarse as three-digit Standard Industrial
Classification (SIC) codes; thus the TNIC3 industrare time-varying, firm-specific, and fairly
broad, ensuring they capture even minor competitargher, Hoberg and Phillips (2016)
provide evidence that this classification systemevazcurately identifies a firm’s actual
competitors than fixed schema, such as SIC andchMarterican Industry Classification System
(NAICS) codes, and generally does not capture e@stror downstream firms.
2.2. Description of the final sample and data vatidn

Our final verified sample for the firm-pair analgseonsists of 252,37t triplets over the
sample period. This sample has complete coveratfeeafearch activities on EDGAR from a
given IP addresgonditionalon the IP address being included in the samplethar words, if
the sample includes a given IP address for a searéibm i, we can observe the full scope of
search from that IP address for all other pubtim$ij with filings on EDGAR® While this
characteristic of the data limits the scope of potential selection issues, we caveat that the data
likely do not include all public firms that search EDGAR. One reason for this is that our
selection criteria exclude IP addresses througithvfiims do not search on EDGAR above a
minimum threshold—this is necessary to make theltmatching of IP owner name to CIK
feasible (see the Online Appendix). Another redsdhat the SEC anonymizes the last octet of
every IP address, so we cannot attribute an IPeaddo a specific company, unless it owns the

entire final octet. These factors likely accounttfee reduced sample coverage, relative to

5 Thus we cannot observe information acquisitiotJ. firms for most foreign rivals (e.g., Apple 8amsung),
as these firms are generally not required to pewadulatory filings to the SEC.
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Compustat; as we show in Panel A of Appendix B,sample contains 579 unique searching
firms after imposing all data requiremefits.

Given the incomplete sample coverage, we providerg#ive evidence of the sample
composition and identify characteristics that diffem the broader population of firms. First,
we compare the distribution of our sample with @mmnpustat universe by Fama-French 30
industry classification to examine whether somentiogoated selection issue disproportionately
excludes firms in certain industries. As we shoWwanel B of Appendix B, the sample has broad
representation across industries. The industrygitmms of our sample, relative to those in
Compustat, are visually similar but are frequestbtistically different, as shown in the far-right
column. Across the 30 industries, three are pramuatly more than 2.5% different from
Compustat: utilities, healthcare, and bankirgjill, the univariate correlation between the two
columns in Panel B of Appendix B is roughly 0.9@jicating similarity in the industry
proportions. We conclude that the industry distiifruin the verified sample generally mirrors
the industry distribution of the Compustat univese acknowledge that some industries are
disproportionately represented in our verified seEmp

Second, we compare a variety of characteristieasiobample firms to those of the broader
population of firms in Compustat. The results, tated in Panel C of Appendix B, show that the

firms for which we have identified IP addressessarestantially larger (in terms of total assets

 Panel A of Appendix B also shows the number ofgarfirms by year. Loughran and McDonald (2017})fan
increasing trend in EDGAR usage over time. Our dagalargely consistent with this trend through 20As noted
above, the sample years 2012-2015 represent augpingaita for those firms available in 2011. The idaaj
sample coverage after 2011 appears to relate awitership changes, rather than survivorship ispaese. To this
point, the decline in coverage after 2011 also actar Standard & Poor’s (S&P) 500 firms, which &mge and
stable. Further, untabulated results show thatsfittmat fall out of the sample are broadly simitathtose that remain
on dimensions such as size and growth.

" The largest proportional difference between thifiee sample and Compustat is in banking and iasce:
whereas 13% of our sample firms are in bankingnsutiance, roughly 25% of Compustat firms are. Saisple
underrepresentation could be due to financialtustins’ use of other means to acquire informationtained in
filings, such as Bloomberg terminals, or becausarftial institutions are more likely to scrapenfils using bots,
which our selection criteria exclude (see the Gnippendix).
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and market value) and more profitable than thecgldirm in Compustat. These differences are
expected, given our selection criteria and the SEE@onymization of the last octet of IP
addresses—smaller firms have fewer IP addressearariikely to search less in total. Still, our
results should be interpreted with these charatiesiof the sample in mind.

Notwithstanding these comparisons, our sample cdiffier from the broader Compustat
universe in less observable (and less innocuougs.vWar example, the limited sample
coverage, due to requirements for hand-matchiraggtResses, could reflect some kind of
unknown systematic selection bias. We conduct emtdit tests, detailed in Section 3.3 below, to

address these concerns.

3. Investment opportunities and information flows
3.1. Variable measurement and descriptive stasistic

Our sample comprises the Cartesian product of eddeairs of rival firms, searching firm
and searched firqn Thus we model information flows among rivals gsafirm-pair design.
This design provides a degree of fineness uniquieetditerature; we can account for a variety of
economic fundamentals shared by the two rival firmthie pair as well as characteristics
specific to the broader product space and spdoifeach firm.

Our first goal is to examine the effects of thenfs andits rivals’ investment opportunities
on information acquisition. Our firm-pair measufergerfirm information acquisition,
Information acquisitior)t, is equal to the number of firfSECfilings downloaded from the
EDGAR database by firmin yeart (but excluding search by the firm for its ownrfiis)® By

using a firm-pair measure as the primary dependanmeble, we are modelirigs search for a

8 This measure captures the acquisition of thesfadictrum of SEC filings, as we expect most SEC $oane
useful to rivals. For example, while the 10-K arglyecontains the stalest information, it also comgahe greatest
depth of quantitative and qualitative informatioearly all of which is audited. In contrast, th&&s narrow in
scope but also timely and often includes detaituibmportant company events, such as earningasete
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given rivalj, as distinct from’s total search for all rivals. To capture each firm’s istveent
opportunities, we use its market-to-book asseis,ras used extensively in prior research (e.g.,
Jung et al., 1996), defined as total assets prisidrket value of equity less the book value of
equity, all scaled by total assets (e.g., Ninilet2009)°? We employ market-to-book as a
measure of investment opportunities, becauseaifasward-looking measure that captures
prevailing market views on a company’s prospeatstHer, it is suitable for a pairwise, cross-
sectional research design, which allows us to seéglgridentify how variation im's and inj’s
investment opportunities relatesi® average acquisition of rivals’ filings.

Because information flows are generally unobseradoh important element of our
contribution is to provide initial evidence of otfandamental economic factors that relate to
information flows between rivals. Firm-pair factanglude measures of product similarity and
return correlation, which account for shared ecacarposures of the two firms—for instance,
to common revenue streams, capital market pressuregput markets (de Bodt et al., 2018;
Hoberg and Phillips, 2010a; Lieberman and Asab@620ro capture compliance uncertainty,
the firm-pair factors also include an indicatorighte equal to one if the firms share the same
auditor during the year (e.g., Hanley and Hobe@d,03. In addition, we include a measafehe
distance between the headquarters of the firmisempair to capture shared exposures to local
economic risks and regulations.

Finally, we examine a number of characteristiceaxth searching firmand searched firm
For symmetry, we include proxies for profitabilitgyerage, size (total assets), firm age, and

sales growth for both firmand firmj. We also include measures of key characterisfitiseo

% Measuring investment opportunities is empiricalyallenging (e.g., Frank and Goyal, 2003). Our aggh to
deal with this issue is threefold. First, we empfogrket-to-book assets (see Table 2), which isofitlee most
frequently used measures of investment opportsniSecond, we employ two quasi-experimental shtcks
investment opportunities (see Tables 3 and 4).llyiria untabulated analyses, we employ investnoguortunities
proxied by Tobin’9Q, as do Erickson and Whited (2012), and find resgdinerally consistent with those in Table 2.
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searching firm’s product market—namely, measurgegaduct market instability and market
concentration (Hoberg et al., 2014). In additiar,the searchegdfirms, we include measures of
industry leadership, information supply (i.e., nienbf filings), and financial distress. See
Appendix A for full variable definitions.

Table 1 presents summary statistics for the vaegat?anel A shows thatformation
acquisition; is right skewed, with a median of zero, a meaapgroximately one, and a
standard deviation of approximately five. Thesaigalare low by construction, because the
pairwise measure covers the entire product mane@dIC3 industries are fairly broad,
meaning that most firms within the industry areyominor rivalsi® Panel B presents selected
univariate correlations. (The Online Appendix présea complete correlation table.) The
correlations suggest a low multicollinearity rigkdaare generally intuitive. For instance,
information flows are strongly positively correldteith firm-pair product similarities and
negatively correlated to the geographic distan¢eéen the firms in the pair.

3.2. Results—the influence of investment opporésnin information flows

We begin with tests of the effects of the firm’slats rivals’ investment opportunities on
information acquisition. The results are presemtebable 2. As the dependent variable
(Information acquisitior)) is a count variable and a likelihood ratio tegjgests
overdispersion, we use the fixed effects negatimerhial model of Hausman et al. (1984)
(Cameron and Trivedi, 2013).In each panel of Table 2, Columns 1, 3, and Sepriethe

coefficients from estimating the model, while Cohs2, 4, and 6 present the estimated

10 5till, search is predictably concentrateithin, rather than outside, the firm’s TNIC3 industry-eghe Online
Appendix for an illustration of intra- vs inter-instry information flows.

11 Because the negative binomial model is a conditiarodel (i.e., not a true fixed effects estimaaml is
potentially subject to the incidental parametersbpgm, we also estimate a Poisson model for Talda@ the
results are similar (see the Online Appendix).
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incidence rate ratio%.Columns 1 and 2 omit year fixed effects and firairgffects, Columns 3
and 4 include only year fixed effects, and Colurarand 6 include year fixed effects and firm-
pair effects. Year fixed effects account for poi@rime-series variation in information
acquisition, perhaps due to changing use of the AR @atabase or macroeconomic effects.
Firm-pair effects control for time-invariant sousogf unobservable heterogeneity unique to each
i, ] pair, though inclusion of these effects reducesstimple size, as there are many firm-pairs
for which search is nil for all years. To easerptetation, we normalize all nonbinary
independent variables to be mean zero and havetanidard deviation. Standard errors are
clustered by firm-pair.

