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JEL codes: The use of textual analysis is expanding in organizational research, yet software packages vary in their
€80 compatibility with complex constructs. This study helps researchers select suitable tools by focusing on phrase-
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selection guideline that links construct features with software capabilities. The framework enhances construct
validity, supports methodological transparency, and is applicable across disciplines. Finally, we position the
approach as a bridge to Al-enabled textual analysis, including prompt-based workflows, reinforcing the
continued need for theory-grounded construct design.

1. Introduction

A growing number of studies in organizational and management
research incorporate textual analysis to quantify textual information (e.
g., Marshall et al., 2022; McKenny et al., 2018; Short et al., 2010; Short
etal., 2018). Textual analysis is an automated content analysis approach
that applies natural language processing (NLP) to extract and quantify
textual information (Bochkay et al., 2023; Loughran & McDonald, 2016;
Short & Palmer, 2008). One popular NLP method is the dictionary-based
approach that counts words and phrases (collocations of words) in texts
(Short et al., 2010). Within the families of (un)supervised machine
learning and dictionary-based approaches, this study specifically focuses
on targeted phrase-based dictionary methods to capture the complexity
of value-based constructs. Many phenomena in the field of management
are not directly or indirectly observable (i.e., constructs) and require
representation through observable measures (Babbie, 2020; Bisbe et al.,
2007; Godfrey & Hill, 1995). Textual analysis facilitates construct
measurement, the replicability of studies, and the scalability of data

collection (Duriau et al., 2007; Morris, 1994; Short & Palmer, 2008).

Scholars rely on pre-designed software packages to perform textual
analysis (Hickman et al., 2020; Short et al., 2018), each of which has a
specific design that may not match the features of the construct being
investigated. Using a software package that is incapable of correctly
processing the features of the construct constitutes a potential source of
measurement error (i.e., algorithm error) (McKenny et al., 2018).

However, there is little guidance to aid scholars in selecting suitable
software. Prior research has focused only on providing a compilation of
different software packages to juxtapose their functionalities (e.g.,
Duriau & Reger, 2004; Klein, 2014; Neuendorf, 2016; Short et al., 2018),
and the opacity of textual analysis algorithms impairs the matching of
software with the features of the construct (Neuendorf, 2016). In
particular, less apparent algorithmic functionalities such as word
counting conventions or special character treatment require a deep ex-
amination of different software. To provide guidance for the software
selection, we pose the question: how can textual analysis software be
selected in line with theory to mitigate algorithm error?
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We compare the prevailing software packages in management
research and assess the algorithmic fit between four different software
packages (LIWC, DICTION, CAT Scanner, and custom Python-based al-
gorithm) to measure value-based management (VBM) sophistication
(Wobst et al., 2022). DICTION is designed for single-word matching and
remains widely used in quantitatively oriented fields that rely on clearly
defined constructs. We include it deliberately to assess how disciplinary
acceptance does not ensure methodological fit with highly complex
constructs used in less regulated or less quantities fields. This compari-
son eventually helps quantify how such misalignments can distort re-
sults when constructs require semantic precision. We generalize our
findings and develop guidelines that aid scholars in selecting software
packages that match the nature of their constructs.

A few software packages dominate the management discipline, such
as Linguistic Inquiry and Word Count (LIWC) and DICTION. We find that
software packages differ in their salient functionalities (e.g., level of
analysis) and subtle functionalities (e.g., word counting conventions). A
misfit between a software’s functionalities and a construct’s features is
likely to produce an algorithm error. Textual analysis tools fall into
different methodological families, such as word-based vs. phrase-based.
Our findings suggest that once a suitable family is chosen, results are
consistent and valid across different tools, without requiring advanced
or customized solutions. Conversely, we also demonstrate the statistical
magnitude to which choosing an inappropriate software — often based on
its disciplinary popularity — may distort results and compromise
construct validity.

This study contributes to research in several ways. It particularly
enhances the seminal study by McKenny et al. (2018): We provide both a
decision-making and a reporting tool for computer-aided text analysis
(CATA) software selection, introduce a customizable dictionary with
extended features that captures complex constructs in new fields of
organizational research, and a guideline for practice how to process
unstructured data. In detail, our study first structures the software se-
lection process. We analyze the interrater reliability of different soft-
ware packages and assess the economic materiality of their differences
compared to the hand-collected VBM dataset of Firk et al. (2019). Sec-
ond, it develops generalizable guidelines that may also serve as a
reporting tool to transparently outline the reasons for (not) choosing a
particular software package. Such transparent reporting facilitates a
study’s replicability. In doing so, our study complements the method-
selection typology developed by Herhausen et al. (2025). While they
provide strategic guidance on when to use which type of text analysis
method, our work delivers the technical implementation logic for
construct-valid software selection once a CATA-based approach is cho-
sen. Third, the study contributes to VBM research in particular by
demonstrating which software is capable of measuring the VBM so-
phistication construct reliably. Fourth, it has implications for practi-
tioners — who are increasingly using textual analysis (Chan et al., 2020) —
the study’s proposed software selection guidelines may guide practi-
tioners in finding a suitable software package to prevent erroneous de-
cisions. Finally, we position this study as a bridge between current
dictionary-based CATA practices and emerging artificial intelligence
(AD) and large language models (LLMs)-supported textual analysis
workflows beyond our test case: VBM has features such as conceptual
complexity, low term prevalence, and strong theoretical anchoring.
These characteristics make the proposed guideline applicable to other
domain-specific constructs and measurement practices in organiza-
tional, strategic, and governance research (Gaur & Kumar, 2018).

