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A B S T R A C T

Discovering and producing reliable and valid measures of psychological constructs are central
aims for human resource management (HRM) researchers and practitioners. While HRM re-
searchers have historically relied on traditional quantitative methods, increased accessibility of
text analysis techniques enabled by advancements in machine learning make qualitative data more
convenient to analyze and include in decision-making processes. In this review, we systematically
analyze research in HRM, organizational behavior, strategy, and entrepreneurship that has used
text analysis to uncover and/or measure constructs. Our goals are to 1) delineate types of text
analyses (categorization, dictionaries, supervised machine learning, and unsupervised machine
learning), 2) review what constructs can be derived from text data, 3) describe how those con-
structs have contributed to the core HRM functions, 4) provide guidance on validation efforts that
are needed to trust inferences made, and 5) and identify future research opportunities to use text
analysis by HRM function. We support these points by conducting two text analyses on the papers
in our review: a hand-coded content analysis using an existing framework and building a topic
model of the abstracts. We find that while there is convergence (triangulation), there is notable
divergence such that the topic model revealed more nuanced and useful clustering in significantly
less time, thus illustrating the value of different types of text analysis. We encourage HRM re-
searchers and practitioners to use machine learning to increase efficiency, reduce subjectivity,
increase replicability, and facilitate methodological diversity. We close with a brief discussion on
the promise of large language models.

A primary goal of organizational scholars is to generate usable theory to understand and improve the experiences of people and
processes at work (Sutton& Staw, 1995). Central to this aim is discovering and producing reliable and valid measures of psychological
constructs. While human resource management (HRM) researchers have historically relied on quantitative (numeric) data, a powerful
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and less commonly used type of data are qualitative (text) data. These data require text analysis to derive meaning. Broadly defined,
text analysis refers to a family of techniques for identifying, summarizing, or measuring topics, themes, or other dimensions of interest
in a corpus using a systematic method. Techniques range from hand-coded content analyses and grounded theory to natural language
processing (NLP) enabled by machine learning. Text analysis has been crucial to construct identification and theory building. In their
foundational article on methodological fit, Edmondson and McManus (2007) assert that theory development typically begins with the
observation of new phenomena and that the eventual quantification of such concepts is the result of qualitative groundwork. By
extension, we can use text analysis as a way of creating alternative measures of existing constructs, which engenders confidence that
the construct exists through triangulation (deductively). We can also use text analysis to promote different theoretical lenses by using a
different method on the same text data to uncover new ideas (inductively). We refer to this triangulation and analytic diversification as
“methodological diversity” (Turner et al., 2017; Welch & Piekkari, 2017).

Management and organizational psychologists are not strangers to text data, yet adoption of text analysis has been slow for several
reasons. One is the field’s historic prioritization of deductive methods of discovery focusing on quantitative measurement and
empirical validity, which might create a perceived incompatibility between inductive text analyses and traditional psychometrics.
Another explanation is that text analysis has traditionally required qualitative methods (e.g., grounded theory, ethnographies, case
studies; we refer to these approaches in aggregate as “purely qualitative methods” hereafter) in which few graduates receive formal
training (Glaser, 1999). Further, purely qualitative methods have been charged as being less rigorous than quantitative methods
creating tension around text data (Pratt et al., 2020). Developments in advanced text analysis such as NLP may be viewed more
favorably due to the perceived objectivity, reproducibility, and potential for quantification, but few researchers have been trained in
NLP because it is relatively new to the field of HRM and many view it as being a “black box1” (Campion & Campion, 2023). Such
perspectives create misunderstanding as to the value-add of text data, distrust of text analysis, and unnecessary obstacles between
HRM researchers and practitioners and a rich data source (Cheng & Hackett, 2021).

We contend that research in HRM could benefit by expanding its use of text analysis, and particularly of NLP methods, for at least
two reasons. First, while we have noted that text-based data have historically been under the province of researchers who use purely
qualitative methods, scholarship has shown that qualitative data can be analyzed using NLP to measure job-related knowledge, skills,
abilities, and other characteristics (e.g., values, motivation) (KSAOs) that HRM practitioners and researchers can use to improve talent
management functions (e.g., Campion et al., 2016, 2024; Koenig et al., 2023; Speer, 2018). This is valuable because HRM practitioners
and researchers have relied almost entirely on employment tests and interviews where text data are immediately quantified through
response choices or human judgment to measure KSAOs because text-based data has been resource-intensive to score especially with
the exponentially increasing amount of data (the “big data” movement). This means, 1) automated text analysis methods may enable
HRM practitioners and researchers to measure additional job-related constructs from applicant and employee language in a systematic,
objective, and efficient manner, and 2) we can approach the text data inductively or deductively, which enables flexibility to meet the
researcher’s needs such as assessing whether a target construct is present in the data (deductive) or uncovering new or previously
unmeasured constructs (inductive). Second, the increasing availability of NLP techniques makes it more accessible and perhaps more
acceptable to those who prefer quantified measures (Campion& Campion, 2020). Although text analysis has traditionally been used in
inductive endeavors by purely qualitative researchers, NLP methods permit quicker and reproducible induction for quantitative
scholars and it can also be used for deduction, which broadens the opportunities for HRM researchers.

Given these potential benefits of using NLP, the current research contributes to the HRM literature in three ways. First, we describe
the methods of analyzing text data and, with a focus on NLP techniques, we discuss how HRM researchers can use these to improve
efficiencies and the acceptance of text analysis by reducing subjectivity, increasing replicability, and, where relevant, quantifying
constructs so they can be statistically analyzed. We contend that by encouraging scholars to collect or use the text data they already
have or have access to in the research context, they may be able to improve measurement of existing constructs, triangulate findings,
and diversify analyses to uncover new constructs. Moreover, as noted, text data have often been perceived as cumbersome to score and
include in predictive models (Campion et al., 2024). Thus, it is consequential to equip HRM researchers and practitioners with in-
formation on how they can automate analyses to leverage these underutilized but rich data sources.

Our second contribution is to identify the constructs discovered or measured via text analysis in management research and their
relevance to HRM. We show how text analysis has already benefitted HRM and other areas of management research (organizational
behavior, strategy, and entrepreneurship) through improved or new measurement of constructs to build, elaborate, and refine theory.
We organize the constructs according to their ability to inform research on the primary HRM functions (job analysis, selection, per-
formance management, etc.). We then conduct two text analyses. In the first, we use a deductive approach to manually categorize the
constructs measured via text analysis in our review based on Bosco and Uggerslev’s metaBUS taxonomy (“meta-analysis” and
“omnibus”; a cloud-based platform that extracts and synthesizes findings from social science research [http://metabus.org/]). In the
second, we adopt an inductive approach and use NLP to build a topic model based on the abstracts of the papers to evaluate the
domains these methods have advanced. In comparing findings, we illustrate howmethodological diversity enriches our scholarship via
triangulation (replication of results with a new method) and analytic diversification (to uncover new ideas).

Finally, to be prescriptive, we provide guidance as to what types of analyses should be pursued given one’s research goals. Key to
the decision is distinguishing between summarization and prediction, which could be described as “qualitative” and “quantitative,”
respectively. In light of our goal to encourage use of these methods, we also advance validation best practices. Validation evaluates the

1 “Black box” refers to vaguely understood statistical models. This perception is common in many applications of artificial intelligence not only
due to the complexity of the algorithms, but also the perceived sole focus on prediction to the neglect of interpretability to the non-researcher.
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quality of the applications of text analysis using well-known standards. Where text data are quantified to predict or score data, we
critically assess authors’ efforts to demonstrate construct validity2 based on established principles (Standards for Educational and
Psychological Testing [“Standards”], 2014); Uniform Guidelines on Employee Selection Procedures [“Uniform Guidelines”], 1978;
Principles for the Validation and Use of Personnel Selection Procedures, 2018). Where text data are retained qualitatively using
inductive NLP methods (e.g., topic modeling), we also discuss steps to assure validity based on the principles cited above. In doing so,
we hope to correct misperceptions that text analysis and foundational psychometrics are incompatible, and that text analysis may be
less rigorous.

1. Methods of text analysis

Text analysis refers to a family of techniques used to uncover the meaning of text data. Although approaches vary in complexity, all
techniques reduce corpora (collection of words) to coherent categories (variables) representative of the ideas in the text. This can be
done at any level (word, phrase, line, sentence, paragraph, document) and each response can be grouped into one or more categories.
Researchers can use these methods to develop theory from narrative and other text-based data from candidate applications and re-
sumes, interviews, observations, employee surveys, performance reviews, employee or managerial communications, archival records,
and other sources. Because the goal of this review is to encourage the use of advanced methods, we use “level of automation” as the
primary way to distinguish the four types of methods. While this is a simple to think about their methodological options, in simplifying,
we may inadvertently neglect other relevant considerations. To address this in part, we discuss how the purpose of the analysis—to
predict or to summarize—is crucial when choosing a method. This will be discussed in the section titled, “Selecting Text Analysis
Methods.”

Low or no automation approaches refer to purely qualitative hand-coding techniques; and those using high levels of automation
refer to NLP approaches. Low automation approaches aim to categorize the data via the application of codes and may or may not use
software to help manage the coding scheme (e.g., NVivo, Atlas.ti). Codes (e.g., themes, categories) can either be known a priori
(deductively) or emerge from the data (inductively). Identification of patterns and themes among the codes is driven by the human
researcher. Included in this type of analysis are content analyses where the researcher identifies categories and codes the data with
those labels, as well as more complex grounded theory techniques where the researcher iterates between the data and emerging theory
(Gioia et al., 2013; Murphy et al., 2017). Low automation approaches are typically used to summarize data, but in rare instances may
be used to quantify it for use in statistical tests. HRM examples from our review include technology interdependence in work (Bailey
et al., 2010), how knowledge is transferred in teams (Ben-Menahem et al., 2016), and the influence of power asymmetries in online
work environments (Curchod et al., 2020).

High automation approaches, on the other hand, refer to techniques where an algorithm is applied to score or summarize data. This
is generally executed using NLP (sometimes referred to as computational linguistics) is a common machine learning technique used to
derive meaning from text by analyzing words and relationships among words and sentences (“Natural Language Processing,” 2019).
While there are several ways to conceptualize machine learning, we adopt the following definition: “Machine learning is a method of
data analysis that automates analytical model building. It is a branch of artificial intelligence based on the idea that systems can learn
from data, identify patterns and make decisions with minimal human intervention [once developed]” (Machine Learning: What It Is
and Why It Matters, 2019, brackets added). A goal of machine learning is to automate resource-intensive procedures to replicate
human-like judgments to measure or discover constructs and relationships among them.

Currently, the most popular NLP technique in our field are dictionaries developed a priori to capture a specific construct and
represent a simpler form of NLP. Dictionaries include single (e.g., “career”) or multi-word terms (e.g., “career achievement”). A
dictionary applied to a corpus yields counts such that the “occurrence of specific words from an existing list indicates the salience of a
construct” (Short et al., 2018, p. 420). Scores are then used in predictive models. Existing dictionaries that measure a range of con-
structs are available (e.g., LIWC; Pennebaker et al., 2007), but many researchers have developed their own for specific constructs. HRM
examples from our review include measuring competencies (Speer et al., 2019), teamwork processes (Mathieu et al., 2021), and
adaptability within a work culture (Chatman et al., 2014).

More advanced NLPmethods often refer to supervised or unsupervised machine learning. Both methods derive semantically related
groupings of words from the corpus to uncover patterns in the data (Eichstaedt et al., 2021). The key difference is that supervised
machine learning includes a label such that classification (“ground truth”) of the data is known a priori and the algorithm determines
the optimal pattern to predict the correct classification (e.g., criterion, outcome, known status). The ground truth can also be a
continuous variable, such as a rater score. Thus, supervised machine learning usually refers to building a model to predict an outcome
that can be applied to new, non-labeled data. HRM examples from our review are predicting job performance (e.g., Koenig et al., 2023),
turnover (e.g., Sajjadiani et al., 2019), and supervisor communication style (e.g., Meinecke & Kauffeld, 2019).