Panel A reports the results for the full sampléque004—2015 using our verified sampte.
We find that the coefficient on the searching fisrmarket-to-book is consistently positive and
statistically significant across the specificatioo@nsistent with information acquisition being
sensitive to the firm’s investment opportunity 3&hen we identify the result strictly on
variation within each firm-pair (i.e., when we indk firm-pair effects), the incidence rate ratio
suggests a one standard deviation increase in ta@adb®ok corresponds to about a 5% increase
in information acquisition, on average, of filingseach firmj in firm i’s product space. We
similarly find evidence thaivals’ investment opportunities influence informatiorgacsition.

The coefficient on firm market-to-book is positive and significant in gflecifications; again
focusing on Columns 5 and 6, we find that a onedsted deviation increase in firjis market-

to-book corresponds to a roughly 3% increasésiacquisition of its information. All together,

12 The incidence rate ratio (IRR) can be interprditezlan odds ratio. For example, an IRR of 1.2 igpthat the
predicted value of the dependent variable is 2gigreater, given a one unit increase in the inltignt variable,
holding constant other regressors.

13 Our results are robust to clustering by searcfimgor limiting the sample period to 2004-2011¢($&ection
2).
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the results support the premise that investmenbppities are associated with information
flows.

Other economic factors also relate to pairwiserimfation flows. We find that the rival pair's
product similarities and return correlation havghity significant effects, consistent with the
intuition that shared capital market outcomes ardroon economic exposures increase
information flows between the firms. We similarlgd that firm-pairs that share the same
auditor access more of one another’s filings, ardepairs that are more geographically
proximate. These findings are consistent with pwork that suggests audit firms convey unique
compliance pressures (Dunn and Mayhew, 2004) andhthition that geographic proximity
captures shared local economic factors and bresaiidrity.

Firm-specific attributes with clear effects on infation flows include firm’s product
market fluidity (Hoberg et al., 2014), which hasamsistently negative and statistically
significant coefficient across the specificationBis finding runs counter to the intuition that
uncertainty induces information acquisition busugpported by theory that product market
instability can make it more difficult to extractdsion-relevant information from rivals’ public
filings (e.g., Moscarini, 2004). The effect of firs market concentration is positive and highly
significant, consistent with the hypothesis of Hgpand Phillips (2010b) that firm-specific
information is more informative and less costhatmuire in more concentrated industries. We
also find that search for firfnis greater if the firm is an industry leader, fied that is
incremental to the positive effect of figs size. These effects suggest firsearches more for
firm | asj becomes a larger and more dominant rival, indigatin outsized role for industry

leaders in reducing uncertainty (e.g., Gilbert himberman, 19873*

14The mean variance inflation factor (VIF) for ouradyses is 1.37, with a maximum VIF of 2.61 Kize:. All
other VIFs are less than 2, which indicates thdtioullinearity likely does not affect our inferees.

15



3.3. Alternative sample construction

As discussed in Section 2, the verified sampl®imsewvhat incomplete as a result of the need
to hand-match IP addresses. To address concerosthimincompleteness, we create an
alternative sample called the “predicted samplat th based on a predictive self-search
methodology, as discussed in greater detail irQthiine Appendix® The intuition for this
sample is that users often search for the companwrsfilings more than for other firms’ filings.
For example, in untabulated results, we find tis&rsi from Apple’s IP addresses tend to search
for Apple’s own SEC filings at about ten times th&e they search for the next-most searched
firm’s (Alphabet’s) filings. Thus, by using the tRat disproportionately searches for a given
company as a proxy for the company itself, we damiify the search patterns of many
additional firms. This approach identifies 1,272 6®@m-pair observations, about five times
more than the verified sample.

Table 2 Panel B presents the results of the amalyased on this predicted sample. We find
that the results are similar in sign and magnitiodine effects we show in Panel A. For example,
the coefficients on firni's market-to-book and on firfis market-to-book remain consistently
positive and significant across the specificatidrige overall consistency of these results with
those in Panel A suggests the influence of unknpetantial biases related to the construction of

the verified sample is minimaf.

15 We thank the referee for proposing this novel apph.

16 Another potential issue is that some firms pregetite early part of the sample period but missmtpe latter
part are entirely omitted from the verified samgle.be clear, familiar forms of survivorship, sumhthose related
to delisting or most forms of bankruptcy, are miizietl because they do not necessarily cause agaassit of |IP
addresses. Still, to the extent some firms areingsthe results based on our verified sample cbaldubject to
survivorship concerns. Thus, as an additional rotess test, the Online Appendix presents the easlhg the
subsample of firms that are members of the S&P Bh8se firms are larger and more stable and therefiguably
less susceptible to the kinds of events that géyenaderlie survivorship concerns than the averfage in the
sample. Our findings for Table 2 are similar whemwge this subsample as well.

16



3.4. Quasi-natural experiments: 2011 federal gowsgnt budget crisis and tariff reductions

Measuring the investment opportunities of the fasnwell as those of its rivals is empirically
challenging and subject to some measurement esorpted elsewhere (e.g., Erickson and
Whited, 2012). Thus, we employ two shocks to isofdausibly exogenous variation in the
firm’s and its rivals’ investment opportunitieseth).S. federal government budget crisis,
beginning in 2011, and staggered import tariff iauns. Unlike other shocks to investment
opportunities used in the literature (e.g., statel tax rate changes), these shocks are symmetric
in the sense that each has the same directiorai &ffi the investment opportunities of the firm
andits rivals. The shocks are also unrelated to @doér, which adds to the tests’ discriminant
validity; each shock creates substantial and pbdyisixogenous variation in investment
opportunities, but other causes and consequendhas shocks have little in common. Similar
results in two dissimilar contexts point to investrhopportunities as an important mechanism
that drives information flows.

The U.S. budget crisis and subsequent sequestizgen after the Republican Party re-
gained control of Congress in early 2011 and ukedHreat of default as leverage in
negotiations with President Obama to secure pasdape Budget Control Act (“BCA”). The
BCA led to both a substantial immediate cut in gowgent spending and reduced expectations
about growth in government spending, which acteainasnexpected shock to current and future
expected demand for industries that generate #isignt portion of their revenue from U.S.
government contracté. While the changes in fiscal policy had potent@imomy-wide
implications, the effect on a given firm’s investmi@pportunities is most direct for companies

that count the U.S. government as a major custohiarefore we can use this shock to employ

17 For example, while the FY 2010 budget proposaltarcamounts appropriated were similar ($10 billess
than requested), in FY 2011, appropriated amouste 115 billion less than the amount originallguested. We
provide further detail on the passage of the BCA tlwe events surrounding it in the Online Appendix.
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a difference-in-differences design on the basisr@uctions in product demand for contractors
reduced their and their rivals’ investment oppoitiaa®

To identify industries most affected by this shosk, use the linking table developed by
Brogaard et al. (2019) to match contracts fromRéderal Procurement Data System with firms
in Compustat. We measure the percentage of firev&@nue derived from government contracts
in 2010 and classify firms for which U.S. governmeontracts accounted for more than 5% of
their revenue as firms for whidtigh contract, an indicator variable, equals one. We then
interact an indicator variable for years 2011-2@GA, with High contract to identify the
differential effect of the shock for government trantors on interfirm information acquisition
relative to other firmsThus we estimate a difference-in-differences regoesofinformation
acquisitionjt onHigh contract andBCAxHigh contract, using 2008-2010 as the pre-period
and including a large set of economic factors agrots (as in Table 2).

The results of this analysis are presented in TablaVe find that the coefficient on the
interaction oBCA with High contract is negative and statistically significant. Theueiibn in
current and future demand for government contradtoassociated with a reduction in
information acquisition among contractors of appmately 59%, a large effect consistent with
the magnitude of the immediate and potential langeffects of budget sequestratién.

Next, we use plausibly exogenous reductions in mnawiffs. Fresard (2010) provides

evidence that these declines in tariff rates atevi@d by substantial increases in import

18 press reports during the period highlighted tivestment cuts likely to follow sequestration. Frample, see
https://www.cio.com/article/2394658/government/sesitation-threatens-tech-firms--dod-contractors-aational-
security.html.

191n Table 3 and those that follow, we tabulatgailwise (,j) control variables (as distinct from those that ar
searching firm- or searched firm+ specific), given that the research design empbagiairwise search activity of
one firm for a rival firm’s SEC filings. The Onlinppendix presents Tables 3-8 with full tabulatidrcontrols.

20 This result is robust to multiple design adjustteeRor example, the results are similar in ecorand
statistical significance when we exclude 2008 {thencial crisis) or limit the sample period to 20-P011.
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penetration and reductions in domestic firms’ matkebook ratios’! Fresard (2010) also shows
these tariff reductions are not clustered in a i§ipgueriod, are not systematically related to
several dimensions of affected firms’ ex ante friag and performance characteristics (such as
profitability), and are not fully anticipated bywaty markets. Thus tariff cuts represent plausibly
exogenous reductions in investment opportunitieshie domestic firm and its domestic rivals,
via an increase in foreign competitiém.

We collect product-level import data from the Uditgtates International Trade Commission
(USITC) for the period 2004—2014 at the four-d@I€C industry level, similar to that compiled
for earlier periods by Feenstra (1996) and Feers$tah (200273 As in prior studies, these data
are limited to manufacturing firms (four-digit Stodes between 2000 and 3999). We calculate
the ad valorem tariff rates for each industry-yesithe duties collected by U.S. Customs divided
by the free-on-board value of imports. We follovegard (2010) and create an indicator variable,
Tariff cutt, which equals one if firmexperienced a negative change in tariff ratesighiiree
times the median change and not followed by anvedgt increase in the following two years.
To examine the effect of the tariff reductions pnformation flows among rivals, we regress the
measure of interfirm search @mriff cut: and the firm-pair and firm-specific variables désed
in Section 3.1.

