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Abstract. Wedevelop a newmeasure of innovation using the text of analyst reports of S&P
500 firms. Our text-based measure gives a useful description of innovation by firms with
and without patenting and R&D (research and development). For nonpatenting firms, the
measure identifies innovative firms that adopt novel technologies and innovative business
practices (e.g., Walmart’s cross-geography logistics). For patenting firms, the text-based
measure strongly correlates with valuable patents, which likely capture true innovation.
The text-based measure robustly forecasts greater firm performance and growth oppor-
tunities for up to four years, and these value implications hold just as strongly for in-
novative nonpatenting firms.
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1. Introduction
Innovation has long been thought to play a central
role both for economic growth and short-term fluc-
tuations (Schumpeter 1939, Kuznets and Murphy
1966, Nordhaus 1969). Owing to its fundamental
importance, innovation has attracted significant aca-
demic attention (e.g., Hall 1990, Brown et al. 2009,
and Cohen et al. 2013). Nevertheless, our empirical
understanding of innovation is incomplete because
existing innovation measures—typically, research and
development (R&D) intensity or outcomes related to
patenting—do not fully capture the nature and scope
of innovative output.

Taking a classical view, innovation can reflect a
wide array of firm activities beyond product intro-
ductions, including new production methods, new
supply sources, exploitation of newmarkets, and new
organizational forms (Schumpeter 1934). In contrast
to this general view of innovation, most existing in-
novation measures are specific to particular indus-
tries and production processes that rely on R&D
expenditures and patenting (e.g., high-tech or phar-
maceutical). In this way, the widespread use of R&D
and patenting proxies has led innovation research to
focus on innovation related to new-product introduc-
tions and to neglect studying other forms of innovation.1

To help bridge this gap, we propose a newmeasure
of corporate innovation derived from textual de-
scriptions of firm activities by financial analysts.
Our measure encapsulates a broad notion of innova-
tive processes, products, and systems, which well

describes innovation in mature firms—that is, firms in
the S&P 500. Innovation in mature firms has been
sparsely studied, despite these firms comprising the
most valuable corporations in the economy. One
reason for this lack of academic attention is because
mature firm innovation involves much more than de-
veloping and introducing new products. By offering a
measure of innovation beyond products, our analysis
provides a useful first step toward understanding ma-
ture firm innovation.
We construct the text-based innovation measure

using topic-modeling tools that have been recently
introduced to the finance literature (Israelsen 2014,
Goldsmith-Pinkham et al. 2016, Hoberg and Lewis
2017, Lowry et al. 2020). Specifically, we employ the
latent Dirichlet allocation (LDA) method of Blei et al.
(2003) on the text of a large corpus of analyst reports.
The underlying assumption behind LDA is that each
analyst report is generated by drawing content from a
common set of topics, or clusters of words. According
to this modeling intuition, analyst reports have dif-
ferent content because they reflect a different mix of
these underlying topics. A fitted LDAmodel recovers
the set of topics (common across analyst reports) that
best describe the empirical distribution of word group-
ings across analyst reports. The LDA routine automat-
ically accounts for the possibility that words have dif-
ferent meanings depending on context, an advantage
over count-based word-list techniques. The fitted LDA
alsoprovides an intensitywithwhich eachanalyst report
discusses each topic. These report-level intensities form
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the centerpiece of our innovation measure because they
capture the extent to which an analyst uses the inno-
vation topic to describe the firm.

Our main measure is derived from a fitted LDA
model that allows for 15 distinct topics. We fit the
LDA model to a corpus of 665,714 analyst reports of
703 firms that were in the S&P 500 during 1990–2012.
From this fitted topic model, we compute the Kullback–
Liebler divergence of each topic from the languageused
in a mainstream textbook on innovation, and we select
the topic that has the lowest divergence from the
textbook language. Beyond this selection criterion, the
selected topic stands out as a reliable innovation proxy,
both qualitatively and quantitatively. Qualitatively, the
words in the innovation topic are also words that an-
alysts should use to describe innovations (e.g., service,
system, technology, product, and solution). Quantita-
tively, the topic correlates strongly with patenting and
R&D intensity among patenting firms. Beyond basic
correlations, all of our findings using the text-based
measure are robust to controlling for patenting, im-
plying that the correlation with patenting does not
drive our findings.

An important advantage of our text-based inno-
vation measure is that it can be computed for firms
that do not patent and do not use R&D. Even within
our sample of 703 firms from the S&P 500, a total of
329 firms have zero R&D, and 219 firms have zero
patents for the entire sample period (1990–2010). To
illustrate that the measure is useful for nonpatenting
firms, we present tangible examples of content from
analyst reports for nonpatenting firms that score high
on ourmeasure. One such example that highlights the
value of our approach is Walmart. Walmart did not
use patent protection in the early 1990s, but this was a
peak period of innovation for Walmart, which trans-
formed the low-cost retail sector during the 1990s via
innovative processes (e.g., placement of warehouses
and shipping logistics between locations). Taking an
excerpt from a May 1993 analyst report (more details
are in Figure 1), Walmart was described as “at the
leading edge of retail store technology,” very broadly
in terms of tracking inventory, procurement, and theft
prevention. Our topic analysis captures this lan-
guage, and, as a result, we correctly classify Walmart
as one of the most innovative companies in 1993, even
though thiswas a timeperiodwhenWalmart did not use
patents at all.

In addition, the text-based innovation measure
captures the innovative use of technology, which
includes both innovative technology adoption and in-
house technology development. Industry-level com-
parisons of our text-basedmeasure and R&D intensity
provide useful insight into these different modes of
innovation. Industries that have high text-based in-
novation and high R&D intensity tend to be industries

in which in-house technology development is more
common (e.g., Electronic Equipment and Business
Services). In contrast, industries with high text-based
innovation, but low R&D intensity, are industries in
which the most innovative companies are skilled at
technology adoption (e.g., Communications andMotion
Pictures). These industry-level examples show that our
text-based innovation measure is most useful beyond
standard expense-based measures in settings or indus-
trieswhere it is important tomeasure thefirm’s ability to
adopt new technologies.
Turning to corporate-valuation implications, higher

text-based innovation forecasts an increase in future
operating performance and an increase in measured
growth opportunities embedded in Tobin’s Q, results
that are robust to firm and two-digit Standard In-
dustrial Classification (SIC) industry-year fixed ef-
fects. Consistent with the nature of innovations that
generate persistent improved performance and op-
portunities for growth, we find that both operating
performance and Tobin’s Q are significantly greater
for up to four years after an increase in text-based
innovation. Importantly, the valuation implications
of innovation are similar for both patenting and
nonpatenting firms, providing further evidence that
our measure extends in a useful manner beyond the
set of firms that use patenting and R&D. These per-
formance implications of text-based innovation are
robust to controlling for words related to revenue,
growth, and technology, accounting for analyst senti-
ment, and alternative specifications of the LDA model.
Even within the set of patenting firms, the text-

based innovation measure provides useful additional
information on innovation, distinct from patenting
activity. Indeed, we find that firms with high text-
based innovation do not generate more patents in
the following three years after controlling for firm
characteristics and industry fixed effects. However,
firms with high text-based innovation have signifi-
cantly better innovation quality: Their patents have
greater impact (i.e., more citations per patent); they
have more product announcements, using data from
Mukherjee et al. (2017); and their patents have sig-
nificantly greater patent valuation, using the Kogan
et al. (2017) patent-valuation measure. In this way,
our text-based approach distinguishes true innova-
tion captured by valuable patents and products from
low-value patenting activities.
As an illustration of how the text-based innovation

measure can provide insight in addition to existing
innovationmeasures, we replicate and extend a recent
finding in the innovation literature: the finding in
Custódio et al. (2019) that generalist CEOs (i.e., those
with diverse industry experience) produce greater
patenting and patent citations. After we verify that
there is a similarly positive relation between general
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manager experience and patenting in our sample of
S&P 500 firms, we show that general manager ability
bears a strong negative relation to text-based inno-
vation. Although generalist CEOs tend to generate
more technical innovation in the formof patent counts
and citations, our findings suggest that generalist
CEOs do not increase all types of corporate innova-
tion. This negative relation between general manager
ability and text-based innovation is important to
consider, especially given our robust evidence that
firms with high text-based innovation perform better.

We subject the innovation measure to careful scrutiny
to ensure that it is reliable and valid. Notably, a central
concern with our use of analyst text is that firms might
disclose innovative activities strategically, and, thus,
analyst assessments will tend to reflect firms’ strategic
disclosures rather than true innovation. We address
this possibility with several empirical tests. First, to
evaluate whether variation in innovation disclosures
reflects strategic timing of disclosures rather than
innovation, we consider the subsample of firms that
have highly forward-looking analyst reports (adapting a
measure of forward-looking intensity fromMuslu et al.
2015). Restricting attention to forward-looking firms,
we find very similar results to our main specifica-
tions, suggesting that strategic timing of disclosures
does not substantively affect our innovation measure.
Second, a related possibility is that analyst text is bi-
ased toward positive aspects of innovation because
managers are strategically less likely to discuss failed
innovation activities. We evaluate whether our mea-
sure can speak to negative realizations of innovation
by constructing a “negative” text-based innovation
measure,which aggregates the innovation topic loadings
across analyst reports with negative sentiment. Consis-
tent with these analyst assessments containing useful
negative information about innovation, this negative
innovation measure is a robust predictor of worse firm
performance. Taken together with our main results,
this finding indicates that the innovation topic contains
useful information about both positive and negative
aspects of innovation.2

Our approach of using text to study innovation
has a number of notable advantages, both in de-
scribing the nature of innovation and in ascribing value
to those innovations. First, our text-basedmeasure allows
inclusion and measurement of nonpatented innovation,
which has been a significant limitation of recent work
utilizing patentingmeasures to proxy for innovativeness.
Second, our measure is not subject to the problems in-
herent in the use of Cobb–Douglas-type production
function to measure the impact of innovation (see
Knott 2008 and Hall et al. 2010 for discussions and
criticism of this method). Third, our measure is not
subject to concerns about strategic disclosure of patents.
In fact, becausewe focus on the language of analystswho

areunlikely to time their reports,weavoid sources ofbias
from managerial disclosures as well.
Our work contributes to an emerging line of re-

search that draws a distinction between patenting
measures and innovation (e.g., Kogan et al. 2017,
Mann 2018, and Cohen et al. 2019). Because our
measure does not rely on patenting data, we enable
measurement of innovation in firms and industries
that do not patent or use R&D. In this respect, our
findings are related to recent research that shows
innovation is not well measured by patents, partic-
ularly in the case of trade secrets (Saidi and Zaldokas
2020). Although the notion of innovative systems in
mature firms studied in our paper is distinct from
trade secrets, both kinds of innovation extend beyond
the set of patenting firms. As nonpatenting firms’
innovative activities are understudied, we expect
significant interest in approaches like ours to extend
the analysis of innovation to new subsamples and
types of innovation.
Beyond offering a useful measure of innovation,

our work is part of a growing literaturewithin finance
and accounting that makes use of text descriptions to
study important aspects of corporate behavior. Re-
cent text-based analyses in corporate finance have
examined linkages between firms and industries, the
value of corporate culture, product market fluidity,
financial constraints, and the information content in
initial public offering prospectuses (e.g., Hanley and
Hoberg 2010, Popadak 2013, Hoberg et al. 2014,
Hoberg and Maksimovic 2015, and Agarwal et al.
2016). At the same time, the asset-pricing literature
has employed kindred text-analysis procedures to
measure sentiment and other asset-pricing risks and
anomalies (Edmans et al. 2007, Dougal et al. 2012,
Garcia 2013, Israelsen 2014, Cohen et al. 2020). Within
the broader literature on text analysis in finance, our
work is most closely related to the growing set of
papers that use latent Dirchlet allocation (Goldsmith-
Pinkham et al. 2016, Ganglmair and Wardlaw 2017,
Hoberg and Lewis 2017, Jegadeesh and Wu 2017).
Although there has been significant interest among
finance scholars in text analysis in general and LDA in
particular, our analysis is the first to systematically use a
text analysis to construct a measure of innovation.3

In another vein, our use of the text of analyst reports
relates to the study of the behavior and impact of
analysts more broadly. Much of this work has fo-
cused on quantitative aspects of analyst reports (Loh
and Mian 2006), what information analysts actually
produce (Swem 2014), or the influence of analyst
coverage on the real decisions of investors or firms
(e.g., see analyst coverage tests in Cohen and Frazzini
2008). Some of this work has shown how analyst
coverage influences the innovativeness of firms (He
and Tian 2013), but none of this work has examined
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the information from the text of analyst reports as it
relates to innovation. In this sense, our contribution is
related to Asquith et al. (2005), Huang et al. (2014),
and Huang et al. (2015), who provide evidence, in a
different context, that investors pay attention to the
textual elements of analyst reports, rather than just
the quantitative analyst forecasts. Our analysis suggests
a new reason for investors to pay attention to the text of
analyst reports: valuable information onfirm innovation.

