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Abstract
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1 Introduction

Research and Development (R&D) is an importantc@of competitive advantage for companies. In
particular, investments in upstream research ledtlé creation of new knowledge inside a firm and
also facilitate the absorption of academic ingting’ and researchers’ latest knowledge (Cohen and
Levinthal 1989; Rosenberg 1990). Consequently, sfiimvesting in research may produce radical
inventions which promise greater financial retuingerestingly, many companies involved in R&D not
only absorb external academic knowledge but agtigehtribute to open science by disclosing their

own findings in scientific peer-reviewed journaiigks 1995).

The literature highlights several mechanisms thinowich firms who adopt academic disclosure
practices might benefit. Broadly summarizing, adsgas include increased capacity to absorb external
knowledge, the realization of signaling benefitsalifacilitate access to valuable research inputh s
as hiring of PhD graduates, and the promotion ieihee-based products among professional customers
(Hicks 1995; Stern 2004; Polidoro and Theeke 20H@yvever, the dissemination of research findings
in scientific journals may also lead to unintendembwledge spillovers that facilitate imitation by
competitors and other specific costs associateld thié disclosure process (Arrow 1962; Cockburn et
al. 1999; Kinney et al. 2004, Stuart and Liu 20)hough empirical studies document that firmshwit
scientific publications lodge higher quality pateriCockburn and Henderson 1998; Gittelman and
Kogut 2003; Fabrizio 2009), these studies disregiaedpotential spillover costs caused by scientific
disclosure. It remains unclear therefore whethere@sed R&D productivity by a firm genuinely

translates into higher financial profitability.

In this paper, we address this question and inyatstithe profitability implications of scientific
disclosure. In order to capture all positive angatwe effects, we apply a market value approach
(Griliches 1981; Jaffe 1986; Hall 1993; Hall et 2005). Financial markets react immediately to new
information and anticipate future commercial imations. Thus, this approach avoids making
assumptions about time lags between knowledgeigreatisclosure effects, and the realization of
financial returns. We separate - conceptually angdigcally - the creation of scientific outcomgem
the voluntary disclosure of these outcomes in sifiepeer-reviewed journals. We also provide iiti
insights regarding the broad mechanisms througtthwhcientific publications may create value. A
further distinctive contribution is that unlike thrajority of studies dealing with science in thepoate
context which refer to the biotechnology and phaogical industries, the present paper consideérs al
high-technology sectors. Since sectors differ atiogrto their appropriability conditions (Levin &t
1987; Cohen et al. 2000) which may moderate sgiloiisks of disclosure, we examine sector

heterogeneity in greater detail.

Our empirical analysis uses firm-level informatioom the USCompustatatabase, and matched

scientific publication and patent data for a reprgative sample of 1,739 stock-market listed firms
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(9,920 firm-year observations) from all high-teclogy sectors, covering the period 1996-2006. The
results of our econometric analysis suggest aigestlationship between the scientific publicataf
firms and their Tobin’'s Q. We find evidence thagdosure in high-quality journals, which indicates
active involvement in science, is especially valeatterms of higher stock market premium. However
we detect a certain degree of heterogeneity achigis-technology sectors: whereas scientific
publications are associated with positive retumthe instruments sectors, and to some extentialso

pharmaceutical and biotechnology, we find a negatiwt non-significant tendency in the ICT sectors.

2  Theoretical background

This paper builds on the already large body ofditere examining the relationship between R&D and
market value, and on recent work investigatingdtientific activities of profit-oriented firms. Wit
regard to the former, several studies have exanimetnpact of R&D expenditures, patent stocks and
patent quality indicators on firm value (see H&DQ; Czarnitzki et al. 2006, for surveys; Hall &t a
2005). The majority highlights a positive effectR&D and patent stocks on the firms’ market value,
including a premium for high-quality patents. Moeeent studies have taken into account the strength
of the appropriability regime, complementary asaets knowledge spillovers as moderating factors on
this impact (Cockburn and Griliches 1988; MacGahad Silverman 2006; Belenzon 2012). To date
however, few studies have considered heterogenER&D activities across firms. One exception to
this in accounting literature is the study by Demngl. (1999) which found a positive effect of extang
scientific research on firm value. However thatlgtdid not analyze voluntary contributions of firms
to the stock of open science. Instead, the auttetiesd on non-patent literature references in m’'sr

list of patents as a proxy for scientific reseaMte build on their work and offer a more complete
perspective, with a special focus on the impacthef active participation of firms in the scientific

community, tangibly reflected in scientific publins.

From a conceptual point of view, there are sevexasons why the scientific activities of firms
may have implications for firm profitability. Firmengaging in (basic) research may develop superior
capabilities, in that they may be able to combewhnologically distant knowledge to create invamtio
which are more valuable than those created by ditms. Such firms are potentially able to absorb
external knowledge and identify promising trajesr for applied research and experimental
development, leading to superior inventive outcorfiRssenberg 1990; Cohen and Levinthal 1989;
Gittelman and Kogut 2003; Fleming and Sorenson 2@@brizio 2009). While these studies also
suggest a positive relationship between researdsiments and firm profitability, the potential ts
of basic research are not considered. In partichésic research findings do not necessarily le it
commercial success since translating findings aatiacrete products can be challenging (see Nelson
1959; Rosenberg 1990; Cockburn et al. 1999; Pi2a06).
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Beyond the creation of scientific knowledge, mamgn$ also voluntarily disclose their research
results in scientific journals. Such involvementdpen science may create value through several
mechanisms associated with access to upstream &dgw/land appropriatiofsee Penin 2007 for a
review). With regard to upstream knowledge, disoi@gesearch results may not only increase the
absorptive capacity (Cockburn and Henderson 1998),may facilitate knowledge sourcing from
academic scientists, thanks to reciprocity in kremlge exchange. More specifically, academic scisntis
may be reluctant to interact with scientists frarm§ unless the latter share valuable researchitsesu
(Hicks 1995; Simeth and Raffo 2013). Moreover, siifie publications can be leveraged as a human
resource instrument with regard to PhD graduatesmy\cientists who consider the private sector as a
career option value the possibility of continuingpfication activities, and may seek out firms eriggg
in this practice (Stern 2004; Sauermann and Ro@&B)2 Scientific publications are also considered a
potential appropriability device. Disclosure mageuarage the adoption of science-based products such
as medical drugs or instruments (Azoulay 2002;d@oti and Theeke 2012). Clinicians, as users of
medical instruments, influence procurement decssinruniversity hospitals and are keen to undedstan
about the technological characteristics of the petel Manufacturers of such devices might gaintgrea
credibility among these clinicians by disclosintated information in scientific peer-reviewed joals
Another appropriation-related use of scientific wlments is the establishment of prior art through
disclosure, the aim being to hamper patentingegras of competitors working on similar inventions
(De Fraja 1993; Parchomovsky 2000; Della Malva ldodsinger 2012).