Unsupervised machine learning is used when there are no labels to develop a model to predict. Instead, the algorithm identifies

2 While we include purely qualitative methods in our review because it is a form of text analysis and constructs uncovered are relevant to HRM,
we do not review the validity efforts (referred to as “trustworthiness” in that scholarship; Pratt et al., 2020; presented in our online supplement) of
those papers because the focus of the paper and likely applicability of text analysis to the domain of HRM research and practice, which adheres to
the Standards and Principles and is primarily focused on using NLP for prediction. Nevertheless, the advent of tools powered by Large Language
Models has enabled automated summarization for HRM researchers. Those validation efforts would need to adhere to the first stages of the
Standards and Principles to demonstrate evidence of validity, which we discuss in the “Validation of Text Analysis” section below.
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patterns in the data from which the researcher imposes meaning. This is typically accomplished using topic modeling (Hannigan et al.,
2019), which automates categorization through analysis of n-grams and relationships among. Some argue that unsupervised machine
learning is less prone to human subjectivity than manual procedures. For example, in their study of more than 52,000 business de-
scriptions over a 10-year period, Menon et al. (2018) wrote that this method “eliminates bias introduced by human coders and enables
researchers to discover unknown thematic structures latent in a large textual data set” (p. 15). Nevertheless, unsupervised machine
learning still requires substantial human participation to select the optimal topic model (number of topics) and derive meaning. HRM
examples from our review include identifying recruitment signals from websites (Banks et al., 2019), understanding public sentiment
to enforced remote work during COVID-19 (Zhang et al., 2021), and uncovering social coping mechanisms in response to work
stressors (Sajjadiani et al., 2024).

While a more technical description of each method is outside the scope of the current review, we encourage interested readers to
locate additional information in our online supplement3 and refer to exemplar work in our field. This area advances very quickly, but
the following papers should be a valuable place to begin for novices, though this list is far from exhaustive: Banks et al. (2018), Mathieu
et al. (2021), Campion and Campion (2023), Campion et al. (2024), Eichstaedt et al. (2021), Hannigan et al. (2019), Hickman, Bosch,
et al. (2022), Short et al. (2018), Speer et al. (2023), and Valtonen et al. (2022).

2. HRM constructs and text analysis

In this section, we describe our literature reviewmethod.We follow this with an object lesson on the value of text analysis using two
types of text analysis: deductive categorization of constructs by human judgment and unsupervised machine learning on the abstracts.
This demonstrates how the categories and themes identified by the distinct methods converge, but also how the methods differ in what
they offer theoretically. We then describe the relevance of the results to core HRM functions, drawing out implications for practice and
future research.

2.1. Literature review method

To generate a comprehensive database, we searched terms related to text analysis, particularly focusing on research that uses
computer-assisted text analysis (e.g., computer-aided text analysis, computerized content analysis, sentiment analysis, machine
learning, natural language processing), as well as types of software (e.g., Linguistic Inquiry Word Count [LIWC]), in 17 high-quality
management and organizational psychology journals.4 We selected the journals based on the following criteria: (a) those containing
original empirical text analysis research in management, (b) represent the range of management journals, (c) include all or most of the
top-cited journals, and (d) yield a large sample of studies that represent the domain of relevant studies (Hiebl, 2023). This resulted in
963 articles from 1990 to 2023 across human resources, organizational behavior, strategy, and entrepreneurship. In early 2024, we
updated the search specifically focusing on the use of NLP in HRM and added 27 articles, bringing the total to 990. We read all titles,
abstracts, methods, appendices, and online supplements to ensure articles applied text analysis and retained 583 articles. Of these, 560
(96.05 %) used text analysis in primary studies and 23 (3.95 %) provided illustrations on how to conduct text analysis. We did not
retain the remaining 407 because they were commentaries; cited a text analysis search term, possibly as a future direction, but did not
conduct text analysis; or focused on the interface between humans and algorithms but did not conduct text analysis.

We coded the following variables for each article: author(s), year, title, journal, abstract, theoretical perspective, whether they
retained the data qualitatively or if they quantified, type of text data, sample description, intended constructs measured, text analysis
software, type of text analysis used, whether subject matter experts (SMEs) were used to code or interpret, whether psychometrics on
text variables were calculated (e.g., agreement among coders), whether correlations were presented with similar measures to yield
information on the nature of text constructs, whether text variables were used to predict other variables or were being predicted to bear
on the interpretation of constructs measured, and a brief description of the findings. In the initial round of coding (1990–2018), the
first author coded all papers, and the second author cross-checked a 10 % sample to ensure the quality of the coding (Bluhm et al.,
2011; Wilhelmy et al., 2016). We discussed differences to consensus based on our emerging understanding of the literature. In the
second round (2019–2022), we trained two independent coders to code the papers and the first author cross-checked the coding of all
new papers. In the third round (2022–2024), the first author coded the papers with the second author cross-checking a 10 % sample.

Of the papers in our review, 258 (44.25 %) scored their text data for use in a predictive model, 330 (56.60 %) summarized their
data, and 11 (1.89 %) used both approaches. This finding offers initial evidence of two groups of studies and a key distinction in the use
of text analysis: one summarizing the data emerging from purely qualitative methods and the other scoring the data to make pre-
dictions from psychology’s statistical tradition. The two groups of studies differ largely by “should we quantify all data?” The two
groups of studies follow different approaches to ensure quality. Whereas quantitative analyses conform to tenets of validity, qualitative
analyses aim for “trustworthiness” (Pratt et al., 2020), which they support through procedural considerations (e.g., coding, member

3 Online supplement link: https://osf.io/b3hmz/?view_only=251e1e5bc55d434fb6fa3a30e5fb6169
4 We searched the terms in the following journals: Academy of Management Journal, Academy of Management Proceedings, Administrative Science

Quarterly, Entrepreneurship Theory and Practice, Human Relations, Human Resource Management Review, Journal of Applied Psychology, Journal of
Business Venturing, Journal of Business and Psychology, Journal of International Business Studies, Journal of Management, Journal of Organizational
Behavior, Organizational Behavior and Human Decision Processes, Organizational Research Methods, Organization Science, Personnel Psychology, and
Strategic Management Journal.
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checks). In reviewing the differences in recommendations for validity in this review, it is obvious that 1) the core tenets of validity exist
(how can you trust the conclusion?) for both types of studies, but the approaches vary; and 2) without quantification, several of the
traditional psychometric validation steps are impossible to complete. Therefore, we argue that the two groups differ in principle
(different assumptions about how to observe, measure, and interpret human behavior, affect, and cognitions) and in some validation
requirements, but we encourage HRM researchers to view the methods as complementary with the common interest in text data as an
opportunity to engage in methodological diversity.

2.2. Identifying categories of constructs

To summarize the constructs and show their relevance to HRM research, we conducted two text analyses and aligned the results
with HRM functions. Technical details are in the online supplement. In the first analysis, we used a deductive, hand-coding catego-
rization technique (low automation) by grouping constructs according to an existing taxonomy. We categorized the attributes using
Bosco and Uggerslev’s metaBUS taxonomy because it is backed by extensive research, well-accepted, and allows for logical

Table 1
Categorization of Attributes Measured by Text Analysis Based on Existing Taxonomy of Constructs in the Literature.

Category Count;
Percent

Examples from the Literature Review

1. Behaviors 182; 31.54
%

HR-Specific Examples: Performance evaluations; work experience; job tasks; skills

Examples from Related Disciplines: Boundary management practices, tactics, and work; language and rhetoric
(rational, normative, creativity-relevant, political, tone of, cues); performance (ritual, team); job search

2. Attitudes and
Evaluations

171; 29.64
%

HR-Specific Examples: Engagement; job satisfaction; embeddedness; person-environment fit

Examples from Related Disciplines: Identity (organizational, authenticity of, marginalized, split, dual) and
identity work; media optimism, favorability, or tenor; emotions; sentiment; just and unjust treatment from
supervisors; sensemaking; tone; legitimacy

3. Processes 141; 24.44
%

HR-Specific Examples: Team processes; identity creation and maintenance; organizational formation and change

Examples from Related Disciplines: Network creation; dynamics of organizational routines; organizational
legitimation; preference shifts

4. Organizational
Characteristics

130; 22.53
%

HR-Specific Examples: Organizational recruiting brand; organizational fit; organizational culture and values

Examples from Related Disciplines: Organizational strategies; tone of crowdfunding campaigns; business
ecosystems; innovation patterns; organizational competition and cooperation; organizational orientations
(exploration, clock-time, social value, economic value)

5. Person Characteristics 99; 17.61 % HR-Specific Examples: Knowledge; skills (cognitive ability, communication, critical thinking, leadership);
abilities; personality traits

Examples from Related Disciplines: CEO personality (narcissism, extraversion); psychological capital;
entrepreneurial orientation; adaptability; clout

6. Cognitions 60; 10.40 % HR-Specific Examples: Cognitive processing and flexibility

Examples from Related Disciplines: Schemas, framings, and rules; team cognitive maps; strategic knowledge
structures; CEO mental models, attention, and temporal focus

7. Dyad or Group
Characteristics

22; 3.81 % HR-Specific Examples: Teamwork characteristics; team composition; team faultlines

Examples fromRelated Disciplines: Topmanagement teams (modesty, cognitive maps, attention patterns); equity
distribution among team members; strategic leadership constellations; power asymmetries

8. Miscellaneous 22; 3.81 % Examples from Related Disciplines: Descriptions of manuscript decision letters; structure and themes of academic
articles; lending criteria of loan officers

9. HR Practices 23; 3.99 % HR-Specific Examples: Recruitment (organizational signals, language-sensitive); sentiment of performance review
narratives; selection and assessments; organizational engagement policies; interviewer impression management;
candidate materials (accomplishment records, resumes, cover letters)

10. Contextual
Characteristics

17; 2.95 % HR-Specific Examples: Virtual/remote work; institutional context; organizational reputation

Examples from Related Disciplines: Disruptive innovation; technology interdependence; workgroup context;
culture-specific problems

11. Intentions 15; 2.60 % HR-Specific Examples: Turnover intentions; job search intentions

Examples from Related Disciplines: Qualified immigrants’ motivation to migrate; intrinsic and extrinsic language
cues; motivators and de-motivators

12. Occupational
Characteristics

8; 1.39 % HR-Specific Examples: Job analysis and design

Examples from Related Disciplines: Occupational value maintenance, value of occupational artifacts

N = 577 articles that used text analysis.
Note. Categories based on manual coding into the metaBUS categories (Bosco et al., 2017). Some constructs were coded in multiple categories.
Percent = Percent of papers in review.

E.D. Campion and M.A. Campion



Human Resource Management Review 35 (2025) 101078

6

comparisons among representative categories (Bosco et al., 2017). Though we found text analysis has been used to measure attributes
from all metaBUS categories, we also identified an additional category we refer to as “processes” because many of the purely quali-
tative papers in our review presented topical content as processes. For example, Caza et al. (2018) built a process model via grounded
theory on how individuals who hold more than one job reconciled multiple work identities. Table 1 shows the counts and frequencies
of constructs by metaBUS categories with example constructs from the review. In the second analysis, we used an inductive, NLP
method called topic modeling (high automation) on the abstracts (see OSF for technical details). We used unsupervised machine
learning because it is data-driven where patterns in the data are uncovered by an algorithm to create topics that researchers interpret
(Eichstaedt et al., 2021). This contrasts with the approach in our first analysis where we imposed a set of categories developed a priori
to generate meaning.

Table 2 includes the topics, names, and descriptions of the topic model, as well as the link between the topic model results and
metaBUS categorization. While the metaBUS categorization was based on constructs and the topic model was based on abstract, these
linkages nevertheless illustrate convergence between the analyses suggesting that the groupings replicate to some degree. This is a
particularly relevant finding for HRM researchers using large data sets where hand coding is not feasible. For most of the topics in the
topic model, there is a similar metaBUS category. For example, team performance and culture aligns with metaBUS’s dyad or group
characteristics; institutional development and maintenance aligns with organizational characteristics; and identity development and
change aligns with cognitions and processes. Yet, the topic model results are often more nuanced, which means metaBUS categories
provide more high-level and broader characterizations that may appear in, but are not wholly encompassed by, a topic. For example,
signaling by ventures and individuals does not align neatly with any metaBUS categories, but instead likely contains pieces of several,
including personal characteristics, organizational characteristics, behaviors, and cognitions.