The remainder of the paper is organized as follows.
Section 2 describes our data sources and sampling
scope. Section 3 details howwe construct ourmeasure
and presents evidence on its time-series and cross-
sectional properties. Section 4 presents the main re-
sults linking our text-based innovation measure to
firm performance and other innovation outcomes.
Section 5 presents an illustrative application of our
measure—a conceptual replication and extension of
Custódio et al. (2019). The final section concludes
with a summary of future research directions.

2. Data
We begin with a sample of firms that were a member
of the S&P 500 at some point between 1990 and 2012.
This initial sample contains 797 firms. To obtain the
set of analyst reports from these firms, we download
analyst reports from Investext via Thomson One for
the years 1990–2012, which provides an initial sample
of 807,309 analyst reports for 750 unique S&P 500
firms searchable in Thomson One.

After downloading the reports, we remove com-
mon stopwords (e.g., words commonly used in text
without contextual meaning, like “the,” “that,” and
“an”) from the reports using a standard stopword
list.4 Prior to any textual analysis, we use a standard
algorithm to stem the words contained in the analyst
reports (i.e., group words into the same root as in
“technolog” captures “technology” and “technolog-
ical,” among other related terms). To focus on a ho-
mogenous set of analyst reports, we drop reportswith
under 100 words remaining after the cleaning or over
5,847words (the 98th percentile). After processing the
text and matching with Compustat identifies, we
obtain a final sample of 665,714 reports, on which we
base our textual analysis.

We combine the pure textual data fromThomson One
with sentiment word lists (Loughran and McDonald
2011, Bodnaruk et al. 2015) as an integral part of our
textual classification of innovation. These lists have
been adjusted for financial language and have been
shown to be more appropriate than other sentiment
word lists when reading financial text.

After constructing the main text sample, we cal-
culate the text-based innovation measure (following
the procedure we describe in Section 3.2) at the firm-
year level. To obtain our final sample, we merge this

innovation measure with accounting data from Com-
pustat and patenting data from Noah Stoffman’s web-
site (Kogan et al. 2017), which are available until the
year 2010. The final sample has 6,200 observations
from 703 unique firms for the period 1990–2010.

3. Text-Based Measure of Innovation
In this section, we describe how we construct the
text-based measure of innovation using the latent
Dirchlet allocation method of Blei et al. (2003).5

Specifically, we describe the nature of information
about innovation that is likely contained in analyst
reports, as well as how we implement LDA on the
corpus of analyst reports. After outlining the details
of themeasure’s construction,wedescribe some of the
basic properties of the measure in our sample of S&P
500 firms. Particularly in relating to contemporane-
ous patenting and R&D outcomes, the measure has
desirable time-series and cross-sectional properties
for a measure of innovation.

3.1. Informativeness of Analyst Text
Before parsing the information content of analyst
reports into information about innovation and other
topics, it is important to consider the incentives and
information environment that lead the analysts to
write about firms in the first place. Broadly, the text of
an analyst report represents the analyst’s best attempt
at providing a qualitative description of the firm’s
value-relevant activities. As innovation is one of these
activities, we expect that analysts’ text descriptions
about firms will contain information about innova-
tion. Indeed, recent work has shown that the quali-
tative aspects of analyst text contain value-relevant
information about the firm’s activities (Asquith et al.
2005, Twedt and Rees 2012, Huang et al. 2014), which
suggests that the content of analyst reports ought to
provide useful insight into the nature of innovation.6

A potential concern regarding building the mea-
sure from analyst reports is that analysts cannot
describe innovative activities that they cannot ob-
serve. Thus, our measure of innovation can only re-
flect publicly observable information about the firm
that was either disclosed by the firm or inferred by the
analyst. In this respect, an important potential limi-
tation to using text from analyst reports is that firms
might disclose innovative activities strategically and
that analyst assessments will tend to reflect these
strategic disclosures by firms. For example, some
firms may disclose the innovation at the very final
stages so that they are not scooped by others. Al-
ternatively, some firms can disclose very early (even
prematurely) to attract funds from investors or deter
rivals to undertake the same innovation projects. We
empirically address the possibility that analyst re-
ports are biased via strategic disclosures by restricting
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the sample to firms with forward-looking disclosures
and conducting an analysis in which we use industry-
rival disclosures to instrument for firm-level disclosures.
In both of these tests, we find that our results are similar
to our main results (see Tables A.13 and A.14 in the on-
line appendix), which suggests that analysts can infer
meaningful information beyond what firms would
strategically disclose about innovation.7

Further, the text-based innovation measure will
naturally capture innovation activities beyond pat-
ents, which includes some trade secrets (e.g., al-
though Coca-Cola’s secret formula is a trade secret,
the value of this secret is well known to analysts).
Beyond trade secrets, there aremyriadways for a firm
to be innovativewithoutfiling for a patent or investing in
R&D (e.g., see the Walmart example from the intro-
duction and Figure 1). We expect that our analysis of
the text of analyst reports reveals these innovative
activities. Indeed, our measure identifies high-innovation

firmsand industries thatdonotpatentoruseR&D,which
suggests that existing proxies overlook an important
subset of innovative activities (see the discussion in
Sections 3.3 and 3.4).8

Our use of the analyst text is predicated on the idea
that firms’ innovative activities are something that
analysts are supposed to describe qualitatively. By
extracting the qualitative aspects of analyst reports
rather than their quantitative aspects, our innovation
measure should be less subject to the usual sources of
analyst bias than alternative measures that take quan-
titative assessments directly from the analyst. Despite
this focus, a potential concern is that analyst text is biased
toward successful innovation because managers are
unlikely todisclose innovative activities that do notwork
out. In this case, analyst reports, which rely on public
information, may not contain useful negative informa-
tion about firms’ innovative activities. To address this
concern, we build a negative text-basedmeasure from

Figure 1. High Text-Based Innovation: Excepts from Selected Reports

Notes. This figure shows excerpts from reports classified as highly indicative of innovation according to our text-based innovation measure.
Panel (a) lists four example reports from industries with limited or no overall patenting. Panel (b) shows examples from firms in industries that
rely heavily on patenting.
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the subset of negative-sentiment analyst reports. Con-
sistent with analysts inferring negative innovation out-
comes from the firm’s information environment, we
find that negative information about innovation re-
lates negatively to performance (Section 4.2.3). This
finding shows that analysts can infer valuable neg-
ative information about innovation, despite the nat-
ural incentives for the firm to strategically disclose
positive realizations of innovative outcomes.

In addition to containing value-relevant informa-
tion about innovation, the language of analyst reports
has relatively common textual structure (i.e., similar
word usage, jargon, specificity, and topics covered)
relative to media reports about the firm, or even
disclosures by the firm itself. This feature of analyst
reports is convenient from the standpoint of our topic-
modeling approach described in the next subsection,
which assumes that each report is built from a com-
mon set of latent topics. With this understanding of
the qualitative content of analyst reports, we now
turn to describing how we measure innovation using
the analyst text.

3.2. Measuring Innovation with Latent
Dirchlet Allocation

We fit a latent Dirichlet allocation model to a corpus
of analyst reports following Blei et al. (2003). The LDA
methodology assumes that each document is gener-
ated from amixture of a fixed set of topics, where each
topic is a distribution of words. LDA is a so-called
“bag of words” method, which means that the order
within documents is not important. To fit an LDA
model, the researcher only needs to specify the total
number of topics K, and the routine produces two
outputs from the corpus of documents: (i) a distri-
bution of word frequencies for each of the K topics,
common across documents; and (ii) a distribution of
topics across documents (i.e., the frequencies with
which the topics are used in each document).

The content of each topic emerges endogenously as
the set (and frequency) of words that tend to group
together in the analyst reports. For each document,
the topic distribution is a vector of loadings that
describe how intensively the topic is being used in a
particular document. Equivalently, the underlying
method assigns a likelihood that the document is
about that topic, such that if a document has a higher
loading for a particular topic, it is more likely asso-
ciated with the topic.

To construct our innovation measure, we estimate
an LDA model with K� 15 topics using the 665,714 an-
alyst reports as the underlying corpus of documents.9

Fitting this LDA model gives the 15 topics—each a
frequency distribution over words—that best fit the
context of the analyst reports. To identify the topic

that most accurately captures innovation, we select
the topic with the word distribution that has the
smallest statistical distance from the a popular in-
novation textbook’s word distribution.10 Specifically,
we compute the Kullback–Liebler (KL) divergence of
each topic’s word distribution from the source text on
innovation, similar to Lowry et al. (2020). In our
context, the KL divergence is useful because it is a
measure of the expected information loss from using
the topic distribution to proxy for the distribution of
words in the textbook. Thus, selecting the topic with
the lowest KL divergence is equivalent to picking the
most informative topic about the source text. Figure 2
presents a summary of these KL-divergence calcu-
lations, together with bootstrapped 95% confidence
bands for the innovation topic and the average of the
other topics. Using this method, the innovation topic
is significantly more informative about textbook in-
novation than the typical topic written by analysts. To
argue that this lower KL divergence is because of
innovation rather than general finance language, the
lower panel of Figure 2 presents a placebo exercise in
which the source text is a standard corporate finance
textbook (Welch’s 2008 Corporate Finance: An Intro-
duction). Unlike the comparison with the innovation
textbook, the innovation topic exhibits a similar KL
divergence to other topics.
Contextually, this innovation topic relates intui-

tively to the factors that describe innovative compa-
nies. For example, Figure 3 presents the topic dis-
tribution across words in the form of a word cloud
(Table A.3 in the online appendix provides word
frequencies for the 10 most common words in the
topic). When writing about this topic, analysts most
frequently use words such as revenue, growth, services,
network, market, company, and technology. Beyond the
contextual word usage, we show that firms that have
high values of this measure have the hallmarks of
innovative firms.
Before using the loadings as a measure of innova-

tion, it is important to refine the measure to ac-
count for analysts who write about the innovative
activities of the firm in a negative or neutral tone.
Specifically, if an analyst is talking with neutral or
ambivalent sentiment about the company, it is less
likely that the strong loading on the “innovation”
topic reflects more innovation by the company. We
address this source of noise by focusing on the ana-
lyst reports that have relatively strong positive sen-
timent (i.e., those in the top quartile of sentiment,
measured by #positive words− #negative words

#total words from the word
list in Loughran and McDonald 2011). For our main
measure, we disregard innovation language in ana-
lyst reports with sentiment below the 75th percentile
by setting the topic loading at the analyst report level
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to be zero before aggregating these topic loadings to
thefirm-year level. Thisfirm-year levelmeasure is our
main text-based measure of innovation, innov textit.11

We perform several empirical tests to ensure that it
is the content of the topic, rather than the screen on
sentiment, that drives the properties of our measure.
Indeed, the innovation topic loadings and the senti-
ment have a low correlation, equal to 0.08. Thus,
reports that load on the innovation topic are unlikely
tomerely reflect positivity about earnings or revenue.
Specific to this point, as robustness exercises, we have

also controlled explicitly for average sentiment as
well as words that relate to revenue or growth (see the
discussion in Section 4.2.2). More powerfully, we
rerun the analysis on the subset of firm-years that
have below-median analyst sentiment (see Table A.12
in the online appendix), and we have constructed a
version of the measure that is based on an LDA fitted
to a corpus with revenue and growth words dropped
from the text (see Table A.16 in the online appendix).
In each case, the properties of our innovationmeasure
are similar.