However, the publication process has related cdsts. most obvious of these are unintended
knowledge spillovers that may enable competingditmlearn from the disclosed knowledge (Arrow
1962). Knowledge spillovers may reduce the cosinithtion for competitors, offer the latter insight
into future trends and facilitate their exploratmfralternative technological trajectories. In diah, the
publication process itself can lead to opportummidsts since a firm’s researchers have to prepare
documents which meet the publishing requirementsie&n by journals, interact with referees and
codify tacit knowledge (Kinney et al. 2004). Furinere, firm scientists who publish are more visible
to competing firms, which may impose the need &emtion strategies as their external employment
options increase (Stuart and Liu 2014; Kim and Nake 2005). In summary, the positive and negative
effects of the relationship between corporate saemd firm value underline the need for furthadsgt

in this area.

3 Dataand Methodology
3.1 Data sources

Our analysis was based on a sample of US publipaaias from high-technology industries, as defined

by the OECD (OECD 2011), including pharmaceuticafsl biotechnology, telecommunication
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equipment and semiconductors, aircraft, as wedtamtific and medical instruments. We also inctude
the chemicals sector since it is often recognizedcence-oriented. These industries were a natural
choice as they draw on scientific knowledge asantifactor, while their publication output is vedi
(Cohen et al. 2002; Simeth and Raffo 2013). Fimellelata came from Standard and Po@osnpustat
patent data from th@/orldwide Patent Statistical Databa@@atstat,version April 2014) provided by
the European Patent office, while publication datae from Elsevier'Scopugatabase. As coverage
of Scopushanged considerably in 1996, we were obligedaitclude earlier periods in our analysis.
Moreover, the patent information concerning thetéthiStates Patent and Trademark Office (USPTO)
patents contains the caveat that applications fiefbre 28 November 2000 but not granted are
unobservablé.In order to keep the numbers of patents comparabée time, we therefore only
considered patent applications where we obseneedrdnt within seven years after the applicatide.da
This allowed for the inclusion of patent data ua@iD6. Consequently, the sample covers the timedger
1996-2006, and firms were considered for seledtised upon the criterion that they invested in R&D

in at least one of the years during this period.

Combining firm-level data with publication and patterformation may lead to errors arising from
name-based matching procedures. To achieve higii rates of publication and patent numbers, we
carefully pre-cleaned all firm names by correctmgspellings and removing abbreviations denoting
corporate structure (e.g. “Inc.”). The publicatiand patent matching processes differed as scentifi
publications were retrieved manually from 8eopunline database, whereas patent data was matched
using an offline source. The former is a more tcoasuming process than “automatic” offline
matching, and the latter requires extensive maaolganing of the algorithm-based matching results.
Manual retrieval of publication data enabled uslitectly inspect hits and immediately exclude other
institutions with an identical name. The processxglained in further detail in Appendix A.1. Fbet
offline matching procedure with patent data frora Btatstatdatabase we first pre-tested all names to
detect problematic cases. Firms with ambiguous sanere either excluded directly or marked for
detailed manual inspection once the actual matchimmk place. Second, we applied name
standardization routines both to the names of aorpde firms and the applicant field in tRatstat
database. Third, after testing several matchingriilgns, we identified the one which achieved the
highest recall rate while simultaneously limitirdse positive hits (see Raffo and Lhuillery 2009e
resulting matches were checked manually with paletidocus on firms with atypical input-output i

and those identified in the pre-tests as beingmaice In order to cross-check the quality of oatgmt-

! Scopusextended its journal coverage considerably in 198&entially inducing bias to the econometric
estimations. Sehttp://www.info.sciverse.com/UserFiles/2508.Sci¥e3sopus_Facts_Figures%28LR%29.pdf.

2 The policy change was introduced by the Amerigarehtors Protection Act (AIPA) and concerns allepis
that seek protection in the United States (excefetnis that enter into the PCT procedure for waddwprotection
and “opt-out” cases). As of #qNovember 2000 all patent applications are disclogigh the search report of the
patent examiner after 18 months.
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matching process, we also combined our data wilCibmpustat-NBER dataset (see Hall et al. 2001),
performing regressions on the patent numbers Baisedn our matching and then on Compustat-NBER
matching. The results were consistent. Since thepCigtat-NBER dataset also considers static
ownership structure (for the year 1989), this eisersuggests that our results were not affectesuby
inability to take into account subsidiaries of #tedied companies in the present study. Howeves, it
still theoretically possible that we missed a ral@vnumber of publications when not considering
subsidiaries. To mitigate such concerns, we sedrfireinformation on subsidiaries for some of the
investigated sectors (Biotech SIC 2845 & 2846, $emductors SIC 3674, Instruments SIC 3841 &
3842) and downloaded publications taking into aotdhie names of the subsidiaries using the SEC
security filings (report “10-K"). The correspondimggressions suggested that no bias arose from the

non-consideration of subsidiaries in our analysée(Appendix A.2).

To reduce biases originating from Merger & Acquisit(M&A) activities, measurement errors
and “atypical” firms (e.g. specialized R&D firmstivia majority of shares owned by business groups),
several filters were applied to the sample. Fiostimit potential biases from M&A events, firmstii
large changes in book value were identified basethe criteria of an increase of more than 300% or
decrease of more than 75% over a period of twoesnrisre years (Griliches 1981; Hall and Oriani
2006; Aldieri and Cincera 2009). We only dropped flim-year observation when a large change
occurred. In such cases, we treated the firm isegbent years as a new firm (Griliches and Mairesse
1984). Excluding firms involved in M&A activitiesirely could have led to selection bias since M&A
activities are presumably often based on succe&&il) operations. To address measurement errors
and inaccurate initial knowledge stock computatiovesalso dropped observations with extremely high
(the top 1%) knowledge-to-asset ratioSinally, we excluded firms with fewer than 10 eoyses,
imposed a minimum sales amount of 500,000 USD yamebved firms with an R&D/Sales ratio higher
than one. A firm with no sales generates a highreegf uncertainty among investors in terms of its
survival prospects. Such firms are therefore affardnt structural stage than those already geimgra
a cash flow, the result likely being heterogendoestment on the stock market. In our study, sthee
R&D/Sales ratio filter affected a notable numbeob$ervations, we removed it as a robustnesssiest (

Section 4.4). The final sample size contained 9f#&Byear observations, composed as follows:

-- Insert Table 1 here --

Finally, all financial amounts were adjusted foflation using the Gross Domestic Product (GDP)

deflator.

