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Computer-aided text analysis (CATA) is a form of content analysis that enables the measurement
of constructs by processing text into quantitative data based on the frequency of words. CATA has
been proposed as a useful measurement approach with the potential to lead to important theo-
retical advancements. Ironically, while CATA has been offered to overcome some of the known
deficiencies in existing measurement approaches, we have lagged behind in regard to assessing
the technique’s measurement rigor. Our article addresses this knowledge gap and describes
important implications for past as well as future research using CATA. First, we describe three
sources of measurement error variance that are particularly relevant to studies using CATA:
transient error, specific factor error, and algorithm error. Second, we describe and demonstrate
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how to calculate measurement error variance with the entrepreneurial orientation, market orien-
tation, and organizational ambidexterity constructs, offering evidence that past substantive
conclusions have been underestimated. Third, we offer best-practice recommendations and dem-
onstrate how to reduce measurement error variance by refining existing CATA measures. In short,
we demonstrate that although measurement error variance in CATA has not been measured thus
far, it does exist and it affects substantive conclusions. Consequently, our article has implications
for theory and practice, as well as how to assess and minimize measurement error in future CATA
research with the goal of improving the accuracy of substantive conclusions.

Keywords: content analysis;, measurement error; reliability; entrepreneurial orientation;
market orientation; ambidexterity

Computer-aided text analysis (CATA) is a form of content analysis that enables the mea-
surement of constructs by processing text into quantitative data based on the frequency of
words (Short, Broberg, Cogliser, & Brigham, 2010; Short & Palmer, 2008). For example,
Pfarrer, Pollock, and Rindova (2010) measured the affective component of firm celebrity
using BusinessWeek articles about firms and the relative frequency of words such as “love”
or “nice.” Given the widespread availability of text that can be used to conduct management
research across micro and macro levels of analysis, it is not surprising that CATA has recently
been used to measure a wide range of constructs, such as organizational psychological capital
(McKenny, Short, & Payne, 2013), blame (Gangloff, Connelly, & Shook, 2016), and firm-
ness of resolve (Brett, Olekalns, Friedman, Goates, Anderson, & Lisco, 2007).

The availability of text makes CATA practically and logistically appealing. But even more
important from the perspective of theory advancement is that CATA offers psychometric advan-
tages in comparison to more traditional measures, such as self-reports and archival data
(Aguinis & Edwards, 2014; Short & Palmer, 2008). Specifically, regarding internal validity,
CATA frequently involves data collected in naturally occurring organizational contexts, such as
texts included in annual reports (Short et al., 2010). Thus, the data collected allow for greater
confidence regarding relations among underlying constructs compared to other types of mea-
sures, such as self-reports and archival data (Dalton & Aguinis, 2013). Second, regarding exter-
nal validity, the use of CATA allows for the collection of a large amount of data across units,
enhancing the generalizability of conclusions. In other words, it is easier to collect data across
a larger sample of contexts, levels, and circumstances compared to more traditional measures
(McKenny, Short, Payne, & Zachary, 2012). Third, regarding construct validity, CATA is less
susceptible to threats such as common method variance and endogeneity that are pervasive in
more traditional measures because CATA facilitates data collection from different sources.
Finally, regarding statistical conclusion validity, CATA facilitates the examination of very large
samples of texts, resulting in satisfactory levels of statistical power to test hypotheses, which is
not typically the case in management research that relies on more traditional measures (e.g.,
Aguinis, 1995). In short, CATA offers advantages in terms of internal, external, construct, and
statistical conclusion validity, which explains why it is seen as a nascent yet highly promising
measurement approach (Aguinis & Vandenberg, 2014; Short & Palmer, 2008).

Although CATA holds considerable promise compared to more traditional measurement
approaches, it is ironic that it lags behind with respect to assessing measurement concerns. For
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instance, while there is considerable guidance regarding the assessment and mitigation of mea-
surement error variance in survey research (e.g., Schmidt, Le, & Ilies, 2003), there is no such
direction regarding CATA. This gap in measurement scrutiny between current CATA research and
the standards for other approaches raises the question of how much measurement error exists in
studies using CATA and the potential impact on the accuracy of substantive conclusions.

CATA is a promising and useful measurement approach. However, to leverage its
strengths, there is a need to understand how to identify and minimize key sources of mea-
surement error. Our manuscript follows in the footsteps of recent Journal of Management
articles that provide methodological guidance to researchers investigating substantive
management phenomena and theories (e.g., Aguinis, Forcum, & Joo, 2013; Aguinis,
Gottfredson, & Culpepper, 2013; O’Boyle, Banks, & Gonzalez-Mulé, 2017; Zyphur,
Oswald, & Rupp, 2015). Specifically, we demonstrate how to examine and refine CATA
measures using three illustrative constructs: entrepreneurial orientation (Lumpkin & Dess,
1996), market orientation (Narver & Slater, 1990), and organizational ambidexterity
(March, 1991). In doing so, we demonstrate that measurement issues have affected sub-
stantive conclusions of existing CATA research and also present opportunities for improve-
ment. We also demonstrate how to reduce measurement error variance by refining existing
CATA measures and offer best-practice recommendations on how to assess and minimize
measurement error in future CATA research with the goal of improving the accuracy of
substantive conclusions.

Measurement Error in CATA

Measurement is the quantification of objects or events using a systematic set of rules
(Kerlinger & Lee, 2000). In CATA, measurement of organizational phenomena is obtained
indirectly through the examination of texts (Duriau, Reger, & Pfarrer, 2007). While indirect
measurement is a source of advantage for CATA, it also introduces unique potential sources
of measurement error (Short et al., 2010). In self-report measurement instruments, such as
surveys, respondents respond to questions that can be carefully worded to solicit answers
associated with a specific construct. However, CATA frequently relies on texts that are cre-
ated without the authors knowing that they will be used to measure a specific construct (Short
& Palmer, 2008). As a result, the contents of the texts are frequently broad and variable,
introducing the possibility of measurement error.

Measurement error can be classified into two categories: measurement error variance and
bias. Measurement error variance reflects the imprecision of a measure to capture only the
true variance of the underlying phenomenon and is assessed via reliability estimates (Ree &
Carretta, 2006). Bias reflects systematic deviation in observed measurement away from the
true score of the underlying phenomenon and is assessed via validity (Kerlinger & Lee,
2000). To address validity issues in CATA, researchers frequently follow existing guidance
for validating measures (i.e., McKenny et al., 2013; Short et al., 2010). However, the lack of
guidance regarding the assessment and minimization of measurement error variance in CATA
limits our knowledge surrounding the precision of these measures. Minimizing the effects of
measurement error is a necessary condition for validity because measurement error variance
artificially inflates the observed variance of focal constructs (Lord & Novick, 1968; Nunnally
& Bernstein, 1994; Shadish, Cook, & Campbell, 2002).
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In traditional survey research, there are three key sources of measurement error variance:
random response error, transient error, and specific factor error (Schmidt et al., 2003; Schmidt
& Hunter, 1999). However, previous research has not estimated the effects of these sources
of measurement error variance on measurement using CATA. Next, we describe each of these
sources of measurement error variance and their potential applicability to CATA. Also, we
describe an additional source of measurement error variance particularly relevant to CATA:
algorithm error.

Random Response Error

In survey research, random response error concerns how fluctuations in a study participant’s
cognitions influence the data provided (Schmidt & Hunter, 1999). For example, if individuals
become distracted when answering a question, they may respond differently than when they
answer a similar question later in the survey (Sturman, Cheramie, & Cashen, 2005). This fluc-
tuation could influence the words used by the author during the creation of a text, lowering
measure reliability if the construct being measured is not related to these fluctuations.