The theoretical richness of the topic model and the process through which researchers make sense of the topics reflects more closely
how researchers who use purely qualitative methods engage with their data. As the authors did with this topic model, researchers must
iterate between the data source (abstracts) and results (top terms, groups of abstracts by topic), develop labels and descriptions that
unite the top terms and data, and ensure the validity of the results using SMEs. The inductive process of deriving meaning from topic
models lends itself to unexpected patterns and conceptual leaps that would otherwise be overlooked in a deductive approach. For
example, topic 15 grouped a set of abstracts on ecosystems (e.g., Jacobides et al., 2018) and social movements (e.g., Schifeling &
Soderstrom, 2022), which brought these ideas together through the lens of challenging existing institutions within structured, hier-
archical, and resistant ecosystems (e.g., Claus& Tracey, 2020). These ideas can be viewed through a strategic HRM lens wherein firms’
participation in social movements and larger ecosystems may influence applicant attraction and retention. In another example, topic 3
cohered at the intersection of papers on customer evaluations and incivility (e.g., Curchod et al., 2020) and how managerial systems
exert control over workers (e.g., Cameron & Rahman, 2022) representing ideas around power asymmetries between service workers
and their customers, as well as employees and management systems. Ideas from this topic have clear connections to job analysis and
design, retention, and performance management.

Considering the results of these analyses simultaneously, the topic model offered intricacies specific to the data set that could not be
as richly represented in metaBUS and illustrates the potential for discovery by using NLP. Making sense of the categorization is
straightforward given the metaBUS categories are from a framework developed to encompass the domain of management constructs
and therefore, by nature, may be broader and more easily accessible. Meanwhile, making sense of the topic model requires researchers
to participate in deeper theoretical work to uncover the latent pattern identified by the algorithm.

Of extreme importance is the time cost of each method. Discounting the time to find all the articles and review them to understand
the state of the literature, which would be necessary for both analyses, classifying the articles into metaBUS took approximately four
months of researcher and research assistant hours to carefully read the papers, code information, and make judgments. In comparison,
creating the topic model on the abstracts required about two days of researcher time, plus another day to iterate with SMEs. As such,
the efficiencies of automated text analysis in the form of unsupervised machine learning are undeniable, making it an appealing and
valuable tool for HRM researchers and practitioners. The initial time investment to learn how to use automated text analysis depends
on the type of analysis. For an HRM researcher with typical skills, coding papers and classifying attributes is elementary, but time
consuming. Meanwhile, learning how to run an unsupervised model without any prior experience might take many weeks, but is a one-
time cost. This could be reduced substantially given the accessibility of Large Language Models (LLMs) that can help researchers
produce code to program their own topic models, or even help summarize their text data directly. On this last point, we want to be
cautious to not suggest that using LLMs to summarize text data is a replacement for human interpretation. Even with the aid of LLMs,
researchers still hold the specialized domain knowledge and methodological training to ensure quality and relevance of LLM output.
These tools will facilitate analytic efficiency, just as we have seen in previous historic shifts with tools such as SPSS or Excel. These
programs reduce the barriers for researchers to access advanced methods, which propels science forward, but does not replace the
crucial role humans play in making sense of the findings in light of the research question, the literature, or the context.

To more acutely draw the connections between the constructs and topics uncovered in our analyses and HRM functions, we review
these findings in light of an HRM framework. Table 3 includes an overview of how these categories and topics align with HRM
functions. Although some of the constructs are broader organizational-level topics, all of them improve understanding of employees in
general and so are also relevant to HRM.

2.3. Relevance of constructs to HRM practice and future research

In this section, we describe the findings of the text analyses as they pertain to HRM functions, and identify areas of future research
in HRM enabled by text analysis. Interested readers will find an interactive table of the 15 most relevant papers by HRM function in the
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Table 2
Categorization of Attributes Identified by Text Analysis Based on a Topic Model of the Abstracts of the Papers in the Review.

Topic
No.

Topic (Alphabetized) Top 15 Topic Terms Topic Description Matching Categories of
Constructs from
metaBUS

1 Chief executive officer
influence on
organizational
outcomes

executive, chief, officers, officer, firms,
management, top, orientation, focus, firm,
reputation, promotion, regulatory, upper, rate

how CEO attributes influence organizations
including media appearances, inferred
personality, entrepreneurial orientation, and
perceived commitment

• Organizational
Characteristics

• Behaviors

2 Creativity and resource
generation

creativity, returns, word, forward, believed,
arena, followed, looking, guidance,
advancement, move, unfortunately,
methodological, outlined, kirkman

how creativity is fostered in organizations,
how external factors facilitate creativity, and
creative ways in which resources are created
(otherwise a bit incoherent with several
papers being solely about text analysis
methods rather than psychological
constructs)

• Personal
Characteristics

• Behaviors
• Contextual

Characteristics

3 Customer-facing labor
and power asymmetry

employees, individuals, control, ability,
workplace, people, customer, customers,
experience, working, power, participants,
experiences, way, health

how workers manage customer interactions,
particularly when they are negative (e.g.,
customer incivility, discriminatory) and
power differentials are apparent (such that
customers appear to have more power)

• Personal
Characteristics

• Behaviors
• Attitudes and

Evaluations
• Cognitions
• Occupational

Characteristics
4 Ethical challenges and

emotional expression
ethical, expressed, competing, respondents,
party, productive, morally, generates,
mediation, ideals, counterproductive, anger,
expressions, aware, vulnerable

on the challenge of maintaining ethical
principles and the effects of ethical scandals
in organizations; particularly relevant to
emotional expression and the language used
to express emotion

• Behaviors
• Occupational

Characteristics

5 Gender differences women, gender, female, leaders, differences,
gain, tasks, men, misconduct, states,
consistent, micro, measures, predictions,
shaped

gender differences in management research,
especially as it relates to leadership (e.g.,
women-owned businesses)

• Personal
Characteristics

• Behaviors
• Attitudes and

Evaluations
• Cognitions

6 Identity development
and change

identity, job, identities, jobs, general, search,
success, national, self, turnover, authenticity,
constructed, identification, members,
simultaneously

how professional identities form and are
influenced by environmental factors and role
changes; includes authentic self-expression
through work

• Personal
Characteristics

• Behaviors
• Attitudes and

Evaluations
• Intentions
• Cognitions
• Processes
• Occupational

Characteristics
7 Influences on firm

change
social, find, firms, change, firm, theory,
corporate, positive, influence, entrepreneurs,
negative, less, examine, effect, support

broad topic on firm change and influence of
media coverage

• Organizational
Characteristics

• Processes
• Contextual

Characteristics
8 Institutional

development and
maintenance

institutional, legitimacy, markets, institutions,
conversation, know, exploration, maintaining,
material, actors, occupations, norms,
questions, technical, global

how institutions are created and legitimized
through interactions with the environment
(with a special focus on multinational
enterprises); also discusses legitimacy as it
pertains to immigrant entrepreneurs, and
legitimacy for organizational newcomers
(through the lens of PE fit)

• Organizational
Characteristics

• Processes

9
Leadership
characteristics and
influence

leadership, employee, leaders, emotions,
safety, leader, affective, positioning, justice,
benefit, bias, violation, supervisors, perceive,
perceptions

how leader characteristics (e.g., emotion,
humility) influence the environment and
outcomes

• Dyad or Group
Characteristics

• Behaviors
• Attitudes and

Evaluations
• Intentions
• Cognitions
• Contextual

Characteristics

10
Management research
process

process, management, knowledge, literature,
within, social, language, using, new, practices,
content, understanding, human, different,
learning

on the process of developing knowledge in
management research –

(continued on next page)
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online supplement, which reflects results from Tables 1–4. We discuss these results by first reporting on papers that use text analysis for
the HRM function, describing the results of the text analyses as the findings relate to the HRM function, and identifying opportunities
for future research and practice using text analysis to advance each HRM function.

Table 2 (continued )

Topic
No.

Topic (Alphabetized) Top 15 Topic Terms Topic Description Matching Categories of
Constructs from
metaBUS

11 Managerial experiences

narrative, narratives, managers, managerial,
network, respond, ratings, characteristics,
interpersonal, companies, additionally,
activity, feedback, interact, letters

on manager experiences broadly, with some
articles focusing on managerial networks and
others focusing on narratives (performance
management narratives richness, how
entrepreneurs (managers in their startups)
strategically use narratives to generate
funding)

• Behaviors
• Attitudes and

Evaluations
• Cognitions
• HR Practices

12 Managing roles and
boundaries

value, professional, behaviors, public, values,
boundary, competitive, role, roles, collective,
level, second, communication, first, action

how workers navigate their professional
roles and the boundaries between their roles

• Personal
Characteristics

• Behaviors
• Attitudes and

Evaluations
• Intentions
• Cognitions
• Processes

13 Methods
text, topic, modeling, techniques, along,
skilled, best, exposure, computational, ended,
interested, open, dataset, quantitative, easily

how text analysis is used in management
research

–

14

Multinational
corporations and
managing
internationally

activities, multinational, corporations,
international, capability, transfer,
recruitment, foreign, country, tension,
subsidiary, subsidiaries, enterprises, guide,
emphasized

how multinational corporations navigate
new or foreign country contexts, especially
how they recruit and the language used in
their recruitment,

• Organizational
Characteristics

• HR Practices

15
Organizational
ecosystems and
mobilization

hierarchical, crisis, governance, sets, cannot,
activists, complement, enables, ecosystems,
coordinate, operate, mobilization, rules,
mainstream, ecosystem

how ecosystems are formed, sustained; how
new ecosystem entrants (entrepreneurs)
galvanize resources within the ecosystems;
and how organizations self-mobilize in
response to ecosystem disruption (e.g., social
movements)

• Organizational
Characteristics

• Processes

16 Rhetoric and messaging

crowdfunding, logics, visions, funding,
rhetoric, tests, racial, sensemaking, minorities,
matters, broadly, facilitate, logic, campaigns,
inverted

examining the rhetoric (e.g., metaphors)
individuals and entrepreneurs use, how that
rhetoric may reflect underlying traits (e.g.,
personality), and how that rhetoric
subsequently influences resource generation
(particularly for new ventures seeking
funding)

• Organizational
Characteristics

• Behaviors
• Intentions
• Cognitions

17
Signaling by ventures
and individuals

psychological, intervention, intensity, societal,
finding, signaling, signal, embodied, norms,
causes, surprise, usage, capital, assigned,
financial

how entrepreneurs signal possible funders,
how organizational cultural norms are
signaled, and the psychological experiences
(e.g., leader energy) underlying the signal

• Personal
Characteristics

• Organizational
Characteristics

• Behaviors
• Cognitions

18
Team performance and
culture

team, performance, outcomes, machine,
teams, self, information, category, group, high,
personality, product, categories, members,
others

how team processes unfold and what
influence characteristics (e.g., faultlines)
have on performance; special focus on
entrepreneurship orientation and
entrepreneurial teams

• Dyad or Group
Characteristics

• Behaviors
• Cognitions
• Organizational

Characteristics
• Occupational

Characteristics

19
Technology and
innovation

workers, technology, occupational, goal, task,
include, efficiently, technologies, interaction,
places, encounters, primed, engineering,
coordinating, interdependence

largely about technological innovation, how
it emerges and its effects, but also on goal
orientation and the ways in which
technology influences goals and tasks

• Organizational
Characteristics

• Cognitions
• Contextual

Characteristics

20
Time and changing
frames of
organizational strategy

temporal, strategy, career, state, constructs,
oriented, experiences, future, time, framing,
long, frames, frame, path, dilemma

how organizations change their strategic
framing over time with a focus on how the
environment and institutional features
facilitate that change

• Organizational
Characteristics

• Processes

Note. Topics generated using Latent Dirichlet Allocation (LDA, Blei et., 2003). Papers could fall into one or more categories. Topics are alphabetized.
More information on this process is in the online supplement.
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Table 3
Relevance of Constructs Identified in Literature Review to Core HRM Functions.