3 The three measures concernedR&®/A, PAT/R&D, PUB/R&D which are explained in detail in section 3.2.
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3.2 Variables

To construct our dependent variable, we appliedrtéthodology followed by previous related research
and used the Tobin’s Q which represents the rdtm fom’s market value to its book value. Market
value is the addition of the market value of thaiggand the market value of the debts. The forimer
calculated by the number of outstanding sharesplhiati by the stock price at the end of the fisesr,
whereas the latter is approximated using the b@dievof liabilities (Blundell et al. 1999; Hall and
Oriani 2006, Ceccagnoli 2009). The firm’s book \elsi represented by its assets at the end ofdba fi
year. With respect to the independent variables,come measure is the firm's R&D investments which
reflect overall commitment to knowledge productidhe investments in R&D take place in a particular
period, but the returns on these investments metynhaich longer. Therefore, we introduced a stock
measure of R&D. Since knowledge becomes obsoletause of ongoing technological development,
we applied the frequently used perpetual inventoeghod with an annual 15% depreciatidr) (ate
(Griliches and Mairesse 1984; Hall et al. 2005)tHe absence of a strong theoretical justificafan
assuming different rates for the other knowleddateel measures, we not only computed the R&D

stock but also the publication and patent stockcatdrs with the 15% rate as follows:

R&D STOCK, = R&D, + (1 — §)R&D STOCK,_, (1)

Although the computation of the R&D stocks is techhy straightforward, assumptions have to
be made regarding the initial stodR&D STOCK;,) which remains partly unobserved. In our study,
we applied a standardized growth rage for R&D and the other knowledge stock measure8%f
given that our sample contained only high-technplfigns (Hall and Oriani 2006; Hall et al. 200%7).
All knowledge-related measures discussed below@rerdingly constructed as stocks. We constructed
three measures directly related to the firms’ ddieroperations. First, we use a patent-baseccator
to measure outcomes from basic research, andrnbusdatly also measure a firm’'s potential to create
scientific publications(SCIPAT) It is assumed that the existence of a scientibicument in the
backward references of a patent indicates a scieased patent (Narin et al. 1997; Deng et al. 1999)
We identified scientific documents in the Non-P&eiterature (NPL) section of patents’ backward
references using specific keywords and charactabawtions collected via extensive screening of the
raw NPL information. Since this measure capturestaech outcomes but did not depend on the
observation of scientific contributions to acadejoianals, the use &CIPAT jn combination with the

publication-based indicators, enabled us to diffeate between research outcomes and disclosure

4 This applies specifically to firms that do not bavlong pre-sample record@mpustatThe stocks can be (at
least partly) computed with observed values fanéirwith IPO’s before 1996. In formal terms, thdiagiR&D
stock is approximated as followB&D STOCK,, = R&D,, /(6 + g)
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effects® Although this measure of basic research reliespatented outcomes, we nonetheless
considered it to be a reasonable measure, givérotinasample comprised only firms from high-tech

sectors with a high propensity to patent.

Second, we captured the number of voluntary sdientbntributions by computing a stock
measure based on the number of scientific papdskspad by each firnfPUB). Given our use of
SCIPATto measure basic research outcomes, the pubhcataxk should not only reflect research
productivity but also effects deriving from the awsure of results. Moreover, to consider the
heterogeneity of scientific contributions, we imtuged a second measure reflecting their academic
quality (TOPPUB. If firms are able to publish in prestigious joals, it is likely that the degree of
involvement in the scientific community will be higr.Publishing in highly ranked journals is also less
likely to reflect appropriation motives since thabfication process is riskier with higher likelirdsof
rejections and delays imposed by referees’ requestsurther experiments before accepting the
submitted article. In order to overcome potentiatiperfect corrections for field effects and inaata
weightings of articles by impact factors, we dedide rely on a simpler dichotomous distinction by
identifying the top 10% of journals based on theaat factor distribution within the five meta-
disciplines: Life Sciences, Physical Sciences anditeering, Social Sciences, Health Sciences and
General/Interdisciplinary. The computed stock aleaherefore only considered scientific documents

published in these top journals (see Appendix A.3).

In line with previous literature, we included twoeasures reflecting the amount of inventive
outputs and their quality. The absolute amounieéntive outcomes is represented by patent stocks
(PAT) and the quality of the inventive outcom&WA\(DCIT) is measured using forward citation counts
(Hall et al. 2005). To deal with the truncation Ipiem of citation counts, we considered only those
citations that occurred within a five-year windoftea the priority date of our focal patents (Lanjou
and Schankerman 2004; Marco 2007). Finally, weuthet! sector and year dummy variables to take
into account heterogeneous market valuations agrdastries and time (Cockburn and Griliches 1988;
Hall et al. 2005).

3.3 Modd and estimation techniques

In this paper, we analyze the relative market vafdems (Tobin’s Q) as a function of their knowlige
stocks. We rely on the well-established marketedilunction (Griliches 1981, Hall et al. 2005) which

5 Taking into account the possibility tHaCIPATmight not exhaustively capture the basic reseantbomes, we
also included a stock of “original” patents baseadhoe patent originality measure proposed by Tinageg et al.
(1997). The results of this specification are régin the appendix A.4 and are consistent witlsehaf the main
model.
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regards tangible (4 and intangible assets (Kas additives (“hedonic model”). The function dam

formalized as follows:

Vie(Ait, Kit) = qie (Aie, YKir)? (2)

In this equation, grepresents the valuation coefficient of a firmssets, and the parametelows
for the eventuality that knowledge assets are vhllifferently from physical assets. The valuation
coefficient ¢ may vary across time and industries and also sentafirm-specific component. The
factorc represents scale effects and is assumed to egwaidh is also confirmed in our data (Hall et
al. 2005). Applying logarithms on both sides andvimg tangible assets to the left-hand side of the

equation yields the following expression:

Log (Z_ii) =log Q = log q;; + log (1 + )/Z—:Z) + e 3)

Following our theoretical discussion, we separageknowledge intangibles of firms into R&D,
patent stocks, and publication stocks. Since psitmd scientific publications can be regarded resdi
outcomes of R&D inputs, we introduce these additiomeasures as ratios denominated by R&D
expenditures (Hall et al. 2005; Hall and Oriani @0dall et al. 2007), formalized in Equation (4):

R&D
At

i PAT; PUB;
it + y it Lt)

Log (Z—i) = log @ = logq;; +log (1 + 7 2 RaD, t e (4)

In our empirical settingR&D, PAT andPUB represent the respective stock measures computed
using the perpetual inventory method with an assliepreciation rate of 15%. In the full specifioati
we distinguish between the impacts bégic) researctanddisclosureeffects using further measures
that are introduced as ratios and which are orthalgto the main variables. These further variables
reflect science-based inventiol®3IPAT/PAT, the quality of the inventive outpuEWDCIT/PAT), and
the academic impact of scientific outpultQQPPUB/PUB. Consequently, the extended model of