2. Software usage in textual analysis research

CATA can be broadly categorized into three main families (Marshall
et al., 2022; McKenny et al., 2018; Short et al., 2010) (1) supervised
machine learning methods, (2) unsupervised machine learning methods,
and (3) dictionary-based approaches. Supervised learning methods
require annotated training data to develop classification models, while
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unsupervised methods infer latent structures such as topics or clusters
without labeled inputs. Dictionary-based approaches have two main
methods. (3a) Word-list methods rely on dictionaries containing single
words or stems (lemmatization), which are matched against the text
corpus to capture relevant constructs (Loughran & McDonald, 2016).
These are particularly common in sentiment analysis, where individual,
established terms such as ‘success’ are counted. (3b) Targeted phrase
methods, by contrast, employ dictionaries consisting of multi-word ex-
pressions that represent more complex constructs (Bochkay et al., 2023).
Phrase-based approaches allow scholars to account for semantic context
and syntactic specificity, and are especially useful when constructs are
unlikely to be captured adequately by single terms. The latter method is
the focus of our study, as shown in Fig. 1.

A dictionary-based NLP method starts with a theoretical inquiry to
define the underlying construct. The theoretical underpinnings drive the
dictionary choice (methodological inquiry) (Neuendorf, 2016). Scholars
can either use a built-in dictionary, create their own (customized dictio-
nary), or use a customized dictionary developed by prior studies
(Neuendorf, 2016). Built-in dictionaries are an integral part of a software
package and generally undergo rigorous reliability and validity assess-
ments; thus, they are the preferred option to measure a construct, if
available. The choice of dictionary then determines the software selec-
tion (i.e., inquiry of the measurement instrument) (McKenny et al.,
2018; McKenny et al., 2013; Short et al., 2010).

Prior research provides guidelines for dictionary creation and vali-
dation (e.g.. Pandey & Pandey, 2019; Short et al., 2010). Hickman et al.
(2020) describe important steps for the preprocessing of text data, and
state that the outcomes of textual analysis depend highly on the choice
of software. Dictionary-based NLP methods often rely on pre-designed
software packages (Hickman et al., 2020; Short et al., 2010). Howev-
er, the flexibility to adjust the software functionalities to the construct’s
idiosyncratic requirements remains limited (Duriau & Reger, 2004).
Management scholars predominantly use software packages such as
Linguistic Inquiry and Word Count (LIWC) (Boyd et al., 2022) and
DICTION (Hart, 2014; Hickman et al., 2020). LIWC offers reliable single-
word matching and built-in dictionaries, but has limited ability to pro-
cess multi-word phrases or construct-specific expressions. DICTION is
optimized for political and rhetorical content using pre-defined word
lists, but lacks phrase recognition and performs poorly with complex,
domain-specific constructs. Authors of software packages often design
dictionaries that become an integral part of their software (Neuendorf,
2016). LIWC and DICTION are the preferred option when using built-in
dictionaries because their off-the-shelf dictionaries have undergone
rigorous validity and reliability assessments (e.g., Pennebaker et al.,
2015; Pennebaker & Francis, 1996; Short & Palmer, 2008). Scholars
predominantly use LIWC to conduct sentiment analyses by employing
the integrated sentiment dictionary (e.g., Gamache & McNamara, 2019;
Hubbard et al.,, 2018; Love et al., 2017; Pfarrer et al., 2010). A
dictionary-based sentiment analysis counts positive, neutral and nega-
tive words to capture the tone/sentiment of texts (Bochkay et al., 2023).
DICTION is the preferred choice when measuring, for example, political
leadership rhetoric because of its explicit development for political
discourse (e.g., Bligh & Hess, 2007; Bligh et al., 2004; Bligh & Robinson,
2010; Davis & Gardner, 2012).

There is no prevailing software for customized dictionaries. Other
software packages, such as McKenny et al.’s (2012) CAT Scanner, are
used in cases of customized dictionaries. CAT Scanner supports user-
defined dictionaries and can handle phrases and hyphenated terms,
making it suitable for construct-specific textual analysis. The higher
variability in software packages used in cases of dictionary custom-
ization indicates an increased challenge in matching the software with
the construct requirements (Duriau & Reger, 2004).