Analysis Job Analysis &
Design

Recruitment Selection Retention &
Separation

Performance
Management

Training &
Development

Employee Relations Compensation &
Benefits

Strategic HRM

metaBUS

Occupational
characteristics

Occupational
characteristics

Behaviors Behaviors Behaviors Behaviors Attitudes and
evaluations

Behaviors Organizational
characteristics

Contextual
characteristics

Organizational
characteristics

Attitudes and
evaluations

Attitudes and
evaluations

Attitudes and
evaluations

Attitudes and
evaluations

Organizational
characteristics

Personal
characteristics Personal characteristics

Personal
characteristics HR practices

Organizational
characteristics

Personal
characteristics

Personal
characteristics

Personal
characteristics HR practices

Occupational
characteristics

Contextual
characteristics

Personal
characteristics

Cognitions Cognitions Dyad or group
characteristics

Organizational
characteristics

Occupational
characteristics

Intentions Dyad or group
characteristics

HR practices HR practices Intentions
HR practices

Topic Model

Managing roles and
boundaries

Rhetoric and
messaging Gender differences

Managing roles and
boundaries

Technology and
innovation

Technology and
innovation

Team performance
and culture Gender differences

Time and changing
frames of organizational
strategy

Technology and
innovation

Signaling by
ventures and
individuals

Managerial
experiences

Ethical challenges
and emotional
expression

Gender differences Gender differences
Leadership
characteristics and
influence

Team performance
and culture

Organizational
ecosystems and
mobilization

Customer-facing
labor and power
asymmetry

Leadership
characteristics and
influence

Customer-facing
labor and power
asymmetry

Creativity and
resource generation

Ethical challenges
and emotional
expression

Managerial
experiences

Influences on firm
change

Customer-facing
labor and power
asymmetry

Managing roles and
boundaries

Leadership
characteristics and
influence

CEO influence
Technology and
innovation

Ethical challenges
and emotional
expression

Identity development
and change

Institutional
development and
maintenance

Leadership
characteristics and
influence

Customer-facing
labor and power
asymmetry

Multinational
corporations and
managing
internationally

Managerial
experiences

CEO influence

Customer-facing
labor and power
asymmetry

Signaling by ventures
and individuals

Managing roles and
boundaries
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2.3.1. Job analysis & design
Research has shown that text analysis can be used to make job analysis easier by identifying the KSAOs from job descriptions and

other text-based job content (e.g., Campion & Campion, 2025; Koenig et al., 2023). For example, Putka et al. (2023) built a machine
learning model to predict the KSAOs from job descriptions in O*NET (U.S. Department of Labor’s Occupational Information Network)
as well as SME ratings. As job analysis and design are the cornerstone of HRM, using text analysis to improve this process and its
outcomes should increase the job-relatedness of the subsequent HRM functions, thus enhancing accuracy and making decisions more
legally defensible, especially in small organizations or for jobs with few incumbents where formal job analyses may not be feasible.

The metaBUS categories relevant to job analysis include occupational, contextual, and personal characteristics, which capture the
KSAOs required by occupation and the contextual characteristics (e.g., workgroup context; Jehn & Bezrukova, 2004) that influence
how a job is completed. For example, Gibson et al. (2011) used word dictionaries to quantify virtual job characteristics (e.g., electronic
dependence) to extend job characteristics model. The topics from the model show that research using text analysis has enriched our
theoretical understanding of ideas related to job analysis and design including how individuals manage their work roles and
boundaries (Cruz & Meisenbach, 2018), the influence of technology on collaboration (Bailey et al., 2010), and customer-facing labor
and the power asymmetries that can characterize service jobs (Curchod et al., 2020). These inform the scoping of a role, how tech-
nology may facilitate design changes, and how best to re-design labor to reduce burnout.

Future research in this area is promising. Inductive methods may enable discovery of new job design features not included in
current theoretical models, such as identifying best design practices around remote work and instant work-related communication, as
well as uncovering how workers navigate their professional roles and the boundaries between their roles. In practical applications,
these methods could help HRMmanagers quickly identify what job characteristics facilitate productivity based on employee narratives
(e.g., engagement surveys, HR customer reaction surveys, focus groups, blog postings, and discussion boards) that could improve how
jobs are designed and the technology required to successfully complete tasks.

2.3.2. Recruitment
Research directly on the use of text analysis techniques to understand recruitment has been limited, but nevertheless demonstrates

its value. For example, Banks et al. (2019) used topic modeling on website content to assess recruitment signals in multinational firms,
and Peltokorpi and Vaara (2014) analyzed the effectiveness of language-sensitive recruitment in multinational firms. Findings from
our metaBUS categorization shows that research has used this family of techniques to measure constructs relevant to occupational and
organizational characteristics including corporate social responsibility (Brès & Gond, 2014) and employment quality (e.g., career
opportunities, compensation& benefits, Guo et al., 2024). Similarly, the topic model showed that text analysis can be especially useful
when uncovering meaning behind rhetoric and messaging (CEO virtue rhetoric; Zachary et al., 2023), and organizational signals, as
shown by Banks et al. (2019), that may influence applicant attraction and retention.

Future research in this area is ripe to improve recruitment. Theoretically, text analysis might be used to learn how professional
identities form and are influenced by organizational recruitment messaging as reflected on the social media. Practically, text analysis
could help HRM managers assess organizational reputation and candidate reactions from online sources (e.g., LinkedIn, Indeed,
Glassdoor) to refine recruiting messages or understand why reasons candidates turn down job offers from rejection surveys. HRM
managers could also summarize comments on competing firms to compare efficacy of recruitment strategies and branding.

Table 4
When to Use Each Type of Text Analysis.

Type of Text Analysis

Goal or Context Categorization Dictionaries Supervised Machine
Learning

Unsupervised Machine
Learning

1. Data are qualitative. High High High High
2. Measure of construct already exists. Modest High Modest Modest
3. Goal is discovery of new constructs. High Modest Modest High
4. Goal is to establish nomological net with existing constructs

(convergent and divergent validity)
Low High High Low

5. Goal is theory development, especially in an entirely new area or
topic.

High Modest Modest High

6. Goal is theory refinement or testing, especially in well-developed
area.

Modest High High Modest

7. Goal is to triangulate by using different methods (methodological
diversity).

High High High High

8. Goal is summarization. High Low Low High
9. Goal is inductive. High Low Modest High
10. Goal is prediction or scoring. Modest High High Low
11. External criterion available. Low Modest High Low
12. Goal is reproducibility. Low High High Modest
13. Sample size is large. Low Modest High High
14. Sample size is small. High High Modest Modest
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2.3.3. Selection
At present, the use of NLP is most mature in the area of personnel selection. This is likely due to the abundance of text data available

in this context paired with the increasing need to score it quickly in the face of resource constraints and competition for talent. For
example, Campion et al. (2016, 2024) used text analysis to score work experience in applications to replicate the judgment of human
raters and predict job performance; Sajjadiani et al. (2019) used text analysis on applications to interpret work experience relevance;
and Koenig et al. (2023) presented several studies quantifying assessment responses, application information, and other narrative data
to improve prediction in personnel selection. We only described four illustrations here, but there are many more (e.g., Fan et al., 2023;
Hickman, Thapa, et al., 2022; Liff et al., 2024).

MetaBUS categorization highlights an array of selection-related attributes including behaviors (adaptability, communication; Liff
et al., 2024), attitudes and evaluations (emotional reactions to work challenges; Sajjadiani et al., 2024), and personal characteristics
(skills; Nadkarni & Narayanan, 2005), yet the topic model did not yield the same robust representation of potential application to
selection. This may be because the results from the topic model were induced from the papers and most of the papers did not explicitly
examine personnel selection; or because metaBUS is a framework based on all literature and its broader groupings include high-level
topics that appear more immediately relevant to selection. Nevertheless, the topic model still yielded useful findings on power
asymmetries and impression management during selection interviews (Waung et al., 2017) and leadership rhetoric (Bligh et al., 2004).

Despite selection being at the forefront of these methods in HRM, plenty of opportunities remain. The topic model included a topic
on manager experiences that identified managerial networks as a new construct potentially relevant to selection that could be revealed
by text analysis of past work experience and answers asked in applications and interviews. Campion et al. (2024) used text analysis to
discover that there are constructs possessed more equally among racial minority subgroups, thus informing individual differences
theory and practically reducing adverse impact in hiring. Another potential application is to identify candidate skills and job-related
experiences using work history routinely recorded in personnel records to build skills inventories for internal recruiting and pro-
motions. The viability of skills inventories has long been hampered by the difficulty of archiving employee skills or matching to job
openings based on the qualitative nature of the data (e.g., past jobs and tasks in the company). Existing skills inventories mostly consist
of a listing of past jobs held by the employee, which may have limited value in identifying internal candidates. Text analysis would
allowmatching between the skills in the past jobs and the jobs to be staffed. Further, while motivation and effort have historically been
difficult to quantify due partly to candidate impression management, text analysis could help recruiters capture candidate motivation
indirectly through the passive scoring of motivation-laden terms in interviews and applications (Campion & Campion, 2024).

2.3.4. Retention & separation
Turnover is another area where we have seen greater interest in using text analysis. For example, Felps et al. (2009) analyzed focus

group transcripts to measure embeddedness and job search behaviors to understand turnover contagion, Sajjadiani et al. (2019) used
unsupervised and supervised machine learning to uncover the history of reasons public school teachers left their employment to
predict turnover in the future., and Min et al. (2024) used a machine learning-based recommender system to predict turnover. Our
analysis shows a similar pattern as selection: there are more applicable metaBUS categories than topics from the topic model. The
metaBUS categories include cognitions and intentions that may be more likely to predict an employee’s intention to leave. For
example, Rothausen et al. (2017) analyzed interviews of stayers and leavers to understand how congruent identity and well-being
influenced turnover, and Ng and Sherman (2022) used NLP on job descriptions to evaluate intrapreneurship and its role in turn-
over in high-tech companies. Meanwhile, the topics that aligned with retention and separation includes managing roles and bound-
aries, ethical challenges and emotional expression, and customer-facing labor and power asymmetry. These make sense as
mismanagement of roles and boundaries may drive workers out, as would continually navigating customer incivility (Walker et al.,
2017) or ethical or moral hurdles where employees may disagree with a managerial decision or organizational policy (Baikovich &
Wasserman, 2020).

There are many opportunities to improve our understanding of retention and separation in research and in practice. Theoretically,
the process of withdrawal and sources of commitment are likely informed by text analysis of employee communications. Practically,
predicting aggregate turnover more accurately from engagement surveys by analyzing the narrative comments is one useful area of
inquiry. Another would be to develop turnover risk assessments of individual employees based on comments in career development
interviews, employee statements in performance evaluations, and supervisor-documented comments made by the employees infor-
mally on the job. This would enable HRM managers to identify interventions to more effectively manage and develop high-risk
employees.

2.3.5. Performance management
There are a few examples from the literature on the use of text analysis in performance evaluations. Speer (2018), Speer (2021)

used NLP to measure attitudinal and behavioral themes in performance appraisal narrative comments, which predicted performance
ratings and demonstrated the utility of enhancing performance management using manager narratives. Meinecke and Kauffeld (2019)
assessed how supervisor-employee language-style matching from performance appraisal interviews predicted supervisors’ empathic
communication style and how this related to employee-rated supervisor likeability and their intention to change. Like many other
HRM functions, the use of text analysis to improve these functions in research has been less frequent, yet the results from our analyses
show potential. Of the HRM functions in Table 4, performance management has the most metaBUS categories and topics. The papers in
our review used text analysis to measure many of the metaBUS categories that are relevant to performance management including
attitudes and evaluations (“work-from-anywhere” sentiment; Choudhury et al., 2021), dyad and group characteristics (individual
agency and team coordination; Mattarelli et al., 2022), and intentions (achievement and affiliation language; Tuncel et al., 2020).
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From the topic model, results include creativity and resource generation (how refugees identify and enact entrepreneurial opportu-
nities; Jiang et al., 2021), ability to navigate tough conversations (“conversational receptiveness”; Yeomans et al., 2020), and gender
differences in behaviors that could influence performance (female leaders less likely to delegate; Akinola et al., 2018).

