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Abstract

Since March outlined the importance of balancing exploration and exploitation in organizational learning,
the exploration—exploitation paradigm has received substantial attention in the management literature.
Recent studies have used computer-aided text analysis to construct measures of firms’ inclination towards
exploration or exploitation, using the original set of keywords proposed by James G. March. We propose
a structured series of tests to assess the validity of computer-aided text analysis-based measures and
demonstrate that the approach used in prior studies is unlikely to deliver valid indicators. We demonstrate
that an alternative approach, which relies on a larger library of keywords, including synonyms of the March
keywords and selects only those keywords that are informative and that pass validity tests, delivers valid
computer-aided text analysis indicators — both for unstructured (news articles) and structured text-bases
(annual reports). Our study contributes to the literature on construct validity and has broader implications
for the development of computer-aided text analysis-based indicators in strategy and organization research.
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Introduction

Inspired by the work of March (1991), an expanding literature has examined the question of how
firms should balance exploration and exploitation in organizational learning and how such a bal-
ance affects firm performance (e.g. Bauer and Leker, 2013; Belderbos et al., 2010; Eisenhardt et
al., 2010; Gatti et al., 2015; He and Wong, 2004; Jancenelle, 2020; Jansen et al., 2009; Jansen et
al., 2006; Knott, 2002; Lavie et al., 2011; Lin et al., 2007; Luo et al., 2019; McKenny et al., 2018;
Nosella et al., 2012; Stettner and Lavie, 2014; Tushman and O’Reilly, 1996; Tushman et al., 2011;
Uotila et al., 2009; Vagnani, 2015; Van Looy et al., 2005; Walrave et al., 2011). Following a pio-
neering study by Ubotila et al. (2009), several studies have used content analysis, and, in particular,
computer-aided text analysis (CATA) of texts describing firms’ activities (e.g. annual reports or
news articles) to capture firms’ endeavours in exploitation and exploration. Most studies that
applied CATA to measure firms’ exploration and/or exploitation activities used the terms proposed
by March (1991) to define the concepts of exploration and exploitation, in some cases expanded
with additional keywords, permutations or synonyms (Allison et al., 2014; Gatti et al., 2015;
Heyden et al., 2015; Jancenelle, 2020; Kimbrough et al., 2014; Luger et al., 2018; Luo et al., 2019;
McKenny et al., 2018; Moss et al., 2014; Ochmichen et al., 2017; Titus et al., 2017; Uotila et al.,
2009; Vagnani, 2015; Walrave et al., 2011).

CATA has the advantage that it can deliver measures that (1) cover a broad range of firm activi-
ties, (2) can be calculated for a large number of firms across long time periods and (3) are applica-
ble across different industries. Furthermore, CATA allows drawing on large amounts of text data
and promises higher reliability than human coding (Neuendorf, 2002), hence holds the promise of
generating broadly applicable indicators. In this article, we argue that the value of this approach in
strategy and organization research in general and in research on exploration and exploitation, in
particular, will crucially depend on the validity of CATA measures. However, construct validity
tests have rarely been systematically applied in the literature.

In this article, we use a systematic validity protocol for CATA measures following Belderbos et
al. (2017) and Short et al. (2010) to assess the validity of the dominant approach in the ambidexter-
ity literature. We demonstrate that indicators based on the original March keywords are unlikely to
pass these established validity tests and hence cannot be considered proper measures of exploration
or exploitation. The March keyword-based measures appear to cover broader concepts and are not
able to distinctively identify exploration and exploitation activities. The original contribution by
March provides no specific foundations for the terms and it is fair to assume that he did not intend
his lists to be used ‘as is’ for the construction of empirical indicators. The main reason for the use
of the original keywords proposed by March appears to be their availability rather than their valid-
ity. We propose an alternative ‘extended-informative March’ CATA approach that utilizes a much
larger library of keywords—including synonyms of March keywords — but that subsequently selects
only those keywords that are informative (frequency of occurrence) and that pass validity tests. We
demonstrate that this approach delivers valid CATA indicators both for unstructured (news articles)
and structured (annual reports) text-bases.

The overall message of our analysis consists of both an endorsement and a warning for the use
of CATA indicators in strategy and organization research. An endorsement because — as recent
research has shown — the data sources for using content analysis are commonly available, easily
accessible, and rich in content. This allows for the construction of indicators that are applicable
across sectors and time, a feature that existing indicators typically cannot provide. However, the
use of CATA indicators is also associated with a number of caveats. Text data are noisy, and indica-
tors should be constructed using an informative and valid set of keywords. We recommend a struc-
tural approach to test the validity of CATA indicators as indispensable to safely unleash the value
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of text data and content analysis. Keywords should be curated for each unique text corpus to
develop a CATA-based indicator. Only when the indicator passes a range of tests (sampling valid-
ity, content validity, discriminant validity, and predictive validity), we can make a judgement con-
cerning construct validity (Edwards, 2011; Krippendorff, 2013). Our article responds to the call by
Boyd et al. (2013) to give more attention to the measurement and validity of constructs in manage-
ment studies.

In the next section, we provide the background of our research by reviewing prior studies on
exploration, exploitation, firm performance, and existing literature using CATA in ambidexterity
research. Subsequently, we describe a set of validity testing steps to be taken to construct valid
indicators. We then discuss our data and methods, and report the findings when applying the valid-
ity steps to an indicator based on the March (1991) keywords for unstructured text (news articles).
After demonstrating that this approach fails to pass all validity tests, we then turn to our approach
based on a larger library of keywords that includes synonyms and the selection of informative and
valid keywords from among these. We show that such an approach can lead to a valid exploration
orientation indicator that has the expected curvilinear relation with firm performance. In supple-
mentary analysis, we show that comparable results are obtained if we use structured text data in the
form of annual reports. Finally, we discuss the implications of our findings and conclude.

Theoretical background

Exploration, exploitation and ambidexterity

Since March’s (1991) seminal study, the terms exploration and exploitation have dominated
debates on organizational learning (e.g. Levinthal and March, 1993), strategic management (e.g.
Gatti et al., 2015; He and Wong, 2004; Heyden et al., 2015; Luger et al., 2018; Titus et al., 2017;
O’Reilly et al., 2009; Uotila et al., 2009) and innovation management (e.g. Arora et al., 2020;
Belderbos et al., 2010; Jancenelle, 2020; Jansen et al., 2006). Exploitation refers to the improve-
ment and extension of existing capabilities by means of activities, such as standardization, up-
scaling and refinement, leading to predictable returns that are proximate in time. Exploration refers
to the creation of new capabilities by means of activities, such as fundamental research, experi-
mentation and search, implying uncertain returns that are more distant in time (March, 1991). More
specifically, March (1991: 72) defines exploration as ‘gaining new information about alternatives’,
and exploitation as ‘using the information currently available’.

March viewed exploration and exploitation as two types of organizational learning that compete
for scarce organizational resources. The central tenet of March’s work is that firms need to be
ambidextrous and maintain a balance between exploitation and exploration to prosper in both the
short and long run. Organizations that engage only in exploration are likely to end up with too
many undeveloped ideas and too little distinctive competencies (Levinthal and March, 1993).
Conversely, firms that focus exclusively on exploitation might end up in competency traps
(Levinthal and March, 1993; Levitt and March, 1988) and might experience that such core capa-
bilities (Prahalad and Hamel, 1990) turn into core rigidities over time (Leonard-Barton, 1992;
Walrave et al., 2011).