Equation (4) can be written as:

Vi R&D; PAT; PUB; SCIPAT;
Lo (—”) =logQ = logq;: +lo (1 + yi— + S “ —
9z, gQ = logq;; + log Y1, Verzo, T V3ran, T V4 pary
FWDCITj; TOPPUB;j;
+¥s——= —)+ : 5
Vs par, Y6 ~pum, it (5)



Equations (4) and (5) can be directly estimatedgiblon-Linear Least Squares (NLLS). Instead, OLS
regression models can be applied only by usingffpeoximation log (1+x) ~ x. Nevertheless, higher
values of x lead to imprecisions in the estimat#d@me. An important concern is the potential pnese

of unobserved firm heterogeneity. However, independariables are potentially predetermined since
past firm valuations may influence current invesiidecisions related to R&D strategies. This
eventuality violates the strict exogeneity assuampfor the “within” estimator. Moreover, unlike the
rather volatile Tobin’s Q indicator, the innovaticglated variables change slowly over time and are
thus highly correlated with the firm-specific effe€onsequently, a “within” fixed-effects estimator
may rather exacerbate estimation problems thawalldid estimates to be obtained (see also Hall et
al. 2005). A potential solution, suggested by Brihdt al. (1999), is the introduction of a preeio
average of the firm’'s market value as an additioagtessor. We tested this approach, but it leal to
substantially decreased sample since many firmsoddave a sufficiently long stock market history.
Consequently, like most of the related empiricréiture, we decided to focus on NLLS regression

models.

3.4 Descriptive statistics

In Table 2 we provide an overview of the mean ardlian values as well as the standard deviation of
the regression variables and selected additionasuores that provide information about firm

characteristics.

-- Insert Table 2 here --

Since all firms were stock market-listed, the sampbnsisted predominantly of medium- and
large-sized firms. However, median values suggessiderable heterogeneity among our sample of
firms. The median values for annual R&D expendgusere 8.36 million USD, 79.41 million USD for
sales and 340 for the number of employees, whéneasmean values were much higher, indicating the
presence of both large but also medium-sized aradl §inms. The average Tobin’s Q ratio was quite
high at 2.65. In 12.3% of the firm-year observagiothe market valuation was below the book value.
With regard to trends in publication and patenpatg, the share of both publishing and patentimgdi

increased over time. Time trends are shown in Egdrand 2.

-- Insert Figure 1 & 2 here --

The average number of publications and patents fiynaboth increased over time. At the

beginning of the sample period the number of pateontinuously increased while the number of
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publications remained stagnant, before startingidoease in 2002. Interestingly, the average lefel
publication and patent activity did not differ gtlgawhich is remarkable given that firms are, by
definition, not concerned with contributions to #teck of scientific knowledgper se With regard to
the share of firms with at least one publicatiorpatent in a given year, we obtained the following
picture as reported in Figure 2: the share of ghbig firms increases from 37% in 1996 to 53% in
2006, whereas the share of patenting firms incck&resen 46% in 1996 to 60% in 2006. Output types
appeared to be complementary since the majoripubfishing firms in a given year also filed a paten
application. Over time, there was an increase énsthategy to patent and publish simultaneously. In
2006 however, 14% of all firms only published, 18#y created patents, and 26% of firms neither

created patents nor published.

4  Econometric results and discussion
4.1 Full sample estimations

The core specifications of the econometric analgsisshown in Table 3. Considering the elements
highlighted in the previous section, we estimatedim’s Q with both non-linear and linear regression
models, but ultimately focused on the interpretatié the former since non-linear models enable the
theoretical model to be directly represented. tieoto evaluate the quantitative impact of ouratalgs

in the NLLS regressions, we also computed semiieitiss (at the mean values of the variables) Wwhic

are reported in complementary columns for the rzesé®) and full (6) NLLS regression modéls.

-- Insert Table 3 here --

In columns (1)-(2), we estimated baseline spedifica using NLLS and OLS estimators. All three
knowledge measures representing RSR&D/A), patent PAT/R&D) and publication RUB/R&D)
stocks had a positive and significant effect onimalQ, the latter two having similar magnitudeeO
additional patent per million dollars of R&D wassasiated with an increase of 9% in Tobin’s Q, and
10% for an additional publication per million dalaof R&D. This result provided a first indicatitmat
scientific activities have an important impact te market value of firms. In order to obtain a more
detailed picture, we introduced the additional meas described in Section 3.3. In columns (3)W&),
first separately added the three variablf®DCIT/PAT SCIPAT/PATand TOPPUB/PUBto the
baseline model. All three measures exhibited aevaitemium for Tobin’s Q. The main variables

remained statistically significant when the suppatary patent-based variables were included.

5 Semi-elasticities can be obtained by calculatirgderivative of the estimated market value equnatiith
regard to the variable of interest. See Hall ef2005) for further details.

-11-



However, when adding the measure capturing theesbérpublications in prestigious journals
(TOPPUB/PUB in column (5), the magnitude of the publicatidack PUB/R&D decreased, and the
variable only remaining significant at the 10% lewe columns (6)-(7), we report the regressionuhss
with the full variable set. In the NLLS specifiaati (6), it can be seen that R&D stocks, patentkstoc
and patent citation stockE\WDCIT/PAT) had a positive impact, which is in line with finds from
previous studies (e.g. Hall et al. 2005). While |mattion stocks PUB/R&D) were only significant at
the 10% level, we detected a strong positive aghfisignificant effect of publications in top jowals.
The increase of the variable by one unit — whicledsivalent to a change from none of a firm's
publications being in top journals to all of thenfis publications being in top journals - incredhse
Tobin’s Q by approximately 12%iInterestingly, the impact of science-based paté®@&IPAT/PAT
became substantially weaker in comparison to col(#hnwith the positive effect of a one unit change
decreasing from 11% to 4%, and the variable beogmstatistically insignificant once the share of

publications in top journals was taken into account

Based on these regression results, the questsssaas to whether the positive effects of scientifi
activities which we found reflect (i) the succesgfeation of science-based knowledge outcomes or
benefits that derive from the disclosure of thase@mes, (ii) signaling benefits to academic aucksn
or the use of publications as a device to supgaptapriation. We would like to stress that we canno
provide conclusive evidence concerning these mesmsnwith our measures but can only offer some
indications which must be treated with cautiorthiefull model presented in column (6), positivieets
for scientific publication stocks and especially turnal publications were observed despite the
presence of science-based patents. While beindytsggnificant and exhibiting a notable magnitude i
column (4), the measure of science-based patemstaavinger significant in the full specificatidrhis
indicates that the use and absorption of basi@rekéhas a positive impact on a firm’s market value
However, active involvement in science which isezsglly represented by publications in top journpals
generates a considerable market value premium lkleybe successful absorption of scientific
knowledge. The relevance of publication qualityoaias implications with regard to point (ii) above
and the underlying value-creating mechanisms angific disclosure. Firms that disclose knowledge
for defensive purposes have an interest in keepimgrol over the timing of disclosure. As a
consequence, there are incentives for firms teetdogver impact journals as, presumably, the IHadid
of acceptance in high-impact journals is lower #raltime taken to publish longer. Therefore, isthi
mechanism is value-enhancing, we would expect @ngér effect of the main publication stock
PUB/R&D in the full model. However, the particularly stroeffect of publications in high-impact

journals points more to value deriving from faeiléd interactions with academic partners. In other