Theoretically, text analyses could inform the dimensionality of job performance such as revealing new insights on citizenship
behavior and counterproductive behavior. Practically, narrative comments in performance appraisals have been an underutilized
source of measurement. Usually, only the quantitative ratings drive HRM outcomes like compensation increases. As such, text analysis
may have immense value in enhancing the performance management process and ultimately, promotion decisions. For example, text
analysis might be used to study the content of information technology help tickets to provide more actionable customer feedback (e.g.,
Baikovich&Wasserman, 2020). Such feedback is often interpreted subjectively and text analysis would more objectively measure tone
and content. Further, comments on 360 surveys could be more fully utilized by text analysis. Best practice suggest that collecting and
interpreting narrative comments is crucial in the use of 360 for performance evaluation (Campion et al., 2019). However, their use can
be limited to sometimes subjective and informal interpretation, which are challenges text analysis could help address. Text analyses for
performance management purposes have two key benefits. First, it makes narrative feedback more objective, which should help the
persistent issue with perceived subjective bias in appraisals. Second, it can quantify the feedback, which makes it more useful for
personnel decision making (e.g., compensation and promotion).

2.3.6. Training & development
Results from our text analysis show that the papers in our review analyzed constructs relevant to training and development. Both

approaches uncovered leadership as a domain where text analysis may be particularly helpful—behaviors and dyad or group char-
acteristics in metaBUS, and leadership characteristics and influence in the topic model. Leadership training and development may be
facilitated by text analysis, as Speer et al. (2019) demonstrated in their development of dictionaries to measure competencies, one of
which was “leading and deciding” and was related to developmental performance ratings. In addition, the topic model showed that
text analysis could be helpful in unearthing identity changes through the training process, and training opportunities to manage
negative customer interactions.

There are many other opportunities for researchers to use text analysis to advance the training and development literature. For
example, text analysis might be used to help leadership development theory and practice such as the topic on how leader charac-
teristics (e.g., emotion, humility) influence effectiveness. As another application, text analysis might be applied to understand how an
employee thinks about a problem. Koenig et al. (2023) showed how text analysis could be used to score open-ended responses to
assessment questions, which suggests text analysis may be valuable for measuring learning outcomes from training assessments. That
is, automated text analysis might make the scoring of narrative responses reflecting cognitive changes due to training easier and more
objective, which could inform learning theory as well as be practically useful. Text analysis could also help trainers assess the affective
responses to training (Glerum et al., 2021) to improve participant satisfaction. In academic applications, text analysis on narrative
responses could be scored to assess learning outcomes, as opposed to reliance on multiple-choice tests that are often necessary with
large classes.

In addition, text analysis has been useful for understanding the content of employee interactions. It has been frequently used to
evaluate the development of team processes, which is especially relevant to training and development. For example, Mathieu et al.
(2021) used text analysis on team interaction transcripts to measure transition, action, and interpersonal team processes, and Ben-
Menahem et al. (2016) text analyzed interviews and observations to evaluate the knowledge coordination in multidisciplinary teams.
Further, Schinoff et al. (2020) analyzed interviews and observations to understand the development of team relationships in virtual
work settings and whether they related to satisfaction and turnover intentions. Finally, the identification of team cognitive maps using
text analysis (Carley, 1997) might have implications for team training, much like the research on team mental models did (Stout et al.,
1996).

2.3.7. Employee relations (engagement, culture, and related topics)
Although the opportunities for using text analysis in employee relations seem obvious (e.g., engagement surveys), only one paper in

our review explicitly pursued this area—Speer et al. (2023) analyzed employee engagement survey narratives to develop a set of 28
dictionaries to capture employee work-related attitudes (referred to the Text-Based Attitude and Perception Scoring [TAPS] dictio-
naries). Yet, our analysis of constructs measured using text-based data in our review offer hopeful signs. FrommetaBUS, organizational
characteristics were analyzed using text data, with clear implications for employee relations. For example, Jehn and Bezrukova (2004)
analyzed company documents to score work group contexts and found that members of work groups characterized by high functional
diversity that foster people-oriented cultures enjoyed higher composite bonuses. From our topic model, we found that the team
performance and culture topic included research relevant to employee relations. For example, Dixon and Panteli (2010) examined the
dynamics of team virtuality to uncover processes through which teammembers attempted to reduce discontinuities between their face-
to-face and virtual work with others, and Ahn and Greve (2024) used Glassdoor data to uncover startup cultures.

There are several opportunities for future research to expand the employee relations literature. Engagement surveys, as noted
elsewhere, might be the most obvious application. Best practices on how to solicit high-quality responses and text-analyze them might
be a useful area for future research, especially as narrative comments in engagement surveys will likely be routinely evaluated.
Measuring culture is a prime opportunity because it illustrates how text analysis can be used to capture constructs from existing text
data or from inaccessible sources, including organizational documents or executives’ speeches (Pandey & Pandey, 2019). Scholars
should continue to use text analysis on existing text data as it can offer richer theoretical perspectives and nuance than constructs
measured through deductively derived close-ended survey items, which are typical in organizations due to perceived ease and
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efficiency. Text data could provide more insight into the meaning and causes of engagement, potentially informing theories of identity,
career development, commitment, and job satisfaction. Narrative comments explain the reasons behind employee ratings of survey
items and are especially attractive to the managers receiving the results for that reason. Because text analysis can also quantify
narrative feedback, it can be used for evaluating managers and programs and track trends over time. This is an especially promising
area given that high-automation analyses are becoming more accessible through LLMs with easy-to-use interfaces such as ChatGPT
that can quicken analyses and provide a feasible tool that can be used by those who are less analytically oriented.

2.3.8. Compensation & benefits
The use of text analysis to improve compensation and benefits research and practice is still relatively rare. At the individual level,

Speer (2018) showed that performance management evaluations related to future pay increases. Otherwise, it was often used to
measure CEO or organizational characteristics to understand the relationship executive compensation. For example, though the CEO
characteristics they measured using text analysis was a control (CEO narcissism), Kang and Han Kim (2017) showed that it shared a
positive and significant bivariate relationship with CEO compensation. However, our analyses offer several ways text analysis has the
potential to inform compensation and benefits. In the metaBUS categorization, some personal characteristics (KSAOs; Campion et al.,
2024) and behaviors (e.g., providing exceptional service, customer focus; Koenig et al., 2023) reflect compensable factors. In the topic
model, managerial experience (gender differences in leader language use; Dupree, 2024) and team performance effectiveness (absence
of dysfunction like group-level faultlines, Bezrukova et al., 2016) are two areas that influence compensation levels.

Given the limited explicit scholarship on text analysis and compensation, there are several avenues for future research. Theoret-
ically, text analysis may reveal that these other sources of rewards could improve understanding of pay satisfaction and its motiva-
tional consequences. Practically, HR managers could use text analysis to evaluate reactions to compensation and benefits in
engagement surveys, recruiting messaging or surveys from candidates who rejected job offers to inform their compensation strategy
(lag, meet, or lead the market) and the efficacy of that strategy. Like recruitment, HRmanagers could compare their firm’s approach to
competitors through open-source data. Further, HR managers can use text analysis to understand the benefits that actually matter to
applicants and employees to enhance their packages. Improving the accuracy of job analysis and design using text analysis has direct
implications for compensation in at least three ways: 1) identifying compensable factors from job descriptions or job tasks, 2)
comparing job tasks to identify benchmark jobs in the labor market for job pricing, and 3) determining the nonpecuniary rewards of
jobs (e.g., variety, skill usage, security, etc.) that are very important to satisfaction with job rewards in addition to direct pay.

2.3.9. Strategic HRM
While no paper in our review directly analyzed HRM strategy using text analysis, there was no shortage of topics relevant to

strategic HRM. This is likely because strategic management was one of the disciplines we reviewed for this research. These topics
include how organizations change or communicate their strategic framing (CEO language; DesJardine& Shi, 2020), how they mobilize
and operate in ecosystems (motivation to create a prosocial venture; Mittermaier et al., 2023), and howmultinational corporations are
managed (Elg et al., 2017). However, we can see how papers at lower levels of analysis offer insight into strategic HRM, which were
present in topics around managing roles and boundaries, as well as technology and innovation. For example, Cruz and Meisenbach
(2018) analyzed interviews to study work-life boundary management, which reflects an opportunity for organizations to use text
analysis to inform their development and implementation of revised or new work-life policies. Similarly, changes in job design and
employee reactions to those changes can inform policies. For example, Zhang et al. (2021) explored public sentiment on enforced
remote work, and Schinoff et al. (2020) analyzed examined how relationships in virtual work settings develop and influence satis-
faction and turnover intentions. The results from metaBUS were less robust than the topic model, but nonetheless useful with research
on personal (CEO regulatory focus; Gamache et al., 2015) and contextual characteristics (disruptive industry innovation; Ansari et al.,
2016).

Like other HRM functions we have reviewed, strategic HRM is full of opportunities for future research. Text analysis could be
practically useful for summarizing reactions to HR programs, policies, procedures, outcomes, and other HR strategy topics from the
range of narrative information available, such as engagement surveys, candidate reaction surveys, executive speeches, annual
stockholder reports, customer service feedback, social media, rejection surveys, exit interviews, blogs, e-mail traffic, and the like. HRM
practitioners have commonly used close-ended (multiple-choice) surveys of employees to capture reactions to HRM policies, practices,
and services. Not only are these deductively derived and not as helpful for discovery, but the summative evaluation they provide
ignores formative feedback as to how the practice could be improved according to narrative comments. Text analysis would allow a
systematic, objective, and efficient tool for analyzing that data. As a final example, text analysis might be able to identify emerging
issues that have yet come to the surface based on the discussions and comments in the various narrative corpuses among executives or
managers, employees, candidates, the public, lawmakers, or others with potential future relevance to HRM.

2.4. Summary and guidance for HRM researchers and practitioners

From this section, we have generated three takeaways for readers. First, while deductive categorization analyses are intuitive and
require basic skills to adequately conduct, they are time-consuming and can result in overly broad groupings. In our review, we used
metaBUS as one way to analyze the papers and while it provided high-level insights as to the attributes that were present based on a
large nomological network of constructs that covers the gamut of management literature, its lack of specificity reduced our ability to
more usefully uncover how text analysis has contributed to our understanding of people at work, theoretically and practically.
Meanwhile, the topic model was based solely on the papers in our review and therefore generated more useful or at least incremental
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insights. Given the efficiencies, the theoretical richness of the topic model, and its specificity to the data rather than imposing a broad
framework, we recommend the high-automation approach for HRM researchers. Though, this recommendation is conditioned on
whether the researcher knows what constructs they are aiming to measure. For example, if in a selection or performance management
context a job analysis has been conducted or a competency model has been developed, then searching explicitly for those constructs
may be more valuable than examining the data for underlying patterns. In these cases, we would likely recommend word dictionaries
to those with less machine learning experience and supervised machine learning to those with more machine learning experience (see
“Best Practices in Text Analysis” section below). In the case of summarization—as was our goal here—the topic model was more
efficient and effective.

Second, as can be observed in Table 4, research in our review could be used to improve all HRM functions. Evidence from our
analyses suggest that text analysis could be especially useful in selection, retention and separation, performance management, training
and development. There are also significant opportunities for HRM researchers and practitioners to uncover novel, or underappre-
ciated, ways that text analysis can be used in other core HRM functions such as job analysis, recruitment, and employee relations. To
achieve initial gains, scholars and practitioners should focus on leveraging existing text-based data rather than collect new data. HR
managers have access to text-based data from applicants, employees, and former employees that can be used to 1) shed light on
previously unrecognized pain points or challenges for employees (e.g., benefits packages, work-life policies, modified job designs to
optimize performance and day-to-day experience), and 2) generate solutions for obstacles employees are facing. Employees can be a
great source of potential solutions, so automating feedback and ideas from employees using advanced analyses like unsupervised
machine learning can quicken problem-solving and demonstrate to employees that their voices are heard.