While balancing is crucial, pursuing exploration and exploitation simultaneously in an organi-
zation creates important tensions (Nosella et al., 2012). Both activities are competing for scarce
resources, they have distinct objectives, and they require different mindsets and organizational
routines, with flexible and organic structures being preferable for exploration purposes, and effi-
ciency-oriented and mechanistic organizational practices being better suited for exploitation activi-
ties (Abernathy, 1991; Benner and Tushman, 2003; Burns and Stalker, 1961; Ghemawat et al.,
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1993; Jansen et al., 2006; Stettner and Lavie, 2014; Titus et al., 2017 Maclean et al., 2021).
Accordingly, March (1991) defines exploration and exploitation as a trade-off, as two ends of a
single continuum, such that, ambidexterity comes down to balancing these two ends in a zero-sum
game (Chen, 2017; Wilden et al., 2018). This bi-polar view of ambidexterity has been widely
adopted in the literature (Ahuja and Lampert, 2001; Ghemawat et al., 1993; He and Wong, 2004;
Lavie and Rosenkopf, 2006; Raisch and Zimmermann, 2017) and has been proposed by Lavie et
al. (2010) as the most appropriate representation.

The ‘balanced’ view has been subject to debate. The main criticism is that March (1991) based
this trade-off on the assumption that firm resources are limited. Since not all resources are scarce
(Grant, 1996), the exploration of new possibilities and the exploitation of existing expertise do not
always have to constitute a trade-off. Some information-based resources are not delimited using or
sharing but can be multiplied (Moreno-Luzon and Valls-Pasola, 2011). Studies also point out that
the requirements for exploration are different from those for exploitation in terms of knowledge,
culture, managerial practices and structure, such that, they are not directly competing for the same
resources (Benner and Tushman, 2003; Katila and Ahuja, 2002; Kauppila, 2010; Miron-Spektor et
al., 2018). Based on such arguments, some researchers conceptualize exploration and exploitation
as two independent concepts (Benner and Tushman, 2003; Katila and Ahuja, 2002; O'Reilly and
Tushman, 2011; Raisch and Birkinshaw, 2008). In this ‘orthogonal’ view, exploration and exploita-
tion are two independent and compatible goals for firms. In this article, we focus on organizational
learning and follow the dominant view in the field by treating exploration and exploitation as a
continuum. We discuss the limitations of this approach in the final section of the article.

Measurement of exploration and exploitation

In the ambidexterity literature, three main approaches are followed: survey-, patent- and text-based
measures. Each approach has its advantages and disadvantages regarding its potential for longitu-
dinal analysis, data availability, and indicator validity.

Quite a few studies use surveys to measure exploration and exploitation (He and Wong, 2004;
Mom et al., 2009 Koryak et al., 2018; de Visser et al., 2010) and interviews with managers to
uncover detailed information about innovation processes (Maclean et al., 2021; Mohnen and
Roller, 2005). Survey-based indicators are frequently used in contextual ambidexterity studies at
the individual, team, and top management team levels (Koryak et al., 2018; Marabelli et al., 2012;
Mihalache et al., 2014; Mom et al., 2009), in structural ambidexterity research, including interor-
ganizational partnerships (Kauppila, 2010; Kiss et al., 2020; Kortmann, 2015; Ungureanu et al.,
2020; de Visser et al., 2010) and in temporal ambidexterity studies (Uotila, 2018; Wang et al.,
2019). However, survey-based indicators have drawbacks, such as a low level of international and
cross-sectoral comparability, subjective judgements and common method bias (e.g. Kleinknecht
et al., 2002).

A second empirical approach in ambidexterity research focuses on patent-based indicators (e.g.
Belderbos et al., 2010; Choi et al., 2016; Geerts et al., 2018; Morandi Stagni et al., 2021; Quintana-
Garcia and Benavides-Velasco, 2008; Rosenkopf and Nerkar, 2001; Russo and Vurro, 2010; Wang
and Li, 2008). Katila and Ahuja (2002) and Russo and Vurro (2010) examine citation patterns in
patents to distinguish the exploitation of existing knowledge and the exploration of new knowl-
edge. Choi et al. (2016) and Morandi Stagni et al. (2021) use the total number of new versus re-
used citations in patent applications. Belderbos et al. (2010) use patent class information to identify
exploration and exploitation. Patent-based indicators are easily available and provide longitudinal
data but also have disadvantages. For instance, patents only provide a partial view of firms’ tech-
nology activities since not all inventions are patented, and firms may choose other mechanisms to
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appropriate the returns on their R&D investments. The importance of patenting also varies by
country and sector (Park and Park, 2006).

A third approach to generate exploration and exploitation indicators — and the focus of our
study—is content analysis, which can be defined as a ‘systematic, replicable approach for compress-
ing words of a text into fewer content categories based on explicit rules of coding’ (Weber, 1990).
Content analysis holds the promise of generating indicators that have a more general applicability
and generalizability. It is generally performed on archival textual data, such as CEO letters to
shareholders, annual reports, press releases and news articles, website archives and mission state-
ments (Arora et al., 2020; Duriau et al., 2007; Titus et al., 2017; Uotila et al., 2009). Recent
advances in computer technologies have enabled researchers to perform content analyses on large
bodies of texts using CATA. CATA can deliver higher reliability than human coding with a lower
cost and greater speed (Neuendorf, 2002) and is seen as a valuable tool to process qualitative infor-
mation, representing an opportunity to derive a more accurate measurement (McKenny et al.,
2018). It assists researchers in filtering, categorizing, and processing information by combining the
strengths of computer reliability and expert human judgement (Krippendorff, 2004). CATA can be
used for texts that are common in an organizational context (e.g. annual reports and press releases),
which provides a high internal validity (Aguinis and Edwards, 2014; Dalton and Aguinis, 2013;
Short and Palmer, 2008; Short et al., 2010). It allows data collection across a greater set of circum-
stances (McKenny et al., 2013). Hence, CATA is seen as a promising approach to developing novel
and rich measures (Aguinis and Edwards, 2014; Short and Palmer, 2008).

An impressive array of recent studies have performed CATA to derive measures of exploitation
and exploration using March's (1991) original keywords' (Allison et al., 2014; Gatti et al., 2015;
Heyden et al., 2015; Jancenelle, 2020; Kimbrough et al., 2014; Luger et al., 2018; Luo et al., 2019
(McKenny et al., 2018; Moss et al., 2014; Oechmichen et al., 2017; Titus et al., 2017; Uotila et al.,
2009; Vagnani, 2015). In some studies, the set of March keywords was extended with additional
terms and permutations (e.g. Moss et al., 2014; Walrave et al., 2011) or synonyms (e.g. Heyden et
al., 2015; Matthews et al., 2022; Oehmichen et al., 2017).

In line with March’s (1991) conceptualization of exploration and exploitation as two learning
activities that compete for firm resources, most of the aforementioned studies measure firms’ rela-
tive orientation towards exploration, as compared with exploitation.> Given the aim of this article
to examine the validity of the CATA indicators used in past studies, our analysis will stay close to
this prior work in terms of conceptualizing and operationalizing exploration and exploitation as
points on a continuum. In particular, we follow the approach of the pioneering study of Uotila et
al. (2009), of which the operationalization of ambidexterity in the form of firm-level exploration
orientation has frequently served as a reference in follow-up research.