Random response error is commonly assessed using split-half reliability (Schmidt et al.,
2003; Schmidt & Hunter, 1999). The direct parallel in content analysis consists of dividing
each sampled text in half and analyzing the halves separately. By correlating the results from
the first half of the text with the results from the second half of the text, researchers could
assess the consistency of language associated with the phenomenon of interest throughout
the text. However, individuals tend to write about one topic at a time rather than jumping
from topic to topic within a text. For example, in letters to shareholders, CEOs are likely to
describe past performance early in the text and future plans later in the text. As a result, split-
ting the text in half will frequently isolate discussion of certain topics into either the first or
the second half of the text, suggesting that this procedure would overestimate random
response error. As an alternative procedure, we could consider splitting the text in half verti-
cally. However, this would no longer assess random response error because each of the halves
would no longer reflect different points in time during the writing of the text. Furthermore,
vertical splits would be sensitive to formatting artifacts such as section headers and page
layout artifacts such as columns and would frequently rely on researcher judgment when a
word is split by the vertical line. This decision could result in additional need for researcher
judgment as many studies using CATA rely on multiple document formats spanning thou-
sands of pages. Because neither operationalization of split-half reliability is likely to accu-
rately capture random response error in CATA, we conclude that this form of reliability
estimate is not informative for research using CATA.

Transient Error

Transient error is concerned with persistent temporal factors that could influence a respon-
dent’s reported values provided on the entire instrument (Schmidt et al., 2003). For example,
respondents’ mood may affect their responses on an entire survey (Becker, 2000). In CATA,
transient error is also concerned with fluctuations in psychological processes over time and
how those changes are manifested in texts. These fluctuations could influence the words used
by the author across the creation of multiple texts, increasing measurement error variance.
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A test-retest reliability estimate can be used to assess the impact of transient error by
examining the correlation between scores collected at two points in time (Schmidt & Hunter,
1996). Many organizational texts, such as letters to shareholders, are generated at regular
intervals (often annually), which facilitates the collection of data over time (Short et al.,
2010; Zachary, McKenny, Short, & Payne, 2011). Thus, correlating the CATA measurements
of texts generated at two points in time indicates the extent to which the language was con-
sistent over time.

Specific Factor Error

When traditional measures are used, specific factor error arises when the content of the
measure itself influences the data provided by the respondent (Schmidt et al., 2003; Schmidt
& Hunter, 1999). For example, idiosyncrasies in the wording of questions on a survey may
influence the resulting score. In CATA, specific factor error is concerned with errors arising
from the content of the word lists. Because texts used in content analyses are frequently gen-
erated without intervention from researchers, the content of the text can be expected to be
free from researcher demand bias (Barr, Stimpert, & Huff, 1992; Duriau et al., 2007).
However, when developing CATA measures, researchers identify words that provide evi-
dence of the underlying phenomena on the basis of the judgment of expert raters (Short et al.,
2010). Thus, the process of selection and omission of specific words by researchers may
introduce specific factor error.

A parallel forms reliability estimate assesses specific factor error by presenting respon-
dents with two equivalent, but different, instruments designed to measure the same construct
(Schmidt & Hunter, 1999). In the context of CATA, parallel forms reliability can be esti-
mated by comparing the results of the computer-generated analysis to a manually coded
subset of at least 10% of the texts used in the analysis. We suggest using 10% of the sampled
texts to obtain stable estimates in content analytic research on the basis of guidance by
Wimmer and Dominick (2013). CATA is valuable in its ability to measure large volumes of
texts quickly by using predefined word lists (Short & Palmer, 2008). However, CATA’s dic-
tionary-based algorithm may not capture context or rhetorical nuance. Accordingly, correlat-
ing the results from manual coding with the results from CATA provides a useful quantification
of specific factor error.

Algorithm Error

CATA is also subject to a unique source of measurement error that is usually not relevant
to more traditional measurement approaches. CATA uses an algorithmic rater (via specific
software packages) to evaluate the content of texts (Krippendorff, 2013). Accordingly, if two
or more CATA algorithms generate different scores from the same text, “interrater” (i.c.,
interalgorithm) disagreement quantifies the degree of algorithm error.

To assess the extent of error associated with algorithm error, we suggest using multiple
CATA software packages and calculating Krippendorff’s alpha interrater agreement estimate,
which generalizes several known statistics also referred to as intercoder agreement, interrater
reliability, and reliability of coding given sets of units. Krippendorff’s alpha is computed as 1
— (observed disagreement/expected disagreement attributable to chance). Our recommendation
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Table 1

Sources of Measurement Error Variance in Computer-Aided Text
Analysis (CATA) Research

Error Source

Reliability Estimate

Calculation Guidelines

Transient error: Measurement
error arising from differences
in the language used in texts
produced at different points

in time.

Specific factor error:
Measurement error arising
from choices made in
compiling word lists.

Algorithm error: Measurement
error arising when two CATA
software packages produce

different scores using the
same measures and texts.

Test-retest reliability:
Assesses the consistency
of language from texts
produced at two points
in time.

Parallel forms reliability:
Assesses the extent
to which human and
CATA coding produces
similar scores.

Interrater agreement:
Assesses the extent
to which two CATA
software packages
produce the same scores.

Collect two texts for each individual or
organization, each produced at different points
in time.

Use CATA to measure the construct in both
samples of texts.

Calculate the correlation between the two sets of
scores to assess the extent of transient error.

Manually code at least 10% of the texts to be
analyzed.

Calculate the correlation between the scores
generated by the manual and software coding
to assess the extent of specific factor error.

Conduct CATA with two software packages.

Calculate Krippendorff’s alpha statistic to assess
the extent of algorithm error.

parallels guidance for other research where multiple third-party judges are used to conduct
manual content analyses (e.g., Krippendorff, 2013). An important advantage of Krippendorft’s
alpha is that it is applicable to any number of algorithms (i.e., “raters”). Also, macros to com-
pute Krippendorft’s alpha are available for SPSS, Stata, SAS, and R (Gamer, Lemon, Fellows,
& Singh, 2012; Hayes & Krippendorff, 2007; Klein, 2014).

Table 1 includes a definition of the three sources of measurement error variance that we
suggest should be examined in CATA research, the reliability estimate that should be used to
measure each, and procedures for the computation of each reliability estimate. Next, we use
three constructs to demonstrate how to assess measurement error variance in CATA studies:
entrepreneurial orientation, market orientation, and organizational ambidexterity. We selected
these constructs because they are of interest to a number of management subfields, including
business policy and strategy, entrepreneurship, organization theory, and family business.

Method

For entrepreneurial orientation, we used word lists developed and validated by Short and
colleagues (2010). Entreprencurial orientation is defined as the behaviors and decision-mak-
ing processes within organizations that facilitate the pursuit of entrepreneurial opportunities
and new entry (Lumpkin & Dess, 1996). Entrepreneurial orientation is often conceptualized
as a construct composed of five dimensions: autonomy, competitive aggressiveness, innova-
tiveness, proactiveness, and risk taking (Lumpkin & Dess, 1996; Short et al., 2010). We used
the dimension definitions offered by Lumpkin and Dess (1996): (a) Autonomy: “the indepen-
dent action of an individual or a team in bringing forth an idea or a vision and carrying it
through to completion” (140); (b) Innovativeness: “a firm’s tendency to engage in and
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support new ideas, novelty, experimentation, and creative processes that may result in new
products, services, or technological processes” (143); (¢) Risk taking: “the firm’s proclivity
to engage in risky projects and managers’ preferences for bold versus cautious acts to achieve
firm objectives” (146); (d) Proactiveness: “acting in anticipation of future problems, needs,
or changes” (146); and (e) Competitive aggressiveness: “a firm’s propensity to directly and
intensely challenge its competitors to achieve entry or improve position, that is, to outper-
form industry rivals in the marketplace” (148).