Reinforcing our first contribution, a final recommendation is that HRM researchers should not feel compelled to operate within a
single disciplinary perspective that limits their ability to achieve methodological diversity. While this is good advice for all scientific
domains, and may not immediately appear profound, in our review we have found that such intra-domain separation can be especially
troublesome when advancements in one area of management do not quickly spillover over to other areas of management. For example,
it is evident from Tables 1–4 that strategy researchers have a head start in using text analysis to advance their discipline. We wonder
whether strategy researchers began using text analysis due to the difficulty directly accessing executives and the availability of text
data produced, or at least approved, by top executives in the many forms of communications to shareholders and the public.
Regardless, text analysis has been a particularly informative method for strategy and entrepreneurship scholars who often rely on
archival data. Instead of seeing strategy, entrepreneurship, or even OB as less informative of HRM, HRM researchers might benefit
from the knowledge in those disciplines on new ways to improve construct measurement. A similar sentiment can be found in the
reluctance of typical quantitative HRM scholars to engage in inductive methods. Historically, this has been the domain of scholars who
do purely qualitative research and such methods can be time-consuming and thus impractical for HRM practitioners. However, the
increased accessibility of inductive NLP methods, such as topic modeling, means that HRM scholars and practitioners have a new way
to engage with their text data that requires less time and is more objective, but necessitates steps closer to what we would see in a
purely inductive approach. Cross-pollination of ideas and methods is central to the advancement of HRM research and practice.

3. Best practices in text analysis

In this section, we provide guidance to HRM researchers and practitioners in determining the appropriate text analysis method for
their research. We then offer best practices for validating text analysis results drawing from the rich history of psychometrics. While
HRM researchers and practitioners are familiar with these validation steps, we want to reinforce their application to text analysis, as
the process to validate for text data may not be immediately clear to some.

3.1. Selecting text analysis methods

The choice of whether to use text analysis, and which text analysis method to use depends on the research goals and context. At a
baseline, text analyses are appropriate when the data are qualitative and the goal is to 1) triangulate with existing measures or discover
new ideas through analytic diversification, or 2) refine or develop theory, especially in an entirely new area or topic. In contrast,
traditional numeric approaches are typically more appropriate when a valid measure of a construct already exists and 1) the goal is to
establish a construct’s placement within a nomological network (convergent and divergent validity), or 2) the goal is theory testing,
especially in mature areas (Edmondson&McManus, 2007). The specific type of text analysis approach to use will be determined by the
fundamental goals of the researchers: whether they aim to score the data to make predictions or summarize the data, their sample size,
availability of a criterion, and need for reproducibility. We detail these decisions according to the types of text analysis techniques used
in our review. We discussed these four techniques in the “Methods of Text Analysis” section, but as a reminder, they are: dictionaries,
supervised machine learning, unsupervised machine learning, and categorization.

In Table 4, we present recommendations for when to use each type with the conditions listed on the left and the degree to which the
condition aligns with the types of text analysis listed in the top row. Alignment is based on research interest, resources, and capa-
bilities, which we describe below. We differentiate among “high alignment” where the goals of a study match the dominant capabilities
of the method; “modest alignment” where the method can be used to achieve that goal, but it may depend on other factors; and “low
alignment” where the goals of the study are poorly aligned or fundamentally at odds with the method. There are instances where more
than one method can be used in a study. We depict these recommendations in the form of a decision tree in the online supplement.
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3.1.1. Categorization
Categorization, which includes content analysis via hand coding (as we did with the metaBUS taxonomy) and grounded theory, is

most useful for summarizing text. It is typically done with no or little automation. However, because the techniques vary, so do the
conditions under which they are appropriate. For example, a hand-coded content analysis is best when the data set is small, the
constructs to be summarized are known a priori or easily deduced from an initial reviewing of the data (Campion& Csillag, 2022), the
goal is to test or refine theory, and reproducibility may be a priority because decisions, categories, and descriptions can be reported and
replicated. However, more inductive methods—purely qualitative methods—are best when constructs are not known a priori and the
goal is to summarize by building new theory (Pratt et al., 2020). Like others, we consider purely qualitative methods to be an
interpretive approach to deriving meaning from text, which involves researcher-based inferences from manifest and latent content
(Drisko &Maschi, 2016). Such an approach does not seek reproducibility; therefore, techniques to enhance trustworthiness should be
used (see online supplement). Categorization in the form of content analysis has a long history in HRM and will continue to be an
important method due to its logical appeal, accessibility, and feasibility for summarizing small datasets. It accounts for 58.15 % of the
studies in our review. Our primary recommendation, however, is to move beyond this basic method and to use dictionaries and
advanced NLP techniques.

3.1.2. Dictionaries
Dictionaries are automated text analyses and are most appropriate when the goal is to score or predict a construct known a priori,

an existing dictionary already exists, reproducibility is paramount, or the goal is to demonstrate relationships with existing constructs.
Dictionaries are also useful for developing newmeasures of existing constructs where triangulation is valued. Further, dictionaries can
be useful when a researcher has a sample that is too small for machine learning such that models will be unstable, but the sample is too
large for hand coding.

For those new to text analysis, we recommend dictionaries as a pathway to more advanced NLP. The content can be directly
examined, and dictionaries can be implemented by those with typical statistical skills. There are many validated dictionaries available
in our literature such as LIWC (Pennebaker et al., 2007), which contains dictionaries and linguistic measurements (e.g., parts of speech,
punctuation), as well as those developed to measure specific constructs (e.g., competencies, Speer et al., 2019; work-related attitudes;
Speer et al., 2023; entrepreneurial orientation, Short et al., 2010; verbal behavior in interviews, Hickman, Bosch, et al., 2022).
Developing new dictionaries to measure constructs of interest is a well-understood process that involves delineating lists of words that
reflect the construct based on hypothesized terms from the theory or topics in the study. This involves generating a seed list of terms
and then identifying related terms using a thesaurus or other semantic tools. The list of words are used for measurement by employing
one of many available word counters. Dictionaries are often validated against a criterion, if one is available. Without a criterion,
researchers can still use SMEs to help support the content and construct validity of the dictionary, based on the development of the
word lists (e.g., Madera et al., 2009). Dictionaries have wide applicability in HRM because they can be used on virtually any corpus of
text (e.g., applications, interviews, engagement surveys, customer feedback, internet postings). The availability of validated dictio-
naries and the ease of developing new ones likely accounts for why they are the second most used approach to text analysis in the
literature related to HRM. They have been used in 33.45 % of the papers in our review. Of those that used dictionaries, 10.77 %
developed their own.

3.1.3. Supervised machine learning
Like the dictionary method, supervised machine learning is most useful when the goal is scoring or prediction. Unlike dictionaries,

the exact constructs to be measured may not be known a priori. Supervised machine learning requires a criterion to serve as the
“ground truth.” In HRM, this is often human ratings of interviews, applications, narrative evaluations, or other qualitative assessments.
The algorithm is then trained to optimize the weights of the features (text variables) according to the criterion (Campion et al., 2024;
Koenig et al., 2023). This means that a supervised model in HRM may be developed to capture an array of competencies such as
leadership, communication, motivation, and the like. If supervised models are built to score job applications where applications are
currently scored by humans according to rubrics reflecting competencies, then an algorithm can be trained to score those compe-
tencies. However, it will also pick up on other constructs that influence the human raters intentionally or not (e.g., positive tone).
Because supervised machine learning includes a “ground truth,” it is used in contexts where goals may be to develop a new measure to
test theory, establish a nomological network, and triangulate with existing measures, and do so in a reproducible way.

To achieve stability, supervisedmachine learning is best used when data sets are sufficiently large, which is in line with data science
research that may have sample sizes with thousands to millions of observations. Yet, HRM data sets tend to be much smaller. With
smaller data sets, we recommend using unit weights (simple counts) of the construct rather than weights for each n-gram estimated by
the sample to improve cross-validation. Guidance on minimally sufficient sample size depends on a few factors. The first is cross-
validation. This requires enough data to have a sizable training and testing set (typically 80 % training, 20 % testing in larger sam-
ples, or more equivalent in smaller samples). The second is the number of parameters in relation to sample size. The more parameters,
the larger the sample size required (Landers et al., 2023). Third, researchers must think about the heterogeneity of the data content
because it relates to model complexity. Should the constructs within the data bemore heterogeneous, then a greater number of features
may be necessary to extract all the possible ways the construct might be represented. In these instances, a larger sample is also needed
to achieve stability, unlike data that are more homogenous. For example, examining text data from a job application may include
constructs related to attributes such as leadership, teamwork, and conscientiousness, making the data heterogeneous. However,
examining responses to a situational question on a specific leadership behavior in an interviewwill likely yield more homogenous data.

When developing a text-based measure by training a model against an existing measure or when validating a new measure by

E.D. Campion and M.A. Campion



Human Resource Management Review 35 (2025) 101078

16

correlating it with an existing or related measure, the important questions are how high must the correlation be to establish equiv-
alence and what if the correlation is low? This is further complicated by the fact that the goal of developing a new measure may be to
develop a better measure (e.g., more objective) and a low correlation with that existing measure (e.g., self-report) could be the goal.
Obviously, there is no simple answer, but we offer several observations based on the existing literature. First, when training a model
against an existing measure, the correlation to be expected will depend on the reliability of the existing measure.5 For example, if the
existing measure is based on human judgment, a common goal is to achieve a correlation as high as the reliability of an individual rater
(Campion et al., 2016) because replacing the rater is the intended use of the measure. Second, the expected correlation will similarly be
limited by the reliability of the text measure. If it is not highly reliable, that will limit the possible correlation. However, it might be
more reliable if it more consistently measures the content or more valid if it captures more relevant content reflecting the construct
(Campion& Campion, 2023). Third, in some domains, any positive prediction is a net gain. For example, when predicting an important
bottom-line outcome like turnover, any non-zero level of prediction is valuable (e.g., Sajjadiani et al., 2019). Fourth, in domains where
expected levels of prediction are fairly well known, such as the validity of traditional hiring procedures, matching those levels or
showing incremental validity may be the expected level of correlation (see Koenig et al., 2023). Finally, the normal construct vali-
dation principles apply, such as expecting the convergent correlations to be larger than the discriminant correlations.

We recommend supervised machine learning where it is applicable and feasible under the conditions above because it is the most
advanced approach for prediction. It can be applied to all types of text data in HRM and in any context that has a criterion and a
sufficient sample size. It can be more efficient than developing dictionaries because extraction is automatic and requires no manual
process of identifying terms. Instead, understanding the constructs measured depends on the criterion. Moreover, and likely why it has
been a popular method in selection, it can be used with large samples that would not be possible to analyze manually. To date, su-
pervised machine learning may be the biggest missed opportunity in HRM research, as it has only been used by about 5.66 % of all
studies.

3.1.4. Unsupervised machine learning
Unsupervised machine learning is most useful for summarizing text to uncover the content of text data that is unknown a priori,

discovering new constructs, developing new theory, and where sample is sufficiently large. It is often used for theory development in
new areas but can also be used for theory refinement in established areas. It is more appropriate for inductive than deductive research,
though a researcher may knowwhat constructs generally exist in a corpus before using unsupervisedmachine learning. Like supervised
machine learning, the sample size and number of parameters determines the stability of the model. Some researchers using unsu-
pervised machine learning report that results stabilize with a sample size of about 1000 observations (e.g., Schmiedel et al., 2019);
however, like supervised machine learning, the minimum sample size depends on content amount and heterogeneity. Unlike super-
vised machine learning, there is no criterion by which the model is trained (i.e., it is unlabeled). Instead, the algorithm detects an
underlying pattern and the researcher makes sense of that pattern post hoc. This inductive sensemaking process resembles that of
purely qualitative work, as noted in the development of our topic model of the abstracts but allows for one non-trivial alteration: it can
largely be largely reproduced. When we refer to reproducibility here, we mean that equipped with every decision made by the original
researcher, a second researcher could follow those steps and yield generally the same findings as the original researcher. Reproduc-
ibility is possible with unsupervised machine learning because each decision a researcher makes—the algorithm, the number of topics
retained, or the logical labeling and description of the topics—can be specified.