7 Caution must be exercised when comparing the radgs betweeRUB/R&D andTOPPUB/PUBdue to the
different units of the variables. Therefore we atsdculated the impact of a change by one standavétion.
The result of this exercise also suggested thdtqations in prestigious journals are associatati wiparticularly
strong increase in Tobin's Q (3.7% vs. 1.6%).
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words, firms actively participating in the sciemtitommunity seem to have easier access to valuable

knowledge and to highly qualified graduates, whigsults in a higher Tobin’s Q.

4.2 Sector analysis

Since the association between scientific activiied firm value may differ across industries, e&glc

in the light of the relative risks of knowledge Igpiers, we analyzed the individual sectors in tgea
detail. In Table 4, we report the results of suljgamegressions with the meta-sectors Biotechnology
and Pharmaceuticals (hereafter BIO-PHARM), Infoiorat& Communication technologies (ICT),
Scientific and Medical instruments (INST), and Cleats (CHEM).

-- Insert Table 4 here —

Starting with the baseline specification, it carsben that the effect of scientific publicationcg
differs across the meta-sectors. Although we detkeet positive but non-significant sign in BIO-
PHARM and CHEM, a negative and non-significant effe’as found in ICT, while a positive and
significant effect was observed for the INST sext@stimating the regression model with the full se
of variables revealed interesting patterns. In BI@ARM, the publication quality indicator was
significant and of quite a strong magnitude, wheitke variables reflecting the main publicatiorckto
and science-based patents did not have such awctindas result suggests that as long as a firnois
seriously committing to Open Science, scientifitivéiies will not be sufficient to generate a value
premium. We observed a similar result for the INSsbsample, where tR@OPPUB/PUBmMeasure had
a strong positive effect too. However, the mainligabion variablePUB/R&D also showed a rather
strong magnitude in comparison to the other subksmnand remained significant. This finding suggest
that in addition to upstream signaling, publicasionay create value through mechanisms other than
establishing knowledge flows with the scientificrmounity. One plausible interpretation for this
finding lies in marketing effects, since firms instrument sectors sell to scientifically-trained
professional customers. In order to establish bitgi among this audience with regard to the lates
science-based products, publishing in high-impacatrjals is presumably less crucial. In the ICT
domain, we saw a different picture. Publicatiorcktowere negative and the share of top impact gurn
publications also had a negative sign. Interestirigl addition to the positive effects of patericits
and patent quality, the share of science-basedtsateas positive and significant. In other words,
absorbing scientific knowledge and achieving saelmased inventions may create value, whereas
active dissemination of results and participatioritie scientific community do not. For the CHEM
sector, we only observed a positive effect of R&Dttee market value. However, there was no premium

for patent and publication stocks or for scienceellpatents.
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These obtained differences across sectors indibateappropriability conditions have a notable
influence on the returns of scientific disclosurategies. In sectors with strong legal appropiatiike
the medical instrument and biopharmaceutical intksst we observed positive net returns from
scientific publications, whereas in the ICT domaimich can be characterized as having a weaker
appropriability regime due to its complex and cuativik nature, no premium was observed (see Levin
et al. 1987; Cohen et al. 2000; Hall and Ziedo®81). This finding indicates that in the ICT sestor
scientific disclosure leads to knowledge spillovetsich outweigh any benefits. The result for the
Chemicals sector, where appropriability conditiams stronger than those in the ICT sector, can be
explained by the fact that in the former, acaddmimwvledge is only of moderate importance as antinpu
Therefore, the potential benefits of scientificottisure in terms of signaling might be limited e first

place.

4.3 Robustnesstests

Beyond considering subsidiary publications for bssumple of firms, as reported in Appendix A.2, we
performed further robustness checks, the most itapoof which are displayed in Appendix A.4. These
robustness tests did not change our main modelsitse Consequently, we will only describe thenyver
briefly. We list several tests and for ease of mgave shall assign them numbers that correspond to
the respective columns in Appendix A.4. (1) We fiaad-effect regression models. As discussed in
Section 3.3, such models must be interpreted waititian in our context. However, the results suggest
that scientific activities do indeed lead to higfien values. (2) We removed the filter which iaity
excluded firms whose R&D/Sales ratio was largemtlo@e since this filter was perhaps overly
restrictive. However, our results after removing tfilter did not change. (3) In order to controk f
unobserved selection mechanisms for publicatioterms of local spillovers and competition, we
included state dummies. (4)-(5) Since scientifickveard references may not exhaustively capturebasi
research outcomes in firms, we included the paidginality variable as suggested by Trajtenberg et
al. (1997). This variable behaves very similarlgtence-based patents, and supports the intetipreta
that the results for publication stocks do not awffect research productivity effects but alsodfia
deriving from the active involvement of firms inieace. (6)-(8) We introduced additional control
variables, namely the amount of sales and the drafitsales, sector-level patent and publication
propensities, and the share of firm's profit onitidustry profit. These controls should capturedfiiect

of unobserved intangibles potentially correlatethwaur knowledge intangibles, of the abilitiesiofrfs

to appropriate returns from R&D, and in the casthefsector-level variables, of incentives to emgag
in publication. Our results did not change whers¢éhadditional controls were included. (9) We used
the patent counts from the Compustat-NBER matcttitadl et al. 2001; Cockburn et al. 2009) to verify

the quality of our own matching. The regressiorpatg were very similar. (10)-(11) We modelled the
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market value function in a different way by inclngithe publication stock to patent stock ratio. (i.e
instead of publication stock to R&D stock ratio)r fthe subsample of patenting firms. Such a
specification might be an adequate measure of @gssnifi publications and patents reflect the same
knowledge. The variable PUB/PAT was found to beitp@s and significant, supporting the
interpretation of the core models that publicapoovides additional value beyond patented knowledge
(12) We included an additional measure of the slwdr@ublications co-authored with academic
institutions. This variable had a positive but sighificant effect when added to the model withftie

set of variables.