For market orientation, we used word lists developed by Zachary and colleagues (2011).
Market orientation is defined as organization-wide creation, coordination, and exploitation of
market information in pursuit of competitive advantage (Kohli & Jaworski, 1990; Narver &
Slater, 1990). Zachary and colleagues operationalized market orientation using the five-dimen-
sional MKTOR model (i.e., Narver & Slater, 1990). The MKTOR model is composed of three
core components—competitor orientation, customer orientation, and interfunctional coordina-
tion—and two decision criteria—long-term focus and profitability (Narver & Slater, 1990;
Zachary etal., 2011). We used the definitions provided by Zachary and colleagues: (a) Customer
orientation: “refers to the degree to which an organization has developed an understanding of
its consumer base so as to provide continuous and superior value to present and future custom-
ers” (235); (b) Competitor orientation: “requires a business to understand the ‘short-term
strengths and weaknesses and long-term capabilities and strategies’ of competitors (Narver &
Slater, 1990, pp. 21-22). Similar to customer orientation, competitor orientation emphasizes the
importance of understanding both current as well as potential competitors and their operations
(Narver & Slater, 1990)” (236); (c) Interfunctional coordination: “involves the synchronized
utilization of resources in such a way as to create superior value for customers and other stake-
holders (Narver & Slater, 1990; Webster, 1988). This requires all of a business’ structural com-
ponents to participate in the collection, sharing, and utilization of market information, not just
the designated marketing employees (Kohli & Jaworski, 1990; Narver & Slater, 1990)” (236);
(d) Long-term focus: “emphasizes the need for businesses to look toward the future as they
strive toward the other dimensions of market orientation” (237); and (e) Profitability: “is
viewed as the ‘overriding objective’ of a business (Narver & Slater, 1990, p. 22). In other
words, profitability is used as a metric from which a business finds an optimal level of invest-
ment in market orientation (Kohli & Jaworski, 1990; Narver & Slater, 1990)” (237).

For organizational ambidexterity, we used word lists developed by Uotila, Maula, Keil,
and Zahra (2009). Organizational ambidexterity is defined as the joint pursuit of exploration,
or the identification of new opportunities, and exploitation, or the seizing of existing oppor-
tunities (Allison, McKenny, & Short, 2014; March, 1991; Raisch & Birkinshaw, 2008).
When the exploration and exploitation constructs were first introduced, they were presented
in a manner consistent with content analysis, noting that exploration “includes things cap-
tured by terms such as search, variation, risk taking, experimentation, play, flexibility, dis-
covery, innovation” and exploitation “includes such things as refinement, choice, production,
efficiency, selection, implementation, execution” (March, 1991: 71).

Samples

To enhance the comparability of our study with previous studies using CATA measures of
entrepreneurial orientation, market orientation, and organizational ambidexterity, we
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obtained our sample of texts from the authors of those studies (i.e., Moss, Payne, & Moore,
2014; Short et al., 2010; Zachary et al., 2011). Because we sought to directly replicate analy-
ses implemented in previous research using CATA measures, we used the same text sampling
frame and selection criteria, the same CATA package for estimating algorithm error, and the
same measures as in the original studies. The entrepreneurial orientation and market orienta-
tion constructs were measured using sharcholder letters. The ambidexterity construct was
measured using Management Discussion and Analysis (MD&A) sections of 10-K filings.
Next, we offer more detailed information on each of these samples of texts.

Shareholder letters are a key component of most large firms’ annual reports, providing an
outlet for the CEO to speak on behalf of the firm to convey the recent past, current, and
anticipated future state of the company (McKenny et al., 2013; Short, Payne, Brigham,
Lumpkin, & Broberg, 2009). As a result of their availability and presentation of how manag-
ers view the firm, shareholder letters are one of the most widely used texts in management
research using content analysis (Duriau et al., 2007). In addition, publicly traded organiza-
tions communicate with shareholders regularly through annual reports. Thus, this type of
communication provides a valuable sampling frame for content analytic research because it
maximizes sample size and increases the availability of texts from multiple time periods.

The sampling frame for our entrepreneurial orientation assessment was shareholder letters
from the 450 firms that were listed on the S&P 500 every year from 2001 to 2005. This sam-
pling frame was the same one used by Short and colleagues (2010) in the development of the
entrepreneurial orientation CATA measures. Short and colleagues used only shareholder let-
ters from 2005 in their analysis; however, to assess test-retest reliability, we required a 2nd
year of texts. Accordingly, we collected a purposive sample of 2006 sharcholder letters asso-
ciated with the same firms for which shareholder letters were available in 2005. Our final
sample consisted of 745 shareholder letters from 401 firms representing 169 industries (four-
digit Standard Industrial Classification code, or SIC). The length of shareholder letters ranged
from 125 to 7,545 words, with an average of 1,717 words (SD =901).

The sampling frame for our market orientation assessment was shareholder letters from
the 224 firms that both were listed on the S&P 500 every year from 2001 to 2005 and could
be identified as either a family or nonfamily business. This sampling frame was used by
Zachary and colleagues (2011) in the original development of the market orientation CATA
measures. Zachary and colleagues used all available shareholder letters from 2001 to 2005
for these 224 firms in their analysis. Our final sample consisted of 1,112 shareholder letters
from 224 firms representing 124 industries (four-digit SIC). The length of shareholder letters
ranged from 74 to 5,589 words, with an average of 1,611 words (SD = 732).

The sample of texts for our organizational ambidexterity assessment comprised MD&A
sections of firms’ 10-K filings. This disclosure is used by managers to communicate informa-
tion about the company, its strategy, financial performance and assumptions, recent activity,
and forward-looking statements to current and potential investors (Clarkson, Kao, &
Richardson, 1999). Like annual reports, 10-Ks are filed by publicly traded companies on an
annual basis, facilitating the collection of longitudinal data. The sampling frame for our orga-
nizational ambidexterity assessment was the 205 firms in four high-tech industries (SICs:
2834, 7370, 7372, 7373) for which 10-Ks could be collected every year from 1997 through
2008 and for which family business status could be determined. This sampling frame was
used by Moss and colleagues (2014) in their use and refinement of these measures. Our final
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sample consisted of 2,460 MD&A statements from 205 firms representing four industries.
The length of MD&A statements ranged from 41 to 31,968 words, with an average of 6,617
words (SD = 4,423).

Assessment of Measurement Error Variance

We followed each of the calculation guidelines summarized in Table 1 for all three con-
structs. First, to assess transient error, we calculated correlation coefficients for the dimen-
sions of each construct at two points in time for entrepreneurial orientation and averaging
together the correlation for each pair of consecutive years for ambidexterity and market ori-
entation (cf. Schmidt et al., 2003). Second, assessing specific factor error required manual
coding. Accordingly, we selected a total of 100 shareholder letters at random across 2 years
(50 letters each year) for entrepreneurial orientation and market orientation. This reflects
12.5% of the entrepreneurial orientation sample and 22% of the market orientation sample,
exceeding the 10% guideline for estimating parallel forms reliability recommended by
Wimmer and Dominick (2013). We selected a total of 64 MD&A statements at random across
2 years (32 statements each year) for ambidexterity. We developed a manual coding scheme
using the same definitions of the construct dimensions that were used to develop the CATA
measures (i.e., Short et al., 2010; Uotila et al., 2009; Zachary et al., 2011). Furthermore,
because the CATA word lists include both words and phrases, we conducted the manual cod-
ing at the word or phrase level.