Figure 2. Selecting the Innovation Topic—Kullback–Liebler Divergence from an Innovation Textbook

Notes. The upper panel in this figure presents the Kullback–Liebler (KL) divergence of our selected innovation topic and the source textbook on
innovation (Measuring Innovation by Tidd et al. 2005) and compares it to the averageKL divergence from the source textbook on innovation across
all of the other topics in the 15-topic LDA fit. The lower panel is a placebo exercise that uses a standard corporate finance textbook (Welch’s 2008
Corporate Finance: An Introduction) as the source text instead. The bars indicate the mean KL divergence, and the bands provide 95% confidence
intervals computed from the 2.5% and 97.5% percentiles of a bootstrapped sampling distribution with 500 replications.
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3.3. Comparison with Patenting Outcomes
An important advantage of the text-based innovation
measure is that it captures innovative activities of
firms that do not patent. In our sample of 703 firms in
the S&P 500, a total of 219 firms have zero patenting
throughout the full sample period (1990–2010). Al-
though these firms do not patent, many are highly
innovative. Figure 4(a) presents side-by-side boxplots
of our text-based innovation measure for patenting
firms versus nonpatenting firms. Although patenting
firms have higher text-based innovation on average,
the distribution of text-based innovation exhibits sub-
stantial overlap between nonpatenting firms and pat-
enting firms. Specific examples of highly innovative
nonpatenting firms are also consistent with this view.12

In columns (2)–(4) of Tables 1 and 2, we present
summary comparisons of text-based innovation for
firms with and without patents. On average, pat-
enting firms have higher text-based innovation than
nonpatenting firms by 0.27 standard deviations (0.20
SD at the firm level), a difference that is statistically
significant at the 1% level, indicating a significant
positive correlation between our text-based measure
and whether a firm engages in patenting. Within the
set of patenting firms, our text-based measure and
patenting outcomes are also positively correlated. To
this end, Figure 5 presents a graphical depiction of
how the text-based measure fits patenting outcomes

by plotting the log of patenting measures against
decile bins of the text-based innovation measure.
Regardless of the measure of patenting employed
(counts, citations, or citations per patent), the text
measure correlates strongly with contemporaneous
patenting intensitywithin the set of patenting firms.13

3.4. Comparison with Technology
Development via R&D

The text-based innovation measure also captures inno-
vative activities of firms that do not perform R&D. In
our sample of 703 firms in the S&P 500, a total of 329
firms have zero R&D expenditures throughout the
full sample period (1990–2010). Similar to the non-
patenting firms, many non-R&D firms are highly
innovative. Figure 4(b) presents side-by-side boxplots
of our text-based innovation measure for firms with
and without R&D, which shows that there is sub-
stantial overlap in the distribution of text-based in-
novation for firms with and without R&D.
In columns (5)–(7) of Tables 1 and 2, we present

summary comparisons of text-based innovation for
firms with and without R&D.14 Firms with positive
R&D expenditure have higher text-based innovation
by 0.39 standard deviations (0.43 at the firm level), a
difference that is statistically significant at the 1% level,
indicating a significant positive correlation between our
text-based measure and R&D expenditure. The time-
series and cross-industry correlations are also infor-
mative, both asapoint of validationandalso tohighlight
specific industries and time periods in which text-based
innovation is high and R&D intensity is low. Our in-
terpretation of this section’s results is that the text-
based measure of innovation measures the adop-
tion of technology, even in industries that have low
R&D intensity.
In the time series (1990–2010), the text-based in-

novation measure captures the macro-level trends in
innovative activity well. Figure 6 presents the plot of
the text-based measure of innovation over time (a
value-weighted average across firms). For compari-
son, the time series of average R&D expenditures by
year is also presented on the same plot. In the time
series, there is a strong relationship between text-
based innovation and aggregate R&D intensity, which
have a correlation of 0.58. In the cross-section, the text-
based innovation measure also matches cross-industry
differences in R&D expenditures well. Figure 7 pres-
ents a bar plot of industry-level R&D expenditures
(demeaned by the average R&D intensity), with the
industries sorted from the highest value to the lowest
value of innovation using our text-based measure.
The figure shows a significant relationship between
R&D and the innovation measure at the industry

Figure 3. Text-Based Innovation Measure: Word Cloud

Notes. This word cloud describes the frequency distribution of words
used in the “innovation” topic. The topic itself is from the output of an
latent Dirchlet allocation (LDA) model fit to a corpus of analyst re-
ports for S&P 500 firms.We set the number of topics in the fitted LDA
model to be 15, then select the topic (out of these 15) for which the
distribution of words in the topic is closest to an innovation textbook
(Tidd et al. 2005).
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level, which is also indicated by the correlation
of 0.47.

Examining the fit industry by industry yields ad-
ditional qualitative insight into what the text-based
measure of innovation adds to existing proxies. No-
tably, industries with high text-based innovation and
high R&D intensity tend to be industries in which it
is more natural to develop technologies in-house
(e.g., Electronic Equipment and Business Services).
In contrast, the ill-fitting industries with high text-
based innovation are industries in which the most
innovative companies are skilled at technology adop-
tion (e.g., Communications and Motion Pictures). These
patterns suggest that the text-based measure is useful
to identify firms that utilize technology to support a
revenue-generating system and that themeasure ismost
useful beyond standard measures when it reflects the
firm’s ability to adopt technology productively.

We have also estimated the relation between R&D
intensity and the text-based measure more system-
atically in a panel data context (results presented in
Table A.19 in the online appendix). Even within
narrowly defined industries (four-digit SIC), there
is a strong statistically significant link between R&D
intensity and text-based innovation. The link between
text-based innovation and R&D intensity persists
after controlling for other firm-specific factors, and
text-based innovation reliably forecasts R&D intensity

one year ahead, even holding constant this year’s
R&D intensity. These within-industry findings are
consistent with the text-based innovation measure,
capturing technology adoption decisions that are
broader than the decision to develop technology via
R&D expenditure.

4. Empirical Results
In this section, we use our text-based innovation
measure to evaluate the impact of innovation on
various firm-performance measures (i.e., return on
assets, Tobin’s Q, and sales growth). Beyond sub-
jecting this relation to regression analysis with firm
and industry-year fixed effects, we perform several
robustness checks on this innovation–performance
relation. Finally, in relating the measure to other in-
novation outcomes, we show that the text-based inno-
vation measure primarily captures innovation quality,
both within the set of patenting firms andmore broadly.

4.1. Innovation and Performance
In this section, we empirically relate the text-based
innovation measure to firm-performance measures
with three goals in mind: (1) showing that the text-
based innovation measure contains value-relevant
information; (2) drawing a comparison of the text-
based measure to patenting and R&D measures of in-
novation; and (3) understanding whether the measure’s

Figure 4. Distribution of Text-Based Innovation

Notes. This figure shows the distribution of the text-based innovationmeasure. Panel (a) shows boxplots of the text-based innovationmeasure for
patenting firms and for nonpatenting firms. Panel (b) shows boxplots of the text-based innovation measure for R&D firms and for non-
R&D firms.
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properties are similar for patenting firms versus
nonpatenting firms.

Specifically, we estimate the relation between greater
innovation at date t and firm performance on date t + 1
using the specification:

Yit+1 � γt + ξs + β1innov textit + X′
itΓ + εit. (1)

The dependent variable Yit+1 is a measure of firm
performance for firm i in year t + 1. We use this

specification to evaluate three distinct dependent
variables: return on assets, Tobin’s Q, and sales growth.
The coefficient of interest is β1, which indicates how
greater text-based innovation associateswith changes
in future operating performance. If innovation is
valuable, our prediction is that β1 > 0. Our base speci-
fication includes year and industry (four-digit SIC
(SIC4)) fixed effects (γt and ξs), but we also in-
clude firm fixed effects (ξi) and industry-year fixed
effects (γst) in some specifications to account for

Table 1. Summary Statistics: Firm-Year Summary Statistics

Variable

All Patents > 0 Patents = 0 (2) − (3) R&D > 0 R&D = 0 (5) − (6)

(1) (2) (3) (4) (5) (6) (7)

Innovation measures
Text-Based Innovation 0.00 0.12 −0.16 0.27*** 0.18 −0.21 0.39∗∗∗
Patents 62.9 109 0.00 109*** 118 1.71 116∗∗∗
R&D/Assets 0.03 0.04 0.00 0.04*** 0.05 0.00 0.05∗∗∗

Performance Measures
ROA 0.15 0.16 0.15 0.00 0.16 0.15 0.01
Log(Q) 0.55 0.61 0.47 0.15∗∗∗ 0.66 0.43 0.24∗∗∗
Sales Growth 0.09 0.08 0.10 −0.02 0.08 0.09 −0.01

Characteristics
Log(Assets) 8.78 8.86 8.67 0.19∗∗ 8.75 8.81 −0.05
Asset Tangibility 0.36 0.30 0.43 −0.13∗∗∗ 0.27 0.46 −0.19∗∗∗
Leverage 0.58 0.57 0.61 −0.04∗∗ 0.56 0.61 −0.05∗∗∗
Log(Age) 3.18 3.20 3.15 0.06∗∗ 3.16 3.20 −0.04
Observations 6,200 3,586 2,614 3,268 2,932

Notes. This table presents samplemeans at the firm-year level for the main variables of interest using the
full sample (column (1)) and using subsamples that are indicated in the column heading in columns (2),
(3), (5) and (6). Columns (4) and (7) report the difference in means for the indicated subsamples, together
with statistical significance from a two-sample t-test. Standard errors are clustered by firm.

**p < 0.05; ***p < 0.01.

Table 2. Summary Statistics: Firm-Level Summary Statistics

Variable

All Patents > 0 Patents = 0 (2) − (3) R&D > 0 R&D = 0 (5) − (6)

(1) (2) (3) (4) (5) (6) (7)

Innovation measures
Text-Based Innovation 0.00 0.06 −0.14 0.20∗∗∗ 0.20 −0.23 0.43∗∗∗
Patents 44.0 64.0 0.00 64.0∗∗∗ 81.5 1.49 80.0∗∗∗
R&D/Assets 0.03 0.04 0.00 0.03∗∗∗ 0.05 0.00 0.05∗∗∗

Performance measures
ROA 0.15 0.15 0.15 −0.00 0.15 0.14 0.01
Log(Q) 0.55 0.58 0.49 0.08∗∗ 0.67 0.41 0.26∗∗∗
Sales Growth 0.09 0.09 0.11 −0.02 0.09 0.10 −0.01

Characteristics
Log(Assets) 8.57 8.67 8.36 0.31∗∗∗ 8.50 8.65 −0.14∗
Asset Tangibility 0.35 0.33 0.39 −0.07∗∗∗ 0.26 0.45 −0.19∗∗∗
Leverage 0.57 0.58 0.57 0.00 0.55 0.60 −0.05∗∗∗
Log(Age) 3.05 3.09 2.96 0.13∗∗∗ 3.01 3.10 −0.08∗∗
Firms 703 484 219 374 329

Notes. This table presents sample means at the firm level for the main variables of interest using the full
sample (column (1)) and using subsamples that are indicated in the column heading in columns (2), (3),
(5) and (6). Columns (4) and (7) report the difference in means for the indicated subsamples, together
with statistical significance from a two-sample t-test. Standard errors are clustered by firm.

*p < 0.10; **p < 0.05; ***p < 0.01.
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firm-specific unobservables and industry-specific time-
varying unobservables.15 To account for correlated er-
rors, the specifications cluster standard errors by firm.16

To facilitate comparisons of our estimated magnitudes
to existing measures of innovation, our specifications
for Equation (1) control for patenting outcomes
(counts and citations), R&D intensity, and an indi-
cator for nonpatenting firm. The specifications also
include standard time-varying firm controls that re-
late to operating performance and innovation. For
ease of interpretation, the text-based innovation mea-
sure is standardized to have a mean of zero and a

standard deviation of one. In the discussion that fol-
lows, we use this specification to explicitly contrast the
estimatedmagnitude of the relation between text-based
innovation and performance with the estimated mag-
nitudes from other innovation measures.