Unsupervised machine learning is the most sophisticated approach to summarizing text. It automates a historically burdensome
process of manually coding text and it makes the analysis of large datasets feasible (Min et al., 2021; Zhang et al., 2021). It also elevates
text analysis from a process often criticized for its potential subjectivity and susceptibility to bias to a more objective method that can
be subject to the same reproducibility standards as other measures in HRM. It can be applied to virtually any text data in HRM with a
sufficiently large sample, and it is also another major missed opportunity, accounting for only about 5.83 % of all studies.

3.2. Validation of text analysis

The purpose of this section is to evaluate the quality of text analysis and provide recommendations for validation. We use the lens of
construct validation because it has a long history with detailed best practices, and it is directly relevant to NLP techniques that quantify
text data, which we believe is currently under-recognized. Construct validation has been central to evaluating the quality and
meaningfulness of data in psychology and related disciplines for many decades (e.g., Campbell & Fiske, 1959; Cronbach & Meehl,
1955; Lord& Novick, 1968) and such data are often used to make personnel decisions in HRM so must adhere to the Principles (2018),
Standards (2014), and Uniform Guidelines (1978), and withstand legal scrutiny. When evaluating the papers in our review, we provide
counts of papers that adequately complete each validation step. We interpreted these counts as evidence that not all researchers are
aware that text analysis scores should be held to the same standards as traditional numeric scores. As such, we provide best practices
for construct validation to guide future research and improve analytic rigor (Table 5). Due to the increased use of unsupervised
machine learning to summarize text data we also make note of the validation steps that are relevant for this type of analysis. These are
related to, but distinct from, the “trustworthiness” efforts advanced by purely qualitative scholars (Pratt et al., 2020; Table C in the
online supplement). For background, validity broadly refers to evidence supporting claims that we are measuring what we think we are

5 Based on the classic psychometric formula for correcting observed correlations for reliability, the true correlation is equal to the observed
divided by the square root of the reliabilities (Ghiselli et al., 1981).
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Table 5
Best Practices for Construct Validating Text Analysis Results.a

Type of Text Analysis Validity Evidence Based on: Potentially Applicable Best Practice Relevant to Text
Analysis Method:

1. Clearly defining the content domain • Clearly define the domain and link the domain to previous research and
theory.

• Define the domain in terms of observable behaviors.
• Link the domain to job performance, such as job behaviors or tasks, especially

if the data are used for employment decision making.
• Use job or respondent terminology, when appropriate.
• Ensure the content domain is adequately represented (e.g., proportion of

content covered, domain sampling, test specifications plan, SME judgment,
etc.).a

• Include hypotheses that test the adequacy of the definition and/or link to the
content domain.

• Quantify the categories in the category-based approach, if possible, so vali-
dation methods 2–5 can be conducted.

Current Use FromReview: Used by virtually all studies that quantified their text
data.

• Categorization
• Dictionaries
• Supervised Machine

Learning
• Unsupervised

Machine Learning

2. Using SME judgments to interpret categories • Utilize SMEs to help interpret and evaluate the content validity of the variables
and categories.

• Ensure SMEs are actual experts on the content domain (or research process, if
applicable) and ensure SMEs are naive to study hypotheses if applicable.

• Select SMEs to ensure representativeness (e.g., types of SMEs, jobs,
experiences, etc.).

• Use systematic judgment processes such as ratings based on relevant criteria
(e.g., measure domain, importance to domain, match job complexity, realism,
etc.,), independent judgments, consensus discussions, etc.

• Use an adequate number of SMEs to ensure results are not due to the individual
SMEs and can statistically infer to the population of potential SMEs.

• Train the SMEs on the judgment process, including practice and feedback, and
evaluate their performance.

• Evaluate SME judgments differences (e.g., differences in understanding
content domain versus lack of training or carelessness).

• Use SME ratings as the criterion against which to train machine learning
algorithms if applicable.

Current Use From Review: Used by 46.83 % of all studies in review.

• Categorization
• Dictionaries
• Supervised Machine

Learning
• Unsupervised

Machine Learning

3. Internal structure of the constructs • Calculate internal consistency of text variable composites to evaluate
homogeneity and to determine whether differences in the variables would not
change the scores and results will replicate.

• Calculate and report analyses of agreement and reliability (covariation)
because they provide different and relevant information about psychometric
quality.

• Evaluate reproducibility of category structure (primary & aggregate) if based
on SME/researcher judgment by having independent SMEs recreate structure.

• Analyze the covariation among the categories and the factor structure, if
applicable.

• Analyze the clustering (distance) between categories, if applicable.
• Extract variables based on their predictive value and apply other approaches to

construct validity to interpret the meaning of the variables.
Current Use From Review: Used by 26.59 % of studies in review.

• Categorization
• Dictionaries
• Supervised Machine

Learning
• Unsupervised

Machine Learning

4. Relationships with other constructs • Evaluate convergent validity by demonstrating that text analysis measures
correlate with other known measures of the construct.

• Evaluate discriminant validity by demonstrating that text analysis measures do
not correlate with different constructs.

• When other measures of constructs are not available, consider using SME
ratings of other constructs to examine convergent and discriminant validity.

• If the categories are not quantified, such as when only used for theory
development, rationally and theoretically justify the convergent and
discriminant validity based on similarities and differences with other relevant
constructs. This can also be done through the support of SME judgment.

Current Use From Review: Used by 22.78 % of studies that scored their data in
the review.

• Dictionaries
• Supervised Machine

Learning

5. Predicting outcomes or consequences or being
predicted by theoretically relevant variables.

• Analyze the statistical relationship between the text analysis measures and
relevant outcomes, if possible.

• Analyze the statistical relationship between the text analysis measures and
their theoretical predictors, if possible.

• Avoid common method variance by not relying totally on self-reported criteria
and predictors collected from respondents providing the text data.

• Use organizationally relevant criteria to demonstrate the value of text analysis
measures, especially objective business outcomes, where possible.

• Dictionaries
• Supervised Machine

Learning

(continued on next page)
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measuring, and in the case of HRM, that the measure is job-related. In psychometric research, there are five traditional types of ev-
idence, which inform the meaning of the construct and strength of the research evidence supporting inferences about it.

3.2.1. Evidence based on clearly defining the content domain
This is considered content validity by virtually all validity authorities (Principles, p. 28; Standards, no. 1.11; Uniform Guidelines,

Section 14C4). It includes defining the domain theoretically, collecting information on the phenomenon (e.g., descriptions, examples,
observations), and explicitly generating item content to measure the construct domain. This step is important for those who intend to
score and predict, as well as those who aim to simply summarize. All the studies in our review included this type of evidence and we
expect that this foundational practice will continue as it is central to all social science research.

3.2.2. Using SME judgments to interpret categories
SMEs, or individuals who have expertise in the domain, have been essential to historic validity efforts (e.g., Principles p. 27–28). Of

the papers in the review, 46.83 % used this technique. Most of these studies used SMEs to support interpretation of codes or topics. For
example, Patton and Johns (2007) recruited SMEs to code 100 popular press articles for constructs related to gender and absenteeism,
and Kanze et al. (2018) used SMEs to examine the content validity of word lists to study workplace discrimination. One reason SMEs
were used in less than half of the articles may be due to the use of previously validated dictionaries. SME judgments are especially
important when other sources of validity evidence are not possible. As with the previous step, this is relevant to all types of text
analyses.

3.2.3. Internal structure of the constructs
This type of evidence refers to statistical indicators of proper measurement. It typically includes evidence of reliability and factor

structures (Principles p. 32–33; Standards, no. 1.13; Uniform Guidelines, Section 14C5). Of the studies in our review, 26.59% provided
this type of evidence. Generally, these were estimates of agreement because the interest was in the reproducibility of the categories, but
scholars also used more sophisticated indices such as Cohen’s Kappa, Krippendorff’s Alpha, and Kendall’s W. Traditional measures of
reliability (defined as covariation as opposed to agreement) such as intraclass correlations among coders (e.g., Harrison et al., 2019)
were less common. Analyses of agreement and covariation provide different information, and both are relevant to the psychometric
quality of text analysis measures. Another relevant consideration is that automated text analysis tends to extract a large number of
concepts, so reducing dimensionality is desirable. Dimensionality reduction can also be based on covariation or agreement like factor
or cluster analyses, respectively. For example, Palmer et al. (1997) used factor analysis to identify themes from 275 downsizing
references. The relevant internal structure analysis will depend on the purposes of the study, but indicators of agreement and reliability
are probably relevant to all studies because they index data quality and support inferences. Of the list of validation steps, this is the
final step that has shared importance for those intending to score and predict as well as for those intending to summarize.

3.2.4. Relationships with other constructs
Although historically this has been called “construct validity” (Campbell& Fiske, 1959; Uniform Guidelines on Employee Selection

Procedures, 1978, Section 14D), it is described as evidence based on relationships with other constructs because all types of evidence
bear on construct validity (Principles for the Validation and Use of Personnel Selection Procedures, 2018, p. 14; Standards for

Table 5 (continued )

Type of Text Analysis Validity Evidence Based on: Potentially Applicable Best Practice Relevant to Text
Analysis Method:

• If data are to be used for employment decisions, evaluate subgroup differences
(e.g., race, gender, age) to estimate the potential for adverse impact.

• Cross-validate or otherwise prevent capitalization on chance of statistical
relationships with other variables, especially if text analysis variables are
created or selected based on these relationships. In machine learning, it is
common to use k-fold cross-validation where data are randomly divided into k
sets (typically 5 or 10) and the model is tested against each set.

• If the categories are not quantified, such as when only used for theory
development, rationally and theoretically justify the expected relationships
with outcomes and the causes based on the theory, relevant literature, and
field work data (interviews, observations, archival data).

Current Use From Review: Used by 45.90 % of studies that scored their data in
the review.

Note. Information for this table was derived from a number of highly qualified sources: Uniform Guidelines on Employee Selection Procedures (Equal
Employment Opportunity Commission, Civil Service Commission, Department of Labor,& Department of Justice, 1978); Principles for the Validation
and Use of Personnel Selection Procedures (American Psychological Association, 2018); Standards for Educational and Psychological Testing
(American Educational Research Association, American Psychological Association, & National Council on Measurement in Education, 2014);
Cronbach and Meehl (1955); Campbell and Fiske (1959); Lord and Novick (1968); Nunnally (1978); Messick (1995); and the articles in our review
that employed text analysis and yielded statistical results.

a SME = Subject Matter Expert. Similar authorities from the United Kingdom also recognize the importance of these types of validity evidence,
including the International Test Commission Guidelines on Test Use (2013) and Psychological Testing: A Test User’s Guide by The British Psycho-
logical Society.
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Educational and Psychological Testing, 2014, no. 1.16). Despite its importance, only 22.78 % of the studies that scored their text data
reported construct validity (convergent or discriminant). For example, Campion et al. (2016) correlated their NLP measures of past
work accomplishments with a battery of employment tests to show similarities and differences with traditional hiring procedures.
Further, Speer (2018) used manager ratings of job performance to demonstrate convergent validity with their NLP model of perfor-
mance evaluation comments. Because construct validity is fundamental to understanding the meaning of new measures, it should be
considered when feasible and relevant to the research question with text analyses aimed at quantifying the data (e.g., dictionaries or
supervised machine learning), as it is with traditional quantitative measures.