Assessments of algorithm error require that two CATA packages be used with the same set of
texts. We used the same software package as in the original studies to maximize comparability:
LIWC 2007 (Pennebaker, Booth, & Francis, 2007) for ambidexterity and DICTION 5 (Hart,
2000) for entrepreneurial orientation and market orientation. To add a common second package
for these constructs, we relied on the CAT Scanner CATA tool (McKenny, Short, & Newman,
2012). The CATA measures of entrepreneurial orientation and market orientation include phrases
in the word lists (Short et al., 2010; Zachary et al., 2011). Furthermore, the original ambidexter-
ity word lists contained stemmed words (e.g., “explor*”; Uotila et al., 2009). CAT Scanner pro-
vided a valuable second package because it was designed to accommodate single words, phrases,
and word stems in its analysis (McKenny, Short, & Newman, 2012).

Results
Relative Impact of Measurement Error Sources

Table 2 includes results from implementing the measurement error variance assessment
procedures for entrepreneurial orientation. Results for market orientation and organizational
ambidexterity are available as Appendices A and B in the online supplemental material. We
calculated measurement error variance from each source as (1 — reliability) * 100, which
quantifies the percent of observed variance due to measurement error.

Results showed that, overall, the percent of variance due to algorithm error is almost non-
existent in ambidexterity (2%) and is somewhat higher for entrepreneurial orientation (11%)
and market orientation (16%). This may be due to the use of phrases in the original entrepre-
neurial orientation and market orientation measures. CAT Scanner can process phrases with
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Table 2

Results of Measurement Error Assessment for Computer-Aided Text Analysis
Measures of Entrepreneurial Orientation

Error Type of Reliability Entrepreneurial Orientation Reliability Percent of Variance Due
Source Estimate Dimension Estimate to Measurement Error?
Transient Test-retest Autonomy 32 68
error Competitive aggressiveness 43 37
Innovativeness .52 48
Proactiveness .55 45
Risk taking 71 29
Mean (Test-retest) S1 49
Specific Parallel forms Autonomy .29 71
factor Competitive aggressiveness 51 49
error Innovativeness .35 65
Proactiveness 72 28
Risk taking 30 70
Mean (Parallel forms) 43 57
Algorithm Krippendorff’s Autonomy .90 10
error alpha Competitive aggressiveness .89 11
Innovativeness .89 11
Proactiveness .88 12
Risk taking 90 10
Mean (Krippendorff’s alpha) .89 11

Note: The mean reliability estimates across the three sources of error and percent of variance due to measurement error
(shown in parenthesis) for each dimension are as follows: Autonomy: .50 (50%); competitive aggressiveness: .61 (39%);
innovativeness: .59 (41%); proactiveness: .72 (28%); and risk taking: .64 (36%). Boldface text indicates the mean
reliability estimate and percent of variance across all five entrepreneurial orientation dimensions for each type of error.
2Percent of variance due to measurement error = (1 — reliability estimate value) * 100.

spaces in them (McKenny, Short, & Newman, 2012). However, DICTION 5 requires that a
hyphen or other punctuation be placed in the phrase. If the texts included these phrases using
spaces, CAT Scanner would identify them but DICTION 5 would not, decreasing the correla-
tion between the scores obtained with the two packages.

The percent of variance due to specific factor error was high for entrepreneurial orienta-
tion (57%) and organizational ambidexterity (81%). The market orientation measure per-
formed somewhat better with respect to specific factor error (34%). This suggests that the
original market orientation dictionary has better precision in estimating the market orienta-
tion of the analyzed firms. However, the high levels of variance attributable to specific factor
error suggest that there may still be opportunities for refining all three measures to improve
parallel forms reliability.

The percent of variance due to transient error was high for entrepreneurial orientation
(49%) and market orientation (47%) and somewhat lower for organizational ambidexterity
(20%). There are several factors that likely drove the considerable differences in the transient
error estimated in these documents. The first is the level of formality. Shareholder letters tend
to be written in prose with little standardization, whereas MD&A documents tend to be writ-
ten more formally with greater consistency. For instance, MD&A documents often include
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formal statements regarding the firm’s accounting policies and procedures. Because these
formal policies are relatively stable, the text concerning these policies provides a stable core
to the contents of the MD&A statements that is not present in shareholder letters. Furthermore,
in our manual coding of the MD&A documents, we identified places where firms appeared
to lift text verbatim from the previous year’s MD&A document and tweak the language used
to reflect the changes in firm activity and outlook over the past year. Second, both texts are
influenced by multiple individuals within the firm and can be expected to be reasonably
accurate as a result of legislation regulating executive accountability for the contents of cor-
porate disclosures (e.g., Sarbanes-Oxley; Geiger & Taylor, 2003). However, ultimately the
viewpoints presented in each narrative are attributable to different parties. Sharcholder letters
provide the CEO with the opportunity to communicate with shareholders on behalf of the
company (Goodman, 1980). Thus, while multiple parties frequently contribute to the docu-
ment, the nature of the sharcholder letter suggests that the CEO’s voice will be featured heav-
ily. Furthermore, because shareholder letters tend to be relatively short, the issues salient to
the CEO are more likely to be discussed to the potential exclusion of other issues. By con-
trast, the MD&A document is not attributed to a specific individual and can be quite long.

It is also possible that the transient error we estimated for each construct captures changes
in the underlying construct. Ideally, researchers would estimate transient error using texts
produced in rapid succession, reducing the likelihood of a change in the underlying phenom-
enon. This would reduce the likelihood that a change in firm leadership or a change in firm
direction would inflate estimates of transient error. However, many organizational texts are
produced at fixed, regular intervals outside of researcher control (e.g., shareholder letters,
10-Ks), often leading to a longer lag. In these cases, CATA users should examine whether key
antecedents of strategic change, such as a change in leadership, occurred during the assess-
ment period.

While capturing transient error using test-retest reliability estimates is a common proce-
dure, test-retest reliability may also be influenced by the scoring method used. For instance,
when using the same documents, test-retest reliability may differ between CATA and human
raters. To examine this issue, we estimated test-retest reliability for the results of our manual
content analysis as well. Similarly to the CATA results, we found that the test-retest reliabil-
ity estimates for manual coding were lower for entrepreneurial orientation and market orien-
tation than for ambidexterity. On average, only 14% of the variance in ambidexterity scores
was associated with transient error. However, this value was 66% for entrepreneurial orienta-
tion and 73% for market orientation. Triangulating with the results from the CATA transient
error analysis, these results suggest that the contents of shareholder letters are more variable
than MD&A statements.

Effects of Uncovered Measurement Error Variance on the Estimation of
Substantive Relations

The aforementioned results uncovered the presence of substantial measurement error
variance in all three CATA measures. Next, we calculated the extent to which measurement
error variance affects substantive conclusions. To do so, we first located published studies
that used CATA to measure entrepreneurial orientation, market orientation, and organiza-
tional ambidexterity. We identified relevant studies by searching for articles that cited the
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articles that developed the original CATA measures (i.e., Short et al., 2009; Short et al., 2010;
Uotila et al., 2009; Zachary et al., 2011). Our initial search identified 18 empirical studies,
but we eliminated 9 that did not present correlations, did not use the same measure, used the
measure as a moderator, or included other non-CATA data to create composite scores. As a
result, our final sample comprised 9 studies.

To understand whether our results regarding measurement error warrant revisiting past
substantive conclusions, we used the disattenuation formula, which estimates a measurement
error—free correlation based on an observed correlation and reliability estimates for the pre-
dictor and criterion as follows:

i e (1

where 7, and 7, are the estimated reliabilities of the measures for x and y respectively, 7,
is the observed correlation between the measures of x and y, and 7, , is the estimated true
(i.e., measurement error—free) correlation between x and y.