The results are presented in Table 4. We findtesstally significant reduction in the level
of search for rivals’ filings following unanticipad tariff reductions—the coefficient drariff

cutt is negative and significant. The economic magwitatithe effect is substantial: the

2! Fresard’s (2010) findings are consistent with Eimiesults in other studies, including those ofrized et al.
(2006) and Tybout (2003). Huang et al. (2017) farthalidate that the tariff cuts are associateth witreases in
imports and declines in market-to-book of domefitins during our sample period.

22 Because few foreign firms file with the SEC, oests cannot speak to changes in search by dorfiesticfor
foreign rivals after the tariff shock. We have nedtiction of whether such search for foreign rivatsuld increase
or decrease: while the domestic firm’s investmegogartunities are lower following a tariff cut, foga rivals’
investment opportunities are greater, so the rietebn search is unclear.

2 We end the sample in 2014 due to limitations oiff import data.
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incidence rate ratio corresponding to the coefiiic@n Tariff cut: is roughly 0.87, suggesting a
13% decline in the average acquisition of rivailggs.2*
Overall, the findings from these two shocks reioéoour interpretation that public

information flows are highly sensitive to the fisrand its rivals’ investment opportunities.

4. Information flows and subsequent investment desions

In this section, we examine the predictive powepublic information flows for investment
decisions. Information acquisition facilitates aetlearning, so the data can be applied to study
not only factors associated with information flogxssante, but also the relation between these
flows and ex post firm decisions. Thus we can ptewevidence ohowthe acquired information
is used, assuming the information’s role in theddag firm’s corporate strategies is
subsequently revealed in its investment activisesh as by changes in product positioning.

Given the unique pairwise structure of the datafaees our tests on pairwise external and
internal investment outcomes. We separately exaedternal and internal investment decisions,
because corporate information problems are diftdi@rthese decisions. To examine external
investments, we focus on the role of informati@wi in executing M&A. M&A are vital to
implement the strategic direction of the firm baotal substantial information asymmetries
between acquirers and targets (e.g., Hoberg arlippBh2010a; Betton et al., 2008). Consistent
with the literature showing uncertainty inhibits¥@stment (e.g., Guiso and Parigi, 1999), these
asymmetries imply a strong incentive for firms & targets ahead of deals. Issues of adverse
selection are less severe for internal investmamstead, a principal source of uncertainty stems
from interactions with rivals. Internal investmemsgproduct and service development require

simultaneously evaluating rivals’ investments tswge the firm’s actions advance its positioning

24 These results are robust to instead using a nmvegaitiomial model with industry and year fixed effe which
yields a difference-in-differences design simitathat used by Fresard (2010) and BalakrishnarCareén (2014).
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with consumers. In this vein, to examine interm&kistments, we focus on the role of
information flows in setting capital and R&D levelsd selecting product investments.
4.1. Facilitating external investments: Mergers audjuisitions

Following the intuition that public information céelp resolve uncertainties inherent in
M&A, Rossi and Volpin (2004) show that the qualiiydisclosures is positively related to the
percentage of a country’s traded companies thatageted for acquisitions. They interpret the
evidence as suggesting that “good disclosure exagsary condition for identifying potential
targets” (p. 283). Our analyses extend this basigtion in three ways. First, we directly
measure information flows between the acquirertargkt in event time surrounding M&A
announcements. Because M&A are discrete investeantts, these event-study analyses help
identify wheninformation flows help resolve M&A uncertainty andtigate concerns that
information acquisition relates only indirectly (®puriously) to investment. Second, we examine
the product similarity of the acquirer and targetasource of heterogeneity in the predictive
power of information flows for acquisitions. Pubiidormation is plausibly more important for
differentiating or diversifying acquisitions, agarmation asymmetries are likely higher the
more dissimilar the acquirer is relative to theyédr Third, we test a potential externality of
public firm presence for private firms—the use ablic rivals’ disclosures ahead of acquisitions
of private targets, whose information is publighaccessible ex ante.

We identify each firm’s U.S. acquisition targetsngsSecurities Data Company (SDC)
Platinum, limiting our analyses to acquisitions ammced between January 1, 2004 and
December 31, 2015. We link acquirer and target ®u8lacquirer and target CIK using the
Wharton Research Data Services (WRDS) SEC Anal@idSIP-CIK link table and identify

acquirers’ GVKEY using the WRDS SEC Analytics GVKEXK link table. In all cases, we
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exclude share repurchases and minority stake atqgnssbut retain deals even if they are
eventually withdrawn or result in less than 100%mevghip by the acquirer.
4.1.1. Information flows in event-time around M&Anauncements

To begin, we examine abnormal information flowsametn firm-pairs in the months before
and after M&A transactions between the firms. Bigisually depicts abnormal information
acquisition by public acquirers for public targetevent time, plotting abnormal information
acquisition by acquiring firmmfor SEC filings of target firmp by month, relative to the month it
is publicly announced thawill acquirej (month = 0). We measure abnormal information
acquisition as the count of firits monthly EDGAR downloads of the target firm’sriigs less
the count of firm’s monthly downloads of a propensity-score matatmutrol firm that is not an
acquisition target of firni.>> We construct this measure relative to nontargetdito isolate the
incremental effect of search due to the M&A itsel,firms plausibly search for and vet other
potential targets ahead of an acquisition.

Fig. 1 shows that abnormal search builds in thethwleading to acquisition
announcements, particularly within the three montimeediately prior. The most salient feature
of the figure is the sharp peak in acquirer-tangietrmation acquisition in the month of the
announcement, which corresponds to roughly fivetdimes more search activity than the
average for the first six months in the figure.(irmonths -12 to -7). In addition, abnormal
information acquisition remains elevated for selveranths after the acquisition announcement.

Thus acquirer-target information acquisition appéaarbe important in multiple stages of the

25 We calculate the propensity score by conductimmiging firmi-year specific logistic regressions of potential
targetg, controlling for size, market-to-book, leverageturn on assets (ROA), plant, property, and equippme
(PP&E), logged cash holdings, firm age, a blockhoiddicator, and industry indicators of each fjr(Eckbo,
2014). The control firm chosen is the non-acqufied j in the year prior to the acquisition that haspghgpensity
score closest to the acquired fiym
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M&A process—nboth for identifying potential targets well as during due diligence, as more
employees become involved to execute the acquisitio
4.1.2. Predicting public firm M&A with public inforation flows

Next, we empirically examine the predictive powgpairwise information flows for
subsequent M&A decisions. That is, we address tiestipn: can information flows between
two firms predict the subsequent merger of thased? Predicting the targets of M&A
transactions is empirically challenging (Routle@gl., 2016; Betton et al., 2008), and on top of
that, very little research predicts deals at thellef acquirer-target pairs. We illustrate the
usefulness of our measure in this context by regrg#cquisition;«+1, an indicator variable
equal to one if public firnh acquires public firmp in yeart+1, oninformation acquisitior): and
other firm and firm-pair characteristics that coplédict an acquisition biyof j. Thus, in this
analysis, we use search activity in calendar yéapredict acquisitions announced in calendar
yeart+1.

Panel A of Table 5 presents the prediction resfltee logit model. The coefficient on
Information acquisitior) is positive and highly significant, suggestingttheeater acquisition of
rival firm j information by firmi int is associated with an increase in the probalihiayi
acquireg in yeart+1. The coefficient is relatively stable acrosstlalee specifications and the
effect is economically significant: the odds ratiodicate a one standard deviation increase in
information acquisition relates to a 55%—61% inseci the oddsacquireg in yeart+1.

Fig. 2 illustrates this predictive power based dRegeiver Operating Characteristics (ROC)
curve analysis, which evaluates the performandbeoprediction model based on its ability to
accurately classify acquisitions as occurring drouzurring based on a given set of regressors.

WhenInformation acquisitior); is the sole explanatory variable in the predictioodel, the area
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under the curve is about 0.73 (untabulated), wiiadonventionally considered acceptable
discrimination (Hosmer and Lemeshow, 2000). Whenftii model is used, the area under the
curve increases to more than 0.89, which represaetlent discrimination. When we compare
the discriminatory power of all the regressors,fivd thatinformation acquisitior): provides
more discriminatory power to predict firm-pair acgjtions than any other variable
(untabulated). In sum, the results show that infdrom flows are highly predictive of M&A
activity, with discriminatory power that is econamily meaningful.

We also examine the predictive ability of infornaattilows based on variation in the
similarity of the acquirer and target—that is, lthea the level of information asymmetries
between the firms. In Panel B of Table 5, we exphedegression by interacting information
acquisition with firm-pair product similarity. Thesults show that information flows are a
weaker predictor of a subsequent acquisition wherptoduct similarity of the pair is higher.
We interpret this as evidence that public inforimaiis especially important to alleviate
information asymmetries ahead of acquisitions ofentssimilar targets. That is, the more
dissimilar the target—and thus the more uncertaactyirers likely have regarding deal
structure, integration risks, etc.—the more usfoi information appears to be for facilitating
the purchase.

4.1.3. Predicting private firm M&A with public infimation flows

Finally, we examine a potential externality of gabirms’ disclosures, which can act as an
alternative source of information about privatgéts. Unlike for public targets, information for
U.S. private firms is publicly unavailable. As &udt, potential acquirers without access to
private accounts must use alternative informatmuraes to identify and vet potential targets.

One possibility is that acquirers use the discleswf other public firms that are close rivals of
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potential private targets, perhaps to evaluatestrgiisales trends or recent innovations in the
product space. If so, the implication would be th&drmation acquisition of public rivals
disclosures in yedarwould predict public firm’s acquisition of a private firm ifis product
space in yeart1, consistent with public firm presence creatingrdormational externality that
extends to private firms.