5 Conclusion

This study examines the impact of scientific atitéd of firms on their stock market valuation usiang
dataset of firm-level information for US high techogy companies, combined with scientific
publication and patent data. Although scholars haeently started to conceptually and empirically
address the determinants of scientific activitig$itms, in particular disclosure, there is vetyldi data
for firm performance effects. Thanks to its desigm; analysis provides an empirical contributiom no
only to the growing literature on boundary-spannaatjvities of firms, but also to more mainstream

studies assessing the performance implicationst@¥ R firms.

Our analysis documents the positive impact of s@eelated indicators on a firm's market
valuation beyond the effects of R&D and inventivgamme indicators. Our measures enabled us to
differentiate between the profitability implicat®nof performing research and a more active
involvement in open science. While we cannot elytirale out the possibility that we also capture
research productivity effects, our findings suggdbat active involvement in science, as reflectgd b
disclosure in scientific journals, results in hightock-market values. Furthermore, our resultgcatd
in particular that the positive effects of suchctbsure stem from scientific signaling to upstream
stakeholders, which results in superior knowledges from these persons and institutions. In other
words, publishing allows firms to become memberthefscientific community and to establish formal
and informal interactions, which in turn provide tflormer with access to state-of-the-art developgmen
and research techniques. On the other hand, wel flitlle evidence for a value-enhancing use of
publications for appropriation purposes. Overall, study provides support for the increasinglyrsgro
view among scholars that minimizing knowledge awt#$ may not be an optimal choice for firms and

that they should instead strategically disclosenkadge.

Some heterogeneity concerning the impact of siemittivities was found. A negative but non-
significant sign was found for ICT sectors. Insteadtrong positive relationship was observed @ th
instruments sectors. Therefore, appropriabilitydittons would seem to matter, which implies that

R&D managers need to carefully consider the benafid potential costs caused by related spillovers.
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To obtain a better understanding of the mechaniammved, future work could focus on contextual
conditions that potentially moderate the relatiopsietween scientific activities and the firm’s rkeair
value. In conclusion, the strengths and weakness#se market value approach and corresponding
empirical limitations should be kept in mind wherterpreting results. Financial markets can be very
volatile, and do not behave completely rationallgus, future research could complement our present
study by using direct financial performance measufdis however, would entail dealing explicitly

with the time lags between knowledge creation androercial returns.
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TABLESAND FIGURES

Table 1. Observations according to included sectors

Firm-year
M eta-Sector SIC included observations
Biotechnology & Pharmaceuticals 2834, 2835, 2836 1602

Chemicals 2800, 2810, 2820, 2821, 2833 389

3570, 3571, 3572, 3575, 35

Information and Communication Technologies 3577, 3578, 3579, 3661, 36

ICT
(icm 3669, 3670, 3672, 3674, 36’

3678, 3679, 4812, 4813, 4822 4373
Aircraft & Aerospace 3721 3724. 3728 166

Navigation, Scientific, M edical, and Optical 3812, 3822, 3823, 3824, 38:
instruments 3826, 3827, 3829, 3841, 38:
3843, 3844, 3845, 3851, 3861 3390

Sum 9920

Table2: Summary statistics

Variable N Mean Std. Dev. M edian Min Max
TOBIN'SQ 9920 2.65 2.39 1.89 0.25 23.02
A (BOOK VALUE) 9920 1548.56  7172.64 94.33 0.55 273007.30
R&D (FLOW) 9920 104.29 468.25 8.36 0.00 12942.19
R&D (STOCK) 9920 491.47 2082.16 39.96 0.00 41408.40
R&D / A 9920 0.61 0.71 0.39 0.00 7.42
PAT (STOCK) 9920 114.33 559.85 5.57 0.00 9969.30
PAT / R&D 9920 0.31 0.46 0.15 0.00 3.68
SCIPAT / PAT 9920 0.27 0.31 0.17 0.00 1.00
FWDCIT / PAT 9920 5.59 7.50 4.38 0.00 198.65
PUB (STOCK) 9920 69.54 347.81 1.77 0.00 6440.20
PUB/R&D 9920 0.15 0.29 0.04 0.00 2.85
TOPPUB/PUB 9920 0.20 0.29 0.00 0.00 1.00
SALES 9920 1229.41  5248.79 79.41 0.50 88784.06
EMPLOYEES 9738 4076.93 14324.04  340.00 10.00 238000.00

Monetary amounts in Mio USD (2005, GDP deflated)
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Table 3: Regression outputs

1) 3 4) (5) (6) (7
LOG TOBIN'SQ oLS NLLS NLLS NLLS NLLS NLLS oLS
Coeff (SE) Coeff (SE) Semi-elast. Coeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) Semi-elast. Coeff (SE)
R&D/A 0.048*** 0.055%** 0.051 0.055*** 0.052%*=* 0.051%** 0.050%** 0.045 0.042%**
(0.011) (0.014) (0.015) (0.014) (0.014) (0.015) (0.011)
PAT/R&D 0.083*** 0.097*** 0.090 0.071%** 0.083*** 0.097*** 0.072%** 0.064 0.066%**
(0.021) (0.025) (0.026) (0.025) (0.025) (0.026) (0.021)
PUB/R&D 0.095*** 0.110*** 0.102 0.108*** 0.091** 0.066* 0.065* 0.057 0.056*
(0.032) (0.039) (0.039) (0.039) (0.038) (0.039) (0.032)
FWDCIT/PAT 0.007*** 0.006*** 0.005 0.004**
(0.002) (0.002) (0.002)
SCIPAT/PAT 0.124%=*= 0.046 0.041 0.052
(0.035) (0.037) (0.032)
TOPPUB/PUB 0.168*** 0.142%** 0.126 0.125%**
(0.040) (0.041) (0.034)
Firm-Year observations 9,920 9,920 9,920 9,920 9,920 9,920 9,920
Firm-1Ds (cluster) 1.739 1.739 1.739 1.739 1.739 1.739 1.739
R? 0.129 0.130 0.136 0.134 0.136 0.141 0.141

Standard errors (clustered by firm) reported ireptireses; *** p<0.01, ** p<0.05, * p<0.1

All regression models contain year and SIC-4 digiustry dummies. The semi-elasticities reportethatable are computed at the mean values ofdtigbles.
The semi-elasticities of the added variables inrools (3)-(5) are as followSWDCIT/PAT 0.007, SCIPAT/PAT0.113, and"OPPUB/PUB0.153.
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Table 4: Heter ogeneity by sectors

@) @) ©) (4) ®) (6) @) ®)
BIO-PHARM ICT INST CHEM
LOG TOBIN'S Q NLLS NLLS NLLS NLLS NLLS NLLS NLLS NLLS

Coeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) odff (SE) Coeff (SE) Coeff (SE)