Validity in content analysis

A validity protocol for a CATA-based exploration orientation indicator

Validity, the degree that a measure accurately represents the focal construct, is a crucial feature of
any empirical study (Cronbach’s, 1971). There are different methods and techniques recommended
in the literature to assure validity (Cronbach’s and Meehl, 1955; Krippendorff, 1980, 2004;
Messick, 1989, 1995), and studies have recommended protocols to examine the validity of CATA-
based indicators (Belderbos et al., 2017; McKenny et al., 2018; Short et al., 2010). We draw on
Short et al. (2010) and Belderbos et al. (2017) to introduce a set of validity checks specifically for
a CATA-based exploration orientation indicator. We tailor validity analysis to the development of
measures for the multidimensional construct of ambidexterity, and we propose a specific approach



274 Strategic Organization 22(2)

to arrive at valid CATA indicators. This structured set of validity tests that allow for developing
valid indicators includes sampling validity, content validity, discriminant validity, and predictive
validity.

The first step in the validity protocol for a CATA-based exploration indicator is sampling valid-
ity, which refers to the:

the degree to which a collection of data are either statistically representative of a given universe or in some
specific respect similar to another sample from the same universe so that the sample can be analysed in
place of the universe of interest. (Krippendorff, 1980)

Hence, the body of texts on which content analysis is performed has to be informative about the
focal construct. Poor sampling validity may lead to unreliable indicators. To achieve better scala-
bility compared to a manual assessment and to avoid the ex-ante limitation to a single type of docu-
ment, topic modelling techniques like LDA (latent Dirichlet allocation), a commonly used
bottom-up topic modelling algorithm, can be used (Steyvers and Griffiths, 2007). Such techniques
help researchers to find ‘hidden structures’ or ‘latent topics’ in the text corpus, allowing them to
judge which topics are representative of the studied phenomenon (Blei, 2012).

The second validity test we will apply is content validity. Content validity refers to ‘the extent
to which a measure represents all facets of a given construct’ (Nunnally and Bernstein, 1994). The
dominant approach of content analysis in the management literature uses (a series of) keywords
where the underlying assumption is that the words people use in narrative texts, such as news arti-
cles, annual reports, press releases or newspaper coverage, are a reflection of their thoughts and of
the constructs under study (Maclean et al., 2021; Pennebaker et al., 2003; Short et al., 2010; Tetlock
et al., 2008). Studies that performed CATA to build indicators on exploration orientation have used
a ‘deductive approach’ where the keywords are rooted in theory, in particular March’s (1991) semi-
nal study (Uotila et al., 2009; Vagnani, 2015). A concern with this approach, which we address in
this article, is that it assumes a universal interpretation and use of the March keywords across dif-
ferent settings and bodies of texts.

To assess the content validity of keywords, several complementary tests can be used, such as the
agreement between human raters on the construct reflected in a series of documents, the analysis
of the context in which keywords occur in documents (‘Keyword-in-Context’ or KWIC), or the
precision, accuracy, and recall performance of a set of keywords in terms of identifying a construct
in a document. Interrater agreement (percentage agreement) is a commonly recommended test of
the consistency in ratings given by different expert raters, such as whether an article reflects explo-
ration rather than exploitation activities of the firm (Krippendorff, 2013; McKenny et al., 2018). A
KWIC analysis examines the relevance of each keyword taking into account the context in which
it is used in the body of the text (Gatti et al., 2015; Heyden et al., 2015; Uotila et al., 2009; Vagnani,
2015). Accuracy, precision and recall tests are widely used diagnostics in machine learning and
text analysis to assess content validity (Kimbrough et al., 2014). Finally, face validity and semantic
validity — sometimes informally referred to as the ‘smell test’ — are also used to assess content
validity but they are a rather subjective way of assessing content validity (Gravetter and Forzano,
2012).

The third step in our proposed validity testing protocol assesses the discriminant validity of
keywords, which refers to the degree that the focal construct (identified using the selected key-
words) is distinct from other constructs (Campbell and Fiske, 1959). Discriminant validity can be
tested using factor analysis, cluster analysis or dimensionality checks that are based on the analysis
of correlations both within and across constructs (Gatti et al., 2015; Short et al., 2010). In our
empirical setting, discriminant validity means that the keyword-based indicators of exploration and



Ugur et al. 275

exploitation should be sufficiently distinct from each other and that, for example, the correlations
between keywords pertaining to the same construct should be higher than the correlations between
keywords across the exploration and exploitation constructs. Note that this validity step is particu-
larly crucial for a multidimensional construct like exploration orientation. In such cases, the term
construct dimensionality is also used to refer to an indicator’s ability to discriminate between the
construct’s multiple dimensions.

The final step in the validity testing protocol concerns predictive validity, which is the degree to
which an indicator behaves in relation to an outcome in a manner predicted by theory (Krippendorft,
1980). Short et al. (2010) discuss many assessment techniques that can be used to evaluate predic-
tive validity, including regression analysis and structural equation modelling. In the context of our
study, we rely on the body of ambidexterity theory that predicts a balance between exploration and
exploitation activities is positively associated with firm value.

While CATA methods have been subject to continuous refinement, prior work that developed
text-based exploration and exploitation indicators have used a variety of validity checks without a
common, structured approach. Table 1 summarizes the CATA-based articles in exploration—exploi-
tation research, their text data sources, databases, keyword base and validity checks performed.?
Papers report various, but rarely comprehensive validity checks, including interrater reliability,
KWIC analysis, precision and recall tests, face/semantic validity, construct dimensionality, corre-
lational validity, predictive validity, sampling validity and so on. Notably, papers often refer to
prior studies to justify the validity of measures rather than actually testing the validity of the indica-
tors used. Only a few articles performed a notable effort to use multiple tools to validate their text-
based exploration—exploitation indicators (Moss et al., 2014; Matthews et al., 2022).

Prior studies used different types of text data, such as annual reports, shareholder letters, finan-
cial reports, news articles and website archives. Although the data sources display great variation,
sampling validity analysis has been performed only rarely (Arora et al., 2020; Jancenelle, 2020).
The most commonly reported validity test in terms of content validity is interrater reliability, which
prior studies used to assess the extent to which there is agreement between (human or algorithmic)
raters about the classification of texts as either exploration- or exploitation-oriented. This step is
recommended to avoid potential measurement errors (McKenny et al., 2018), but it constitutes
only a partial test of content validity in the absence of complementary tests, such as KWIC and
assessments of accuracy, precision and recall. Only few articles also used other forms of validity
tests, such as construct dimensionality (discriminant validity) (Gatti et al., 2015). This step is
important since unlike constructs like entrepreneurial orientation (Short et al., 2010), global mind-
set (Belderbos et al., 2017) or long-term orientation (Brigham et al., 2014), ambidexterity is a two-
dimensional construct, which needs to be taken into account when assessing whether the keywords
of a CATA-based indicator distinctively capture the two dimensions.

The majority of the studies focus solely on March (1991) keywords with permutations (e.g.
permutations for the ‘search’ keyword include ‘searching’, ‘searches’, ‘research’. . . as in the stud-
ies of Allison et al., 2014; Jancenelle, 2020; Luger et al., 2018; Uotila et al., 2009). A few studies
broaden the March keyword list by adding synonyms using dictionaries, such as the Merriam—
Webster Thesaurus (Heyden et al., 2015; Luo et al., 2019), or broaden the keyword list identified
in the body of texts through linguistic analysis (Kimbrough et al., 2014; Klonek et al., 2020; Moss
etal., 2014).