To test this prediction, we regre3gvate acquisitior+1, an indicator variable equal to one
if public firm i acquires a private firm in the same two-digit $lifle as public firm in year
t+1, onInformation acquisitior): and other predictors. We rely on SIC codes fa #malysis
because text-based similarity measures are unblefiar private firms. We present the results
in Table 6. In Panel A, we find that the acquisitaf j’s information has strong predictive power
for i’s acquisition of a private target jis product space, and Panel B shows that this gredi
power is substantially stronger when the acquinerthe target do not share the same four-digit
SIC—that is, when information asymmetries are higiée interpret this finding as evidence of
an externality of public firm information, whichrtact as a partial substitute for information
that is typically unavailable for private companies

Overall, the findings illustrate firms’ use of pudbfirm information to facilitate external
investments, suggesting that requiring transpareiepublic disclosure requirements could aid
in M&A. The cross-sectional tests also illustratei@portant interaction with product market
characteristics and the target’s information envinent—information flows better predict
acquisitions when information asymmetries are hsgith as when an acquisition is

differentiating or when little public informatiorxists for the target.
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4.2. Facilitating internal investments: Capex leydR&D levels, and product differentiation

Firms advance their competitive position via comtins investmerf® However, both the
optimal level of investment and the optimal selactdf projects are unknown to the manager.
The firm’s private information set is certainlyteral to resolving these uncertainties, but peer
information is also plausibly important. For exam@{roger might acquire Walmart’s
disclosures to gauge its investments in distributioIT systems, or Delta might acquire Alaska
Airlines’ disclosures to better gauge capacity groplans on the West coast. Consistent with
this intuition, Durnev and Mangen (2009) and Bagtdrer et al. (2013) find that peers’
disclosures provide information useful for the fismapital investment decisions.

Yet theory and empirical work leave it unclear hiows use rivals’ information for
simultaneously setting investment levels and silggrojects. A relatively straightforward view
is that information signals from rivals’ disclosareonverge prior beliefs about potential
investments (e.g., Lieberman and Asaba, 2006; Dmvemd Welch, 1996), which can lead the
firm to invest more similarly to rivals. This vielas some support from Bustamante and Fresard
(2018), who find that firms increase investmentagponse to increases in the investment of
product market peers. They interpret their evidarwesistent with a learning perspective,
whereby public information about peers creates gadous complementarity in investment
decisions. Models of endogenous product differéntiayield similar predictions. For example,
in Hellwig and Veldkamp (2009), agents’ informatiacquisition incentives inherit the same

strategic motives as the agents’ actions, so ianaegwith strategic substitutability, agents prefer

26 For example, Shaked and Sutton (1987) explainiticistries become more concentrated “because the
possibility exists, primarily through incurring atidnal fixed costs, of shifting the technologid¢edntier constantly
forward towards more sophisticated products.” AgEdon (2007) notes of the supermarket industiffirfns that
fail to match the quality increases of their riveésinot survive.”
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to acquire information others do not have. The ewcgdiimplication is that firms acquire less
public information about the rivals from which they amgrig to differentiate.

Other theory and empirical work suggest alternativ@r example, a number of models
predict growth-deterring or pre-emptive investm@ng., Gilbert and Lieberman, 1987;
Fudenberg and Tirole, 1983). If firms use rivatdormation largely to learn about these
capacity commitments, greater information acquisittould predict less similar investment
levels. Similarly, greater information acquisitioould predict less similar product choices.
Product differentiation strategies are risky, imtfecause competitors move simultaneously;
rivals’ position in the product space is not stafibus a strong incentive to acquire information
about a rival is to ensure product investmentsterdee desired separation.

We test these competing incentives with a desigmtakour prior analyses. Retaining the
pairwise structure of the data, we examine the ltiekveen pairwise information flows and
changes in pairwise product similarity and pairwiseestment similarity. Using measures of
pairwise similarity allows us to speak to fiita investment decisions, relative to the riyaifor
example, how changes its products, relativej® products—as a function 66 acquisition of
j’s information. For investment similarity, we focas changes in the pairwise similarity of
capital and R&D expenditures. We measure the chamgjienilarity of capital expenditures
(R&D expenditures) as negative one multiplied by ¢thange in the absolute difference in firm
i's and its rival firmj’s annual capital expenditures scaled by laggeetfixssets (R&D expenses
scaled by total sales) between yeandt+1.2” We measure encroachment, the change between

yeart andt+1 in product similarity, using the Hoberg and sl (2010a) similarity score, as

27 The measurement of capital expenditures scaldikéy assets and R&D expenses scaled by revenues is
consistent with variable measurement in prior reteancluding Hennessy et al. (2007) and Frank Sinein (2016),
among others. When R&D expense is missing in Cotapuse set it equal to the industry-year mean,rehe
industry is measured at the two-digit SIC code llefelowing Koh and Reeb (2015).
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above. We winsorize the dependent variables dirsteand 99" percentiles to reduce the
influence of outliers and again include firm-paxed effects, so variation in information
acquisition is relative to other years for the sdimme j, not to other firms in the cross-section.

Table 7 reports the results for changes in painmgestment similarity, and Table 8 presents
the results for changes in pairwise product sintiées. In both tables, we include specifications
interacting information flows with firm-pair produsimilarities, following the intuition above
that firms’ use of rivals’ information plausiblyfters depending on pairwise product
positioning. In Table 7 Panel A, we find a positagsociation between pairwise information
flows and the ex post change in investment sintides;i consistent with acquired information
being used to help set investment levels. Thetegullable 7 Panel B show that information
flows predict future R&D mimicking more strongly wh the product similarity of the firms is
lower—again, when information asymmetries are Rfgh.

In Table 8 Panel A, we find that greater pairwis®imation flows prediclower levels of
subsequent product similarities between the riat;gvidence consistent with the use of public
information to facilitate product differentiatiomable 8 Panel B suggests that this ex post
differentiation, relative tg, is stronger the more similais toj ex ante?® Together, these results
suggest that information flows help facilitate farwf both mimicking and differentiation; on
average, the acquisition of a rival’s public inf@tion leads to more similar investment levels
but more dissimilar product choices, consistenhviiims seeking information to avoid under- or

over-investment but also to create separation fiwais’ product offerings.

28 Our measure of R&D similarity is subject to a hitggree of kurtosis, even after winsorization.l Stie use
this measure in the tabulated results to avoidtaadil data adjustments, as even extreme chandge&bncould
reflect learning. However, in untabulated robussrtests, we find that the results in Table 7 PArfer R&D
similarity are somewhat sensitive to the preseridheoextreme values in the measure of R&D sintijathe results
in Table 7 Panel B (i.e., the interaction term) aamtonsistent, regardless of additional stepgnteore extreme
values.

29 An equivalent interpretation is that acquired imfiation appears to be used relatively more for pcod
mimicking when the firms are ex ante dissimilar.
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The findings suggest an important nuance to thentominterpretation of peer effects.
Consistent with prior work, our results supporenfitm learning as a mechanism for more
similar investment levels among rivals (e.g., Bostate and Fresard, 2018). However, this
effect does not imply more homogeneous choice#l inneestment decisions. The firm can
benchmark investment levels relative to rivals diilk seek to differentiate on product or service
quality, variety, or other dimensions best suitedd strengths and competitive positioning. This
approach reduces the risk the firm falls behingbtess and product improvements but also
ensures brand distinction, which can improve custdoyalty, pricing power, etc. (e.g., Aaker,
2011). The broader implication is that peer effectsnot easily reduced to a single dimension,
and pairwise similarity in the product market appda be an important conditioning variable

for how firms use rivals’ public information.

5. Conclusion

Interfirm information flows play an important roile investment theory but are rarely
examined empirically because they are generallyps@wable. We develop a direct measure of
these information flows at tHem-pair level. This measure allows us to construct an asgtnc
directed network of information acquisition thalesteps many of the problems inherent in other
measures of corporate learning, such as those lbaseformation supply endogenous to
investors’ demand (e.g., Veldkamp, 2006). The tesuggest information flows among public
rivals are closely related to investment decisidmgestment opportunities drive information
flows, and firms appear to use acquired informaiiomultiple contexts, including in M&A,
setting capital investment and R&D levels, anddéig differentiating product investments.
Our results illustrate the important role of pubkiformation acquisition in shaping firm-pair

interactions, contributing to the empirical work corporate investment and peer effects.
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Our novel data should be useful in future resed@ete promising avenue for future work
would be to further explore the underlying reasoersain characteristics of the product space,
such as product market fluidity, are systematicaigociated with differences in information
acquisition among rivals. Better understandingnteehanisms for these relations is important in
part to illuminate costs to disclosing firms of rdated filings, as the acquisition of competitor
information sometimes benefits both the firm obitagrthe information and the one disclosing it
(e.g., Smith, 1981). Future work could also exantiveespecific content of regulatory filings to
provide further evidence on the type of informationwhich competitors search and explore
how this information acquisition relates to subsagunvestment behavior.

Because our data have the dimensionality to measiires learning within corporate
rivalries, they also allow for more direct testseafipirical predictions in a number of other
topics. Examples include the literature on inforimatcascades (e.g., Anderson and Holt, 1997),
monitoring (e.qg., Shroff et al., 2014), and anstrtopics, such as collusion (e.g., Porter, 2005;
Green and Porter, 1984). The data could also lndgtl to capture the acquisition of public
firm filings by other important audiences, suclpasate firms, auditors, nonprofits, regulators,
etc. (e.g., Bozanic et al., 2017; Drake et al. DQ0%uch research could help to reveal the roles of
public information flows in resolving uncertaintiaad aiding in corporate (and noncorporate)
decision-making.

Future work also has the opportunity to make impments to the data. One limitation of
our study is that sample coverage is limited. Fatuork could progressively relax the selection
criteria we impose to build out the sample of seiag firm IP addresses. Relatedly, there could
be more refined methods that yield a more compgtherand more accurate sample based on

predictive self-search. There could also be altereanethods that help address the possibilities
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that firms could mask their IP addresses or thatesproportion of search behavior is due to
extraneous reasons, such as employees’ day trdelinigper, future work could identify methods
to better capture the searches of smaller firms;hlmvould help to guarantee the

generalizability of findings.
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Appendix A
Variable definitions

This table presents details on the definition amhgutations of all variables in the papendexes searching
firms, j indexes searched-for firms, ahohdexes years. Compustat data codes are in bold.