Combining multiple reliability estimates. Although Equation 1 has been used extensively
in management research, particularly within the context of meta-analysis (e.g., Aguinis &
Pierce, 1998), it requires the use of a single reliability estimate. Our results indicate that there
are two important sources of error in CATA research: transient error and specific factor error.

The coefficient of stability (CS) measures the extent to which a single measurement
instrument produces similar results at two points in time. In our study, test-retest reliability
estimates are classified as a CS because we examined the stability of CATA measurements
over 2 years as follows:

CS = p(obs,, 0bs,)- (2)

The coefficient of equivalence (CE) measures the extent to which two parallel measure-
ment instruments produce similar results at the same point in time. In our study, parallel
forms reliability estimates are classified as a CE because we compared CATA and manual
coding. Specifically, our measure of CE was calculated as the correlation of manual and
CATA coding results for texts within 1 year as follows:

CE= p(ObSCA TA> ObsManual ) (3)

We combined CS and CE estimates by calculating a composite reliability estimate through
the calculation of a coefficient of equivalence and stability (CES; Cronbach, 1947). This is
accomplished by correlating the CATA measurement at Time 1 with the manual measure-
ment at Time 2 and the CATA measurement at Time 2 with the manual measurement at Time
1 (cf. Schmidt et al., 2003):

CES = p(0b5 74,1500 vanyar, 2)- “4)
CES = p(obs, TA,2> ObSManual, - (5)

By correlating the CATA measurement at Time 1 with the manual measurement at Time
2, a discrepancy either in the stability of measurements over time or in the equivalence of
measures decreases the overall CES (Schmidt & Hunter, 1999). Consequently, this coeffi-
cient is a more complete indicator of measurement reliability and a more appropriate
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estimate for correcting for measurement error compared to coefficients that consider only a
single source of measurement error (Schmidt & Hunter, 1999).

Equations 4 and 5 would yield the same reliability estimate only if the measures were
strictly parallel. However, we know on the basis of our measurement error assessment results
that parallel forms reliability estimates are far from perfect. Accordingly, we calculated the
two CES estimates and then computed an average of the two. Results of averaging the two
CES estimates using Equations 4 and 5 for each construct are included in Table 3 in the CES
Reliability Estimate column.

Table 3 includes correlations between the CATA measures and several antecedent and
consequent variables as reported in previous research. This table also includes the CES esti-
mate for each measure, a 95% confidence interval for the CES, the disattenuated correlations,
and the percent of underestimation in substantive relations caused by measurement error. The
percent of underestimation in variance explained is calculated as the percent decrease in
observed coefficients of determination (i.e., 72) comparing corrected and uncorrected
coefficients.

Measurement error variance and substantive relations. Table 3 reveals important and
somewhat troubling results regarding published research using the existing CATA measures
of entrepreneurial orientation, market orientation, and organizational ambidexterity. First,
CES reliability estimates, which combine transient and specific factor error, are quite low for
most measures. Second, the highest CES reliability estimates are for the composite entrepre-
neurial orientation measure (.51) and the innovativeness dimension (.51). Thus, even for the
measures with the smallest amount of measurement error (i.e., largest CES value), about 50%
of the total variance is random and not substantive in nature. In fact, results in Table 3 show
that even for the measures with the highest reliability levels, there is substantial underesti-
mation of the size of substantive relations as indexed by the percent of variance explained.
For example, the published studies we examined underestimated the relation between CEO
tenure and entrepreneurial orientation by 96%, the relation between entreprencurial orienta-
tion and shareholder value by 100%, and the relation between entrepreneurial orientation and
capital raised by 89%.

For the overall ambidexterity measure, the autonomy dimension of entrepreneurial orien-
tation, and the proactiveness dimension of entrepreneurial orientation, we found a zero or
near-zero value for the CES. This suggests that the impact of transient and specific factor
error combined is so large that the true scores are lost in the error. These results are a likely
explanation for why observed correlations involving these variables have been reported to be
zero or near zero in past research. In sum, results of our measurement error variance assess-
ment point to the need to revisit past substantive conclusions regarding entreprencurial ori-
entation, market orientation, and organizational ambidexterity.

One of the advantages of CATA is the ability to process a large number of lengthy texts in a
relatively short period of time (Short & Palmer, 2008). But the manual coding of 10% or more of
the texts required to calculate the CE may not be practically feasible in many studies. For instance,
initial public offering (IPO) prospectuses are commonly examined texts in the entrepreneurship
literature (e.g., Payne, Moore, Bell, & Zachary, 2013), and some can be hundreds of pages (e.g.,
the 2004 Google IPO prospectus was 267 pages), making manually coding a 10% subsample of
even a modest sample of texts prohibitively time consuming. In this situation, we recommend
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Table 3
Effects of Uncovered Measurement Error Variance on the
Estimation of Substantive Relations
CES CATA Measure; Percent of
CATA Measure; Reliability Measurement Underestimation in
Observed Estimate Error—Corrected ~ Variance Explained in
Article Variable (Role) Correlation r (95% CI)? Correlation 7, Substantive Relations®
Boling, Pieper, and CEO tenure (IV) Entrepreneurial 51 Entrepreneurial 96
Covin (in press) orientation; —.10 (.27, .69) orientation; —.14
Engelen, Neumann, Shareholder value Entrepreneurial 51 Entrepreneurial 100
and Schmidt (2016) (DV) orientation; .24 (.27, .69) orientation; .34
Engelen, Neumann, CEO overconfidence Entrepreneurial 51 Entrepreneurial 89
and Schwens (2015) av) orientation; .16 (.27, .69) orientation; .22
Moss, Neubaum, and ~ Funding success Autonomy; —.00 -.03 Autonomy; Undefined
Meyskens (2015) (DV) (=31, .25) Undefined
Competitive 15 Competitive 0
aggressiveness; (-.13, .41) aggressiveness;
—-.00 —-.00
Innovativeness; —.01 51 Innovativeness; —.01 0
(.27, .69)
Proactiveness; —.01 .00 Proactiveness; Undefined
(—.28,.28) Undefined
Risk taking; —.00 .05 Risk taking; —.00 0
(-.23,.32)
Mousa, Wales, and Capital raised (DV)  Entrepreneurial 51 Entrepreneurial 91
Harper (2015) orientation; —.26 (.27, .69) orientation; —.36
Titus, House, and Acquisition use Exploration; .16 .08 Exploration; .56 1,125
Covin (2017) (DV) (-.28, .42)
Ferreira, Raisch, and ~ CEO tenure (IV) Ambidexterity; —.02 -.07 Ambidexterity; Undefined
Klarner (2014) (—.40, .29) Undefined
Luger (2014) Firm performance Ambidexterity; .14 -.07 Ambidexterity; Undefined
(DV) (—.40, .29) Undefined
Zachary, McKenny, Family business Competitor 11 Competitor 800
Short, and Payne status (IV) orientation; —.15 (-.17,.38) orientation; —45
(2011) Customer .19 Customer 384
orientation; —.05 (-.09, .45) orientation; —.11
Interfunctional .09 Interfunctional 980
coordination; —.07 (.19, .36) coordination; —.23
Long-term focus; .18 Long-term focus; 476
—-.10 (.10, .44) -24
Profitability; —.13 17 Profitability; —.32 506
(-.11, .43)
Firm performance Market orientation; .06 Market orientation; 1,581
(DV) .10 (-22,.33) A4l

Note: CATA = computer-aided text analysis; IV = independent variable (i.e., antecedent); DV = dependent variable (i.e., consequent);

CES = coefficient of equivalence and stability.