Scholars acknowledge that prevailing software packages such as
LIWC or DICTION reach their limits when examining constructs that go
beyond standard textual analysis (McKenny et al., 2018). For instance,
Nadkarni et al. (2019) develop a customized program because the
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D Focus of this study

(1) Supervised learning

Classification models trained on labeled data
(e.g.. topic modelling, clustering)

(2) Unsupervised learning

Structure discovery without labels

(3) Dictionary-based
methods

(3a) Word-lists

(e.g.. sentiment analysis)

(3b) Target phrases
1 or: multi-word expressions
(e.g.. complex constructs)

Fig. 1. Typology of CATA methods and positioning of this study.

coding and categorizing of numerical and non-numerical targeted words
simultaneously is not possible with LIWC and DICTION.

Many studies do not explicitly discuss their choice of software.
However, choosing an inappropriate software package may threaten the
construct’s reliability (e.g., McKenny et al., 2018) as an algorithm error
may occur when the software’s design choice does not match the
construct (McKenny et al., 2018). Providing a rationale for the choice of
software would help other scholars to decide for (or against) a particular
program. Studies that do provide reasons for choosing a particular
software commonly state that the selection was made by following prior
research (Gamache & McNamara, 2019; Love et al., 2017; Rhee & Fiss,
2014). Few studies corroborate their choice of software by theory or
match the software functionalities with the construct features (e.g., Guo
et al., 2021; McKenny et al., 2018; Murphy & Ensher, 2008).

This study structures the software selection process to counteract the
lack of precise guidelines. We respond to McKenny et al.’s (2018) call
and contribute to textual analysis research by providing a deeper ex-
amination of potential algorithm errors.

3. Methods
3.1. Construct selection

This study develops guidelines that may assist future scholars in
choosing which textual analysis software to employ. We use VBM so-
phistication as an illustrative construct. VBM is an integrated manage-
ment approach that aligns shareholders’ and managers’ interests to
foster long-term value-enhancing strategies (Firk et al., 2019; Ittner &
Larcker, 2001; Martin et al., 2009). The cornerstone of VBM is the
establishment of value-based metrics that link a firm’s key value drivers
with performance measures to ensure value creation above the cost of
capital (Burkert & Lueg, 2013; Firk et al., 2019). As an already estab-
lished construct, VBM is suitable to use in the development of a sys-
tematic software selection process (Burkert & Lueg, 2013; Firk et al.,
2021; Fiss & Zajac, 2004; Mavropulo et al., 2021), and its use in previous
studies precludes confounding effects as a result of theoretical or
methodological inconsistencies. Moreover, we can use an already
developed VBM dictionary: Wobst et al. (2022) developed a customized
dictionary containing VBM-related phrases. Prior dictionaries rely pre-
dominantly on word- instead of phrase-level analyses (Pandey & Pan-
dey, 2019), but the use of a phrase-level dictionary enhances the
generalizability of the study’s findings.

3.2. Construct measurement

In line with the typology of CATA methods outlined above, this study
applies a dictionary-based approach, and more specifically a targeted
phrase method. This methodological choice reflects the complexity of
the VBM construct, which is best captured through multi-word

expressions. This design aligns with prior research that highlights the
importance of matching the unit of analysis ~words versus phrases —
with the complexity of the construct (Bochkay et al., 2023; McKenny
et al., 2018).

We investigated the algorithmic fit between the most commonly used
software and the text-based VBM sophistication measures. We started by
comparing the interrater reliability of the chosen software packages.
Consequently, we performed a one-way analysis of variance (ANOVA)
with a subsequent pairwise comparison. Then, we assessed the conver-
gent validity of the text-based measures to ensure that the software
suited the construct’s theoretical underpinnings. The correlation be-
tween two measures of theoretically related constructs is known as
convergent validity (Campbell, 1959; Short et al., 2010); in order to
assess the convergent validity of the different text-based measures, the
analysis requires an external benchmark and we are grateful for access
to a subsample of Firk et al.’s (2019) manually coded VBM sophisti-
cation measure. Firk et al. (2019) develop a composite VBM sophisti-
cation proxy that synthesizes five binary indicators. The binary
indicators account for the depth of VBM across firms’ internal hierar-
chies. Their sample comprises European non-financial firms listed in the
STOXX® Europe Total Market Index, and they manually collected in-
formation from corporate annual reports in the years 2005 to 2014. Firk
et al. (2021) used the same VBM sophistication information to investi-
gate the decision-making role of VBM from 2005 to 2016. See Firk et al.
(2019) for further details on their sample and the construction of the
VBM sophistication proxy. We adopted the sample used by Wobst et al.
(2022): because a cross-sectional data set is sufficient to compare
different software, we focused on the year 2010, the beginning year of
their sample. Including only non-financial firms which offered annual
reports downloadable in English, we collected these reports from the
investor relations sections of their websites. The final sample comprises
297 firms.