4.1.1. Innovation and Firm Performance. We first eval-
uate the relation between text-based innovation and
future operating performance. Columns (1)–(3) in
Table 3 present the results from estimating Equa-
tion (1), in which the dependent variable is return on
assets (earnings before interest, taxes, depreciation,

Figure 5. Relating Patent Counts and Patent Citations to the Text-Based Innovation Measure (Decile Bins)

Notes. This figure plots the relation between the text-based innovationmeasure and commonly used patenting measures. In each panel, the text-
based innovation measure is grouped into 10 deciles. Panel (a) presents the relation between text-based innovation and logged patent counts
(log(1 + Patents)). Panel (b) presents the relation between text-based innovation and patent citations (log(1 + Citations)). Panel (c) presents the
relation between text-based innovation and citations per patent (log(1 + Citations

Patent )).
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and amortization (EBITDA)/Assets). Across specifi-
cations, the estimates imply that a one-standard-
deviation increase in the text measure is associated
with between 0.5- and 0.9-percentage-points higher
return on assets in the following year. This estimated
effect is robust to including firm fixed effects (col-
umns (2) and (3)) and industry-year fixed effects
(column (3)), and the magnitude of the coefficient
estimate is stable upon including these more granular
fixed effects. Thus, within-firm variation in the text-
based measure is a useful predictor for future oper-
ating performance, and this relation is not explained
away by time-varying unobservables at the indus-
try level.

Relating to existing measures of innovation, the text-
based measure is more robustly associated with in-
creases in operating performance than patent counts,
patent citations, and R&D intensity. Patent counts
and patent citations are not significantly correlated
with future operating performance in any specifica-
tion. The statistical significance for R&D intensity is
marginal and not robust across specifications, though
R&D intensity is positively correlated with future
operating performance, and the estimated magnitudes
are similar to our measure. Moreover, as our specifica-
tions control for alternative measures of innovation,
these findings imply that text-based innovation is
valuable beyond what existing innovation measures
would predict.

We also expect corporate innovation to have im-
plications for the firm’s growth opportunities. Intu-
itively, investors recognize an innovative firm when
they see it, and rationally estimate an increase in the
firm’s future cash flows, thus enhancing its market
valuation. In line with this intuition, we should expect a
significant relation between text-based innovation and
futureTobin’sQ because themarket valuewill come to
embed this innovation premium. To evaluate this
hypothesis, columns (4)–(6) in Table 3 present the
results from estimating Equation (1), inwhich thefirm-
performance measure is the natural log of Tobin’s Q for
firm i at date t + 1. Across specifications, we find that
text-based innovation is strongly related to future
Tobin’s Q. Specifically, a standard-deviation increase
in text-based innovation is associated with between
2.2% and 8.3% greater Tobin’sQ. This estimated effect
is robust to including firm fixed effects (columns (2)
and (3)) and two-digit SIC (SIC2)-year fixed effects
(column (3)), which accounts for time-varying un-
observed characteristics at the industry level.
In contrast, patenting outcomes (counts and cita-

tions) exhibit a much weaker and less robust relation
to future growth opportunities: Patent counts are un-
related to Tobin’sQ, whereas patent citations exhibit a
positive relation (roughly 2%) to future Tobin’sQ that
vanishes upon including industry-year fixed effects.
In the specification with industry fixed effects, a
standard-deviation change in R&D intensity exhibits a

Figure 6. (Color online) Time Series of Text-Based Innovation Measure and R&D (1990–2010)

Notes. This figure provides a time-series plot of the text-based innovation measure, which is aggregated to a yearly figure by computing the
value-weighted average. The time-series plot average R&D expenditure for firms in the sample is also presented in this figure. The two series
have a time-series correlation of 0.58.
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similar relation to future growth opportunities as the
text-based measure, but the relation is less robust
upon including firm and industry-year fixed effects
(columns (5) and (6) in Table 3).

Finally, we expect innovation to have implications
for the firm’s sales insofar as increases in innova-
tion reflect the introduction of new or better-quality
products. In this case, we should expect to see sales
growth increase following an increase in innovation.
To evaluate this hypothesis, columns (7)–(9) in Table 3
present the results from estimating Equation (1), in
which the firm-performance measure is the sales
growth for firm i at date t + 1. Across specifications,
we find that text-based innovation exhibits a posi-
tive and statistically significant link to future sales
growth. A standard-deviation increase in text-based
innovation is associated with between 1.0- and 2.0-
percentage-points greater sales growth. This esti-
mated effect is robust to including firm fixed effects
(columns (2) and (3)) and SIC2-year fixed effects
(column (3)), which accounts for time-varying un-
observed characteristics at the industry level.

In contrast to the robust significance of the text-based
measure, we find that patent counts, patent citations,
and R&D intensity are inconsistently related to sales
growth. Indeed, patent counts appear to be negatively
associated with sales growth in the specification with
firm fixed effects, whereas there is no apparent rela-
tionship between sales growth and R&D intensity.

4.1.2. Patenting Firms vs. Nonpatenting Firms. A no-
table advantage of our text-based measure is that it
can be computed for firms without patents and, thus,
can help evaluate innovation for a broader set of firms
than patenting firms. In Table 4, we highlight this
feature of text-based innovation by including the
interaction between text-based innovation and an
indicator for Nonpatenting Firm (= one if a firm has
zero patents for the entire sample period). The coef-
ficient on this interaction provides a test for signifi-
cant differences in the innovation–performance relation
between patenting firms and nonpatenting firms.17

Across specifications in Table 4, we find similar
point estimates for the coefficient on innovation for

Figure 7. Cross-Industry Plot of R&D (1990–2004), Relationship to Text-Based Measure

Notes. This figure provides a plot of R&D expenditures (demeaned by the average R&D/Assets) by industry covered in the sample of S&P 500
firms. To show the relation between text-based innovation and R&D expenditures across industries, the industries in the plot are ordered from
the highest value of text-based innovation to the lowest value. The correlation between R&D expenditures and the text-based measure across
industries is 0.40. For ease of interpretation, we standardize the text-based measure to have a mean of 0 and a standard deviation of 1.
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patenting firms versus nonpatenting firms, indicating
that innovation has similar performance consequences
for both types offirms. Indeed, regardless of themeasure
offirmperformance,we cannot reject the hypothesis that
innovation exhibits the same relation to performance for
patenting and nonpatenting firms. Not only is the in-
teraction statistically insignificant, but the magnitude of
the difference is small, particularly for the regressions of

return on assets (roughly 0.1 percentage points). This
quantitative similarity of the estimates suggests that the
text-based innovationmeasure is informativebeyond the
set of patenting firms.18

4.1.3. Dynamics of the Innovation–Performance Relation. In
this section, we examine how the empirical relation
between text-based innovation and firm performance

Table 3. Performance of Firms and Text-Based Innovation (1990–2010): Firm Performance

Dependent variable

ROAt+1 Log(Q)t+1 Sales Growtht+1

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Text-Innovation (Z)t 0.009∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.083∗∗∗ 0.049∗∗∗ 0.039∗∗∗ 0.015∗∗∗ 0.010∗∗ 0.013∗∗
(0.002) (0.001) (0.002) (0.009) (0.007) (0.007) (0.004) (0.004) (0.005)

Log(Patents)t 0.002 −0.002 −0.0001 0.003 −0.027 −0.009 −0.007 −0.015∗∗ −0.016∗
(0.003) (0.003) (0.003) (0.015) (0.016) (0.016) (0.005) (0.007) (0.008)

Log(Citations)t 0.001 −0.0004 −0.001 0.016∗ 0.020∗∗ 0.007 −0.003 0.002 0.004
(0.002) (0.002) (0.002) (0.008) (0.008) (0.009) (0.004) (0.004) (0.005)

R&D/Assets (Z)t 0.006 0.010∗∗∗ 0.008∗∗ 0.074∗∗∗ 0.027 0.023 −0.001 −0.007 −0.010
(0.005) (0.004) (0.004) (0.020) (0.022) (0.023) (0.006) (0.009) (0.010)

Nonpatenting Firm −0.009∗ −0.037 0.00000
(0.006) (0.032) (0.012)

Industry (SIC4) FE X X X
Firm FE X X X X X X
Year FE X X X X X X
SIC2-Year FE X X X
Observations 6,064 6,064 6,064 5,931 5,931 5,931 6,068 6,068 6,068
Adjusted R2 0.436 0.674 0.725 0.577 0.771 0.800 0.099 0.159 0.225

Notes. This table presents ordinary least squares regressions that link the text-based innovation measure to measures of performance: ROA,
log(Q), and sales growth. For ease of interpretation, we standardize the text-based measure to have a mean of 0 and a standard deviation of 1.
Other innovation measures—log(patents) and log(citations)—are included in the specification to provide a basis for comparison. Full results are
reported in the online appendix (Table A.6). Variable definitions are presented in Table A.1 in the online appendix. Standard errors that are
clustered by firm are reported in parentheses. FE, fixed effects.

*p < 0.10; **p < 0.05; ***p < 0.01.

Table 4. Performance of Firms and Text-Based Innovation (1990–2010): Patenting Firm Split

Dependent variable

ROAt+1 Log(Q)t+1 Sales Growtht+1

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Text-Based Innovation (Z)t 0.009∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.085∗∗∗ 0.052∗∗∗ 0.041∗∗∗ 0.015∗∗∗ 0.009∗ 0.012∗∗
(0.002) (0.002) (0.002) (0.010) (0.008) (0.008) (0.005) (0.005) (0.006)

× Nonpatenting Firm 0.001 0.001 −0.001 −0.007 −0.003 −0.006 0.003 0.011 0.011
(0.004) (0.003) (0.003) (0.017) (0.016) (0.015) (0.009) (0.011) (0.012)

R&D/Assets (Z)t 0.007 0.010∗∗∗ 0.008∗∗ 0.081∗∗∗ 0.029 0.023 −0.005 −0.007 −0.010
(0.004) (0.004) (0.004) (0.019) (0.023) (0.023) (0.006) (0.009) (0.010)

Nonpatenting Firm −0.011∗∗ −0.063∗∗ 0.011
(0.006) (0.031) (0.012)

Industry (SIC4) FE X X X
Firm FE X X X X X X
Year FE X X X X X X
SIC2-Year FE X X X
Observations 6,064 6,064 6,064 5,931 5,931 5,931 6,068 6,068 6,068
Adjusted R2 0.436 0.674 0.725 0.577 0.771 0.800 0.099 0.159 0.224

Notes. This table presents ordinary last squares regressions that link the text-based innovation measure to measures of performance: ROA,
log(Q), and sales growth. For ease of interpretation, we standardize the text-basedmeasure to have amean of 0 and a standard deviation of 1. Full
results are reported in the online appendix (Table A.6). Variable definitions are presented in Table A.1 in the online appendix. Standard errors
that are clustered by firm are reported in parentheses. FE, fixed effects.

*p < 0.10; **p < 0.05; ***p < 0.01.
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holds up at time horizons beyond one year. To this
end, Figure 8 plots the estimated coefficient of text-
based innovation in performance regressions that
vary the timing of the performance measure from one
through four years into the future. The underlying
regression specification for these plots is Equation (1),
with industry and year fixed effects, and the dotted
lines represent 95% confidence bands.

The time pattern of the results in Figure 8 is con-
sistent with the text-based measure providing a useful
description of—to borrow language from Drucker
(1985)—innovation as a “resource” that has been
added to the firm. Specifically, Figure 8, (a) and (b)
show that the estimated coefficients in operating

performance and Q regressions are positive and sig-
nificant, but for both measures of performance, the
estimated coefficient declines smoothly over time. By
contrast, Figure 8(c) shows that text-based innovation
is related to a transitory increase in sales growth,
which is only positive and significant in the year
following the increase in text-based innovation. Collec-
tively, these findings indicate that text-based innova-
tion represents a one-time increase in sales that leads
to greater (but depreciating) performance gains in the
intermediate term.
Table A.10 in the online appendix presents full

detail on the regression specifications for years t + 1
through t + 4 that underlie Figure 8. In contrast to our

Figure 8. Long-Run Effects of Innovation on Performance—Forecasting ROA and Tobin’s Q up to Four Years Out

Notes. These plots present the response in ROA (panel (a)), Q (panel (b)), and sales growth (panel (c)) to a one-standard-deviation increase in
the text-based measure of innovation. The x-axis represents the number of years ahead, and the y-axis is the beta estimate from Table A.10 in
the online appendix. Dotted lines represent 95% confidence bands around the estimated effects.
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findings for text-based innovation, other innovation
measures exhibit nonrobust and inconsistent time
patterns of results over the one- to four-year horizon.
Specifically, patenting outcomes (counts and citations)
exhibit a statistically insignificant relation to operating
performance and sales growth, and only a small, mar-
ginally significant positive relation to Q for patent ci-
tations. R&D intensity is positively related to Q over
the four-year horizon, but it bears an insignificant
relation to operating performance and a slight neg-
ative relation to sales growth at time horizons t + 3
and t + 4. These findings for other innovation mea-
sures are difficult to reconcile with innovation as a
resource for the firm. One rationale for these incon-
sistent time patterns for other innovation measures is
that both R&D intensity and patenting outcomes
measure innovation at an uncertain lag relative to
firm performance (e.g., patents take time to com-
mercialize or may reflect past innovations; R&D in-
vestments similarly take time to materialize into
useful outcomes).