2CES confidence intervals (Cls) calculated using the Fisher r to z transformation procedure described by Shen and Lu (2006).
YPercent of underestimation in variance explained in substantive relations is calculated as the percent decrease in observed
coefficients of determination (i.e., 7) comparing corrected and uncorrected coefficients.

using the Spearman-Brown prophecy formula to predict the reliability of the CE if more texts had
been measured. For instance, the Spearman-Brown prophecy formula suggests that if we had
manually coded the market orientation for all 224 firms instead of just the 50 randomly selected,
the predicted reliability would be an average of .83 rather than .53.
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Refined CATA measures. Our results regarding the low parallel forms reliability esti-
mates suggest inconsistency between the manual and software analyses. One potential source
of inconsistency may be that the raters were either overly inclusive or exclusive in evaluating
words for inclusion. For example, Uotila and colleagues (2009) developed the ambidexterity
dictionary using only eight word stems. Moss and colleagues (2014) identified several words
that seem relevant to exploration (e.g., inventions, pioneer) and exploitation (e.g., market-
ing, optimization) in many contexts but were not included in the original measures. Another
potential source of error arises from differences in context. The original ambidexterity word
list was developed in a sample of manufacturing firms (Uotila et al., 2009). However, Moss
and colleagues relied on technology industries and identified the words “scientist” and “labo-
ratories” as relevant to exploration in this new context.

To address specific factor error, Moss and colleagues (2014) generated a list of every word
used three or more times in any MD&A statement. This word list was evaluated to identify
words missing from the measures that would indicate exploration and exploitation in tech-
nology ventures and supplemented the measures. By updating the list with other words indic-
ative of exploration and exploitation, we estimated that parallel forms reliability increased
from .09 to .87 for exploration and from .30 to .59 for exploitation.

While supplementing the lists with additional words drawn from the narratives is valu-
able, further refinements can be made through the qualitative comparison of the results of the
manual and software analyses. To refine the CATA measures, we used NVivo 11 to identify
all occurrences of the dictionary words alongside the manual coding and identified occur-
rences where the manual and software coding did not match. When a word was frequently
used out of context, we removed it from the CATA measure. In some cases, the manual con-
tent analysis identified additional words to add to the dictionary. After each change to the
measure, we repeated this procedure until no further changes to the measure could be made.

Once the revised measures were finalized, we recalculated all reliability estimates. As
expected, the coefficients of equivalence of the refined measures demonstrated considerable
improvement compared to the original measures. This indicates that the new word lists now
mirror the coding of a human coder more closely. The coefficients of equivalence and stabil-
ity for the ambidexterity measures also improved significantly. However, because the coef-
ficients of stability remained low for the entrepreneurial and market orientation measures,
there were relatively small changes to their coefficients of equivalence and stability. As an
additional contribution of our study, we make the revised measures for entrepreneurial orien-
tation, market orientation, and ambidexterity and their reliability estimates available in
Appendices C through F in the online supplemental material.!

Discussion

CATA has been proposed as a novel measurement approach with the potential to lead to
important theory advancements. However, because measure reliability is necessary for the
advancement of research using this technique, this is an issue that needs attention before
CATA can be recommended and adopted more broadly.

We first identified and described three sources of error that are particularly relevant for
measures developed using CATA. First, transient error arises from phenomena that influence
the word choice of the author at the time of writing. These factors may include the emotional



2924 Journal of Management / September 2018

state of the author, the business climate, or the state of the economy at the time a text is writ-
ten. To assess transient error, we suggest that future research include texts from two points in
time and calculate a test-retest reliability estimate. Specific factor error influences CATA
measures because of the potentially idiosyncratic choices made by researchers in the process
of creating word lists. To assess specific factor error, we recommend that future research
manually code at least 10% of the texts being analyzed and then calculate a parallel forms
reliability estimate. Algorithm error is relevant for CATA because different software pack-
ages use different algorithms for identifying words and determining when a match to a word
in the CATA word list is found. To assess algorithm error, we recommend that future CATA
studies include the Krippendorft’s alpha coefficient from analyzing the same texts using two
or more software tools.

Implementing our proposed measurement error variance estimation procedures provided
evidence regarding the differential impact of the sources of error we identified. While the
three CATA packages evaluated here follow very similar algorithms, differences in each
package introduced a small amount of error. In general, this error can be avoided by selecting
the appropriate package for the measure being used and considering the use of word stems,
numerals, and phrases included in the different CATA packages. Accordingly, finding non-
trivial levels of algorithm error would not necessarily suggest that the measure needs to be
refined or abandoned because algorithm error may be driven by idiosyncratic features of
each package. However, it would suggest a deeper examination of why this error is high.
Then, on the basis of this examination, an assessment may be made regarding whether mea-
sure refinement or a different CATA package is necessary.

Our results provided evidence that transient and specific factor errors were two key
sources of measurement error variance that should be addressed explicitly in future CATA
research. Transient error accounted for 16% to 68% of variance in observed scores, whereas
specific factor error accounted for about 19% to 91% of variance. However, refining the
CATA measures made considerable improvements to specific factor error. After refining the
measures, we found that specific factor error accounted only for about 4% to 17% of variance
in observed scores.

The reliability estimates for test-retest and parallel forms reported in Table 2 and in online
Appendices A and B do not seem to meet the usual .80 benchmark (Nunnally & Bernstein,
1994). However, these results do not suggest that the reliability of CATA measures is lower
than that of measures created using more traditional approaches. The reason is that our mea-
surement assessment procedures do not rely on the typical and limited internal consistency
reliability estimate (i.e., alpha), which is known to be the upper case for reliability and an
overly optimistic estimate (Cho & Kim, 2015). In fact, estimates of reliability for other types
of measures based on indexes other than alpha are in line with those we found in our study
for CATA measures. For example, the average interrater reliability estimate for ratings of job
performance is .52 (Viswesvaran, Ones, & Schmidt, 1996). So, future research could com-
pare the CES reliability estimates we obtained for entrepreneurial orientation, market orien-
tation, and ambidexterity with those for other CATA measures as well as measures using
traditional measurement approaches. This type of research would lead to a more thorough
and comprehensive understanding of how measurement error affects substantive conclusions
compared to a sole focus on a reliability estimate (i.e., Cronbach’s alpha) known to underes-
timate error (Le, Schmidt, & Putka, 2007; Schmidt et al., 2003). Next, we describe additional
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implications of our results for theory, the reinterpretation of past research, and the conduct of
future research.

Best-Practice Recommendations for Improving the Accuracy of CATA
Measurement and Research

Our results provide evidence that reliability concerns should be considered explicitly in
the interpretation of past and future research using CATA because measurement error vari-
ance is substantial. As shown in Table 2 and online Appendices A and B, transient error and
specific factor error accounted for the vast majority of measurement error variance. These
results suggest that substantive relations reported in past research have been underestimated.
Future research could use our proposed measurement error variance assessment procedures
to understand the extent to which previous null findings may be due to unacknowledged
measurement error variance. In addition, next we offer best-practice recommendations for
improving the accuracy of CATA measurement and research. As a preview, a summary of
these recommendations is included in Table 4.

We emphasize that although our proposed procedures allow for an assessment of the
presence of measurement error variance in published research, it is always preferable to
anticipate and attempt to mitigate measurement error prior to data collection (Aguinis &
Vandenberg, 2014; Hunter & Schmidt, 2004). Our test-retest and parallel forms reliability
estimates are far from a perfect 1.00. Accordingly, researchers using CATA can consider
the following actions to anticipate and minimize the effects of measurement error
variance.