We began by assessing the eligibility of LIWC and DICTION for
measuring the VBM sophistication construct. We complemented the
prevailing software by using the CAT Scanner (McKenny et al., 2012).
The CAT Scanner is free of charge and used in peer-reviewed studies (e.
g., Evert et al., 2018; McKenny et al., 2018; Murray & Fisher, 2022;
Vaupel et al., 2022). Neuendorf (2016) outlines the option to create
custom programs as an alternative to standard software. Custom pro-
grams have the advantage of being highly flexible and allowing a better
understanding of the different functionalities (Short et al., 2018). To
complement the chosen software, we developed a customized Python-
based algorithm. Our Python-based solution is designed to flexibly
capture complex phrases, process hyphenated expressions, and deliver
output with high resolution, matching all required construct features.
The algorithm uses existing Python libraries such as sci-kit learn to
ensure reliability. Sci-kit learn is a machine-learning library that in-
cludes various algorithms to perform, for example, classifications, re-
gressions, and topic modeling (Pedregosa et al., 2011). Our algorithm is
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easily adaptable for other dictionary-based analyses. The output is a
document-term matrix that displays the dictionary’s raw and total word
counts. In summary, we investigated the algorithmic fit of the VBM
sophistication construct using four different software packages (LIWC,
DICTION, CAT Scanner, and a customized Python-based algorithm).

The variable VBM LIWC is a continuous variable that gives the per-
centage of total dictionary words in each report, based on the total
number of words (standard output of LIWC) (Boyd et al., 2022). We
calculated the variables VBM Python (CAT Scanner, DICTION) compa-
rably by taking the sum of dictionary counts divided by the total word
count and displaying them as percentage values. Weighting the raw
counts by the total word counts counterbalances the varying length of
the reports (Loughran & McDonald, 2016).

4. Results
4.1. Descriptive results

Table 1 displays the descriptive statistics for the VBM sophistication
constructs. The LIWC-based measure reveals the highest mean value
(0.055) and the DICTION-based measure the lowest (0.003). All vari-
ables vary substantially. LIWC reveals the highest variation between
0.000 and 0.208. Deviations in mean values may occur either because
the software packages differ in counting the dictionary phrases and/or
because of differences in total word counts. The diverging descriptive
results indicate that the four software packages use differing algorithms.
We perform an ANOVA and assess the convergent validity to determine
whether the differences in mean values are statistically and economi-
cally significant. Below, we outline some reasons for the observed (dis)
agreements between the software and develop a systematic software
selection process.

4.2. Interrater reliability: Krippendorff’'s alpha

Panel A of Table 2 displays the Krippendorff’s alphas for the results
generated for the VBM measure by the employed software packages.
Krippendorff’s alpha calculates the interrater reliability of coders that
can be humans or algorythms (Krippendorff, 2018). This measure is
calculated by comparing the observed agreement among coders to the
agreement that would be expected by chance. A value close to 1 in-
dicates high agreement among coders, while a value close to 0 indicates
agreement no better than chance. Negative values suggest that the
agreement is worse than would be expected by chance, indicating issues
with the coding scheme or coder performance. Krippendorff’s alpha has
been employed to evaluate the efficacy of software in accurately
measuring constructs within the field of management (McKenny et al.,
2018).

The results for our Python-based algorithm and CAT Scanner show
high interrater reliability of 0.961. This result is comparable with the

Table 1
Descriptive statistics.

N Mean Std Min Median  Max
dev.
VBM sophistication 297 1.380 1.333 0.000  1.000 5.000
benchmark
VBM Python 297 0.028 0.021 0.000 0.024 0.130
VBM DICTION 297  0.003  0.006 0.000  0.001 0.055
VBM CAT Scanner 297 0.025 0.019 0.000  0.021 0.116
VBM LIWC 297 0.055 0.041 0.000 0.046 0.208

Notes: LIWC = Linguistic Inquiry and Word Count. The table represents
descriptive statistics for the value-based management (VBM) sophistication
construct using different software. VBM sophistication benchmark = manually
developed VBM sophistication index by Firk et al. (2019). VBM Python (CAT
Scanner; DICTION; LIWC) are continuous variables that give the percentage of
total dictionary words in each report, based on the total number of words.
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Table 2

Convergent validity and Krippendorff’s alpha.
VBM VBM VBM VBM VBM
sophistication Python DICTION CAT LIWC
benchmark Scanner

Panel A: Krippendorff’s alpha

VBM VBM VBM VBM
Python DICTION CAT LIWC
Scanner
VBM Python -
VBM DICTION -0.317 -
VBM CAT 0.961 —0.293 -
Scanner
VBM LIWC 0.569 —0.364 0.452 -
Panel B: Convergent validity results
VBM 1.000
sophistication
benchmark
VBM Python 0.575 1.000
VBM DICTION 0.346 0.476 1.000
VBM CAT 0.583 0.978 0.468 1.000
Scanner
VBM LIWC 0.566 0.954 0.367 0.974 1.000

Notes: LIWC = Linguistic Inquiry and Word Count.

Panel A presents the Krippendorff’s alpha values, indicating the interrater reli-
ability among different software packages for the VBM construct. Higher values
signify stronger agreement. Sample interpretation: A Krippendorff’s alpha of
0.961 indicates a very high level of agreement (96.1%) between the VBM
measurements generated by the Python algorithm and CAT Scanner. Such a high
alpha value implies that the two methods can be reliably used interchangeably
or in conjunction, as their measurements are almost identical.