Related to this point of timing, it is helpful to ex-
amine robustness in the timing of text-based inno-
vation’s link to performance. Especially if firm per-
formance and innovation are persistent within a firm,
a potential concern is that performance drives text-
based innovation rather than the other way around.
For this reason, we empirically evaluate the reverse
relation between text-based innovation and return
on assets for up to four time lags.19 Table 5 presents

regression results from a regression of text-based
innovation on four time lags of return on assets, as
well as fixed effects and controls that were included
in our main specifications. In specifications with in-
dustry and year fixed effects, we find a significant
relation between one-year lagged performance and
text-based innovation (but not longer time lags). As
we enrich the specification, however, the positive
relation between lagged performance and text-based
innovation is not robust to firm or industry-year fixed
effects. Contrasting these findings with our main
results, our evidence appears to be most consistent
with the notion that text-based innovation drives
performance, rather than the other way around.

4.2. Robustness
In this section,wepresent robustness to ourmain text-
based innovation measure. Broadly, we conduct two
types of robustness exercises—robustness to the LDA
model fit (i.e., choices of sample frame, number of
topics, and meaning of topics) and robustness to ex-
planations unrelated to model fit (i.e., analyst senti-
ment, analyst information sets, and use of revenue/
growth words).

4.2.1. Fitted Model Robustness. Tables 6, 7, and 8
present estimates of the firm-performance specifica-
tions for three notable robustness exercises on the fit
of the LDA model. Specifically, we report robustness
on the specifications from Tables 3 and 4 that include

Table 5. Text-Based Innovation and Lagged Firm Performance (1990–2010)

Dependent variable: Text-Based Innovationt

Explanatory variables (1) (2) (3) (4) (5)

ROAt−1 1.219∗∗∗ 1.120∗∗∗ 0.656∗∗ 0.521 0.598
(0.322) (0.376) (0.310) (0.322) (0.366)

ROAt−2 0.126 0.068 −0.030 0.011 0.039
(0.316) (0.397) (0.327) (0.332) (0.409)

ROAt−3 0.144 0.133 −0.008 0.013 −0.042
(0.362) (0.415) (0.406) (0.405) (0.446)

ROAt−4 −0.190 −0.276 −0.484 −0.499 −0.655∗∗
(0.300) (0.329) (0.314) (0.308) (0.322)

Lagged R&D and Patenting X X X X X
Other controls X X X
Industry (SIC4) FE X X
Firm FE X X X
Year FE X X X X
SIC2-Year FE X
Observations 3,621 3,621 3,621 3,621 3,621
Adjusted R2 0.469 0.480 0.557 0.563 0.610

Notes. This table presents ordinary least squares regressions of the text-based innovation measure on
lagged measures of performance (ROA), patenting, and R&D activity. For ease of interpretation, we
standardize the text-based measure to have a mean of 0 and a standard deviation of 1. Variable
definitions are presented in Table A.1 in the online appendix. Standard errors that are clustered by firm
are reported in parentheses. FE, fixed effects.

**p < 0.05; ***p < 0.01.
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firm and SIC2-year fixed effects (i.e., column (3) for
ROA, column (6) for log(Q), and column (9) for
sales growth).

First, we address the concern of look-ahead bias in
the performance regressions. Because we construct
the innovation topic from an LDA model fit on the
entire sample period (1990–2010), a reader may be
concerned that the innovation topic merely reflects
factors that are eventually revealed to be valuable for
firms, but that the information would not be viewed
as innovation at the time of observation. To address
this potential concern, we reproduce the performance
results using a five-year rolling window version of
text-based measure, which alleviates the look-ahead
bias concern because the rolling-window measure is
based solely on past data. For example, in the rolling-
window version of the analysis, we construct the
measure for a firm in 1995 using the topic loadings
from an LDA model fit only using analyst reports
from the previous five years (1990–1994).

Table 6 presents the performance results using the
rolling-window measure in place of the main mea-
sure. Results on operating performance and Tobin’sQ
are nearly identical in magnitude and statistical sig-
nificance using the rolling-window version, whereas
the findings using sales growth are less robust (albeit
with the same sign and similar magnitude to the main
result). These findings suggest that the relation between
text-based innovation measure and firm performance
reflects the value of true innovative activity rather than
look-ahead bias.

Second, in Table 7, we summarize the results of
using a 10-topic LDA to construct the text-based in-
novation measure. Because LDA requires that the
researcher specify the number of latent topics, it is
important to show that the essential findings of our
paper are not driven by this choice. When using the

10-topic LDA, we select a qualitatively similar topic,
and we obtain results that are similar to Tables 3 and 4,
which suggests that the results in the paper are not
driven by the choice of the number of topics.
Third, in Table 8, we address the concern that the

other topics in the 15-topic LDA are correlated with
our measure and, thus, drive the result for a more
mechanical reason (e.g., an “operating performance”
topic emerges in the 15-topic LDA; see Figure A.1 in
the online appendix). To address this potential issue,
we control for each of the other topic loadings ag-
gregated to the firm-year level. As the results in Table 8
indicate, the main results are qualitatively similar
after controlling for other topic loadings, though in
some cases, they become stronger.20

4.2.2. Robustness to Alternative Explanations. Table 9
presents a specification that accounts for three other
alternative explanations. In particular, because con-
struction of the measure relies on only the reports
with high analyst sentiment, a reader may be con-
cerned that the sentiment of the reports rather than
their content is driving the relation of text-based in-
novation to the performance measures. Relatedly,
given the words most prominently used in the in-
novation topic, a reader may have a separate concern
that the LDA topic is merely a crude technique to
approximate for whether analysts discuss the firm’s
revenue or growth prospects, unrelated to innova-
tion. Finally, onemight be concerned that mentions of
technology drive the innovation topic (i.e., that a
simpler approach would be to count words related
to technology).
To address these related issues, we compute the

average sentiment of analyst reports at the firm-year
level (Sentiment), as well as construct word counts of
analyst usage of the words “revenue,” “growth,” and

Table 6. Robustness of LDA Model Fit: Rolling Window Version (1994–2010)

Dependent variable

Return on Assetst+1 Log(Q)t+1 Sales Growtht+1

Explanatory variables (1) (2) (3) (4) (5) (6)

Text-Based Innovation (Z)t 0.006∗∗∗ 0.006∗∗∗ 0.040∗∗∗ 0.043∗∗∗ 0.010∗ 0.006
(0.002) (0.002) (0.007) (0.008) (0.006) (0.006)

× Nonpatenting Firm −0.0003 −0.011 0.020
(0.003) (0.014) (0.015)

Controls, firm FE, SIC2-year FE X X X X X X
Observations 4,898 4,898 4,793 4,793 4,902 4,902
Adjusted R2 0.730 0.730 0.819 0.818 0.227 0.227

Notes. The specifications and variable definitions for Return on Assets,Q, and Sales Growth are analogous
to those in Tables 3 and 4. This table reports a five-year rolling window version of the measure. All
specifications account for the full set of other controls, firm fixed effects (FE), and two-digit SIC (SIC2)
industry-year fixed effects. Standard errors that are clustered by firm are in parentheses.

*p < 0.10; ***p < 0.01.
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“technology” to be used as controls in the firm-
performance specifications (Revenue Words, Growth
Words, and Technology Words). Table 9 presents the
results of specifications that control for these measures.
We find that controlling for these alternative explana-
tions does not affect the nature of the results on operating
performance or growth opportunities, but our findings
on sales growth are not robust to controlling for these
characteristics.

Related to sentiment and word usage, we perform
two additional robustness exercises, which we report
in the online appendix. First, to account for sentiment,
we restrict attention to the firm-year observations for
which the analyst sentiment is below the median.
TableA.12 in the online appendix shows that themain
findings are similar on this low-sentiment subsample.
Second, rather than control for word counts, we
construct an alternative (purged) text-based innova-
tion measure by deleting “revenue” and “growth”
words in the original corpus. This technique accounts

for direct mentions of these terms without over-
controlling for them in a regression specification.
When we estimate the main specifications with this
purged measure (see Table A.16 in the online ap-
pendix), all of the main findings, including the link
between text-based innovation and sales growth, are
robust. Taken together, these robustness exercises
indicate that the topic does not merely reflect the
relative incidence of particular words, but consistent
with our motivation to use LDA, the measure cap-
tures the appropriate context in which these words
appear together.

4.2.3. Negative Information About Innovation. As a
final robustness exercise, we construct an additional
measure of innovation—negative text-based innovation—
which aggregates to the firm-year level the innova-
tion topic loadings from analyst reports that have a
negative sentiment. This measure is interesting in
its own right, as it has the potential to describe firms

Table 8. Controlling for other topics, K = 15 (1990–2010)

Return on Assetst+1 Log(Q)t+1 Sales Growtht+1

Explanatory variables (1) (2) (3) (4) (5) (6)

Text-Based Innovation (Z)t 0.006∗∗∗ 0.006∗∗∗ 0.039∗∗∗ 0.041∗∗∗ 0.016∗∗ 0.014∗∗
(0.002) (0.002) (0.008) (0.009) (0.006) (0.007)

× Nonpatenting Firm −0.001 −0.005 0.011
(0.003) (0.015) (0.012)

Controls, Firm FE, SIC2-Year FE X X X X X X
Observations 6,064 6,064 5,931 5,931 6,068 6,068
Adjusted R2 0.725 0.725 0.800 0.800 0.227 0.226

Notes. The specifications and variable definitions for Return on Assets,Q, and Sales Growth are analogous
to those in Tables 3 and 4. This table reports the main measure (K = 15) controlling for all other topic
loadings. All specifications account for the full set of other controls, firm fixed effects (FE), and two-digit
SIC (SIC2) industry-year fixed effects. Standard errors that are clustered by firm are in parentheses.

**p < 0.05; ***p < 0.01.

Table 7. Robustness of LDA Model Fit: Firm Performance, K = 10 (1990–2010)

Return on Assetst+1 Log(Q)t+1 Sales Growtht+1

Explanatory variables (1) (2) (3) (4) (5) (6)

Text-Based Innovation (Z)t 0.005∗∗∗ 0.005∗∗∗ 0.041∗∗∗ 0.042∗∗∗ 0.012∗∗ 0.011∗
(0.002) (0.002) (0.007) (0.008) (0.006) (0.006)

× Nonpatenting Firm −0.001 −0.005 0.010
(0.003) (0.015) (0.012)

Controls, Firm FE, SIC2-Year FE X X X X X X
Observations 6,064 6,064 5,931 5,931 6,068 6,068
Adjusted R2 0.725 0.725 0.800 0.800 0.225 0.224

Notes. The specifications and variable definitions for Return on Assets,Q, and Sales Growth are analogous
to those in Tables 3 and 4. This table reports the measure from a 10-topic LDA. All specifications account
for the full set of other controls, firm fixed effects (FE), and two-digit SIC (SIC2) industry-year fixed
effects. Standard errors that are clustered by firm are in parentheses.

*p < 0.10; **p < 0.05; ***p < 0.01.
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that innovate poorly, but this exercise also helps to
provide a validation that the main measure’s con-
struction is reliable.