Finally, we note that we consider exploration orientation a formative measure. Formative meas-
ures describe different dimensions of a construct and channel conceptually distinct measures into
a single construct (Edwards, 2011). Each keyword (partially) captures a dimension of the con-
struct, such that, the complete set of keywords for a dimension provides redundancy in measure-
ment and therefore provides some resilience against measurement error (Bagozzi, 2011), which is
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a distinct advantage when working with large volumes of unstructured and ‘noisy’ data. The factor
analysis explicitly assesses the correlations among keywords of a single dimension as well as
between the exploration and exploitation dimensions, constituting a verification of internal consist-
ency (Edwards, 2011). The factor analysis also ensures each retained keyword captures a unique
part of the variance of its associated dimension. The KWIC analysis further weeds out ambivalent
keywords to ensure each retained keyword represents either exploration or exploitation.

Data and methods

The text corpus for our study consists of 129,413 unique news articles* from the LexisNexis news
archive database® for the period 1996-2003. This set of articles covers 161 manufacturing compa-
nies, drawn from the 2004 edition of the Industrial R&D Scoreboard, which provides a list of the
500 most R&D - intensive European and 500 most R&D - intensive US and Japanese firms. The
firms selected are the top R&D spending firms in their region of origin and industry for which we
could retrieve longitudinal financial and economic data. The firms have headquarters in the United
States, Europe or Japan. Our sample covers medium to high R&D - intensive industries: chemicals,
pharmaceuticals and biotechnology, electronics and electrical engineering, IT hardware (comput-
ers and communication equipment) and engineering and non-electrical machinery.

We follow recent studies (Heyden et al., 2015; Lavie et al., 2010; Sidhu et al., 2007; Stettner and
Lavie, 2014; Uotila et al., 2009; Volberda et al., 2001) and operationalize the exploration orienta-
tion of a firm by dividing the number of March’s exploration keywords found in the texts published
in a year for a particular firm by the total number of March’s exploration and exploitation key-
words for the firm in that year (the ‘balanced view’). Since the operationalization of exploration
orientation is a ratio, an article - length standardization is not required.

To make useful comparisons with prior literature, our specification stays close to prior studies
using CATA and to study the performance effects of balanced exploration and exploitation. For the
predictive validity tests, we measure firm performance as Tobin’s Q, which captures both short-
term performance and the firm’s long-term prospects of value creation (Allen, 1993; Lavie et al.,
2011; Lubatkin and Shrieves, 1986; Uotila et al., 2009). Tobin’s Q is defined as the market value
of the firm divided by the book value of assets (Bebchuk and Cohen, 2005; Belderbos et al., 2010).
In line with prior work (e.g. Uotila et al., 2009), the models of firm performance include the fol-
lowing control variables, taken from Worldscope, Compustat and corporate annual reports: the
one-period lagged value of Tobin’s Q, the logarithm of firm size (total assets), R&D intensity
(R&D expenses divided by total sales) and a set of sector and year dummies. We additionally con-
trol for patent intensity (patents divided by R&D expenses) and R&D collaboration. We proxy
R&D collaborations by the share of co-owned patents of a firm with external partners (Belderbos
et al., 2014). We use patent data from the European patent office and collected patents at the con-
solidated firm level, taking into account yearly changes in firms’ group structures over time. We
also include media coverage, defined as the frequency by which firms’ business activities are
reported on in the press. From research on the relation between media coverage and market value,
we infer an inverted U-shaped relationship: initial media coverage creates liquidity and investor
recognition (Barber and Odean, 2008; Huberman and Regev, 2001; Nguyen, 2015) while intensive
coverage in the media tends to capture episodes of adverse events, referred to as ‘bad news bias’ in
media reporting (Bonsall et al., 2020; Tetlock, 2007).

We estimate system Gaussian mixture model (GMM) to relate firm performance to exploration
orientation and past performance (Blundell and Bond, 1998). This approach is suitable for ‘small
T, large N’ panel data that include lagged values of the dependent variable (Arellano, 2003).
Furthermore, this dynamic panel data estimation can handle the endogeneity of regressors,
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unobserved firm- and industry-specific effects, and autocorrelation, using multiple instrumental
variables (March and Sutton, 1997; Richard et al., 2009; Roodman, 2009). We treat sector and year
dummies as exogenous variables, while we instrument for lagged Tobin’s Q, exploration orienta-
tion, R&D intensity, patent intensity, R&D collaboration, media coverage and firm size. To avoid
instrument proliferation, we limit the number of lags for the instruments to 2 years for predeter-
mined variables. After adding control variables, we can utilize an imbalanced panel data set of 955
observations on 161 firms.

Validity analysis of a CATA indicator of exploration orientation
using March’s keywords

In this section, we examine the validity of the March (1991) keyword-based indicator of explora-
tion orientation, following the structured set of validity checks described above.

Sampling validity

The principle of sampling validity suggests that uninformative articles have to be removed from
the body of text to which content analysis is applied. Besides the primary objective of constructing
a relevant text-base — particularly important when working with unstructured data, such as news
articles — pruning the data to obtain a valid sample reduces the workload of later validity steps that
involve manual coding. In the construction of the keyword-based indicators, we relied on those
LexisNexis articles that are informative of firms’ exploration and exploitation activities. Due to the
wide variety of texts in these unstructured texts in the LexisNexis archive, many of these might not
be informative for the constructs.

To arrive at a valid body of texts, we need to identify a set of articles that relate to exploration
and/or exploration in organizational learning. Content not focussing on organizational learning,
such as routine sales reports, financial statements without guidance or interpretation, mere notifica-
tions of management and board changes (in the absence of the reasons for these changes), and simi-
lar categories of texts provide no relevant content and are omitted in a sample validity step. For that
purpose, we performed an LDA analysis.

To prepare the LexisNexis text corpus for LDA, we performed a set of cleaning and preparation
steps. We removed punctuation characters and pro forma clauses, such as statements on copyrights.
We trained the LDA using 1000 articles and employed K=2-10 topics over 1000 iterations with
smoothing parameters ao=50/K and 3=0.01, respectively (Steyvers and Griffiths, 2007). Our ini-
tial analysis showed that K=7 is the best fitting number of topics since it provides the most consist-
ent set of keywords for each topic. The labels assigned to the seven topics were confirmed by four
independent expert raters. The topic labels as well as the 10 most common keywords for each topic
and their word probabilities are shown in Table 2. From a sampling validity perspective, five topics
are considered relevant for our analysis of firms’ exploration and exploitation activities. Articles
that focus on the topics of financials/sales or management and external relations are omitted. The
latter two topics relate to articles without further interpretation covering sales reports, financial
reports, notifications of management, and board changes. Articles that have a joint probability
greater than 0.5 to fall within these two categories are omitted. This effort to increase the validity
of the sample reduced the number of articles from a total of 138,755 articles to 101,041.°
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Content validity

The content validity of a CATA indicator is assessed on the basis of the accuracy of the keywords
used to construct this indicator. To assess content validity, we randomly selected (across firms and
years) news articles and two independent human raters classified them as dealing with either
exploration or exploitation. We relied on March’s (1991: 85) conceptualization of exploitation and
exploration as distinct learning activities, where ‘the essence of exploitation is the refinement and
extension of existing competencies, technologies and paradigms’ while ‘the essence of exploration
is experimentation with new alternatives’ and gave the raters clear instructions to take these con-
ceptualizations as their basis for rating. In the context of our study, exploitation captures activities,
such as improvements of machinery and manufacturing systems, the extension and routine differ-
entiation of existing product lines and the optimization and updating of work practices. Exploration
captures activities like experimentation with and introduction of novel products, technologies, ser-
vices or processes or entry into new markets.