Panel B presents the Spearman rank-order correlation results of the value-based
management (VBM) sophistication construct using different textual analysis
software packages. All correlation coefficients are statistically significant at the
1 % level or less. VBM sophistication benchmark = manually developed VBM
sophistication index by Firk et al. (2019). VBM Python (CAT Scanner; DICTION;
LIWC) are continuous variables that give the percentage of total dictionary
words in each report, based on the total number of words.

findings of McKenny et al. (2018), who compared the interrater reli-
ability for the constructs of entrepreneurial orientation, market orien-
tation, and organizational ambidexterity, for which they report
Krippendorff alphas from 0.88 to 0.90 using the software packages LIWC
2007 and DICTION 5.

However, DICTION performs substantially worse in our study than a
random guess, evidenced by its negative Krippendorff alphas with all
other measurements. This finding reinforces our theoretical argument
that highly complex constructs in management, such as VBM, necessi-
tate the use of phrases and hyphenated words for accurate measurement.
Despite DICTION’s established efficacy in measuring simpler, more
easily definable constructs in areas such as financial sentiment analysis
(Bochkay et al., 2023), its application to more intricate constructs
warrants critical evaluation.

Krippendorff alphas for LIWC, when compared with Python or CAT
Scanner, are adequate but not outstanding, with values ranging from
0.452 to 0.569, which fall significantly below the benchmarks set by
established studies (McKenny et al., 2018). Researchers might question
the appropriate course of action in such a situation. Therefore, we
proceed with an analysis of the economic materiality in the following
subsection.

4.3. Economic materiality: ANOVA and convergent validity results

Panel B of Table 2 presents the results for the convergent validity of
the software measurements of the VBM construct, comparing them with
a one-way ANOVA to the hand-collected VBM sophistication benchmark
derived from field data (Firk et al., 2019). We included a post-hoc
analysis with Bonferroni correction to examine pairwise differences
between the software (Mooi et al., 2018). The results indicate a
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statistically significant overall effect of mean differences between the
software packages F(3; 1,184) = 210.37, p < 0.000, R? = 0.348. The
post-hoc analysis shows that the text-based VBM sophistication mea-
sures differ significantly in mean values between all software packages
except that of the Python-based algorithm and CAT Scanner (M = 0.003;
p = 0.665).!

We performed a Spearman’s rank-order correlation between the text-
based measures and Firk et al. (2019) alternative VBM sophistication
benchmark. The correlation analysis should reveal whether the differ-
ences in mean values between the software packages also materialize
economically. If the software packages employ comparable algorithms,
we would expect similar correlation results between the different soft-
ware packages and the alternative benchmark. In such a case, statisti-
cally significant differences would not materialize economically. Panel B
in Table 2 presents the correlation results. The results yield positive and
statistically significant correlations between all text-based VBM so-
phistication measures and the alternative benchmark. The correlation
results provide a similar and strong effect size for the Python, CAT
Scanner, and LIWC-based measures (Python: 0.575, CAT Scanner: 0.583,
LIWC: 0.566). The statistically significant differences in mean value
between the Python-based algorithm and LIWC do not translate into
economic significance. Consequently, the mediocre Krippendorff alphas
do not diminish the economic materiality of the LIWC measure and
should not overly concern researchers. The results are similar for LIWC,
CAT Scanner, and our Python-based algorithm.

Regarding the DICTION-based measure, the correlation result sup-
ports the ANOVA results. The DICTION-based measure yields a signifi-
cantly lower correlation with the alternative benchmark (0.346); this
low correlation suggests a significant algorithm error. We conclude that
the Python algorithm, LIWC, and CAT Scanner provide a suitable fit for
measuring the highly complex, text-based VBM sophistication construct,
whereas DICTION induces a substantial algorithm error in measuring
the VBM construct.

5. Discussion and conclusion

This study investigates the algorithmic fit between different textual
analysis software (Hickman et al., 2020; McKenny et al., 2018). The
results indicate that the Python-based algorithm, CAT Scanner, and
LIWC fit the VBM sophistication construct. DICTION seems to be a
misfit. The VBM sophistication construct requires a software package
that: (1) enables the integration of customized dictionaries, (2) pro-
cesses phrases and hyphenated words, and (3) produces an output that
displays enough decimal places (up to three) in terms of relative values
(dictionary count/total word count) or raw counts of dictionary- and
total words. The third criterion is relevant because the high number of
total words in relation to VBM-specific phrases in annual reports re-
quires more than two decimal places to reveal the concept properly
(Wobst et al., 2022).

DICTION is not able to meet all three criteria because it can only
count words and hyphenated words (Hart, 2014); it is not capable of
counting phrases. Thus, DICTION’s design does not fit the construct’s
features and leads to an algorithm error. Thereby, our study highlights a
broader implication: researchers should not be compelled to use soft-
ware packages simply because they are ‘the most established’ ones, such
as DICTION. Editors, reviewers, funding agencies, conference partici-
pants, or thesis supervisors should refrain from demanding such tools as
a benchmark when the construct’s linguistic features clearly call for a
different, possibly innovative and lesser known tool. Our findings pro-
vide an empirical basis for resisting misplaced expectations.