Tables 10 and 11 present the results from estimat-
ing the main specification in Equation (1), but
replacing text-based innovation with the negative text-
based innovation measure. Consistent with the moti-
vating intuition,wefind a robust and strongly significant

inverse relation between negative text-based innova-
tion and future firm performance.21 Table 11 presents
specifications that include an interaction between
the innovation measure and a Nonpatenting Firm in-
dicator to test for significant differences between
patenting firms and nonpatenting firms. Although
eight out of nine specifications exhibit a statisti-
cally insignificant interaction, the magnitude of the

Table 10. Performance of Firms and Negative Text-Based Innovation (1990–2010)

Dependent variable

Return on Assetst+1 Log(Q)t+1 Sales Growtht+1

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Neg. Text-Based Innovation (Z)t −0.009∗∗∗ −0.006∗∗∗ −0.005∗∗∗ −0.040∗∗∗ −0.022∗∗∗ −0.021∗∗∗ −0.023∗∗∗ −0.023∗∗∗ −0.023∗∗∗
(0.002) (0.001) (0.002) (0.008) (0.006) (0.007) (0.004) (0.004) (0.004)

Industry (SIC4) FE X X X
Firm FE X X X X X X
Year FE X X X X X X
SIC2-Year FE X X X
Observations 6,064 6,064 6,064 5,931 5,931 5,931 6,068 6,068 6,068
Adjusted R2 0.436 0.675 0.725 0.567 0.768 0.798 0.103 0.164 0.229

Notes. This table presents ordinary least squares regressions that link the “negative” text-based innovationmeasure tomeasures of performance:
Return on Assets, log(Q), and sales growth. For ease of interpretation, we standardize the text-based measure to have a mean of 0 and a standard
deviation of 1. Other innovation measures—log(patents), log(citations), an indicator for patenting firm, and R&D intensity—are included in the
specification, but not reported for brevity of presentation. Other controls include log(assets), asset tangibility, leverage, log(age), and cash/assets.
Variable definitions are presented in Table A.1 in the online appendix. Standard errors that are clustered by firm are reported in parentheses. FE,
fixed effects.

***p < 0.01.

Table 9. Accounting for Alternative Explanations (1990–2010)

Dependent variable

Return on Assetst+1 Log(Q)t+1 Sales Growtht+1

Explanatory variables (1) (2) (3) (4) (5) (6)

Text-Based Innovation (Z)t 0.004∗ 0.005∗∗ 0.039∗∗∗ 0.045∗∗∗ 0.002 −0.003
(0.002) (0.003) (0.010) (0.010) (0.008) (0.008)

× Nonpatenting Firm −0.005 −0.032 0.031∗
(0.004) (0.022) (0.018)

Sentiment (Z)t 0.003∗∗ 0.004∗∗ 0.014∗∗ 0.014∗∗ 0.008 0.008
(0.001) (0.001) (0.006) (0.006) (0.006) (0.006)

Revenue Words (Z)t 0.001 0.001 −0.005 −0.006 −0.013∗ −0.013∗
(0.003) (0.003) (0.012) (0.012) (0.008) (0.008)

Growth Words (Z)t 0.007∗∗∗ 0.007∗∗∗ 0.037∗∗∗ 0.037∗∗∗ 0.012∗ 0.012∗
(0.002) (0.002) (0.009) (0.009) (0.007) (0.007)

Technology Words (Z)t 0.001 0.001 0.008 0.008 0.001 0.002
(0.002) (0.002) (0.011) (0.011) (0.008) (0.007)

Controls, Firm FE, SIC2-Year FE X X X X X X
Observations 4,218 4,218 4,121 4,121 4,222 4,222
Adjusted R2 0.738 0.738 0.819 0.819 0.190 0.191

Notes. The specifications and variable definitions for Return on Assets, Q, and Sales Growth are the same
as in Tables 3 and 4. In addition, these specifications include controls for analyst sentiment, word count
frequencies of “revenue” and “growth” words (words with “gro” or “rev” as their root), and the word
count frequency of “technology”words (words with “tech” as their root). All specifications account for
the standard set of other controls, firm fixed effects (FE), and year fixed effects. Standard errors that are
clustered by firm are in parentheses.

*p < 0.10; **p < 0.05; ***p < 0.01.
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interactions is often quite substantial (half of the
main effect or more for the ROA specifications). On
account of this, the overall relation between negative
text-based innovation and firm performance is sta-
tistically insignificant among the set of nonpatenting
firms. Still, within the set of patenting firms, the
relation between negative text-based innovation and
future firm performance (given by the main effect) is
negative and robust.22

4.3. Text-Based Innovation vs. Other Aspects
of Innovation

In this subsection, we examine the connection be-
tween the text-based innovation measure and other
aspects of innovation. Specifically, we estimate the
connection between text-based innovation and future
patenting outcomes (patent counts and citations-per-
patent), as well as contemporaneous values of the
patent value measure introduced by in Kogan et al.
(2017) and a measure of product introductions in-
troduced by Mukherjee et al. (2017).

We empirically relate the text-based innovation
measure to these other innovation measures with the
goal of understanding how text-based innovation
relates to existing measures. Specifically, we estimate
the relation between greater innovation at date t and
other innovation measures using the specifications:

future innovation measurei,t+1→t+3
� γt + ξs + β1innov textit + X′

itΓ + εit, (2)
current innovation measureit

� γt + ξs + β1innov textit + X′
itΓ + εit. (3)

Thedependentvariable future innovation measurei,t+1→t+3
is a measure of innovation for firm i that is aggregated
over the subsequent three years. Specifically, we
employ two such future indicators of innovative
output: logged patent counts summed over years t +
1, t + 2 and t + 3 (log(1 + Patentst+1→t+3)) and logged
citations-per-patent over years t + 1, t + 2 and t + 3
(log(1 + Citationst+1→t+3

Patentst+1→t+3 )). Relatedly, the dependent vari-
able current innovation measureit is a measure of inno-
vation for firm i that is observed on date t. We employ
two current measures of innovation: logged market
value of patents in year t using the Kogan et al. (2017)
measure and the logged number of product introduc-
tions in year t taken from Mukherjee et al. (2017).
The coefficient of interest is β1, which indicates how

greater text-based innovation associates with other
measures of innovation. To focus on within-industry
variation, our base specification includes industry
(SIC4) and year fixed effects (γt and ξs), but we also
include firm fixed effects (ξi) and SIC2-year fixed
effects in some specifications to understand whether
the relation between text-based innovation and other
innovation measures is driven by within-firm varia-
tion or across-firmvariation. To account for correlated
errors, the specifications cluster standard errors by firm.
Table 12 presents results from estimating Equa-

tion (2) for the patent counts and citations-per-patent
over the subsequent three years. The relation between
text-based innovation and future patent counts is
inconsistent in sign across specifications and is only
statistically significant in column (3), when it is neg-
ative. However, there is a robust positive relationship
between text-based innovation and citations-per-patent.

Table 11. Performance of Firms and Negative Text-Based Innovation (1990–2010): Patenting Firm Split

Dependent variable

Return on Assetst+1 Log(Q)t+1 Sales Growtht+1

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Neg. Text-Based Innovation (Z)t −0.009∗∗∗ −0.008∗∗∗ −0.006∗∗∗ −0.036∗∗∗ −0.024∗∗∗ −0.023∗∗∗ −0.026∗∗∗ −0.025∗∗∗ −0.025∗∗∗
(0.002) (0.002) (0.002) (0.008) (0.006) (0.006) (0.005) (0.006) (0.007)

× Nonpatenting Firm 0.003 0.007∗∗ 0.005 −0.010 0.011 0.013 0.012 0.011 0.015
(0.004) (0.003) (0.003) (0.020) (0.015) (0.017) (0.009) (0.011) (0.014)

Industry (SIC4) FE X X X
Firm FE X X X X X X
Year FE X X X X X X
SIC2-Year FE X X X
Observations 6,064 6,064 6,064 5,931 5,931 5,931 6,068 6,068 6,068
Adjusted R2 0.435 0.676 0.726 0.563 0.766 0.798 0.101 0.163 0.229

Notes. This table presents ordinary least squares regressions that link the “negative” text-based innovationmeasure tomeasures of performance:
Return on Assets, log(Q), and sales growth. For ease of interpretation, we standardize the text-based measure to have a mean of 0 and a standard
deviation of 1. Other innovation measures—log(patents), log(citations), an indicator for patenting firm, and R&D intensity—are included in the
specification, but not reported for brevity of presentation. Other controls include log(assets), asset tangibility, leverage, log(age), and cash/assets.
Variable definitions are presented in Table A.1 in the online appendix. Standard errors that are clustered by firm are reported in parentheses.
FE, fixed effects.

***p < 0.01.
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Using within-industry variation (columns (5) and (6)), a
standard-deviation increase in text-based innovation is
associated with 6.2%–9.8% more citation impact, an
effect that is statistically significant at the 1% level.
The relation remains statistically significant when we
also include firm fixed effects and SIC2-year fixed
effects, though the magnitude of the estimate iden-
tified from this within-firm and within-industry-year
variation is smaller.23

Table 13 presents results from estimating Equa-
tion (3) for the contemporaneous values of Kogan
et al. (2017) patent value and Mukherjee et al. (2017)
product introductions. In contrast to the extent of
future patenting, we find a positive relation between
text-based innovation andbothpatent value andproduct
introductions, though this relation is more robust for
patent value than for product introductions. In the
patent-value specifications with firm characteristic
controls (columns (2) and (4)), a standard-deviation
increase in text-based innovation at date t is associ-
ated with an increase of 6.4%–9.0% of the value of
the firm’s patents during year t. Similarly, for the
product-introductions specifications that control for
firm characteristics (columns (6) and (8)), a standard-
deviation increase in text-based innovation is associated
with approximately 2.5%–4.4% more product intro-
ductions. When focusing on within-industry varia-
tion (i.e., the specifications with SIC4 fixed effects in
columns (1), (2), (5), and (6)), the estimate is statistically

significant. However, the relation between text-based
innovation and product introductions is not robust to
including industry-yearfixed effects, thoughwe obtain a
positive point estimate across specifications.24

Taken together, the results in this section indicate
that our measure contributes valuable information
about the quality of innovation, even within the set of
firms that use patents to protect their innovations.
Although the text-based innovation measure is not
robustly related to future patent counts, it is strongly
correlated with the most valuable patents, and it is
positively and significantly related to the citation
impact of future innovations. Moreover, the text-
based innovation measure can be computed by us-
ing analyst reports in real time, whereas patenting
outcomes take longer (e.g., even counts of applica-
tions for eventually granted patents must wait for the
patent to be granted or denied). Thus, our text-based
measure is useful in providing a leading indicator for
innovation, which contrasts with patenting outcomes
that take time to observe. Finally, in showing a
generally positive relation between text-based inno-
vation and product introductions, we provide useful
evidence that captures innovative activities that are
not well spanned by patenting measures.

4.3.1. Contextual Examples of Systems Innovation in
Mature Firms. As a complement to our regression
evidence above, it is useful to examine the content of

Table 12. Text-Based Innovation vs. Other Aspects of Innovation (1990–2010): Text-Based Innovation, Patents, and
Citation Impact

Dependent variable

Log(1 + Patentst+1→t+3) Log(1 +
Citationst+1→t+3
Patentst+1→t+3

)

Explanatory variables (1) (2) (3) (4) (5) (6) (7) (8)

Text Innovationt 0.053 0.026 −0.070∗∗ −0.016 0.098∗∗∗ 0.062∗∗∗ 0.039∗∗∗ 0.024∗
(0.051) (0.020) (0.034) (0.024) (0.017) (0.013) (0.014) (0.013)

Log(1 + Patents)t 0.634∗∗∗ 0.416∗∗∗ −0.287∗∗∗ −0.165∗∗∗
(0.048) (0.063) (0.031) (0.037)

Log(1 + Citations)t 0.279∗∗∗ 0.254∗∗∗ 0.279∗∗∗ 0.125∗∗∗
(0.032) (0.038) (0.028) (0.022)

Other controls X X X X
Industry (SIC4) FE X X X X
Firm FE X X X X
Year FE X X X X
SIC2-Year FE X X X X
Observations 4,264 4,264 4,264 4,264 3,208 3,208 3,208 3,208
Adjusted R2 0.604 0.883 0.857 0.908 0.802 0.848 0.910 0.918

Notes. This table presents output from ordinary least squares regressions that link our text-based innovation measure to patent counts, citation
impact, and patenting value. To focus on the within-patenting properties of the innovation measure, the sample is restricted to patenting firms.
In this table, the dependent variables we consider are logged patent counts over the following three years (t + 1 to t + 3), Log(1 + Patentst+1→t+3),
and logged citation impact of patents over the following three years, Log(1 + Citationst+1→t+3

Patentst+1→t+3 ). Controls include other innovation measures—
log(patents), log(citations), an indicator for patenting firm, R&D intensity, date t values of log(assets), asset tangibility, leverage, log(age), and
cash/assets. Standard errors that are clustered by firm are reported in parentheses. FE, fixed effects.