We used a set of 200 randomly selected articles and asked the raters to classify these as either
exploitative or explorative. Classifying articles as distinctively exploration- or exploitation-related
was feasible since most articles referred to specific business events, such as a market expansion or
a new product introduction. In the rare case that an article did not conclusively report on either
exploration or exploitation, it was discarded, and a new article was drawn. We continued to draw
articles until a set of 100 exploitation and 100 exploration articles was established. This set of 200
articles was roughly evenly distributed across sectors and years and fairly representative of the
sample of firms. The interrater reliability (percentage agreement) was equal to 0.76 (corresponding
to a Kappa of 0.56), which is commonly considered an intermediate to good agreement, as it is
above the generally accepted threshold of 0.75 (Fleiss et al 2003).” We note that researchers can
make other decisions on the implementation of the rating scheme. We limited our categorization to
a binary one since manual categorization of articles is a complex task and a simple but clear
dichotomous approach is less prone to error than a complex Likert - type scoring. Given that arti-
cles can contain both explorative and exploitative contents, a Likert rating would also have been
conceivable. Similarly, an alternative approach to discarding ambiguous articles would be to clas-
sify undetermined cases both as explorative and exploitative.

Subsequently, we examined the accuracy, precision and recall of the CATA text-based indica-
tor, using the manually classified interrater-agreed 152 articles as a benchmark. An article was
classified as ‘exploration’ when it contained more exploration keywords than exploitation key-
words and as exploitation otherwise. Table 3 shows the classification of the articles by the human
raters and the text-based indicator as well as the classification performance indicators. Accuracy is
defined as the share of articles that are classified correctly by the CATA text-based indicator (i.c.
in agreement with the two raters) as exploration (and hence also as exploitation). The precision and
recall indicators are specific to exploration and exploitation. For exploration, precision tells us, for
all articles classified as exploration by the CATA text-based indicator, what share was also identi-
fied as such by the human raters (and analogous for exploitation). Recall tells us, for all articles
classified as exploration by the human raters, what share was classified correctly using the March
text-based indicator (and again analogous for exploitation).The resulting values for accuracy
(49%), precision (56% for exploration and 31% for exploitation) and recall (70% for exploration
and 19% for exploitation) suggest that content validity of the March text-based indicators is rather
poor. This finding is in line with McKenny et al.’s (2018) comparison of manual and CATA encod-
ing of ambidexterity using the March keywords on a data set of Management Discussion and
Analysis sections of 10K filings of 205 firms.



Ugur et al.

28I

Table 3. Classification of articles by human raters versus CATA March and extended-informative March

indicator.

Classification by human raters

Exploration Exploitation
Classification by March  Exploration 63 50
CATA indicator
Exploitation 27 12
Accuracy TP+TN/TP+FP+FN+TN  (63+12)/(63+50+27+12)  (12+63)/ (12427 + 50+ 63)
49% 49%
Precision (P) TP/TP+FP 63/(63 + 50) 12/(12 +27)
56% 31%
Recall (R) TP/TP+FN 63/(63 +27) 12/(12 + 50)
70% 19%
Fl 2X((PXR)/(P+R)) 0.62 0.24
Classification by human raters
Exploration Exploitation
Classification by Exploration 68 39
extended-informative
March CATA indicator
Exploitation 22 23

Accuracy TP+TN/TP+FP+FN+TN  (68+23)/(68+39+22+23)  (12+63)/ (23 +22+39 +68)
60% 60%

Precision (P) TP/TP+ FP 68/(68 + 39) 23/(22 + 23)
64% 51%

Recall (R) TP/TP+FN 68/(68 +22) 23/(23 + 39)
76% 37%

FI 2% ((PX R)/(P+ R)) 0.69 043

Notes: TP=true positive; TN =true negative; FP=false positive; FN =false negative. The FI statistic combines precision and recall in a
single performance measure.

Finally, a KWIC analysis (Manning and Schutze, 1999) was used to examine whether keywords
had an unambiguous meaning across contexts (Krippendorff, 2004). Details are provided in Table
A.1, which contains examples of the March keywords and the extended-informative March key-
words (see below) where these keywords are used in an ambiguous or in a correct context. Twenty
random occurrences of each March keyword and their 100 surrounding contextual words in the
news articles were manually inspected using NVIVO software to examine whether they were used
in a relevant context. The KWIC scores for the March keywords are presented in Table 4. The
ambiguity scores indicate that several exploration and exploitation keywords are often used out of
their context and do not represent exploration or exploitation activities accurately. This pattern is
most pronounced for the exploration keyword p/ay and the exploitation keyword execution that are
in more than half of the cases not used in the correct intended context, reflected in ambiguity scores
that exceed 0.5. Table 4 also presents that the frequency of occurrence of some of the March key-
words is rather low in the text corpus, with the keywords variation and refine represented in less
than 1% of the texts.

Discriminant validity

To test the discriminant validity of the 17 keywords of March (1991), we performed a factor analy-
sis to identify those keywords that are associated with the two underlying constructs of exploration
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Table 4. Content validity: KWIC analysis and ambiguity scores.

Keywords Search string Total number of hits Ambiguity score

March keywords

Choice Choice 5346 0.05
Efficiency Efficien 13,435 0.25
Execution Execut 24,278 0.8
Exploitation Exploit 1386 0.05
Implementation Implemen 12,936 0.1
Production Production 28,825 0.05
Refine Refine 948 0.05
Selection Select 13,975 0.15
Discovery Discover 22,255 0.1
Experimentation Experiment 2682 0
Exploration Explor 3222 0.25
Flexibility Flexib 97,96 0.15
Innovation Innovat 26405 0
Risk taking Risk 18,234 0.3
Search Search 95,846 0.15
Play Play 34,345 0.6
Variation Variation 699 0.5
Extended-informative March keywords

Advanced Advance 26,761 0.05
Control Control 30,316 0.1
Enhance Enhanc 19,100 0
Improve Improv 25,211 0.05
Collaboration Collaborat 18,237 0
Discover Discover 22,255 0.1
Search Search 95,846 0.15

Notes: Exploration keywords are represented in italics. The ambiguity score is calculated as the percentage of cases in
which a keyword is used in an ambiguous context. When retrieving keywords, prefixes or postfixes (e.g. eco-innovation,
refinement) were also included.

and exploitation (Short et al., 2010). The Kaiser-Meyer—Olkin measure of sampling adequacy
(0.8, well above the commonly used benchmark value of 0.5) indicates that our sample lends itself
to factor analysis (Field, 2009). The factor solution for the March keywords is shown in Table 5
and indicates that March’s keywords load into no fewer than six different factors. Moreover, most
underlying factors combine both exploration and exploitation keywords. For example, factor two
includes the exploration keyword flexible together with the exploitation keywords efficien and
implement. The conclusion is that the exploration and exploitation constructs are not captured dis-
tinctively with the March sets of keywords.