! DICTION and CAT Scanner: M = —0.022, p = 0.000; LIWC and CAT
Scanner: M = 0.030, p = 0.000;LIWC and DICTION: M = 0.052, p = 0.000;
Python and DICTION: M = 0.025, p = 0.000;Python and LIWC: M = —0.027,
p=0.000.
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The three other software packages fulfil the three salient features.
More subtle differences (e.g., different word counting conventions) be-
tween LIWC, CAT Scanner, and the Python-based algorithm may explain
the statistically significant differences in mean values observed (e.g.,
different treatment of hyphens). The subtle algorithmic differences do
not materialize economically because the correlation results are similar.
However, subtle differences still require investigation to prevent an al-
gorithm error.

5.1. Systematic software selection guidelines

Fig. 2 presents a systematic software selection process (step 1-7) to
allow generalizability to other constructs. (1) The software selection
process suggests starting with a theoretical inquiry (defining the
construct). This includes assessing the complexity of the construct, as it
influences the linguistic structure required for its valid measurement.
Constructs such as sentiment or tone are often captured using single
terms (e.g., “risk”, “opportunity”’), whereas more complex constructs
like VBM or organizational ambidexterity rely on multi-word expres-
sions (e.g., “value creation above capital cost”, “simultaneous explora-
tion and exploitation™). For complex constructs, phrase-based dictionary
methods are generally more appropriate than single-word approaches.

(2) Scholars should then choose whether to use a built-in dictionary
(which will have already undergone rigorous testing) or to create a
customized one. In cases of built-in dictionaries, scholars tend to use the
software it is bundled with. For theory-driven research involving com-
plex or domain-specific constructs, customized dictionaries offer supe-
rior alignment with construct definitions. In some cases, researchers
may need to develop new dictionaries entirely—especially for emerging
or multi-dimensional constructs without established terminology. For
such cases, Short et al. (2010) outline a structured approach to dictio-
nary development, which includes concept specification, item genera-
tion, and validation. In cases with non-English corpora of text, Heyden
et al. (2015) demonstrate how adapting keyword lists across languages
requires both semantic precision and theoretical anchoring. These steps
ensure alignment between the construct’s theoretical definition and the
dictionary’s linguistic representation.

(3) In cases of dictionary customization, we suggest performing an
initial software screening. This comprises a matching of the salient
construct features with the software functionalities. Salient features
refer to the design of the dictionary, such as the use of single- or hy-
phenated words or phrases, while software functionalities describe the
design choice of the software — such as its capability to count phrases.
Systematic screening ensures that salient incompatibilities — such as
software ignoring phrase boundaries or mishandling hyphenated terms —
are identified early. Researchers might also want to document the
rationale behind excluding software that lacks critical functionalities
and are this mis-aligned with their construct.

(4) The purpose of the screening is to identify software packages that
are functionally compatible with the salient features of the construct.
This compatibility must be evaluated with respect to technical capa-
bilities such as phrase recognition, handling of hyphenated terms, and
dictionary input formats. Publicly available documentation, prior
research, or software manuals serve as important sources for evaluating
these capabilities. In our context, for example, DICTION and LIWC
lacked phrase-level processing, which is critical for constructs like value-
based management. By contrast, CAT Scanner and the Python-based
algorithm allowed for phrase recognition, supported custom dictio-
naries, and handled hyphenated expressions reliably. This screening step
ensures that only those software options proceed to empirical evaluation
which can, in principle, process the construct as theoretically defined.

(5) This should be followed by a quantitative comparison that in-
vestigates whether subtle software functionalities may cause potential
algorithm errors. Different approaches are available to determine algo-
rithm errors such as Krippendorf’s alpha, convergent validity, ANOVA,
and Kendall’s W (McKenny et al., 2018; Morris, 1994; Short et al., 2010).
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Fig. 2. Overview of a systematic software selection process.

(6) An algorithm error can be either benign or confounding. Benign
errors refer to algorithm errors that are not economically meaningful.
Confounding errors run the risk of distorting subsequent analyses (Xu
et al., 2020).

(7) Scholars may choose any one of the selected software programs
and perform the final analysis if no confounding error is present. If the
results diverge significantly, ideally they will choose the software with
the highest convergent validity results. A confounding error requires
searching for an alternative software, or designing (and testing) a
customized program.

A systematic software selection process offers several advantages.
First, it reduces the likelihood of an inappropriate and arbitrary software
selection. A systematic selection aligns the software functionalities with
the construct’s theoretical underpinnings and minimizes measurement
errors (McKenny et al., 2018; Nunnally & Bernstein, 1994). Second, a
systematic software selection process increases the study’s transparency
and replicability if reported adequately. We recommend including a
rationale for choosing the underlying software that links the software
selection with theory. Third, a systematic software selection process may
save time if already conducted by prior research for similar constructs.
For example, our illustrative software selection process may serve as
orientation for future research and comparable constructs.