R&D/A 0.126***  0.108*** 0.022 0.022 0.086***  0.075** 0.3%* 0.389*
(0.040) (0.041) (0.017) (0.018) (0.029) (0.030) (0.208) .208)
PAT/R&D -0.040 -0.028 0.142*=*  0.110** 0.103***  0.079** 67 -0.010
(0.067) (0.075) (0.049) (0.048) (0.036) (0.038) (0.115) .09@)
PUB/R&D 0.133 0.045 -0.009 -0.014 0.218**  (0.149** 0.115 068
(0.088) (0.086) (0.049) (0.050) (0.075) (0.075) (0.169) .140)
FWDCIT/PAT 0.006 0.003 0.009* 0.022
(0.007) (0.002) (0.005) (0.020)
SCIPAT/PAT -0.037 0.129** 0.021 -0.098
(0.074) (0.058) (0.070) (0.141)
TOPPUB/PUB 0.225** -0.015 0.243*** 0.026
(0.090) (0.054) (0.077) (0.137)
Firm-Year observations 1,602 1,602 4,373 4,373 3,390 03,39 389 389
Firm-1Ds (cluster) 331 331 762 762 565 565 57 57
R? 0.071 0.088 0.120 0.127 0.129 0.156 0.136 0.150

Standard errors (clustered by firm) reported ireptireses; *** p<0.01, ** p<0.05, * p<0.1
All regression models contain year and SIC-4 dligiustry dummies.

Regression models represent baseline and full nspadification for meta-sectors biotechnology ahdrmaceuticals (BIO-PHARM) in columns (1)
and (2), for information and communication techgi@s (ICT) in (3) and (4), for instruments (INSH)(b) and (6), and for Chemicals (CHEM) in (7)
and (8). See Table 1 for information on SIC code&itled in the meta-sectors. The regression reRultsie Aircraft sector are omitted in this table
due to the very low number of observations. Thei-®tsticities of the publication-based measuresaarfollowsPUB/R&D: 0.039 in column (2), -
0.014 in (4), 0.125 in (6), 0.058 in (§YOPPUB/PURB 0.195 in column (2), -0.014 in (4), 0.204 in (&hd 0.022 in (8).
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Figure la: Average publication & patent outputs
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APPENDI X

Appendix Al: Matching firm-level datawith publication data

In the absence of any direct linking identifietge firm-level data from COMPUSTAT and data from
SCOPUS have to be combined manually using the fiamme (and potential abbreviations) and the
affiliation field in the publication database. Timen names — as listed in tf@OMPUSTATdatabase —
contain legal identifiers and other elements whitdy lead to too few matches (“false negatives”).
Therefore, as a general rule, we reduced the fiameas to the most distinctive hame components,
removing frequent name elements and legal iderdifie order to achieve high recall rates. Frequent
examples included the words “Pharmaceuticals”, fiedogies”, or “International” which typically
have little identifying power and lead to false atdges when the publication authors do not mention
the full official firm name. Moreover, although tBeopus engine is not sensitive to name capitalisat
and language-specific characters, we harmonizedrfames correspondingly since this is a useful step
for post-download processing. It has to be coneuié¢inat reducing the firm names to a minimum may
have increased the number of false positive saasalits. A common source of false positives ane, fo
example, university units or independent firms veitbommon name component. Thanks to the manual
downloading process, all search results were iriefdedirectly and in the case of ambiguity, a
complementary web search was used to select oigipplel publications. Finally, we performed post-
download verification checks by transforming théliation information of the different authors of a
particular publication into a “long” format, harmamg the affiliation field with regard to name
capitalizations and language-specific characters,applying queries to detect whether the exaltd fie
that created the link between the firm and pulibicarecord simultaneously contained an element
pointing to an academic institution. In these K@ses, the publication records were manually cltecke

Example: ADHEREX TECHNOLOGIES INC

This name contains with “Technologies” and “INC"awame components that potentially lead to too
few search results. The identifier INC was therefdirectly removed. Whereas the search using
“ADHEREX TECHNOLOGIES” led to 21 publications inghperiod between 1996 and 2010, using
only “ADHEREX” returned one additional publicatioAfter manual inspection of the search results,
we concluded that all 22 publications were eligéohel we subsequently downloaded the corresponding
information. QueryAFFILORG (“ADHEREX”) AND PUBYEAR > 1995 AND PUBYEARO007

Affiliation

O Adherex (15) (O cancer and Leukemia (1) (O The Johns Hopkins (1)
Technologies Inc. Group B Statistical School of Medicine

O adherex (6) Center (O Scripps Florida )
Te i () Pied ] —

B echnologies Inc. ) Piedmont Research 1) () The Research )

O McGill University (3) Cenler Triangle Park

—_ M= 3 —

O Duke University @ |~ ﬁcf"t.h;r” Europe () 1O LsU Heattn Sciences )
School of Medicine W UG Center - Shreveport

e . Organization IS e - .

) GlaxoSmithKline (3) Foundstion ) ri_:,tazrllcng IRCIE: ) 1]

— , - — 5 z d

|_J) Caze Western (2] () Memorial Regional 1) 'ur:cﬁi I?ilalﬁln“ =
Reserve University Trauma Center . !

& A = R I_J Memorial Sloan- (1]

() Duke University i O spector Consulting It}

Kettering Cancer

O King's College l B Services Center
Lendon |_) Kansai Laboratory (1) O University of Hawaii )
O university of Texas (2) (O Critical Thinking Ca. 1) at Manoa
M. D. Anderson — — ~ )
Canver Conler [ ) Tuskuba Research 1) ) -,-.-eet_ern General (1]
O Roval Vict Laboratories Hospital
) Royal Victoria 2) — e e )
- Hcip'rtalllE!arrie 'O instituto Oncologico (1) |0 v Medical Center 1)
della Svizzera taliana O Istituto Nazionale )
(O Adherex, Inc. (1) Tumori Regina Elena
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Appendix A2: Subsidiary publications

(1a) (1b) (2a)
NLLS NLLS NLLS
LOG TOBIN'S Q suB NO SUB SuB

Coeff (SE) Coeff (SE) Coeff (SE)

(2b)
NLLS

NO SUB

(3a)

NLLS

SUB

(3b)

NLLS

NO SUB

Coeff (SE) Coeff (SE) o€ff (SE)

(42)

NLLS

SUB

(4b)

NLLS
NO SUB
Coeff (SE) Coeff (SE)

R&D/A 0.065* 0.065* 0.080* 0.082* 0.342**  0.340***  0.117* 0.116***
(0.033) (0.033) (0.044) (0.043) (0.088) (0.087) (0.029) .029)
PAT/R&D 0.057 0.056 -0.049 -0.051 0.140** 0.139** 0.052 810
(0.071) (0.071) (0.093) (0.094) (0.061) (0.061) (0.041) .040)
PUB/R&D 0.128 0.136 -0.025 -0.002 0.064 -0.020 0.104* 0.106
(0.092)  (0.097)  (0.076)  (0.104)  (0.132)  (0.083)  (0.062) .06B)
Firm-Year observatio 1,126 1,126 706 706 798 798 2,630 2,630
Firm-1Ds (cluster) 186 186 160 160 145 145 491 491
R? 0.123 0.124 0.056 0.055 0.144 0.143 0.069 0.069

Standard errors (clustered by firm) reported irepthreses; *** p<0.01, ** p<0.05, * p<0.1

All models contain year dummies.