Dependent variables
Information acquisitior);

Encroachmentf; o t+k
ACapex similarity+1

AR&D similarity;jt+1

Public acquisitior,+1

Private acquisitior,t+1

Firm-pair regressors
Product similarity;,

Return corrjt
Same auditgy
Log(Distance)

Firm-level regressors
Product market fluidity

TNIC HHI

SiZQt
Market-to-book ratig

Leverage
ROA;

Sales growth
Firm age;

Total product similarity
Log(Caskhy)

PPE.

Log(Filings),:

Leader;

The total number of firmfilings downloaded from the SEC’s EDGAR
database by firmin yeart.
Product similarity; ++k-Product similarity;,.

-1*(|Capexw1-Capex+1| - |Capex-Capex:|), whereCapex; equals

firm i’s net capital expenditures in ydacaled by lagged total fixed
assets(capxvi +-sppe. ;)/ppenti t1.

-1*(|R&D; +1-R&Dj1+1] - R&Di-R&D;.|), whereR&Di equals firm’s
research and development expenses intyszaled by sales,
xrdi/sale . Missing values okrdi; are set to the industry-year mean,
where industry is measured at the two-digit SICecladel, following
Koh and Reeb (2015).

An indicator variable equal to one if public fiiracquires an ownership
stake of more than 50% in public fifnm yeart+1 (SDC).

An indicator variable equal to one if public filracquires an ownership
stake of more than 50% in a non-public firm in daene two-digit SIC
as public firmj in yeart+1 (SDC).

The cosine similarity between firits and firmj’s product word vectors
during yeait (Hoberg and Phillips, 2010a).

The correlation of daily stock returns for fiinrand firmj during yeat
(The Center for Research in Security Prices (CRSP))

An indicator variable equal to one if firnand firmj share the same
auditor during year (Audit Analytics).

The natural log of one plus the distance in kiloenebetween the
headquarters of firmand firm;.

The cosine similarity between firits product word vector and the
aggregate change vector of rivals’ product wordsh@tg et al., 2014).
The Herfindahl-Hirschman sum of squared marketeshbased on the
Hoberg Phillips TNIC3 industry classification (Hobeet al., 2014).
The natural log of firni’'s total assetdpg(ati ).

Market-to-book assets ratio of firm(ati i+ prcc_fi* cshoi --cegi+-
thbi,t)/ati,t.

Book leverage of firm, (dici -+ dltti ;)/ati ..

Return-on-assets of firmibi /ati 1.

Sales growth of firni, (sale +-sale +.1)/sale t.1.

The number of years firinhas been included in the Compustat
database.

The sum of pairwise similarities between firmnd its competitors
within a given year (Hoberg and Phillips, 2016).

The natural log of firni’'s cash and investments scaled by total assets,
log(chi/atiy).

Firmi’s net plant, property, and equipment, scaled kgl tssets
ppent; /ati ;.

The natural log of one plus the total number dafdé posted on
EDGAR by firmj in yeart.

An indicator variable equal to one if firphas the largest volume of
sales for firm’'s TNIC3 industry (Hoberg and Phillips, 2016) inay&
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Distress:

Blockholdey:

Industry M&A 1.1

Tariff cuf

BCA
High contract

An indicator variable equal to one if firjis Altman’sZ score,

(3.3 pij+salg i+ 1.4 rg o+ 1.2(act Ictj))/at;, is in the bottom 10
percentile of the Compustat universe in year

An indicator variable equal to one if an individshlareholder owns
more than 5% of firnj’s shares outstanding in ydar

An indicator variable equal to one if there werergees and
acquisitions of publicly listed firms within firjis Fama-French 48
industry classification in yearl.

An indicator variable equal to one if the negatitange in the ad
valorem tariff rates for firni's industry in yeat is at least three times
the median change and not followed by an equivatenéase in the
following two years, as in Fresard (2010).

An indicator variable equal to one for the year$ 2e2013.

An indicator variable equal to one if U.S. govermmeontracts
accounted for more than 5% of fii's revenue in 2010 (Federal
Procurement Data System).

33



Appendix B
Sample composition

The table presents details on the sample composaier time and across industries. Across all |satiee
“verified sample” consists of 3,931 sample firm-@e€79 unique firms) for which we have identifieshrch
activity on EDGAR for the sample period (2004—201&pompustat” consists of all firms in the HobemgaPhillips
universe that have total assets greater than $ibménd financial data available on Compustat%32,firm-years).
Panel A presents the number of unique searchingfiry year and in total. Panel B provides the ayepmoportion
of firms over the sample period (2004—2015) that ihe Fama-French 30 industry classificationdoth the
verified sample and the Compustat sample. Paneb@des descriptive statistics for both the vedfe@ample and
the Compustat sampl€otal assetss defined asitit, Market value of equitis defined agrcc_fit* cshoit, andSales
turnoveris defined asale /ati: (Compustat variable names are bold and in italisk)ariables are winsorized at
the first and 99 percentiles. *, **, and *** indicate significanca the 0.10, 0.05, and 0.01 levels, respectively.

Panel A: Coverage of unique searching firms

Year 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 Total

Verified sample 244 273 318 372 428 450 440 386 314 277 232 197 579
Of S&P 500 107 110 115 129 145 153 150 135 111 97 87 77 196

Panel B: Industry composition relative to Compustat

Proportion

Industry (Fama-French 30) Verified sample ~ Compustat-stat for difference
Food Products 0.030 0.018 5.33%*
Beer & Liquor 0.007 0.002 7.36%**
Tobacco Products 0.008 0.001 8.93***
Recreation 0.021 0.017 2.03*
Printing & Publishing 0.007 0.007 0.23
Consumer Goods 0.016 0.009 4.33***
Apparel 0.013 0.010 1.41
Healthcare, Medical Equipment, Pharma Products 80.08 0.127 7.17%**
Chemicals 0.019 0.017 0.87
Textiles 0.000 0.002 -2.29**
Construction and Construction Materials 0.012 0.019 -3.24***
Steel Works, etc. 0.010 0.009 0.63
Fabricated Products and Machinery 0.033 0.026 2.67***
Electrical Equipment 0.008 0.014 -3.13%**
Automobiles and Trucks 0.016 0.012 2.05**
Aircraft, Ships, and Railroad Equipment 0.009 0.006 2.07*
Precious Metals, Non-Metallic, and Metal Mining 00 0.007 -1.17
Coal 0.000 0.002 -3.66%**
Petroleum and Natural Gas 0.028 0.043 -4 4 2%
Utilities 0.053 0.022 12.00%**
Communication 0.033 0.026 2.70%*
Personal and Business Services 0.112 0.113 -0.24
Business Equipment 0.118 0.100 3.46***
Business Supplies and Shipping Containers 0.019 100.0 5.70***
Transportation 0.047 0.023 9.47***
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Wholesale 0.049 0.026 8.75%**

Retail 0.066 0.043 6.87***
Restaurants, Hotels, and Motels 0.021 0.015 2.84***
Banking, Insurance, Real Estate, Trading 0.130 .24 -16.36%**
Other 0.024 0.031 -2.27**

Panel C: Summary statistics relative to Compustat

Verified sample Compustat t-stat for difference
Total assets ($m) Mean 12,464 4,287 17.12%*
Median 2,331 622
Std 29,693 13,545
Market value of equity ($m) Mean 11,066 2,816 18.65***
Median 2,155 430
Std 27,635 8,124
Market-to-book Mean 1.82 1.92 -5.17%*
Median 1.45 1.36
Std 1.14 1.56
Leverage Mean 0.24 0.22 7.56%*
Median 0.21 0.15
Std 0.21 0.23
Return-on-assets Mean 0.02 -0.04 29.14x*
Median 0.04 0.01
Std 0.12 0.24
Sales turnover Mean 1.02 0.80 16.56***
Median 0.82 0.60
Std 0.80 0.79
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Fig. 1. Abnormal information acquisition around M&A annoemeents. This figure plots average abnormal
information acquisition by public firmfor public target firmj’s EDGAR filings in monthly event time relative to
the announcement of firits acquisition of firmj. We measure abnormal information acquisition asiimber of
acquiring firmi’s monthly downloads of the target fir's EDGAR filings less the count of firifs monthly
downloads of a propensity-score matched, non-taxgatol firm,j. We calculate the propensity score by
conducting acquiring firn-year specific logistic regressions of potentiafjédsj, controlling for size, market-to-
book, leverage, ROA, PP&E, logged cash holdings) fige, a blockholder indicator, and industry iatlics of
each firmj (Eckbo, 2014). The control firm chosen is the maquired firmj in the year prior to the acquisition that
has the propensity score closest to the acquiret fiData on M&A transactions are retrieved from SO@&tiRum
and purged of share repurchases, acquisitionsrepablic targets, and minority stake acquisitiddse Appendix
A for variable definitions and Appendix B for sammharacteristics.
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Fig. 2. Predicting future corporate acquisitions using\pee information flows. This figure plots the Regi
Operating Characteristic (ROC) Curve for predicting future acquisition of target firfrby acquiring firm based
on information flows between thg firm-pair. The ROC curve derives from the logitadebpresented in Table 5
Panel A Column 3.
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Table 1
Sample descriptive statistics

This table provides descriptive statistics andelations for each variable in the verified samplee sample
covers the period 2004 to 2015 and includes 252,87 irm-pair-years. Dependent variables and firm-pair
regressors are at thgt level, whera indexes searching firmgindexes searched firms, anthdexes years.
Searching-firm regressors are at ithdevel; searched-firm regressors are atj thievel. Panel A presents summary
statistics for all variables in the verified sampPanel B presents correlations among selectedhlas; see the
Online Appendix for the full correlation table. $pman’s rank correlations are reported below thgatial and
Pearson correlations above the diagonal. Dateeatgated to each searching firm’s TNIC3 indusbgsed on the
Hoberg and Phillips (2016) text-based network induslassification schema. All continuous variabées
winsorized at the first and 99ercentiles. See Appendix A for variable definito