6. Contributions

This study contributes to research and practice in several ways. First,
it contributes to textual analysis research by introducing a customizable,
Python-based dictionary with extended features that captures complex
constructs. Management research increasingly relies on the dictionary-
based NLP method (Bochkay et al., 2023; Loughran & McDonald,
2016) and, although a variety of readily available software packages are
available to perform such a NLP task (Boyd et al., 2022; Hart, 2014;
McKenny & Short, 2012; Short et al., 2010), not all software is capable of
measuring every construct adequately (McKenny et al., 2018). Some
constructs require more advanced features, such as phrase recognition
or the ability to detect concepts of low prevalence. Our tool addresses
these challenges. By explicitly situating our approach within the tar-
geted phrase subcategory of dictionary-based CATA methods, we further
clarify the methodological classification within the broader CATA
landscape.

Second, we provide researchers with a decision-making tool for soft-
ware selection, thereby providing solutions extant problems (McKenny
et al., 2018). The absence of guidelines when to use customized dictio-
naries leaves scholars navigating ‘murky waters” when searching for a
suitable software. Our guidelines structure the software selection pro-
cess with the overall goal of minimizing an algorithmic misfit, and are
generalizable to a wide variety of constructs and disciplines. Our find-
ings further show that once a suitable methodological family is selected,
results are consistent across tools within that family, even without
technical customization. At the same time, we quantify the risk of
selecting an unsuitable tool - often chosen due to disciplinary conven-
tion — by showing the extent to which such a misfit can distort results

and undermine construct validity. Examples include (leadership) char-
acteristics (Anglin et al., 2018), corporate sustainability (Mansouri &
Momtaz, 2022), and corporate culture (Li et al., 2020; Pandey & Pandey,
2019). Thereby, we complement the strategic typology of method se-
lection proposed by Herhausen et al. (2025), who offer a conceptual
matrix to guide whether to predict, classify, or explore textual data. Our
framework extends this logic by empirically operationalizing software
selection once a CATA-based approach is chosen—particularly in
research settings with difficult, theory-driven constructs. Herhausen
et al. (2025) address text analysis at a task level; we add depth at the tool
level by testing and validating four software packages across fit criteria.
We thereby offer the technical execution layer implied in their broader
framework, along with a transition path toward Al-supported construct
measurement.

Third, this study offers a reporting tool that systemizes the software
choice and enhances the transparency of textual analysis research. Prior
studies seldomly document their rationale for choosing a particular
software (McKenny et al., 2018). A missing rationale impairs the study’s
transparency and replicability. More transparent software selection
processes may also aid future scholars in familiarizing themselves with
the key functionalities of different software.

Fourth, it extends CATA to the field of corporate governance
(McKenny et al., 2018). We demonstrate which software is suitable to
measure the established and complex VBM sophistication construct
reliably. Matching construct features to software functionalities enables
tool selection for both complex constructs like VBM and simpler ones
like tone or sentiment. Future scholars can build on this study when
investigating other governance systems with differing sophistication,
such as various forms of stakeholder- or sustainable management (Wobst
et al., 2025). The framework is not limited to VBM and can support
construct measurement in any domain involving complex, theory-
driven, or low-prevalence textual patterns (Gaur & Kumar, 2018).

Fifth, the guidelines may help practitioners in selecting a suitable
software. Practitioners increasingly use textual analysis to process un-
structured data. For example, practitioners employ textual analysis in
their investment decisions (Chan et al., 2020): minimizing an algo-
rithmic misfit reduces noise and ensures astute investment decisions
(McKenny et al., 2018).

6.1. Limitations and research propositions: Navigating the changing
textual landscape of artificial intelligence and large language models

This study has several limitations that present promising opportu-
nities for future research. For instance, the study’s findings are only
partially generalizable to other NLP methods, such as machine-learning
methods. Different machine-learning libraries may follow different al-
gorithms (Gevorkyan et al., 2019). Future research could investigate
how the choice of machine-learning algorithm affects algorithm errors.
In the following, we extend the limitations to conceptual propositions to
guide subsequent inquiry into software selection, construct measure-
ment, and the evolving role of tools emplyoing Al and LLMs in man-
agement research.
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“Practice” wants to meet “Theory”, not its own avatar.

Recent contributions in management and strategy execution
(Mahlendorf et al., 2023; Qiu et al., 2023; Wobst et al., 2025) explicitly
show that researchers continue to seek construct-valid, transparent, and
theoretically anchored measures. VBM is a paradigmatic example of
such a construct: multi-dimensional, domain-specific, and embedded in
practitioner language. Textual analysis in this field therefore still re-
quires ex ante theoretical decisions on constructs instead of data-mining
the often simplified represenatations in practice or applied research
(Wobst et al., 2025). This holds true regardless of whether the down-
stream text analysis is performed by a human, a dictionary, or an Al
Hermann and Puntoni (2024) emphasize that generative Al applications
depend on domain-specific tasks, which reinforces our claim that
theory-based construct design remains central, even when Al tools are
applied. Thus, our focus on dictionary-based tools does not imply that
supervised, qualitative approaches are obsolete. Tools such as NVivo
remain essential when researchers work with exploratory data, emer-
gent constructs, or context-specific meanings that resist predefined
coding schemes. In such cases, iterative coding and researcher inter-
pretation should enable construct refinement.