Transient error. There are two key challenges that may drive transient error in CATA
research. The first is where CATA scores demonstrate variability but the language used in
the texts is otherwise consistent over time. This may occur when there is a change in the
construct being measured. It is not possible to parse out variability due to random error from
substantive changes. Accordingly, a valuable assessment to be made is to refer to theory to
identify whether the construct is likely to be stable over the assessment period. Statelike con-
structs, such as optimism, affect, and mood, change more frequently than traitlike constructs,
such as strategic orientation, personality, and values. If theory suggests that variability is
likely, researchers should attempt to decrease the lag between the sampled texts. This can be
accomplished by either collecting the texts more frequently or, if the texts are available only
at long intervals (e.g., annual reports), collecting texts that are produced more frequently
(e.g., quarterly reports).

Transient error may also be influenced by variation in the construct from exogenous
shocks. For instance, when economic conditions change during the time between the cre-
ations of texts, the outlook of the author may be affected, increasing the likelihood of changes
in otherwise stable constructs. Exogenous shocks, such as the introduction of a lawsuit
against the company, the change of management teams/directors, or shareholder activism,
may also drive changes in the contents of organizational narratives over time and deflate test-
retest reliability estimates. Accordingly, when transient error is significant, CATA users
should examine whether any shocks occurred during the assessment period that may have
influenced the focal construct.
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Table 4

Best-Practice Recommendations for Improving the Accuracy of Computer-Aided
Text Analysis (CATA) Measurement and Research

Source of

Measurement

Error Variance Challenges Best-Practice Recommendations

Transient error CATA scores Identify whether the construct is theorized to be stable over the
demonstrate assessment period.

Specific factor
error

Algorithm
error

variability over
time.

The language used
in texts varies
significantly
over time.

Word lists are
either too
inclusive or
exclusive,
resulting in
words being used
out of context
or being missed,
respectively.

The measure was
developed in a
different context.

Two CATA
software
packages provide
inconsistent
scores.

Decrease the lag between collected texts.

Collect texts that are produced more frequently.

Investigate the possibility of shocks within the sampling frame.

Identify whether texts with more standardized contents are available.

Identify whether the sampled texts are likely to be influenced by
managerial attention rather than the salience of the construct being
measured.

For individual-level texts, confirm the identity of the author and
whether the author changed between texts.

Iteratively compare the words identified by CATA and manual
content analyses and refine the measure to improve alignment.

Eliminate word stems and replace them with only the conjugations
that fit the construct definition.

Eliminate single words that are commonly used out of context and
replace them with common short phrases.

Identify omitted conjugations of words on the word list that are
relevant to the construct.

Generate a list of words used in your sampled texts and have judges
evaluate whether words should be added to the measure.

Iteratively compare the words identified by CATA and manual
content analyses and refine the measure to improve alignment.

Generate a deductive list of words thought to indicate the construct
in the new context and have judges evaluate whether they should
be included in the revised list.

Generate a list of words used in your sampled texts and have judges
evaluate whether the words reflect the construct in the new context.

Identify whether the measure uses features idiosyncratic to one
package.

Select a third package for comparison to both original packages.

Recreate a CATA analysis using manual coding and compare results
to both packages.

Variability in the language used in the sampled texts over time is a second key challenge

associated with transient error. In our investigation of three different constructs, the two
samples using CEO shareholder letters had relatively high transient error: 49% of observed
variance for entrepreneurial orientation and 47% of observed variance for market orientation.
However, when ambidexterity was measured in MD&A statements, transient error accounted
for only 20% of observed variance. There were two likely reasons why the MD&A state-
ments outperformed shareholder letters with respect to transient error. First, the contents of
the MD&A statements were more standardized, suggesting that if the underlying construct
stayed the same over the assessment period, it was discussed approximately the same amount
in both texts. Second, shareholder letters are considerably shorter and feature the voice of the
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CEO heavily, suggesting that the contents of these documents may be more subject to the
attention of the CEO at the time of the text’s creation. For instance, if innovation has been a
priority for a firm for many years and this priority has not changed, the CEO may not empha-
size this as much as other more timely strategic initiatives since he or she has limited space
for communicating with shareholders.

The language used in texts can also be influenced by the authors of these texts. While
frequently attributed to the CEO, shareholder letters are often produced by multiple individu-
als (Barr et al., 1992). The contributions of these individuals embed multiple perspectives of
the company into the text, reducing the likelihood that idiosyncrasies of an individual con-
tributor will bias construct measurement. However, having multiple contributors to a text
increases the likelihood of measurement error when measuring individual-level constructs.
For instance, the use of positive and negative language in a text is commonly used to measure
the affective state of the text’s author (e.g., Savani & King, 2015). When a text has multiple
authors, the presence of positive and negative language cannot be attributed to one individ-
ual. Accordingly, when measuring individual-level constructs, researchers should provide
reasonable evidence that the only contributor to the text was the individual for whom the
measurement is being made and that the author did not change.

Specific factor error. Parallel forms reliability estimates ranged from .09 to .81. This wide
range of errors arose from two sources. First, the CATA measures included words and phrases
that were frequently used out of context and omitted words and phrases that were consistently
used to indicate the construct being measured. We addressed this through iteratively removing
words from the CATA measures that were frequently used out of context, adding words from the
text that were consistently used in context, and recalculating parallel forms reliability estimates.
This intervention of a human coder in CATA helped alleviate the threat of specific factor error
introduced by the technique’s inability to consider the context in which words are used.

Within the iterative word list refinement process, there are several key activities that may
help identify words to add or remove. To reduce the frequency of counting words that are
used out of context, researchers can eliminate word stems and add the conjugated words that
are appropriate for the construct being measured. Illustrating how word stems can cause
specific factor error, the original exploitation dictionary used “refine*” to capture how firms
make small adjustments to improve existing products and processes. However, the words
“refinery” and “refineries” were never used in this context within our sample of texts.
Replacing single words that have many meanings with short phrases that have more targeted
meanings also decreases the number of words that are counted but are out of context. For
example, the original innovativeness measure included the word “new.” While “new” fre-
quently signals innovation in shareholder letters, it is also commonly used to communicate
phenomena not related to innovation (e.g., new regulations, New York). This suggests that
replacing “new” with a number of short phrases such as “new product” and “new technol-
ogy” might provide a more reliable measurement of innovativeness. To capture omitted
words, researchers should identify whether the measures include all conjugations of the
words used in the measure and add any omitted conjugations that are indicative of the con-
struct. Researchers should also consider replicating the inductive word list development pro-
cess advocated by Short and colleagues (2010) to capture other relevant words used in the
sample of narratives that reflect the construct being measured.
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A second challenge regarding specific factor error in CATA measures relates to the con-
text in which the measure was developed. Different industries, texts, and individuals may use
the same words to mean different things or use different words to mean the same thing. For
example, the language used in CEO shareholder letters is likely different from the language
used in Twitter tweets. Accordingly, measures developed for one context may need to be
refined to be reliable in other contexts. An efficient way to refine the measure is to use Short
and colleagues’ (2010) two-phase CATA measure development process. The first phase calls
for words to be identified deductively from theory and existing measures (Short et al., 2010).
Researchers should ensure that the words and phrases from existing CATA measures are
included. The second phase calls for words to be identified inductively from the sample of
texts (Short et al., 2010). At the end of each phase, judges evaluate whether these words are
indicative of the construct in the new context. This two-phase process provides an initial
refinement of the CATA measure. Further refinement can be accomplished by again itera-
tively removing words from the CATA measure that are frequently used out of context, add-
ing words from the text that are consistently used in context, and recalculating parallel forms
reliability estimates.