Column (1a) and (1b): SIC 3674 (Semiconductors)) éhd (2b): SIC 2835 & 2836 (In vitro & in ivo di@ostic substance;
Biological products); (3a) and (3b): SIC 3841 & 28%urgical & Medical Instruments, Orthopedic andgical ap pliances); (4a)

and (4b): All sectors combined from columns (1)-(3)
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Appendix A3: Definition of top-impact journals

General information

The distinction as to whether a firm publicationsvedi a high quality was made using journal-impactdr
information. The data source for journal impactdes was the SCIMAGO classification, which contains
the SCImago Journal Rank (SJRYicator based on the records in the Elsevie€©BUS database. The
SCIMAGO ranking is propagated by Elsevier as anciaff indicator for SCOPUS. Since the journal
rankings are dynamic but change in realty slowlgrdime, we chose the reference year 2000 whitteis
centre year in our sample period.

URL: http://www.scimagojr.conandhttp://www.journalmetrics.com

Construction of indicator

In order to normalize the indicator for field effe@otentially not entirely considered in the Sd&dator,

we created Journal Impact factor rankings spedfi¢ar the meta-fields Life Sciences, PhysicaleBaies,
Health Sciences, General journals, Social Scieescreated our top-impact journal indicator based
the distribution of the SJR indicator within thedimeta-disciplines, and classified the top 10%albf
journal sources asp-impact journalsThe meta-fields contain the following numberaiinals:

* LIFE SCIENCES: 4,646 sources
* PHYSICAL SCIENCES: 8,916 sources
*HEALTH SCIENCES: 8,483 sources
* GENERAL JOURNALS: 95 sources

* SOCIAL SCIENCES: 6,687 sources

Examples of journal classification in the Innovation Resear ch field

To illustrate the outcome of the classification jlmrrnals known in the Management field, some examp
are presented below:

Classified as Top Impact Journals. Management Science, Journal of Industrial Econsmilournal of
Economics and Management Strategy, RAND JournBtohomics; Journal of Economic Behaviour and
Organization, Research Policy

Not classified as Top I mpact Jour nals: Industrial and Corporate Change, Journal of Teldgy Transfer,
Technovation, Industry and Innovation, Small BussnEconomics
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Appendix A4: Robustnesstests

1) ) 3) 4) (5) (6) (1) (8) ) (10) (11) (12)
FE  R&DFiter LOCD ORIGPAT ORIGPAT Controls Controls Cools ~ NBER  PUB/PAT PUB/PAT ACADPUB
LOG TOBIN'S Q WITHIN  NLLS NLLS NLLS NLLS NLLS NLLS NLLS NLLS NLLS NLLS NLLS
Coeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) oeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) Coeff (SE) ef(SE) Coeff (SE)
R&D/A 0.026%*  0.078%*  0.046** 0.056** 0.051%* 0.051** 0.058*** 0.062%* 0.059** 0.062*** 0.056**  0.050%**
(0.009)  (0.014)  (0.014)  (0.015)  (0.015)  (0.015)  (0.015) .0{8)  (0.017)  (0.017)  (0.018)  (0.015)
PAT/R&D 0.073%*  0.074**  0.076**  0.084*** 0.069** 0.074** 0.083** 0.064*** 0075  0.057**  0.075*  0.071%*
(0.019)  (0.026)  (0.025)  (0.025)  (0.026)  (0.028)  (0.026) .0P8)  (0.030)  (0.028)  (0.030)  (0.026)
PUB/R&D 0.058*  0.044 0.077*  0.102%*  0.064 0.072* 0.036 ®2  0.113% 0.060
(0.027)  (0.034)  (0.040)  (0.039)  (0.039)  (0.040)  (0.039) .089)  (0.043) (0.039)
PUB/PAT 0.269*  0.176
(0.111)  (0.120)
FWDCIT/PAT 0.001  0.005%*  0.005** 0.005%*  0.006**  0.00F**  0.006*** 0.006**  0.005%*
(0.001)  (0.002)  (0.002) (0.002)  (0.002)  (0.002)  (0.002) 003)  (0.002)
SCIPAT/PAT -0.039 0.016 0.037 0.036 0.041 0.054 0.050 .05 0.043
(0.027)  (0.034)  (0.037) (0.039)  (0.040)  (0.040)  (0.039) 042)  (0.038)
TOPPUB/PUB 0.033  0.116%*  0.135** 0.139%*  0.155%*  0.F3**  0.155%* 0.215%*  0.111%*
(0.027)  (0.037)  (0.041) (0.041)  (0.044)  (0.043)  (0.042) 049)  (0.046)
ORIGPAT/PAT 0.097%*  0.038
(0.032)  (0.034)
ACADPUB/PUB 0.052
(0.039)
Firm-Year observations 9,920 11,420 9,920 9,920 9,920 54,1 9,920 9,920 7,392 7,407 7,407 9,920
Firm-IDs (cluster) 1,739 1998 1739 1.739 1.739 1593 1,739 734 1575 1.312 1.312 1.739
R 0.089 0.158 0.154 0.132 0.141 0.152 0.112 0.120 0.140 0.140 1560  0.142

Standard errors (clustered by firm) reported ireptreses; *** p<0.01, ** p<0.05, * p<0.1. Modelsntain year and SIC-4 digit industry dummies.

Column (1): FE-"Within" estimator. (2): Filter thakcludes R&D/Sales > 1 is deleted. (3): Locatiomthies (US State level) are added. (4) and (SgrRairiginality measure
(ORIGPAT/PAT) is introduced. The threshold for ciolesing a patent as “original” has been set atntkan originality value of all patents filed by tfemple firms. (6): Sales and Sales
growth are included as control variables (see Belar2011). The sample size is reduced since Saleglyrequires observation of t-1. (7) containgeetevel patent and publication
intensities (computed at NACE-3 level) as additimoatrol variables and "metasector” industry colstr(8) contains a control variable that captuhesshare of firm's profits on
industry profits (at SIC-3 digit level). (9): Pateaunts from the combined Compustat-NBER datasasés instead of the variable obtained by our owtthing. Sample limited to the
period 1996-2002 since the NBER patent countsnareasingly incomplete for more recent years. éh@) (11): Alternative consideration of publicatiassratio of publication stocks
to patent stocks, for subsample of patenting firfth2): Share co-authored publication stock withdaaaic institutions is introduced.