*p < 0.10; **p < 0.05; ***p < 0.01.

Bellstam, Bhagat, and Cookson: A Text-Based Analysis of Corporate Innovation
Management Science, Articles in Advance, pp. 1–28, © 2020 INFORMS 21



valuable innovations, which relate strongly to our
text-based innovation measure. Figure 9 presents a
list of valuable patents in order of value starting at the
95th percentile of patent values. Most of these highly
valuable patented innovations are not particular to a
specific product, but, rather, reflect a valuable com-
ponent or the patenting of a valuable process. In fact,
only one patent in this list is directly related to a specific
product—a vaccine. Other patents are processes, com-
ponents that can go into one or several products, or
components useful in the production process.

Taking a step outside of the universe of patenting
firms, we turn our attention to the retail sector in 1993,
which our measure indicates as highly innovative,
but, nonetheless, is a low-patenting industry at the
time. Figure 1 presents two excerpts from analyst
reports of firms that are considered particularly in-
novative. These are firms that do not rely heavily on
patents but are considered innovative by the analyst.
Consistentwith our interpretation that the innovation
we measure reflects innovative systems, the reports
describe the firms as innovative in ways that are
separate from bringing new products to market. For

example, the analyst report about Walmart describes
how Walmart “uses technology to improve produc-
tivity and at the same time reduce costs.” The report
describes several dimensions along whichWalmart is
innovative and is an industry leader, in theway that they
use technology in their supply chain management and
theft prevention. Because these innovations were not
discovered using R&D expenditures and were not
patented, our measure is in a unique position to capture
this type of innovation, which is a common for firms like
Walmart that have particularly innovative systems.

5. Illustrative Application
This section provides an illustrative application of the
text-based innovation measure, in which we replicate
and extend a recent finding in the innovation literature:
the finding by Custódio et al. (2019) that generalist
CEOs (i.e., those with more diverse managing expe-
rience) generate more patenting innovation.
First, we conceptually replicate the main result

from Custódio et al. (2019) in our sample of S&P 500
firms. Custódio et al. (2019) showed that generalist
managers innovate more, as measured by both patent

Table 13. Text-Based Innovation vs. Other Aspects of Innovation (1990–2010): Text-Based
Innovation, Patent Value, and Product Announcements

Dependent variable

Log(1 + Patent Value)t Log(1 + Products)t

Explanatory variables (1) (2) (3) (4) (5) (6) (7) (8)

Text Innovationt 0.171∗∗∗ 0.064∗∗∗ 0.016 0.090∗∗∗ 0.100∗∗∗ 0.044∗ 0.015 0.025
(0.061) (0.023) (0.041) (0.025) (0.032) (0.026) (0.033) (0.031)

Log(1 + Patents)t 0.417∗∗∗ 0.565∗∗∗ 0.033 −0.032
(0.067) (0.094) (0.031) (0.042)

Log(1 + Citations)t 0.668∗∗∗ 0.637∗∗∗ 0.009 0.034
(0.039) (0.054) (0.019) (0.022)

Other controls X X X X
Industry (SIC4) FE X X X X
Firm FE X X X X
Year FE X X X X
SIC2-Year FE X X X X
Observations 3,586 3,586 3,586 3,586 1,715 1,715 1,715 1,715
Adjusted R2 0.573 0.915 0.832 0.945 0.435 0.537 0.656 0.663

Notes. This table presents output from ordinary least squares regressions that link our text-based in-
novation measure to patent counts, citation impact, and patenting value. To focus on the within-
patenting properties of the innovation measure, the sample is restricted to patenting firms. In this table,
the dependent variable is the Kogan et al. (2017)measure ofmarket value of patents (i.e., the stockmarket
jump on the day of the granted patent in $millions) aggregated over all patents granted during the year
in columns (1)–(4). The dependent variable in columns (5)–(8) is the log of the number of product
announcements when the stock market return was above the 75th percentile from Mukherjee
et al. (2017). Controls include other innovation measures—log(patents), log(citations), an indicator for
patenting firm, R&D intensity, date t values of log(assets), asset tangibility, leverage, log(age), and cash/assets.
Standard errors that are clustered by firm are reported in parentheses. FE, fixed effects.

*p < 0.10; ***p < 0.01.
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counts and citations. Specifically, their base specifi-
cation is of the form:

patenting outcomeit �γst + β1General Ability Indexit
+ X′γ+εit, (4)

where patenting outcomeit is either the count of patents
filed in year t by firm i or the number of patent ci-
tations for patents filed in year t by firm i. The key
explanatory variable of interest isGeneral Ability Indexit,
whichmeasures the diversity ofmanaging experience
for the CEO of firm i at date t.25 For this illustrative
application, we conceptually replicate the specifica-
tion in Custódio et al. (2019) that employs firm and
industry-year fixed effects. A notable difference is
that our sample contains S&P 500 firms, whereas
Custódio et al. (2019) study a broader set of firms,
those in the S&P 1500. After merging with their
measure, we obtain 3,860 firm-year observations in
comparisonwith 8,297 in Custódio et al. (2019). Given
these differences, our objective is not to replicate
exactly the coefficient estimates from their paper, but,
rather, to present their results in our sample of S&P

500 firms. To maintain consistency with the analysis
in the rest of our paper, all specifications include our
standard set of control variables.
The first four columns of Table 14 present the con-

ceptual replication results for patent counts and patent
citations as dependent variable. In the specification in
column (1), the estimate on the General Ability Index
is statistically significant at the 10% level, and the
magnitude is statistically indistinguishable from the
published estimate from Custódio et al. (2019). When
we include the standard set of controls in column (2),
the coefficient estimate on General Ability Index is
marginally statistically insignificant (p-value of 0.14).
Although the magnitude of 0.040 is slightly smaller
in magnitude than the comparable estimate from
Custódio et al. (2019) of 0.073, their published esti-
mate is within a 95% confidence interval constructed
around our estimate (−0.015, 0.095). Therefore, we
cannot reject the null hypothesis that the published
result is different from what we obtain, despite
finding a statistically insignificant result. Similarly,
we obtain statistically insignificant estimates rang-
ing from 0.063 to 0.080 in the patent-citations re-
gressions, which are quantitatively similar to the

Figure 9. Valuable Patents (95th Percentile)

Notes. This is a list of patents on the 95th percentile of patent values ($80 million). Observations with only one patent grant during the day are
shown. EISA, extended industry standard architecture; ISA, industry standard architecture.
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comparable specifications in Custódio et al. (2019),
who report a coefficient estimate of 0.062 in their
comparable specification.

In contrast to the results on patenting outcomes, we
estimate a negative and statistically significant rela-
tionship between general managerial ability and text-
based innovation (columns (5) and (6)).26 Beyond pro-
viding additional evidence that text-based innovation
captures a distinct aspect of innovation from pat-
enting, this finding suggests that additional patent-
ing innovation from generalist managers (noted in
Custódio et al. 2019) may reflect a tradeoff away from
other types of innovation that are captured by our
text-based measure. The generally lower level of text-
based innovation in firms with generalist CEOs is
important to consider, especially given the robust link
between text-based innovation and firm performance
that we have shown in our main tests.

6. Conclusions
In this paper, we develop a useful new measure of
corporate innovation based on a textual analysis of
analyst reports. Our text-based innovation measure
provides a useful description of innovation in firms
without patents and with zero R&D expenditure.
Such firms are common: Even among our sample of
703firms from the S&P 500, there are 219firmswith no
patents and 329 firms that had zero R&D expenditure
for our entire sample period (1990–2012). Moreover,
there is a substantial overlap between the distribu-
tion of innovation for patenting firms and the dis-
tribution of innovation for nonpatenting firms (sim-
ilarly for R&Dversus zero-R&D),which indicates that
important innovative activities are overlooked by using
patenting and R&D as proxies for innovation. Indeed,
this view is confirmed by notable examples of firms that

do not patent or use R&D but are nonetheless identified
as highly innovative by our measure (e.g., Walmart).
Beyond expanding the sample of innovative firms

to study, our textual analysis provides a useful step
toward understanding innovation in the spirit of
Schumpeter (1934), who described five types of in-
novation: new products, newmethods of production,
new sources of supply, exploitation of new markets,
and new ways to organize business. Patenting and
R&D expenditure typically pertain to product inno-
vation, and the literature’s focus on these measures
has left the other categories understudied. To take one
example of how adopting this broader view (and
measurement) of innovation is useful, recent research
by Frésard et al. (2020) argues that firms with realized
innovations are more likely to be acquired in a ver-
tical merger because realized innovations are easier
to commercialize than innovations in progress. The
authors use patenting outcomes to proxy for realized
innovation, and, thus, their focus is primarily on in-
novation and commercialization of products. As our
analysis shows, the text-based innovation measure
captures important innovative activity in business
systems. This mode of innovation likely exhibits a
different relation to corporate outcomes that have
been linked to product innovations (indeed,we illustrate
this feature of ourmeasure in the context of a conceptual
replication and extension of Custódio et al. 2019). In
this vein, future research could use textual measures
of innovation to examine the extent to which the
lessons learned from studying product innovations
translate into other types of corporate innovation.
Finally, although our analysis is applied to the text

of analyst reports, our textual approach could be
applied to other settings to identify complementary
measures of innovation. Media articles, required firm

Table 14. Replication and Extension of Custódio et al. (2019)

Dependent variable

Log Patentst Log Citationst Text-Based Innovationt

(1) (2) (3) (4) (5) (6)

General Ability Index 0.055∗ 0.040 0.080 0.063 −0.075∗∗∗ −0.072∗∗
(0.030) (0.028) (0.051) (0.049) (0.028) (0.029)

Other controls X X X
Firm FE X X X X X X
SIC2-Year FE X X X X X X
Observations 3,860 3,860 3,860 3,860 3,860 3,860
Adjusted R2 0.935 0.938 0.908 0.909 0.637 0.638

Notes. This table presents ordinary least squares regressions of innovation measures on the general ability index from Custódio et al. (2013). For
ease of interpretation, we standardize the text-based measure to have a mean of 0 and a standard deviation of 1. Consistent with the main result
in Custódio et al. (2019), table 3, column (3), we include SIC2-year and firm fixed effects (FE) in all specifications. Other controls include
log(assets), asset tangibility, leverage, log(age), cash/assets, and an indicator for whether the firm is a patenting firm. Variable definitions are
presented in Table A.1 in the online appendix. Standard errors that are clustered by firm are reported in parentheses.

*p < 0.10; **p < 0.05; ***p < 0.01.
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disclosures (10Ks), and press releases may also con-
tain information about firms’ innovative activities.
Recent work has considered some of these textual
databases as a source of information on corporate
innovation (e.g., see the analysis of product innova-
tion in Mukherjee et al. 2017 using press releases), but
given the available wealth of textual sources of in-
formation about firms, much more progress is pos-
sible. Our text-based innovation measure suggests
that examining these sources of textual information
about firms is fertile ground for future research.
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Endnotes
1As a measure of innovation, patents have a number of additional
well-known weaknesses. For example, not all innovations are put
under patent protection or can be put under patent protection (Moser
2012, Hall et al. 2014), and some patents are filed for defensive rea-
sons (e.g., see work on “patent trolls” by Tucker 2014 and Cohen et al.
2019). In this vein, Saidi and Zaldokas (2020) provide evidence that
patenting and trade secrets are substitutes depending on disclosure
requirements for patenting, which indicates that a significant amount
of innovation is not patented.
2 In another test related to firm-specific incentives to strategically dis-
close innovation activities,we instrument forfirm innovation disclosures
using industry-rival disclosures, which are not subject to the same
disclosure incentives. In these specifications, we find similar results to
our main findings, which helps to alleviate concerns about strategic
disclosures. See Table A.14 in the online appendix for these tests.
3Even related work on innovation using text analysis has not
constructed a similar measure of innovation. Specifically, Frésard
et al. (2020) study how innovation and vertical integration relate to
one another while making use of text analysis, but the text-analysis
component of their work is confined to vertical relatedness rather
than innovation. Their innovative outcomes are the more standard
R&D intensity and patenting outcomes from the literature.