3.2.5. Predicting outcomes from theoretically relevant variables
Related to relationships with other constructs is predicting outcomes from the target variable, which is often called “criterion-

related” validity (Principles, p. 8; Standards, no. 1.17; Uniform Guidelines, Section 14B). This evidence may only be relevant in studies
aimed at predicting as opposed to summarizing. Nearly half of the studies (45.90 %) that scored text data predicted outcomes from
their quantified text variable(s). For example, Campion et al. (2024) and Koenig et al. (2023) predicted job performance after hire and
Sajjadiani et al. (2019) predicted turnover. In selection, cross-validation in subsequent samples is a crucial step to support the
operationalization of a predictive model. In machine learning, they often approach this using a method called k-fold cross-validation
where the data set is divided into k sets (often 5 or 10) and the validities of each set and the aggregate are reported (e.g., Koenig et al.,
2023). This is useful to inform the stability of a model in instances where subsequent data collections may not be feasible. The other
half of the studies used their text variable as a control or as a test of group differences, such as Madera et al.’s (2009) study of gender
bias in letters of recommendation. When using text analysis to score, predicting important outcomes is probably the ultimate evidence
of validity and strongest proof of usefulness, especially if the text-based measures reflect new constructs, are intended to predict
beyond existing measures of those constructs, or are used to supplement existing employment tests where those constructs may not be
captured. Such evidence should also be bolstered with steps to ensure the avoidance of capitalization chance, such as cross-validation,
which is a long-recognized concern in the validation authorities (Principles, p. 26; Uniform Guidelines, Section 14B7).

4. Conclusion: making the case for natural language processing approaches

The primary conclusion we draw from this review is that HRM researchers and practitioners should endeavor to learn and use the
more advanced NLP methods. This is especially relevant for those who consider themselves exclusively or largely quantitative re-
searchers. In this section, we support this stance through the reinforcement of points made previously: 1) text analysis methods are
accessible and they increase efficiencies, 2) leveraging text data facilitates methodological diversity and therefore methodological
rigor, and 3) reproducibility is possible (and expected) in text analysis using advanced techniques.

First, with these advanced methods, HRM researchers and practitioners can use a type of data that has, at times, been ignored as a
source of discovery and measurement due to cost and inefficiencies. In the past, text data in HRM were only analyzed through time-
consuming hand-coding content analyses. Thus, quantitative scholars have overlooked a rich data source and possible insights, as
illustrated in the current review. HRM is rife with underutilized text data. In this review, we have seen opportunities to use NLP to score
applications (Campion et al., 2016, 2024), assessment center data (Koenig et al., 2023), performance appraisal narratives (Speer,
2018), and job history (Sajjadiani et al., 2019), as well as identify competencies in job analyses (Koenig et al., 2023; Putka et al., 2023)
and uncover constructs in engagement surveys (Speer et al., 2023). Yet, additional gold mines abound. For example, large organi-
zations could utilize candidate postings of comments on recruiting websites to efficiently monitor and evaluate organizational
reputation using NLP, as Ahn and Greve (2024) did to examine startup culture. Customer comments on the services provided by HRM
units could similarly be evaluated. Virtually every HRM service requires a computerized interaction (e.g., benefits, compensation
administration, training, promotion opportunities, appraisal, hiring), which usually allow narrative reactions from users. Automating
summaries of these comments through unsupervised machine learning has the dual benefit of informing HRM processes while
potentially improving comment quality over time as employees learn these data are actually considered. That user experience via these
comments is ignored is a known challenge in organizations.

Further, NLP allows for the analysis of large datasets that are cumbersome or simply impossible to hand code. With the explosion in
the amount of information being collected (the “Big Data” movement), much of which is qualitative, the ability to automate analyses
will be essential to HRM. A prime example from our review is Min et al.’s (2021) analysis of 1.56 million tweets in the early months of
the pandemic to assess responses to the shift to working from home. Such an examination on amass scale would not be feasible without
the automation afforded by machine learning. Only the perspectives of workers willing to voice directly to supervisors would likely be
heard otherwise. More commonly, organizations of any size receive more employment applications than recruiters can evaluate, more
comments in employee surveys than can be systematically analyzed by the survey sponsors, and HRM researchers are often faced with
more literature to summarize than is realistic to complete manually. All of these lend themselves to automated assistance by NLP to
advance HRM research and practice.

Of importance to HRM specifically, text analysis can be useful for developing measures of constructs discovered through purely
qualitative research. HRM researchers and practitioners need to create and validate measures to aid in decision making, which is
different than other areas of management that have used text analysis primarily to seek understanding. HRM researchers are often
trying to create systems to manage organizations better including selecting new talent, improving employee performance, promoting
internal candidates, and laying employees off. Another recommendation from this review, then, is to quantify qualitative ideas so that
those constructs can be modeled explicitly in these high-stakes decisions.

Second, HRM researchers should use text analysis to enhance methodological diversity and the rigor of their research.
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Methodological diversity refers to the triangulation of results through replication with different methods, and the discovery of new
ideas through alternative analysis of the same data (Turner et al., 2017; Welch& Piekkari, 2017). Text data are well-positioned to offer
methodological diversity of our traditional quantitative measures (e.g., test scores, rating scales). One could imagine an instance where
internal candidates are being considered for promotion. Each have quantified performance scores, narratives from supervisors on their
leadership potential, and self-written narratives on their motivation to lead. An HRM practitioner has two opportunities to make the
process more objective and efficient with NLP: score the narrative data to triangulate with the quantified performance scores and
capture additional leadership-related constructs not captured in the performance scores, or summarize the constructs in the narratives
to uncover KSAOs that may be valuable but under-recognized in leadership positions. The former offers triangulation and the latter
offers discovery. Multi-operationalism complements reproducibility as each method can compensate for the other’s weaknesses.
Thinking differently about a phenomenon through diverse analysis is less common but is where much of the potential value of text
analysis lies. As such, a clear recommendation is for HRM researchers to normalize the collection of text-based data, where possible,
and to use these data to triangulate and complement findings from traditional numeric techniques.

An illustration of methodological diversity from the papers in our review is on leadership, which was the only content domain
where multiple text analysis approaches were used. Speer et al. (2019) used dictionaries to examine “leading and deciding” as one of
the Great Eight Competencies and showed that it positively related to performance ratings. Mavin and Grandy (2016) used grounded
theory to delineate the process through which elite women leaders manage the societal preoccupation with their appearance by
shifting focus to their achievements. Campion et al. (2016, 2024) used supervised machine learning to score job candidates’ leadership
skills and accomplishments to train a model to predict human hiring ratings and post-hire training performance in leadership roles.
Finally, Banks et al. (2018) used unsupervised machine learning to evaluate potential dimensions of leader-member exchange and
found three themes: individual relationships between leaders and members, task-oriented helping by the leader, and the extent to
which a leader directs team performance. While no study captured the exact same construct, comparing these results, we can observe
that 1) there are substantial opportunities to triangulate measurement using text analysis, and 2) alternative measurements (though
not on the same data in this example) afford new ways of thinking about existing ideas. This is especially apparent in instances where
ideas were induced from data (e.g., Banks et al., 2018; Mavin & Grandy, 2016).

Third, reproducibility is a primary principle of HRM research and practice because it supports validity and facilitates fairness in
decision making. Though purely qualitative research has not typically been used to inform decision making, it has nevertheless
received criticism as to its replicability, validity, and rigor (Gioia et al., 2013). By leveraging automated approaches, researchers can
quantify their text data to inspect the model’s validity and do so in a reproducible and transparent manner where each step and
decision can be documented and replicated by others. While many have written clarifications as to the purpose of text analysis ap-
proaches such as grounded theory—including that replicability is not a core tenet of such methods (Pratt et al., 2020)—there remains
hesitancy toward qualitative data analysis by many scientists for this reason. We see the more advanced text analysis methods
reviewed in this article as offering an alternative to analyze text data in ways that align with traditional principles of quantitative
research including transparency, replicability, and psychometric evidence of validity. This will make research findings based on
qualitative data more palatable to traditional HRM researchers who rely mostly on quantitative methods. As such, the introduction of
NLP in our science is an opportunity for more quantitative scholars to reorient their thinking about the value and utility of qualitative
data. Moreover, text analysis, especially advanced summarization methods such as topic modeling, can empower HRM researchers and
practitioners to be interpretive and creative in their analysis of text data. Surprising and nuanced findings are possible as the algorithm
is used to uncover patterns and unexpected topics may emerge. To be clear, we are not advocating for the replacement of traditional
qualitative methods. Instead, we are suggesting that qualitative data need not be viewed as antithetical to the core of our traditional
quantitative analyses, but instead as a complement to it.

4.1. A final note on large language models and chatbots

At present, only one paper in our review used a large language model to measure new or existing constructs: Hernandez & Nie
(2023) used GPT-2 to develop scale items representing the Big Five personality traits to demonstrate the validity of this approach.
Subsequently, there have been several studies exploring whether LLMs enable candidates to fake their answers to achieve higher scores
on remote unproctored hiring assessments (e.g., cognitive test by Hickman et al., 2024; situational judgment rests by Harwood et al.,
2024; and personality tests by Phillips& Robie, 2024). Because this was so rare in our review, there were few concrete opportunities to
discuss its potential. Therefore, in this final section, we discuss the promise of LLMs and similarly advanced NLP-powered tools such as
chatbots.

LLMs are deep learning algorithms built on millions or billions of parameters to do language-related tasks. Tasks relevant to HRM in
addition to those cited above include, but are not limited to, developing preliminary job descriptions (Campion & Campion, 2025),
summarizing open-ended data responses (topic modeling), extracting text from a corpus, providing feedback on interview questions,
creating interview questions, drafting content of HR policies and practices, generating templates for communications (e.g., emails to
job candidates), and the like. In each of these examples, LLMs can create efficiencies by developing initial drafts. After initial drafts are
created, HRM practitioners can either continue to coach the algorithm through specific prompting to meet the needs of the task, or they
can take what the LLM outputs and tweak it with organization-specific language. Using LLMs to summarize means that HRM re-
searchers and practitioners have quicker access to inductive methods. Equipped with their existing knowledge on deductive methods,
these advancements make deductive and inductive methods easier than ever. The potential efficiencies are crucial here as LLMs with
user-friendly interfaces allow HRM managers to input their text data and request output such as number of topics, subtopics, direct
quotes, and counts, which can be completed in minutes or hours instead of days, weeks, or months with continued experience and skill
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with these tools. Again, however, we want to be clear that opportunities with LLMs do not replace the specialized knowledge by SMEs
to assess the quality and relevance of the LLM output. Further, LLMs, at present, do not threaten the continued value of building one’s
own machine learning model for specific purposes. For scientists, LLMs can present challenges for reproducibility as the models are
generally non-deterministic. Importantly, the information generated by these models can be incorrect, and there is the associated
potential risk of overreliance on such tools without performing due diligence. Their overuse may also be to the detriment of learning
and creativity because LLMs are trained to give the most likely response, unlike humans who are more capable, currently, of novelty,
nuance, and analytical thinking. Nevertheless, at this stage in the research, the HRM domain is aware of the great promise that LLMs
hold but are still trying to figure out all that they can do. Additional scholarship is needed to understand the scale of generative models’
impact on HRM research and practice, though we predict that impact will be substantial. We encourage those in the HRM domain to
engage with these tools and systematically assess how they can improve practice and research.

A final promising area for HRM researchers and practitioners are chatbots. Chatbots are NLP-trained models to provide answers to
questions. Chatbots can be trained using an LLM as the engine by including additional, domain-specific, information (otherwise
referred to as Retrieval Augmented Generation [RAG]; Guo et al., 2024), but this is not necessary. Chatbots can offer significant value
to HRM and relevant stakeholders. For example, chatbots may be useful in answering frequently asked questions about the selection
process by candidates. Similarly, they can be used to answer employee questions about where to find information about benefits,
compensation, performance evaluations, and other materials employees need access to. One study in our review used chatbots: Fan
et al. (2023) created a chatbot to infer personality. This is an especially promising use because this means that chatbots could help
practitioners quickly measure job-related applicant characteristics. For example, engaging with a chatbot in a structured interview
format may eventually act as an initial screening, especially if it serves as a realistic job preview. Information from the screening could
not only be used to assess whether that candidate should continue in the selection process for the job they applied to but might also
quickly give insight as to whether they are better matched for another job in the company. This latter opportunity is possible in human-
only selection processes, but the efficiencies are enabled by automated scoring processes from advanced text analyses. Like LLMs,
significantly more research is needed to fully explore the potential of using chatbots to improve HRM processes.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.hrmr.2025.101078.

Data availability

Data will be made available on request.
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