7. Proposition 1: Structured constructs will remain foundational
in management research, even as Al advances

LLM:s still depend on prompts.

LLMs may eventually displace classical dictionary-based tools in
textual analysis. Yet, they will not do this as an alternative, but as a
technical development: LLMs do not eliminate the need for theoretical
construct work that this paper outlays. As recent studies in finance show
(Novy-Marx & Velikov, 2025), using LLMs at scale depends on high-
quality prompts — often several hundred per paper — which must be
grounded in construct-specific terminology. Rezazadeh et al. (2025)
show that even GenAl-driven startups rely on prompt workflows
grounded in domain knowledge, confirming that semantic clarity re-
mains essential in Al-based textual analysis. Our approach offers exactly
this kind of preparatory work. Researchers can use our method not only
to select current tools but also to design AI prompts that align with
complex constructs, ensuring semantic focus and reproducibility.

8. Proposition 2: Theoretical construct work and dictionary
design will directly inform future prompt engineering for Al
applications

Prompt engineering is pre-testing by another name.

LLM-based, downstream workflows still require rigorous pre-testing
of prompts, just as dictionary-based workflows require validation of
terms and software compatibility. Prompt engineering has already
emerged as one of the most actively discussed generative Al use cases in
business practice (Chan & Choi, 2025). Researchers’ construct choices
are often politically embedded, highlighting the importance of
acknowledging the changing neo-classical theorization of VBM (Wobst
et al., 2025), or being transparent about a study’s chosen framing /
paradigms in ethics research (Dzhengiz & Hockerts, 2022). Researchers
will not (be able to) outsource the accountability for this embedded
meaning to, only seemingly, neutral, data-driven tools. This is particu-
larly true in management fields like governance at large, ethics, and
leadership, where interpretability, transparency, and replicability are
essential (Martin, 2019; Mittelstadt et al., 2016). Thereby, our study
provides not just a tool for today’s researchers but delivers a methodo-
logically sound stepping stone for LLM-enhanced research, especially in
areas where full automation is not yet ethically or empirically viable.

9. Proposition 3: Prompt engineering will inherit the validation
challenge from dictionary-based methods

Validation goes beyond internal consistency.
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Our study validates the VBM dictionary only through internal con-
sistency and convergent validity. However, the same feature-based
alignment logic — linking construct characteristics to software func-
tionalities — can also support predictive validation (e.g., linking VBM
scores to ESG outcomes, audit quality, or firm value) and discriminant
validation (e.g., distinguishing VBM from adjacent constructs). Our
approach provides a systematic entry point for evaluating whether
textual measures reflect the theoretical properties they are intended to
capture. This includes extensions to domain-specific sentiment analysis,
where researchers move beyond generic polarity and aim to capture
nuanced affective constructs (e.g., regulatory optimism or ethical
concern). It also applies across textual sources, as differences in struc-
ture, spontaneity, and authorship—such as between annual reports and
earnings calls—may influence the choice and validation of software.
This makes it applicable to software packages beyond the ones selected
in this study.

10. Proposition 4: Systematic software selection guidelines offer
a foundation for multiple forms of construct validation

Algorithm error persists.

Our study should not be seen as an endpoint, but as a bridge between
dictionary-based CATA and the next generation of prompt-based, Al-
assisted analysis. Even in traditional settings, algorithmic errors arise at
multiple stages—for example, during preprocessing. Stemming algo-
rithms differ in how they reduce word forms, and the choice of algorithm
can introduce non-trivial distortions in term counts and construct rep-
resentation (Hull, 1996). These errors are often opaque and dataset-
dependent, underscoring the need for validation and tool awareness
beyond surface-level features.

While LLMs may reduce some downstream limitations (e.g., phrase
recognition), they introduce new risks: hallucinations, prompt sensi-
tivity, data leakage, synthetic coherence, overfitting, domain drift, or
output instability (Nguyen et al., 2022; Novy-Marx & Velikov, 2025).
Our framework, which links construct features with the evaluation of
software tools, offers a transparent and replicable process that future
LLM workflows will also require (similar: Mariani & Dwivedi, 2024;
Nguyen et al., 2022). It can inform how scholars choose LLM tools, which
prompts are worth trusting, and how to verify conceptual alignment
between input and output.

11. Proposition 5: Algorithmic errors will not disappear with
LLMs - They will just look different

11.1. Conclusion

In summary, this study compares different software packages and
develops guidelines for selecting suitable software. The guidelines sug-
gest a structured and transparent software selection process. We hope
the study will encourage scholars to choose their software in line with
theory and to report their software choice transparently.
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