Panel A: Summary statistics

mean sd pl0 p25 p50 p75 p90
Dependent variables
Information acquisitior); 1.083 4.626 0 0 0 0 1
Encroachment; o t+1 -0.009 0.031 -0.039 -0.017 -0.005 0.006 0.020
ACapex similarity+1 0.016 0.374 -0.234 -0.060 0.000 0.081 0.274
AR&D similarity; jt+1 -0.166 5.416 -0.214 -0.007 0.000 0.005 0.181
Acquisition; 1 0.0004 0.021 0 0 0 0 0
Private acquisitiof,+1 0.140 0.347 0 0 0 0 1
Firm-pair regressors
Product similarity;« 0.049 0.047 0.004 0.013 0.033 0.073 0.120
Return corrj; 0.293 0.220 0.0230 0.109 0.267 0.454 0.612
Same auditqy; 0.207 0.405 0 0 0 0 1
Log(Distance), 6.430 1.541 4.478 5.971 6.815 7.560 7.848
Searching-firm regressors
Product market fluidity 8.746 3.792 4.242 5.921 8.104 11.18 14.19
TNIC HHI; 0.114 0.081 0.041 0.067 0.092 0.133 0.207
Sizey 8.123 2.090 5.349 6.821 7.954 9.610 10.92
Market-to-book ratig 1.830 1.367 0.969 1.039 1.320 2.054 3.227
Leverage 0.218 0.205 0.000 0.056 0.173 0.323 0.478
ROA -0.002 0.158 -0.143 -0.003 0.022 0.064 0.117
Sales growth 0.114 0.385 -0.171 -0.044 0.057 0.180 0.380
Firm age; 26.60 17.02 10 13 20 40 56
Total product similarity 14.09 16.80 1.857 2.960 5.305 21.28 46.09
Log(Cashy -2.961 1.443 -5.028 -3.865 -2.746  -1.829 -1.253
PPE. 0.201 0.246 0.007 0.018 0.084 0.298 0.644
Searched-firm regressors
Sizey 6.806 2.058 4.089 5.430 6.779 8.145 9.498
Market-to-book ratig 1.864 1.479 0.950 1.014 1.268 2.066 3.553
Leverage 0.202 0.215 0.000 0.0213 0.137 0.315 0.497
ROA -0.054 0.252 -0.307 -0.026 0.010 0.051 0.103
Sales growth 0.179 0.671 -0.188 -0.043 0.064 0.212 0.490
Firm agg; 19.78 14.25 7 10 15 24 44
Log(Filings),: 3.855 0.572 3.135 3.466 3.850 4.234 4.605
Leader; 0.015 0.122 0 0 0 0 0
Distress: 0.022 0.145 0 0 0 0 0
Log(Cashy -2.983 1.651 -5.095 -4.093 -2.857  -1.657 -0.947
PPE; 0.200 0.259 0.006 0.017 0.069 0.293 0.673
Blockholdey; 0.812 0.391 0 1 1 1 1
Industry M&A -1 0.904 0.295 1 1 1 1 1
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Panel B: Correlation table (selected variables)

1) ) @) (4) ©) (6) @) (8 9) (10) (11) (L2
(1) Information acquisitior; 1 -0.025  -0.005 0.002 0.047 0.016 0.083 0.181  4.05-0.092 0.007 0.002
(2) Encroachmentit 1o t+1 -0.010 1 -0.000 -0.005 -0.017 0.039 -0.296 0.011 -0.001 01®. -0.005 0.014
(3) 4Capex similarityj +1 -0.007  -0.001 1 0.006 0.000 -0.016 -0.010 -0.005 0.001 004. 0.007 -0.008
(4) AR&D similarity; j 1 0.005 0.016 0.004 1 0.002 0.007 0.003 -0.004 0.001 -0.0040.065 -0.025
(5) Acquisition+1 0.026  0.001 -0.002 0.004 1 0.045 0.008 0.007 0.004 -0.009.001 0.001
(6) Private acquisitiof,t+1 0.021  0.046 -0.023 0.015 0.024 1 0.057 -0.015 0.024 @.01-0.002 0.044
(7) Product similarity;,t 0.075  -0.156 0.002 0.010 0.009 0.069 1 0.029 0.031 -0.010.067  -0.061
(8) Return cory;t 0.216 -0.016 -0.000 -0.023 0.009 -0.007 0.025 1 0.082 53®. -0.135 -0.125
(9) Same auditoy;: 0.070  0.002 0.003 0.002 0.004 0.022 0.029 0.088 1 -0.010.031 0.036
(10) Log(Distance) -0.097  0.014 -0.005 -0.005 -0.003 -0.009 -0.032 -0.067 08.0 1 -0.019  -0.025
(11) Market-to-book ratig 0.040 -0.012 -0.022 0.014 0.002 0.027 -0.178  -0.112 0.0490.051 1 0.321
(12) Market-to-book ratip 0.064  0.003 -0.018 0.012 0.002 0.050 -0.147  -0.038 0.0660.028 0.476 1
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Table 2
The associations between information flows amowaisiand economic fundamentals

This table presents the results of negative binbragressions of the total number of fijrfilings downloaded
from the SEC’s EDGAR database by fifrduring yeatt (Information acquisitior)) on firm-pair characteristics,
searching firm characteristics, and searched-for firoharacteristics. For each panel, Columns 1 ang&ept the
coefficients from estimating the model, while Cohs2 and 4 present the estimated incidence ratesrathe
coefficients, standard errors, and incidence raies in Columns 5 and 6 are estimated using ezl feffects
negative binomial model of Hausman et al. (1984talare restricted to each searching firm’s TNIQRistry,
based on the Hoberg and Phillips (2016) text-bas#dork industry classification schema. Panel Asprgs the
results using our verified sample and Panel B mtsgte results using a predicted sample of IPesdds based on
self-search patterns. The construction of the ieetiind predicted samples is outlined in Sectian@the Online
Appendix. All continuous variables are winsorizedhe first and 99 percentiles. We normalize all nonbinary
independent variables to have a mean of zero andiatd deviation of one and cluster standard ebpfsm-pair.
See Appendix A for variable definitions. The sampdgiod covers 2004-2015. *, ** and *** indicatgsificance
at the 0.10, 0.05, and 0.01 levels, respectivelptailed).

Panel A: Verified sample

(1) (2) ) (4) (%) (6)

Variables Coeff IRR Coeff IRR Coeff IRR

Market-to-book ratig 0.131%** 1.140 0.132%** 1.141 0.053*** 1.054
(0.014) (0.015) (0.009)

Market-to-book ratig 0.264*** 1.302 0.225%** 1.252 0.029%** 1.029
(0.017) (0.017) (0.010)

Product similarity; 0.439%** 1.551 0.444%+* 1.560 0.138*** 1.148
(0.016) (0.017) (0.009)

Return corr;j; 0.491*** 1.634 0.489%** 1.630 0.085%** 1.088
(0.017) (0.019) (0.010)

Same auditqy; 0.308*** 1.360 0.297*** 1.346 0.103*** 1.108
(0.034) (0.034) (0.020)

Log(Distance);; -0.272%** 0.762 -0.266*** 0.767 -0.086*** 0.917
(0.013) (0.013) (0.008)

Product market fluidity -0.336*** 0.715 -0.406*** 0.667 -0.136*** 0.873
(0.016) (0.018) (0.010)

TNIC HHI; 0.189*** 1.208 0.188*** 1.206 0.044*** 1.045
(0.015) (0.016) (0.008)

Size: -0.278*** 0.758 -0.242%* 0.785 -0.250%** 0.779
(0.028) (0.029) (0.016)

Leverage 0.114%** 1.121 0.110%** 1.116 0.106%*** 1.112
(0.018) (0.018) (0.0112)

ROA: 0.110%** 1.117 0.067*** 1.069 0.014 1.014
(0.016) (0.016) (0.009)

Sales growth 0.003 1.003 0.048*** 1.049 0.006 1.006
(0.010) (0.011) (0.007)

Firm age; 0.152%** 1.164 0.147%** 1.158 0.150%** 1.162
(0.019) (0.020) (0.012)

Size: 0.484*** 1.622 0.385%** 1.469 0.280%*** 1.324
(0.026) (0.026) (0.015)

Leveragg 0.127%** 1.135 0.127*** 1.135 0.006 1.006
(0.017) (0.017) (0.010)

ROA: -0.046** 0.955 -0.048** 0.953 -0.004 0.996
(0.023) (0.023) (0.012)

Sales growth -0.016 0.984 -0.019 0.981 -0.023*** 0.977
(0.013) (0.012) (0.007)

Firm age: 0.106*** 1.112 0.089*** 1.093 -0.012 0.988
(0.016) (0.016) (0.010)
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Log(Filings),:
Leader;
Distress:
Observations

Firm-pair effects
Year FE

0.154%+
(0.016)
0.386%**
(0.062)
-0.248*
(0.128)

252,370
No
No

1.166

1.471

0.780

0.310%*
(0.019)

0.419%+
(0.064)
-0.267*
(0.120)

252,370
No
Yes

1.364

1.521

0.766

0.040%*
(0.009)
0.101%**
(0.037)
-0.044
(0.083)

74,917
Yes
Yes

1.041

1.106

0.957
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Panel B: Predicted IP address sample

(1) (2) 3) (4) (%) (6)

Variables Coeff IRR Coeff IRR Coeff IRR

Market-to-book ratig 0.203*** 1.226 0.216*** 1.241 0.1171%** 1.118
(0.008) (0.008) (0.006)

Market-to-book ratig 0.272%** 1.313 0.261*** 1.298 0.075*** 1.078
(0.008) (0.008) (0.005)

Product similarity;« 0.259*** 1.295 0.276*** 1.318 0.106*** 1.111
(0.008) (0.008) (0.006)

Return corrj: 0.487** 1.627 0.449*** 1.567 0.142%*=* 1.152
(0.007) (0.008) (0.005)

Same auditqy; 0.118*** 1.125 0.135*** 1.144 0.047*** 1.048
(0.016) (0.016) (0.012)

Log(Distance);; -0.247%* 0.781 -0.245%** 0.783 -0.120*** 0.887
(0.006) (0.006) (0.005)

Product market fluidity -0.176*** 0.838 -0.244** 0.784 -0.076*** 0.927
(0.008) (0.009) (0.006)