Predictive validity

In the final validity step, we examined how the March keywords, and the indicator derived from
them, behave in an analysis of the relationship between exploration orientation and firm perfor-
mance, measured by (the logarithm of) Tobin’s Q. Based on the ‘balanced view’ on ambidexterity,
we expect an inverted U-shaped relationship between exploration orientation and firm perfor-
mance. Table 6 shows the descriptive statistics and correlations and Table 7 shows the empirical
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Table 5. Discriminant validity: Factor analysis for March’s keywords.

Eigenvalues Factorl Factor2  Factor3 Factor4  Factor5 Factoré Uniqueness
(1.60) (1.45) (1.16) (1.05) (1.03) (1.00)

Exploration
Discover 0.7315 0.4531
Experiment 0.4006 0.6723
Explor 0.6650 0.4702
Flexible 0.5176 0.6594
Innovate 0.6828
Play 0.7792 0.3660
Risk 0.4263 0.7304
Search 0.7186 0.4746
Variation 0.6132 0.5853

Exploitation
Choice 0.6159
Efficien 0.5966 0.5617
Execute —0.4640 0.5019
Exploit -0.5025 0.6162
Implement 0.6586 0.5399
Production 0.6865 0.4491
Refine 0.4175 0.6648
Select 0.6442

Notes: Blanks represent loadings lower than the 0.4 threshold; varimax rotation applied.

Table 6. Descriptive statistics for the predicted validity test.

M SD I 2 3 4 5 6 7 8
I. Log (Tobin’s Q) 030 078  1.000
2. Lagged log 'Tobin’s Q) 031 079 0.830 1.000
3. Log (employees) 10.01 1.33 -0.226 -0.226 1.000
4. R&D intensity 0.07 005 0404 038  -0.359 1.000
5. Patent propensity 002 003 -0.128 -0.134 0.098 -0.321 1.000
6. R&D collaboration 0.05 008 -0.084 -0.076 -0.167 0.018 -0.089 1.000
7. Media coverage 021 008 0204 0.143 -0.003 0.183 -0.110 -0.117 1.000
8. Exploration Orientation (March) 059 020 0.250 0.249 -0.070 0.329 -0.156 0.038 0.018 1.000
9. Exploration orientation (E-l March) 0.51 026 -0.106 -0.121 0.087 -0.171 0.115 -0.174 0.246 -0.540

Notes: N=995. E-l March stands for extended-informative March

results. The results for the control variables indicate significance for the lagged value of Tobin’s Q,
R&D intensity, and R&D collaboration and indicate an inverted U-shaped association with media
coverage (in model 2). The negative sign for R&D collaboration measured as co-patenting is con-
sistent with prior research (Belderbos et al., 2014) and related to the shared claims on the value of
patented inventions. The results reported in model 2 in Table 7 do not reveal a statistically signifi-
cant relationship between exploration orientation and firm performance for the March keyword-
based indicator: the estimates of 3 =—0.957 for the linear coefficient and 3 =0.737 for the squared
coefficient are both insignificant. We conclude that the March keyword-based indicator does not
pass the predictive validity test. Given the lack of validity demonstrated by the previous tests, the
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Table 7. Predictive validity — the relationship between Tobin’s Q and exploration orientation.

Model | Model 2 Model 3

Controls only Exploration orientation  Exploration orientation with extended-
with March keywords informative March keywords

Exploration orientation -0.957 1.472%*
(1.323) (0.646)
Exploration orientation? 0.737 -l.161#*
(1.313) (0.524)
Log (Tobin’s Q,_)) 0.604++* 0.590%** 0.547%%*
(0.0713) (0.0960) (0.0791)
Log (employees) 0.0411 0.0619 0.0168
(0.0380) (0.0548) (0.0502)
R&D intensity 2,324 1.662 1.882*
(0.828) (1.139) (1.016)
Patent propensity -0.199 3.393 -0.664
(2.061) (2.333) (2.702)
R&D collaboration -0.459%#* -0.92%* -1.136%*
(0.159) (0.399) (0.528)
Media coverage -0.156 2.996%%* 0.983
(0.884) (1.135) (1.085)
Media coverage? 0.503 -3.653%* -1.049
(1.290) (1.538) (1.466)
Year dummies Included Included Included
Sector dummies Included Included Included
Constant 0.000 0.000 0.000
Omitted Omitted Omitted
Observations 995 995 995
Wald 2 (df) 1126.93 1490.25 1128.15
(0.000) (0.000) (0.000)
AR2 -0.77 -0.87 -0.82
No. of instruments 98 107 107
Hansen | (prob > y2) 0.052 0.155 0.222
Hansen J-test 97.14 96.06 92.52

Notes: Media coverage is scaled by a factor 1000. R&D collaboration is scaled by a factor 100. Robust standard errors
in parentheses. **p <0.01, ** p <0.05, * p <0.l. AR2=Arellano—Bond AR(2) test for autocorrelation.

likely reason is that an exploration orientation indicator based on the March keywords fails to
accurately capture the underlying phenomena of exploration and exploitation.

Towards a solution: An extended-informative March indicator

The difficulty with the March keyword approach is twofold: the keywords are not necessarily
informative for the text corpus at hand, with few occurrences, and the keywords may be used out
of context and do not allow grouping them into two factors for a multidimensional indicator, such
as exploration orientation. In this section, we present an alternative approach to construct a valid
CATA indicator of exploration orientation that addresses these issues. The logic of this approach is
to extend the number of keywords but at the same time maintain a strict adherence to validity. We
label this approach as the ‘extended-informative” March approach, since we rely on an ‘extended’
list of March keywords but only select those keywords that are ‘informative’ in the sense that they
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Table 8. Factor analysis for the extended-informative March keywords.
Panel A: Factor analysis on 20 keywords.

Eigenvalues Total number of hits Factor| Factor2 Factor3 Factor4 Factor5 Uniqueness

(176)  (1.71)  (1.70)  (1.66)  (1.47)

Exploration

New 181,157 0.6186
Search 95,846 0.662 0.5296
Chang 30,659 0.5219 0.6305
Innovat 26,405 0.4998 0.6994
Discover 22,255 0.7897 0.3533
Release 20,969 0.709 0.4869
Expand 20,398 0.5456 0.6662
Patent 19,121 0.836

Collaboration 18,237 0.7434 0.4394
Acquisition 12,206 0.5646 0.6467

Exploitation

Grow 44227 0.7085 0.4701
Standard 34,710 0.7253
Continue 34,704 0.5188 0.5987
Control 30,316 0.4271 0.754

Advanced 26,761 0.4891 0.7264
Improve 25,211 0.4826 0.6999
Speed 23,407 0.7885  0.3745
Fast 20,469 0.7635 0.3941
Enhance 19,100 0.5851 0.6475
Certain 17,787 0.7423 0.3882

Panel B: Factor analysis on seven keywords.

Eigenvalues Factor | Factor 2 Uniqueness
(1.76) (1.71)

Exploration

Collaboration 0.7563 0.4280
Discover 0.8l111 0.3415
Search 0.7563 0.5243
Exploitation

Advanced 0.5652 0.6802
Control 0.5456 0.6992
Enhance 0.6214 0.6124
Improve 0.6029 0.6245

Notes: Blank cells represent factor loadings lower than 0.4. A varimax rotation was applied.

occur frequently in a text-base and pass the validity tests. We use the extended list of 211 (126
exploitation + 85 exploration) keywords developed in Matthews et al. (2022), who add a series of
synonyms based on the Merriam-Webster Thesaurus and add a number of inductive keywords.® In
our approach, we select only those keywords that are most frequently occurring in the text sample
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of news articles for our sample firms. We limit ourselves to the 10 most frequent exploration and
exploitation keywords to illustrate the approach and stay close to the number of 17 original March
keywords. The list of 20 keywords—together with the number of times they occur in the text sample
— are presented in Table 8. In contrast with some of the original March keywords, all the 20 key-
words occur frequently in the text corpus, with the exploration keyword new occurring the most
frequently (181,157 times).