Algorithm error. Algorithm error is driven by software design choices made by the devel-
opers of the CATA software, including the features and limitations of each package. For
instance, CAT Scanner can handle phrases with spaces in them but DICTION 5.0 cannot.
As a result, CATA measures that include phrases may produce different data across the two
packages. Accordingly, researchers should identify whether their CATA measure uses fea-
tures of one package that are not supported by the other. Other design choices made by
the software developers include the handling of punctuation and how words are defined.
For example, should hyphenated words be treated as one word or two? These decisions are
frequently less apparent than identifying whether features are consistent across packages.
However, the impact of these algorithmic discrepancies can still be estimated by selecting
a third CATA software package and triangulating the results. Alternatively, the researcher
could recreate a CATA analysis by manually coding texts for the words included in the CATA
measure. A comparison of these results with the CATA analysis may provide insight into the
algorithmic differences among the packages.

Implications for Practice

We use the “customer-centric” approach of converting effect sizes into metrics that can be
understood by nonacademic audiences to demonstrate how measurement error influenced the
relation between entrepreneurial orientation and shareholder value in a practically relevant
way (cf. Aguinis, Werner, Abbott, Angert, Park, & Kohlhausen, 2010). Engelen, Neumann,
and Schmidt (2016) reported a correlation of .24, suggesting that entrepreneurial orientation
explains 5.76% (i.e., .24 * .24) of variance in shareholder value. However, our procedure
indicates that this correlation is actually .34, suggesting that the percentage explained is actu-
ally 11.56% (i.e., .34 * .34).

Using a correlation coefficient metric, the difference between uncorrected and corrected
measures seems relatively small: “only” .10 correlation points or 5.8% in variance explained.
However, we reach a very different conclusion if we use Tobin’s Q, the Engelen et al. (2016)
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measure of shareholder value. Tobin’s Q is calculated as the market value of the firm divided
by the replacement value of its assets. A score higher than 1 means that the market expects
the firm to outperform its norm, whereas a score below 1 means that a firm is expected to
underperform its norm. We can convert the correlation coefficient 7 to a regression coeffi-
cient b for a single predictor regression using the equation b = r(Sy/Sx), where Sy is the
standard deviation for shareholder value and Sx is the standard deviation for entrepreneurial
orientation. Engelen and colleagues. reported values of Sy and Sx values of .98 and .40,
respectively. So, the regression coefficient associated with the observed correlation is
.24(.98/.40) = .59, whereas the regression coefficient is actually .34(.98/.40) = .83. In other
words, while Engelen and colleagues’ study suggested that a 1-point increase in entrepre-
neurial orientation is associated with a .59 increase in Tobin’s Q, it is actually associated with
a .83 increase—a difference of .24 points.

Although it is a financial figure that investors understand, a difference of .24 points in
Tobin’s Q may not be necessarily intuitive or meaningful to a broader audience. So, as an
additional way to understand the practical significance of this result, we consider the impact
this difference would have on a BusinessWeek 1000 firm with assets of approximately $10
billion (Anderson, Fornell, & Mazvancheryl, 2004). For such a firm, an increase in Tobin’s
Q of .24 points implies an increase in the firm’s market value of approximately $2.4 billion.
In short, an assessment of measurement error in CATA measures has important practical
implications in terms of our understanding of the relation between entrepreneurial orienta-
tion and shareholder value—in the order of billions of dollars.

Limitations of CATA

Measurement using CATA is a potentially valuable alternative to survey research and
manual content analysis; however, it is important to consider its limitations, and we do so
following best-practice recommendations offered by Brutus, Aguinis, and Wassmer (2013).
For instance, CATA is most useful in measuring constructs where single words or short
phrases provide evidence of the construct. For instance, the word “creativity” on its own
provides an indication of a firm’s innovativeness. However, constructs such as exemplifica-
tion from the impression management literature (e.g., Bolino & Turnley, 1999) may be dif-
ficult to operationalize without incorporating the context in which the words are used into the
coding. Accordingly, these constructs are better measured using manual content analysis
where the context can be readily incorporated into the coding.

Second, CATA is sensitive to impression management (McKenny et al., 2013). For
instance, while shareholder letters are used to present information about the company to
shareholders, they are also used to shape the impressions of the reader favorably (Barr &
Huff, 1997; Staw, McKechnie, & Puffer, 1983). Accordingly, phenomena such as counter-
productive workplace behaviors (e.g., Robinson & Bennett, 1995) where impression man-
agement is likely to be present may be more accurately measured by questionnaires or
interviews than CATA using publicly available texts.

Third, the collection of a sample of texts is central to CATA (Short et al., 2010). One large
sample of texts can be used with multiple constructs to publish several studies (e.g., Short
et al., 2009; Short et al., 2010; Zachary et al., 2011). While valuable, the time it takes to
identify and collect a large sample of texts is considerable. As a result, researchers may be
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motivated to keep their texts private. Nevertheless, making data used in a published study
available upon request is an important part of scholarly transparency and is a requirement of
several management journals (Banks et al., 2016). For content analysis researchers, this sug-
gests that the texts used should be made available. Unfortunately, we contacted authors of
CATA studies and found that several were unable or unwilling to share their texts. While their
hesitance to share texts is understandable, it is also a problem because replication and verifi-
cation of previous findings is central to scientific progress. In light of a number of recent
article retractions from management journals, providing access to data used in published
manuscripts can also help alleviate the concern about the use of questionable research prac-
tices (cf. Banks et al., 2016).

To facilitate the sharing of texts while also protecting authors’ investments in data collec-
tion, we propose two guidelines based on the American Psychological Association’s code
regarding the sharing of research data (Ethics Code Standard 8.14a): (1) All texts used in a
published manuscript using content analysis should be retained and shared upon request for
verification purposes unless authors are ethically or legally unable to do so; and (2) The
recipient of a shared sample of texts should use the texts only to verify the analyses con-
ducted by the authors unless given permission to conduct additional analyses by the text
owner. By following these guidelines, authors’ investments in collecting texts for use in
future publications are protected while enabling other scholars to verify the conclusions
reached in published research using CATA.

Finally, while we advocate for greater attention to measurement precision in CATA
research, there may be times where our procedure may not be possible or practical given the
research design. For instance, some organizational texts are produced only once during the
phenomenon of interest (e.g., crowdfunding campaigns, IPO prospectuses). In these cases,
calculating transient error is impractical given the text used. Similarly, some studies that use
CATA seek to measure the change in a construct over time (e.g., Allison et al., 2014). In these
studies, the variation in the underlying phenomenon and transient error are inseparable.
Accordingly, in applying these procedures, we recommend that researchers treat the goals of
the research and measurement precision as a trade-off to be balanced.

Conclusion

CATA offers a novel measurement approach given the known limitations of self-report
and archival methods. Accordingly, CATA is becoming a popular measurement approach in
management and many other fields. Our article provided evidence that although measure-
ment error variance has not been measured thus far, it does exist. We illustrated this finding
with the entrepreneurial orientation, market orientation, and ambidexterity constructs. Our
results indicate that existing research using CATA measures may need to be revisited because
substantive relations have been underestimated. This underestimation has the potential to
derail theory advancements and lead to misguided practices. We offered recommendations
on how future research can minimize the effects of transient, specific factor, and algorithm
error and demonstrated the significant difference these recommendations can make in terms
of the quality of the resulting measures. Overall, we hope that our article will serve as a cata-
lyst for improvements in the use and evaluation of CATA measures in the future and that such
improvements will help CATA reach its potential in facilitating theory advancements and
useful practical applications.
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Note

1. The CAT Scanner formatted dictionaries are available at http://www.catscanner.net/.
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