TNIC HHI;¢ 0.131%*= 1.139 0.110*** 1.116 0.054**=* 1.056
(0.007) (0.007) (0.005)

Size: 0.242%*= 1.274 0.277*** 1.319 0.190*** 1.209
(0.010) (0.010) (0.009)

Leverage 0.100%** 1.106 0.106*** 1.112 0.086*** 1.090
(0.007) (0.007) (0.006)

ROA: 0.006 1.006 -0.007 0.993 0.048*** 1.049
(0.008) (0.009) (0.007)

Sales growth 0.056*** 1.057 0.066*** 1.068 0.001 1.001
(0.007) (0.007) (0.005)

Firm age; 0.121%** 1.129 0.096*** 1.101 0.097*** 1.102
(0.007) (0.008) (0.006)

Sizey 0.350%** 1.418 0.282*** 1.326 0.199*** 1.220
(0.010) (0.011) (0.008)

Leverage 0.151%*= 1.163 0.155*** 1.168 0.053*** 1.054
(0.007) (0.007) (0.005)

ROA: -0.052%** 0.949 -0.028*** 0.972 -0.002 0.998
(0.009) (0.009) (0.007)

Sales growth 0.025*** 1.026 0.029*** 1.029 -0.015*** 0.985
(0.006) (0.006) (0.004)

Firm agg; 0.132%** 1.141 0.115%** 1.122 0.095*** 1.100
(0.007) (0.007) (0.005)

Log(Filings); 0.249*** 1.283 0.390*** 1.477 0.123*** 1.131
(0.007) (0.008) (0.005)

Leader; 0.756*** 2.130 0.802*** 2.231 0.169*** 1.184
(0.033) (0.034) (0.022)

Distress: -0.119* 0.888 -0.042 0.959 0.065 1.067
(0.067) (0.069) (0.045)

Observations 1,279,692 1,279,692 240,141

Firm-pair effects No No Yes

Year FE No Yes Yes
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Table 3
Information flows among rivals and shocks to inwesnt opportunities—the U.S. federal government leudgsis
This table presents the results from estimatinfpdihce-in-differences regressions of the total inemnof firm
j filings downloaded from the SEC’s EDGAR databagéitm i during yeat (Information acquisitior);) on a
shock to investment opportunities for governmemti@actors during a governmental budget criBi€4; x High
contract). We use unexpected reductions in U.S. governsgending in 2011-2013 due to the passage of the
Budget Control Act of 2011 as a shock to investnogtortunities, via a reduction in product demaord f
government contractors. We identify firms that smbject to the shock as those firms for which lg@&ernment
contracts accounted for 5% or more of total revéni®010 High contract= 1). We then create an indicator
variable for the calendar years 2011-20BG4 = 1) and interact it witlidigh contract Column 1 presents the
coefficients from estimating the model, while Coluth presents the estimated incidence rate ratiata &re
restricted to each searching firm’s TNIC3 indusbgsed on the Hoberg and Phillips (2016) text-bas#dork
industry classification schema. The model inclufit@s-pair characteristics, searching fiincharacteristics, and
searched-for firmp characteristics and uses the fixed effects neg&iivomial regression model of Hausman et al.
(1984). All continuous variables are winsorizedhat first and 99 percentiles. We normalize all nonbinary
independent variables to have a mean of zero andiatd deviation of one and cluster standard elpfsm-pair.
Some controls are untabulated for brevity and cbradithe following variablesvarket-to-book ratiq, Market-to-
book ratig;, Product market fluidity, TNIC HHI, Size;, Leveragg, ROA, Sales growth, Firm age:, Sizg:,
Leverage, ROAy:, Sales growth, Firm age:, Log(Filings);, Leadey:, andDistress:.. See Appendix A for variable
definitions and the Online Appendix for the tabigdatof all control variables. The sample period&mv2008—
2013. *, ** and *** indicate significance at theX®, 0.05, and 0.01 levels, respectively (two-thile

1) (2)

Variables Coeff IRR

BCA x High contract -0.888*** 0.412
(0.098)

High contract 0.389*** 1.475
(0.101)

Product similarity;« 0.162*** 1.175
(0.013)

Return corrt 0.082*** 1.085
(0.015)

Same auditqy; 0.062** 1.064
(0.029)

Log(Distance); -0.047*** 0.954
(0.011)

Observations 37,543

Controls included Yes

Firm-pair FE Yes

Year FE Yes
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Table 4
Information flows among rivals and shocks to inwesnt opportunities—industry-level import tariff sut

This table presents the results from estimatingassions of the total number of fifjrfilings downloaded
from the SEC’s EDGAR database by fifrduring yeatt (Information acquisitior)) on a shock to investment
opportunities based on tariff cutsafiff cut). We use plausibly exogenous changes in tariffsras a shock to
investment opportunities, via an increase in fare@igmpetition. The indicator variabl€ariff cut;, is constructed as
follows: we first collect product-level import dat@am the United States International Trade Comimis§USITC)
for the period 2004-2014 at the four-digit SIC istty level, similar to that compiled for earlierrjpels by Feenstra
(1996) and Feenstra et al. (2002). We then caketlet ad valorem tariff rates for each industryrygesathe duties
collected by U.S. Customs divided by the free-onftovalue of imports. We follow Fresard (2010) amehsure
unexpected tariff cuts as a negative change iff tates that is at least three times the mediamghk and not
followed by an equivalent increase in the followimg years. Column 1 presents the coefficients festimating
the model, while Column 2 presents the estimateidi@mce rate ratios. Data are restricted to eaatthimg firm’'s
TNIC3 industry, based on the Hoberg and Philligsl@) text-based network industry classificationesoh. As in
prior studies, these data are limited to manufaeguirms (four-digit SIC codes between 2000 an@89 The
model includes firm-pair characteristics, searcHing i characteristics, and searched-for firoharacteristics and
uses the fixed effects negative binomial regressiodel of Hausman et al. (1984). All continuousiatales are
winsorized at the first and 9ercentiles. We normalize all nonbinary independaniables to have a mean of zero
and standard deviation of one. Standard errorslastered by firm-pair. Some controls are untatealdor brevity
and consist of the following variabldglarket-to-book ratig, Market-to-book ratig, Product market fluidity ,
TNIC HHIt, Sizey, Leveragg, ROA, Sales growth, Firm age:, Sizg:, Leveragg, ROAy, Sales growth, Firm
age., Log(Filings):, Leadey:, andDistress.. See Appendix A for variable definitions and the i@alAppendix for
the tabulation of all control variables. The samgdeiod covers 2004-2014. *, **, and *** indicatgsificance at
the 0.10, 0.05, and 0.01 levels, respectively (taited).

1) 2)

Variables Coeff IRR

Tariff cuf -0.139*** 0.870
(0.038)

Product similarity;« 0.174%* 1.190
(0.016)

Return corrj; 0.056*** 1.058
(0.017)

Same auditqy; 0.085** 1.089
(0.036)

Log(Distance); -0.158%** 0.854
(0.015)

Observations 24,425

Controls included Yes

Firm-pair effects Yes

Year FE Yes
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Table 5

The predictive ability of pairwise information fl@dor future acquisitions
This table presents the results from regressioffistofe M&A activity between,j firm-pairs @cquisition;+1)
on information flows between the rival-painformation acquisitior);), measured as the total number of firm
filings downloaded from the SEC’s EDGAR databasdifoy i during yeat. Panel A presents the results of logit
models examining factors associated with futureusitipns of public firmg by firmsi. The dependent variable is
an indicator variable set to one if fiinacquires public firm in yeart+1. Panel B examines cross-sectional
variation in the associations between informatioguésition and future acquisitions based on thelpeb similarity
of firmsi andj. To isolate information flows among rival firmdyservations must fall within acquiring firiis
product space [text-based industry classificatiassn Hoberg and Phillips (2016)]. All continuotagiables are

winsorized at the first and 99ercentiles. In both panels, we normalize all mioaty independent variables to have
a mean of zero and standard deviation of one. &tdretrors are clustered by firm-pair. Some coataoé

untabulated for brevity and consist of the followwariablesMarket-to-book ratiq, Market-to-book ratigQ,
Product market fluidity, TNIC HHI;, Size;, Leverage, ROA:, Firm age:, Total product similarity, Log(Cashy,
PPE;, Size, Leveragg, ROAy:, Firm age:, Log(Cash}, PPE;, Blockholder;, andIndustry M&A.1. See Appendix
A for variable definitions and the Online Appendix the tabulation of all control variables. Thergde period
covers 2004-2015. *, ** and *** indicate significae at the 0.10, 0.05, and 0.01 levels, respegt{teb-tailed).