4The authors thank Bill McDonald for making these lists available on
his website: https://sraf.nd.edu.
5LDA has a number of advantages over naive word-list techniques
(e.g., Loughran and McDonald 2011). For our purposes, the most
important advantage is that LDA accurately reflects context of the
word usage, whereas a naive word-list textual analysis does not. As
we show in Tables A.21 andA.22 in the online appendix, theword-list
measure delivers qualitatively similar conclusions, but exhibits
slightly weaker valuation implications and is not as robustly related
to valuable patents as the more accurate LDA-based measure. This is
consistent with the LDA methodology more accurately accounting
for the context of innovative language.
6Asquith et al. (2005) hand-classify a limited sample of analyst re-
ports into various categories and show that some categories have
investment value. More recently, authors haveworked on parsing the
text of analyst reports in a more systematic fashion. Using a sample of
initiation reports, Twedt and Rees (2012) show that, controlling for
recommendation changes and other factors, the tone of reports has an
associated stock market reaction. Using a large sample of analyst re-
ports, Huang et al. (2014) find a stock market reaction of between 1.5%
and 3.5% (two-day cumulative abnormal return) for reports in the top
quintile of analyst tone relative to those in the bottom quintile. They
also show that the tone of more qualitative topics (those with few uses
of “$” or “%”) is more important, which suggests that qualitative
aspects of the analyst text are a valuable source of new information.
7Related to the point of strategic disclosures, analysts may be less
informed about the firm’s innovation activities than the firm’s
managers. This increases the noise in our innovation textmeasure and
biases the coefficients of our innovation text measure (in the re-
gressions) toward zero. To the extent that we find our innovation text
measure as statistically significant, it would be even more so if we
could reduce this source of noise.
8Relative to the patenting measures of innovation, one notable
limitation of the text-based measure is that it is observed at the firm-
year level, which prevents within-firm, cross-sector analyses of in-
novation. From this standpoint, the text-based measure of innovation
would not be useful to describe product-market positioning or
evaluate the determinants of innovation-level valuation. These po-
tential concerns apply to other widely used text-based measures of
product competition (e.g., Hoberg et al. 2014 andHoberg and Phillips
2016), and they are consistent with our interpretation of the text-
based innovation measure as a measure of systems innovation.
9We experimented with other numbers of topics. Fitted LDA models
with fewer topics tended to work similarly well (the model with K �
10 delivers all of the quantitative insights we report in the main text;
see Table 4B), whereas models fit with a greater prespecified number
of topics exhibit redundancy (i.e., multiple topics about the same
essential idea; see Figure A.3 in the online appendix for word clouds
of two similar innovation topics from a model with K � 50 topics).
Although the number of topics is the only degree of freedomwe have
in fitting an LDA model, the extensive literature on LDA does not
offer standardized guidance on how to select the appropriate number
of topics because the appropriate number of topics depends on the
application. Some applications of LDA have optimized an objective
function to obtain an optimal number of topics in their context. For
example, Goldsmith-Pinkham et al. (2016) maximize saliency of to-
pics from one another, and other authors have estimated Hierarchical
Dirchlet Process models (HDP-LDA), which obtains a likelihood-
maximizing number of topics (Teh et al. 2006). Our objective is to
select the number of topics to capture a general notion of innovation
to apply across different contexts. Automated routines that seek to
maximize a likelihood function will tend to overfit by selecting a larger
number of topics that adapt to different contexts. Thus, automated
routines will tend to lead to topics that are too granular to capture a
broad notion of innovation.
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10The textbook we use for this validation exercise is Managing In-
novation by Tidd et al. (2005), a widely adopted innovation textbook
that was available in PDF format via Google search. The readable PDF
format was useful to produce a distribution of words used to describe
innovation. One potential disadvantage of this benchmark textbook is
that it was published during the sample period and could influence or
be influenced by the innovative activities in our sample. To alleviate
this concern, we consider an alternative to this benchmark textbook
by processing a textbook published prior to our sample period, In-
novation and Entrepreneurship, by Drucker (1985), as robustness. As we
show in the online appendix (Figure A.2), our selection of the in-
novation topic is not sensitive to the choice of the benchmark.
11As a complement to thismainmeasure,we also construct a negative
text-based innovation measure that is constructed by using the subset
of reports that have negative sentiment. In contrast to our main
measure, negative text-based innovation loads negatively on firm
performance and exhibits a weak relation to other innovation out-
comes. This measure provides useful and distinct information about
innovative failures, which we highlight in the context of a replication
and extension of Custódio et al. (2019) in Section 5.
12The top three innovation firm-years among nonpatenting firms in
our sample highlight the ability of ourmeasure to identify overlooked
high-innovation firms. First, in 1996, Shared Medical Systems Cor-
poration produced information-processing systems for the healthcare
industry at a time when Internet technology was emerging, but was a
nonpatenting firm. Second, in 2000, BroadVision was a nonpatenting
firm that was a software vendor for web applications that enhanced
internal management systems of firms (HR, sales processing, online
shopping, etc.). Finally, in 1994, Alltel Wireless was a wireless service
provider that developed a large network of subscribers across much
of the United States by adopting network technology manufactured
by Lucent, Motorola, Nortel, Cisco, and Juniper Networks.
13The innovation topic and patenting outcomes have a strong cor-
relationwithin the set of patenting firms. Specifically, we find that the
innovation topic exhibits a stronger correlation to patenting than any
of the other topics from the LDA. The statistical significance of the
relation between our innovation topic and patenting is present, even
after taking into account the multiple-comparisons problem of
searching over 15 topics. Indeed, the test statistic in a linear regression
is t � 12.37, which far exceeds rule-of-thumb adjustments to critical
values (Harvey et al. 2016), and the statistical significance survives
other more formal, multiple-comparisons adjustments (e.g., the
Bonferroni correction). As we describe in the online appendix (Table
A.2), this topic explains nearly two times the variation of any other set
of topic loadings among the 15 fitted LDA topics.
14The table presents comparisons of other characteristics as well,
which are consistent with intuition about R&D and patenting. For
example, there is a strong correlation between patenting and R&D
expenditures. Both patenting and R&D firms have lower asset
tangibility and lower leverage. In addition, R&D firms tend to be
younger than non-R&D firms, and firms with patents tend to
be older.
15Throughout our empirical analysis, we use two-digit SIC industries
when we construct industry-year fixed effects. In our sample, there
are 223 distinct SIC4 industries across 21 years, which would imply
nearly as many SIC4-year fixed effects (4,683) as observations
(~6,000). We note that the recent study of Custódio et al. (2019)
employs a similar strategy to account for industry-year variations
using SIC2-year fixed effects.
16Our results are nearly identical when double clustering by firm and
year (see Table A.11 in the online appendix), but we adopt the one-
way clustering to avoid the concern that the year dimension of our
data set has only 21 clusters, and, thus, the asymptotic approximation
to the variance–covariance matrix may not be valid.

17For these interactive specifications, we drop the patenting controls
because patent counts and citations are equal to zero for nonpatenting
firms, meaning that the interaction with these terms included could
mechanically capture a slope effect of the amount of patenting rather
than the raw difference between patenting and nonpatenting firms.
The specification that includes these controls delivers nearly identical
results (see Table A.9 in the online appendix). We thank an anony-
mous referee for identifying this specification issue.
18 In the online appendix (Table A.7), we present a complementary
exercise in whichwe interact text-based innovation with a continuous
measure of patenting intensity, estimated on the subset of patenting
firms. This specification tests whether the performance implications
are different for firms with high versus low patenting intensity. We
find that text-based innovation exhibits a similar-magnitude relation
to performance for firms with high versus low patenting intensity,
similar to our main comparison between patenting and nonpatenting
firms. Relatedly, in Table A.8 in the online appendix, we re-estimate
the main noninteractive performance specification, but without con-
trolling for the patenting measures. Regardless of the controls
employed, our findings are virtually unchanged, which alleviates the
concern that the significant relation between text-based innovation
and performance is an artifact of how we account for patenting
outcomes as control variables.
19These specifications also include four lags of patent counts and
R&D intensity to address the separate empirical concern that pat-
enting and R&D outcomes influence text-based innovation. To this
point, we find that patenting does not predict text-based innovation at
any lag (conditional on fixed effects and controls), suggesting that our
findings are not driven by a lagged correlation with patenting out-
comes. We also find that R&D exhibits a robust relation to text-based
innovation at a two-year lag (but not significant at other lags), con-
sistent with the notion that R&D investments take time to materialize.
See Table A.20 in the online appendix for details on these full results.
20 In addition, we perform several additional robustness exercises
related to selecting the innovation topic, which are reported in the
online appendix. Figure A.3 and Table A.5 in the online appendix
present the results from an analysis of a 50-topic LDA. In addition, we
conduct three robustness exercises that pertain to how we select the
innovation topic. First, in Table A.4 in the online appendix, we
present evidence that the topic most correlated with patenting (the
“Patenting Topic”) exhibits a stable and high rank in terms of its
correlation with the words in theManaging Innovation textbook (Tidd
et al. 2005) we use as a benchmark. Second, we parse the text of an
alternative innovation textbook, Innovation and Entrepreneurship by
Drucker (1985), which was published before our sample period.
Figure A.2 in the online appendix shows that our choice of the in-
novation topic is the same if we employ this benchmark. Third, in the
performance regressions, we present an interaction between our text-
based innovation measure and a postpublication indicator for
Managing Innovation (Tidd et al. 2005). In these specifications, we find
similar results before versus after the innovation book’s publication
(Table A.15 in the online appendix). Collectively, these tests help to
alleviate the concern that the innovation textbook is influenced by
innovations specific to this time period or that the innovation book
influences the language that analysts use.
21Although this conclusion is sensible, it is important to emphasize that
this measure does not merely reflect low sentiment about the firm, but,
rather, low sentiment by analysts who write intensively about innova-
tion. Indeed, the main (positive) innovation measure produces a robust
positive relation to future firm performance, even conditioning on low
average sentiment of analysts (see Table A.12 in the online appendix).
22A rationale for this pattern of results is that patenting firms, by
virtue of engaging in a public innovation process, are less opaque
with respect to their innovative failures. For this set of firms, analysts
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are better able to provide insight into the nature of innovative failures.
For firms that do not patent, there is additional noise in the measure.
With this feature of the measure in mind, we expect that some of the
more promising applications of the negative text-based innovation
measure are to the study of firms that have patents.
23Because we control for current logged patents and logged citations
in the specification in column (8) with firm fixed effects, it is tech-
nically inappropriate to interpret this coefficient estimate because this
is a version of controlling for a lagged dependent variable in a panel
data context. Such a panel regression model with feedback violates
the strict exogeneity condition that is required for fixed-effects esti-
mation to be consistent (e.g., see Wooldridge 2003). On this basis, we
place greater weight on the result in column (7). We choose to report
this specification, and the specification column (4), which exhibits the
same empirical problem, because we wish to maintain a consistent
structure for the empirical tests in the paper.
24The nonsignificant result in columns (7) and (8) is due to the in-
clusion of industry-year fixed effects. In unreported results (not re-
ported for brevity), we find a statistically significant relation between
text-based innovation and product innovation in a regression with
firm fixed effects. In addition, the online appendix presents two
additional results related to how text-based innovation relates to
other innovation measures. First, we estimate the relation between
text-based innovation and future patent value and future product
introductions (one year ahead) in Table A.17 in the online appendix.
These results indicate a similar positive relation, albeit slightly
weaker than the contemporaneous relation we describe here. Second,
we estimate the relation between negative text-based innovation and
these other aspects of innovation in Table A.18 in the online appendix.
Consistent with the negative measure capturing the lack of inno-
vation success, we find that negative text-based innovation is gen-
erally insignificantly related to innovation quality, particularly for
specifications that include firm characteristics.
25This index, which was developed by Custódio et al. (2013), is equal
to the first principal component of five characteristics of the CEOs
experience profile: (1) the past number of positions, (2) the past
number of firms, (3) the past number of industries in which he
worked, (4) whether he held a CEO position at a different company,
and (5) whether he worked for a conglomerate firm.
26Apart from being negative and statistically significant, the coeffi-
cient on the General Ability Index is significantly lower for text-based
innovation than for patents, with a t-statistic of −3.62 using a
bootstrapped standard error for the difference-in-coefficient test.
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