The next step of our approach consists of a factor analysis to identify those keywords that are
associated with the two underlying constructs of exploration and exploitation.’ Table 8 (Panel A)
shows that the keywords load into five different factors. The first factor contains the exploration
keywords search, discover, and collaboration. The second factor combines four exploitation key-
words (improve, enhance, advanced and control) and one exploration keyword (innovat). Since
our objective is to establish a dictionary of keywords in which each keyword is unambiguously
linked to either exploration or exploitation, we reduce the factor solution to two separate dimen-
sions by removing exploration (exploitation) keywords that are not grouped with other exploration
(exploitation) keywords. Hence, we dropped the keyword innovat. Conducting a second factor
analysis with the seven keywords, we obtained a meaningful two-factor solution whereby each
factor consists exclusively of exploration or exploitation keywords that are informative for the
text-base at hand (Table 8, panel B).

We subsequently subjected the extended-informative March indicator to content and predictive
validity tests. The content validity tests are reported in Tables 3 and 4, alongside the results for the
standard set of March keywords. The extended-informative March keywords all have low KWIC
ambiguity scores, ranging between 0 and 0.15, suggesting that the keywords are most often used in
the right context. The extended-informative March CATA indicator also improves significantly
over the March CATA indicator in terms of accuracy, precision, and recall. Accuracy improves
from 49% to 60%.

Finally, the extended-informative March CATA indicator also passes the predictive validity test.
As shown in model 3 of Table 7, we find a significant inverted U-shaped relationship between
exploration orientation and firm performance, confirming the ‘balanced view’ of ambidexterity,
with estimates of 3 =1.472 for the linear coefficient and 3 =—1./61 for the squared coefficient.
Overall, the extended-informative March CATA indicator passes all validity steps in our suggested
approach and can be considered a valid indicator of a firm’s exploration orientation.

Supplementary analysis

We have shown that the use of unstructured text creates challenges for sampling validity, such that,
researchers need to ensure that they work with an informative text-base. Structured text-bases,
such as company annual reports or letters to shareholders, present fewer challenges in this regard.
We examine whether the March keyword approach and our suggested approach also work in such
a context. The results of our analyses are reported in a separate online appendix. We focused the
analysis on the US companies in our sample, as for these we were able to systematically collect
their 10-K reports through EDGAR, the electronic data gathering, analysis and retrieval system for
company filings hosted by the US Securities and Exchange Commission; 10-K reports are compre-
hensive, mandatory reports filed annually by publicly traded US companies that report in detail on
their business activities, corporate structure, and financial performance. These reports can be con-
sidered an informative source on firms’ exploration and exploitation activities. Our corpus of text
of 10-K reports is an unbalanced panel (1996-2003) of 308 observations on 55 US companies.

In constructing the extended-informative March indicator, we started again from the extended
keyword list of Matthews et al. (2022). After selecting the 10 exploration and 10 exploitation
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keywords that occurred most frequently in the 10-K reports, and implementing the iterative factor
analysis, we found two meaningful factors. The first factor contained the four exploration key-
words search, patent, trademark and discover; the second factor was composed of the six exploita-
tion keywords continu, proxim, control, standard, improve and existing. While the
extended-informative March indicator passes the discriminant validity test by construction, this
was not the case for the March keyword indicator: the 17 March keywords loaded into six different
factors that all combined exploration and exploitation keywords (see the online appendix,
Table A.1). Moreover, it was not possible to choose an informative subset of March keywords that
loaded into two distinct factors.

In the next step, we subjected the March and extended-informative March keywords to a KWIC
content validity analysis. This analysis showed that the extended-informative March exploitation
keyword proxim was never used in the right context, and we removed it from the list of exploitation
keywords. Several March keywords scored poorly on the KWIC analyses, with exploitation key-
words execution and selection and exploration keyword variation having very high ambiguity
scores close to 0.9.

Subsequently, we examined the predictive validity of the March and the extended-informative
March exploration orientation indicators. While the March exploration orientation indicator was
insignificant in Tobin’s Q analysis, we again observed a significant inverted U-shaped relationship
between the extended-informative March indicator and firm performance. In sum, the supplemen-
tary analyses using a structured text-base of 10-K reports confirmed the findings of the main analy-
ses based on the unstructured text-base of news articles.

Finally, we examined whether the use of the unaltered keyword dictionary of Matthews et al.
(2022) could deliver valid indicators of exploitation orientation. This list of keywords also failed
the discriminant analysis and predictive validity tests (see the online appendix, Table A.6). Neither
the use of the March keywords nor the use of an indiscriminate expanded list of keywords using
synonyms, provides valid CATA indicators of exploration orientation. We conclude that to obtain
valid CATA indicators, it is important to work with a set of informative keywords that occur suf-
ficiently frequent in the particular corpus of text and that pass the validity tests that we propose in
our framework. This set of keywords is context-specific and has to be adapted to the text corpus.

Discussion and conclusion

The primary objective of this study was to examine the validity of CATA indicators of exploration
and exploitation and to propose an approach that allows researchers to develop valid indicators.
Our study shows that March’s original keyword list pertaining to exploration and exploitation is
unlikely to deliver valid and generally applicable indicators of firms’ exploration orientation
derived from large unstructured text-bases, such as news articles, or structured text-bases, such as
annual reports. We argue that the derivation of valid and representative CATA indicators of explo-
ration and exploitation should be based on a structured series of validity tests and tailored to the
text corpus at hand. We demonstrate that an approach expanding the March keywords with syno-
nyms, but selecting those keywords that are informative in a particular text-base and that pass
validity tests for this text-base, can lead to a valid construct of exploration orientation that has the
expected curvilinear relationship with firm performance. Moreover, we demonstrate not only that
this is the solution when working with structured texts in the form of annual reports but that the
approach can also produce a valid indicator when working with unstructured texts (new articles).
Our results indicate that a given set of keywords derived from theory may not necessarily gener-
ate accurate indicators. A universal set of keywords to measure exploration and exploitation that is
valid for each and every context does not exist. We recommend research utilizing CATA indicators
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to follow a structured set of validity tests, carefully curated for the data source and operationaliza-
tion, to arrive at valid and better interpretable indicators specific to the research context. This
implies using broader dictionaries and from this larger set of keywords extract those that are
informative and prove valid in the formation of the construct. We see this as a prerequisite to
exploit the full advantages of text-based indicators, for example, their accessibility, and compara-
bility across sectors, firms and years, and their potential application to a variety of management
questions. The approach described in our article offers a tangible and actionable approach to con-
ducting CATA-based research on ambidexterity.

Our study adds to the scarce literature emphasizing the importance of sound methodologies and
construct validity in management, which has been concerned with a lack of proper measurement of
management constructs (e.g. Boyd et al., 2013; Ketchen et al., 2008). Credible research contribut-
ing to cumulative knowledge building requires that measures capture the constructs that they claim
to capture (Belderbos et al., 2017; Ketchen et al., 2008). The failure to ensure the validity of meas-
ures opens the door to type II errors, such as ‘false positives’ (Boyd et al., 2013).