Panel A: Information flows between the rival-pairdasubsequent pairwise acquisitions

(1) 2)
Acquisition;,1 Acquisition;,«+1 Acquisition+1
Variables Coeff QOdds ratio Coeff QOdds ratio Coeff dddratio
Information acquisitior), 0.479*** 1.614 0.441%+* 1.554 0.463*** 1.589
(0.028) (0.043) (0.045)
Product similarity;: 0.555%** 1.742 0.544x** 1.724
(0.099) (0.100)
Return corr;jt 0.163 1.177 0.303** 1.354
(0.116) (0.122)
Log(Distance); -0.059 0.942 -0.056 0.946
(0.083) (0.084)
Observations 252,370 252,370 252,370
Controls included No Yes Yes
Firm-pair FE No No No
Year FE No No Yes
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Panel B: Information flows and subsequent pairvéisquisitions—product similarity heterogeneity

1) 2
Acquisition;+1 Acquisition;+1

Variables Coeff Odds ratio Coeff Odds ratio

Information acquisitior); 0.468*** 1.598 0.492*** 1.635
(0.040) (0.042)

Information acquisitior); x Product similarity;, -0.063** 0.939 -0.066** 0.936
(0.027) (0.027)

Product similarity; 0.757** 2.131 0.756*** 2.129
(0.112) (0.112)

Return corr;jt 0.158 1.171 0.301** 1.351
(0.114) (0.120)

Log(Distance); -0.062 0.940 -0.057 0.945
(0.082) (0.083)

Observations 252,370 252,370

Controls included Yes Yes

Firm-pair FE No No

Year FE No Yes
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Table 6
The predictive ability of public firm informationdws for future acquisitions of private targets

This table presents the results from regressioffistofe private-firm acquisitiondfivate acquisitior +1) on
public rival-pair information flowsltformation acquisitior);), measured as the total number of fjrfilings
downloaded from the SEC’'s EDGAR database by fiduring yeat. Panel A presents the results of logit models
examining factors associated with future acquisgiof private firms by firmg where the acquired firm has the
same two-digit SIC code as firmThe dependent variable is an indicator variabtésone if firmi acquires a
private firm in the same two-digit SIC code as fjrin yeart+1. Panel B examines cross-sectional variation in the
associations between information acquisition andr&acquisitions of private firms based on whetheracquired
firm is in the same four-digit SIC code as botimf&i andj. To isolate information flows among rival-pairs,
observations must fall within acquiring firris product space [text-based industry classificetj@s in Hoberg and
Phillips (2016)]. All continuous variables are wimigzed at the first and $%ercentiles. In both panels, we
normalize all nonbinary independent variables teeh@ mean of zero and standard deviation of orendard errors
are clustered by firm-pair. Some controls are wnitgted for brevity and consist of the following idnles:Market-
to-book ratig;, Market-to-book ratig, Product market fluidity, TNIC HHI;, Size;, Leveragg, ROA:, Firm agex,
Total product similarity;, Log(Cash}, PPE;, Size;, Leveragg, ROA:, Firm age:, Log(Cash), PPE;,
Blockholdef, andIndustry M&A.1. See Appendix A for variable definitions and theli®e Appendix for the
tabulation of all control variables. The sampleigeticovers 2004-2015. *, **, and *** indicate sidiciance at the
0.10, 0.05, and 0.01 levels, respectively (twoetd)i

Panel A: Information flows for public firms and agsjtions of private firms

1) (2) 3)
Private acquisitiof,i+1 Private acquisitiof,i+1 Private acquisitiof,t+1
Variables Coeff QOdds ratio Coeff QOdds ratio Coeff ddd ratio
Information acquisitior), 0.042*** 1.043 0.065*** 1.067 0.075*+* 1.078
(0.006) (0.006) (0.007)
Product similarity; 0.194*** 1.214 0.203*** 1.225
(0.009) (0.009)
Return corr;jt -0.042*** 0.959 0.029*** 1.030
(0.008) (0.009)
Log(Distance), -0.011 0.990 -0.009 0.991
(0.007) (0.007)
Observations 252,370 252,370 252,370
Controls included No Yes Yes
Firm-pair FE No No No
Year FE No No Yes
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Panel B: Acquisitions of private firms—industrydregeneity

1) )
Private acquisitiof,t+1 Private acquisitiof,i+1

Variables Coeff Odds ratio Coeff Odds ratio

Information acquisitior), 0.083*** 1.086 0.092*** 1.096
(0.010) (0.010)

Information acquisitior): x Same SI; -0.063*** 0.939 -0.061%** 0.941
(0.013) (0.013)

Same SIG: 0.753*** 2.123 0.704+* 2.021
(0.017) (0.018)

Product similarity; 0.082%** 1.085 0.097*** 1.102
(0.009) (0.009)

Return corrj; -0.091*** 0.913 -0.022** 0.978
(0.008) (0.009)

Log(Distance), -0.015* 0.985 -0.013* 0.987
(0.007) (0.007)

Observations 252,370 252,370

Controls included Yes Yes

Firm-pair FE No No

Year FE No Yes
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Table 7
Information flows and subsequent rival-pair invesiinmimicking

This table presents the results from regressiohainges in investment similarities betwégfirm-pairs
(4Capex similarity;+1 or AR&D similarity;;+1) on information flows between the rival-painformation
acquisition;;), measured as the total number of fjrfilings downloaded from the SEC’s EDGAR databagditm
i during yeat. To capture changes in investment similarities ewamine firm-pair level changes in capital
expenditures (scaled by lagged fixed assets) aadges in research and development expenses (dgasedes).
Panel A presents the results of Ordinary Least @3u@LS) regressions examining factors associatdthe
change in similarity between firirand firmj's capital expenditures and between firamd firmj's research and
development expenses. Panel B examines cross+z@ct@riation in the associations between inforomati
acquisition and investment similarities based @egtoduct similarity of firms andj. To isolate information flows
amongi,j rival-pairs, observations must fall within firiis product space [text-based industry classificetj@s in
Hoberg and Phillips (2016)]. All continuous varieblare winsorized at the first and"gercentiles. We normalize
all nonbinary independent variables to have a noéaero and standard deviation of one. Standaateare
clustered by firm-pair. Some controls are untaladdor brevity and consist of the following variebiMarket-to-
book ratig;, Market-to-book rati, Product market fluidity, TNIC HHI, Size:, Leveragg, ROA, Sales growth,
Firm age;, Siz¢:, Leveragga, ROA, Sales growth, Firm age:, Log(Filings):, Leadey;, andDistress:. See
Appendix A for variable definitions and the OnliAppendix for the tabulation of all control variablé, **, and
*** indicate significance at the 0.10, 0.05, an@Dlevels, respectively (two-tailed).

Panel A: Pairwise information flows and pairwise@stment similarity

1) (2)
Variables ACapex similarity; i1 AR&D similarityij+1
Information acquisitior), 0.006** 0.005*
(0.003) (0.003)
Product similarity;« -0.017%*** 0.022***
(0.005) (0.005)
Return corr;jt 0.032*** 0.001
(0.006) (0.005)
Same auditqy; 0.068*** -0.058***
(0.014) (0.012)
Log(Distance); 0.024* 0.021
(0.013) (0.014)
Observations 204,555 218,208
R-squared 0.293 0.373
Controls included Yes Yes
Firm-pair FE Yes Yes
Year FE Yes Yes
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Panel B: Pairwise information flows and pairwise@stment similarity—product similarity heterogepeit

) 2
Variables ACapex similarityjt+1  AR&D similarityij 1
Information acquisitior); 0.006** 0.009***
(0.003) (0.003)
Information acquisitior), x Product similarity;, 0.000 -0.011%**
(0.002) (0.003)
Product similarity;, -0.017%*** 0.023***
(0.005) (0.005)
Return corr;j; 0.032%** 0.001
(0.006) (0.005)
Same auditgy;: 0.068*** -0.058***
(0.014) (0.012)
Log(Distance); 0.024* 0.021**
(0.013) (0.014)
Observations 204,555 218,208
R-squared 0.293 0.373
Controls included Yes Yes
Firm-pair FE Yes Yes
Year FE Yes Yes
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Table 8
Information flows and subsequent rival-pair prodsiatilarities

This table presents the results from regressiossila$equent changes in product similarities betwgemal-
pairs Encroachment:w k) on pairwise information flows between the rivllisformation acquisitior);), measured
as the total number of firinfilings downloaded from the SEC’s EDGAR databagdifm i during yeat. Panel A
presents the results of OLS regressions of exgrostuct encroachment on pairwise information flowkere
product encroachment is defined as the changenitesity of firm i’'s products with rival firnj’s products,
measured over three future periods (yéakswherek = 1, 2, or 3). Panel B examines cross-sectiondtian in
the associations between information acquisitich @mcroachment based on the product similarityrofdi andj.
To isolate information flows amonig rival-pairs, observations must fall within firils product space [text-based
industry classifications, as in Hoberg and Phil(ip816)]. All continuous variables are winsorizedre first and
99" percentiles. We normalize all nonbinary independaniables to have a mean of zero and standaridtitmv of
one. Standard errors are clustered by firm-paim&oontrols are untabulated for brevity and cortdise
following variablesMarket-to-book ratiq, Market-to-book ratin, Product market fluidity, TNIC HHI, Sizey,
Leverage, ROA,, Sales growth, Firm age;, Total product similarity, Sizg:, Leveragg, ROA:, Sales growth,
Firm age;, Log(Filings):, Leadef:, andDistressg:.. See Appendix A for variable definitions and theliGs
Appendix for the tabulation of all control variablé, **, and *** indicate significance at the 0.10.05, and 0.01
levels, respectively (two-tailed).

Panel A: Ex post product encroachment

) ) 3)
Variables Encroachmenf; to t+1 Encroachmenfiwow2  Encroachmenii o s
Information acquisitior), -0.008** -0.011%** -0.017***
(0.003) (0.003) (0.003)
Product similarity;« -1.046*** -1.141%x -1.078**+*
(0.008) (0.008) (0.007)
Return corrj; 0.045%** 0.04 7+ 0.011**
(0.005) (0.005) (0.004)
Same auditay 0.000 0.049*** -0.018
(0.013) (0.013) (0.013)
Log(Distance); 0.002 0.009 0.017*
(0.011) (0.009) (0.009)
Observations 240,169 224,311 208,036
R-squared 0.443 0.588 0.679
Controls included Yes Yes Yes
Pair FE Yes Yes Yes
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Panel B: Ex post product encroachment—product aiityl heterogeneity

1) 2) 3)
Variables Encroachmenfiwi:1  Encroachmenfiww2  Encroachmenfiiows
Information acquisitior); -0.005* -0.007** -0.011%**
(0.003) (0.003) (0.003)
Information acquisitior): x Product
similarity; -0.007** -0.010%** -0.015%**
(0.004) (0.004) (0.004)
Product similarity;« -1.045%** -1.139%** -1.077%**
(0.008) (0.008) (0.007)
Return corrj; 0.045%** 0.047*** 0.011*
(0.005) (0.005) (0.004)
Same auditay; 0.000 0.049*** -0.018
(0.013) (0.013) (0.013)
Log(Distance); 0.002 0.009 0.017*
(0.011) (0.009) (0.009)
Observations 240,169 224,311 208,036
R-squared 0.443 0.588 0.680
Controls included Yes Yes Yes
Pair FE Yes Yes Yes
Year FE Yes Yes Yes
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