Our analysis shows that accounting for idiosyncrasies of the textual data sources is crucial for
valid construct measurement and hypothesis testing. Broadly speaking, we can identify three
approaches in the literature utilizing text data to deal with the challenge. First, categorizing all
articles manually (e.g. Stettner and Lavie, 2014). This has the advantage that it bypasses issues of
measurement error in CATA but is generally only applicable to a limited number of texts. Second,
limiting the sampling to a homogeneous group of texts, such as annual statements to shareholders
in annual reports (e.g. Vagnani, 2015). This will reduce measurement errors but limits the perspec-
tive on firm behaviour and may leave a wealth of relevant information untouched. Third, applying
CATA to large, unstructured, and heterogeneous text databases, such as news archives. This
approach uses the richest information on firms but is most prone to measurement error and poten-
tial invalidity of applying identical sets of keywords across contexts. Here, a series of structured
validity tests is essential to preserve the richness of the data while limiting measurement error
(Belderbos et al., 2017).

First, venturing into new data sources and developing novel techniques and indicators always
spawn ideas for further robustness checks and refinements. We highlight here what we believe to
be the main caveats of the approach to indicator development described in our study, and how
further research might address them. A key data limitation is that we do not observe whether the
source of the article can be traced back to the firm, or whether it is produced by external observers
such as journalists or analysts. This distinction is of interest since there may be structural differ-
ences in their objectivity or more generally the way of reporting about firm activities (Morris,
1994).

Second, while we followed the dominant approach for content analysis in the management lit-
erature in the sense that we counted individual keywords (Bligh et al., 2004; Lyon et al., 2000;
Uotila et al., 2009; Vagnani, 2015), the text analysis literature offers several ways for refinement.
For example, there is an inherent trade-off between precision and recall in automatic text classifi-
cation: if an indicator is very ‘imprecise’ and produces more false positives then it will typically
yield fewer false negatives, that is, the recall will be higher. This trade-off can possibly be miti-
gated by the use of weights, such as term frequencies and inverse document frequencies (Liu et al.,
2009; Salton and Buckley, 1988). Third, we used the operationalization of exploration orientation
as a continuum, as applied in Uotila et al. (2009), which is the dominant approach in the literature
(Raisch and Zimmermann, 2017). Future studies could compare different operationalizations, such
as orthogonal measures of exploitation and exploration, and examine their predictive validity. In
addition, different ways of standardization taking into account (relative) article length (e.g. Allison
et al., 2014; Luo et al., 2019) could improve our understanding of valid indicator development.
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Finally, we note that we relied on human judgement at several points in our procedure, most
notably to classify an initial set of articles, which was then used to validate the March keywords.
While we do not think that it is feasible or desirable to eliminate human judgement from the pro-
cess, data classification techniques offer ways to leverage that human effort. For example, Li
(2010) uses Bayesian learning algorithms for categorizing the tone and content of forward-looking
statements in firms’ 10-Q and 10-K filings. Supervised machine learning approaches start with
creating a training set of documents that report on exploration or exploitation activities. Unlike in
the keyword-based approach, one can subsequently rely on word co-occurrence algorithms (e.g.
latent semantic analysis) or word embeddings (e.g. word2vec) to determine the similarity of any
document with the documents in the training set based on the document vector representations.
Machine learning approaches are a promising avenue for developing indicators based on unstruc-
tured text but also come with caveats. First, supervised approaches still require informed raters to
generate a training set for the specific text corpus. Koshute et al. (2021) suggest that reliable train-
ing sets for machine learning are typically large and should cover more than 3000 data points.
Second, some types of documents may not lend themselves well to word embedding algorithms.
The use of deep learning algorithms, such as large language models (LLMs) is appropriate when
the training set is large since such models have millions of parameters that need to be trained. Still,
they may provide poor word embeddings — that is, predictions of the context of a word — if the
training set is small or if it consists of short documents.

Conclusion and implications

In this study, our objective is to examine the validity of a commonly used CATA-based indicator to
measure exploration and exploitation activities of firms. The majority of CATA-based indicators
are built on the narratively defined set of keywords developed by March (1991) without going
through a structured series of validity tests. Our literature review shows that past work that has
relied on these indicators used few and divergent validity checks but lacked a systematic approach.
Our analysis demonstrates that the use of the keywords proposed by March to build CATA indica-
tors has severe validity problems. We believe that research on ambidexterity, strategy and organi-
zation studies in general, should adopt a structured validity approach when applying CATA
indicators, using broad dictionaries but selecting those keywords that are informative and valid in
the context of the text corpus. Hence, the deductive ‘theory-based’ keywords (such as those pro-
posed by March) are augmented with keywords that are synonyms, or identified bottom-up in the
text corpus (Matthews et al., 2022; McKenny et al., 2018; Moss et al., 2014), after which a rigorous
selection is made based on the validity steps in our protocol, including KWIC analysis, discrimi-
nant validity tests, and precision and recall tests. Our effort is not intended towards recommending
a ‘one-size-fits-all” approach or keyword dictionary that must be strictly adhered to for every data
source and construct, but rather a recommendation for following a structured protocol that encour-
ages researchers to question their indicators. Such an approach could constitute a major impetus for
future management research using CATA and for studies on exploration and exploitation in
particular.
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Notes

1. March’s exploration keywords are search, variation, risk, experimentation, play, flexibility, discovery
and innovation. The exploitation keywords are refinement, choice, production, efficiency, selection,
implementation and execution.

2. Exceptions are Moss et al. (2014), Vagnani (2015), Gatti et al. (2015), Klonek et al. (2020), and Matthews
et al, (2022).

3. The following keyword combinations were used to perform the bibliographic search in the Web of
Knowledge (1990-2020): CATA and exploration, CATA and ambidexterity, content analysis and explo-
ration, content analysis and ambidexterity, text-mining and exploration, text-mining and ambidexterity.

4. We only include the articles in LexisNexis where the company name is mentioned in the headline of the
article, following Uotila et al. (2009). Articles that mention multiple company names are included for
each firm in the data set, such that, the number of non-unique articles is 138,755.

5. Key sources for LexisNexis include major disseminators of news releases like Business Wire, PR
Newswire Association, Information Bank Abstracts (by The New York Times), Information Access
Company (Thomson Corp.) and so on, as well as more specialized information brokers like Reuters
Health Medical News, Intellectual Property Today, Espicom Business Intelligence (for the pharmaceu-
tical sector), among many others. It is fair to assume that our data offer a comprehensive coverage of
publicly known codified information about corporate business activities.

6. We examined whether broadening our text-base by including uninformative articles in the discarded cat-
egories influenced our results. While the March CATA indicator was insignificant, the extended-inform-
ative March CATA indicator had the predicted inverted U-shape relationship with firm performance.

7. We note that one of the expert raters was an author of the paper, but that it is preferable to assign rating
tasks to two raters who are both outside the research team.

8. We note that this is the broadest dictionary in the literature, which is likely to contain a range of keywords
with limited validity. If these keywords are less distinctive, our systematic set of steps will identify them
as such, and they will not be included in the final keyword list used.

9. We perform the factor analysis before the KWIC analysis, as (potential) reduction in the set of keywords
based on the factor analysis reduces the volume of labour - intensive KWIC analysis.
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