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Abstract
This paper introduces generative grounded theory (GGT), an AI-enhanced method 
for inductive theory building that adapts grounded theory—and qualitative 
research procedures more broadly—to contemporary digital and algorithmic 
research conditions. GGT integrates generative artificial intelligence (GenAI) 
into grounded-theory analysis while preserving human interpretive authority and 
theoretical responsibility. The method specifies a step-by-step process that supports 
systematic comparison and structured engagement with qualitative data. We 
demonstrate the method by outlining two new consumer-psychology studies and 
reanalyzing two established grounded-theory studies. We also address concerns 
surrounding GenAI use and outline future developments in the use of GenAI for 
qualitative analyses. GGT enables greater scale and efficiency in working with 
qualitative data, which are increasingly heterogeneous and multimodal, while 
supporting rigorous and precise theory construction and enhancing transparency 
and traceability. GGT can also be extended to other qualitative approaches that 
rely on similar analytic procedures.
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INTRODUCTION

Inductive theory building plays a foundational role in 
consumer psychology, particularly when psychologi-
cal processes are complex or not yet well captured by 
existing theoretical frameworks (Lynch et al., 2025). As 
Fischer and Guzel (2023) note in a Journal of Consumer 
Psychology (JCP) Methods Dialogue article, qualitative 
research can play an important role in theory develop-
ment. Among inductive approaches, grounded theory 
has been especially influential as a qualitative method 
for constructing theory from empirical data through 
systematic coding, constant comparison, axial coding, 
theoretical coding, abstraction, and theoretical sampling 

(Charmaz,  2006; Corbin & Strauss,  2014; Glaser & 
Strauss, 1967).

In consumer research, this method has been used to 
understand how consumers perceive, categorize, and 
evaluate consumption phenomena—such as experiences 
of fun and special experiences (Oh & Pham, 2022; Sun 
& Pham,  2026), minimalist consumption (Wilson & 
Bellezza, 2022), product design (Kumar & Noble, 2016), 
status-related signaling (Bellezza,  2023), leisure travel 
(Woodside et  al.,  2004), and perceived brand corpo-
rateness (Reich & Hanson, 2025). Grounded theory has  
also been used to develop foundational frameworks, 
such as brand relationship theory (Fournier,  1998), as 
well as inductive accounts of how consumers experience 
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and make sense of innovations (Mick & Fournier, 1998). 
Meanwhile, consumer culture theory (CCT) scholars 
have argued that grounded theory is particularly suit-
able for developing CCT-relevant concepts and frame-
works (Belk & Sobh,  2019; Fischer & Otnes,  2006), 
and it has been used for this purpose (Bardhi & 
Eckhardt,  2012; Jafari & Goulding,  2013; Pellandini-
Simányi & Barnhart, 2024; for recent examples). Finally, 
grounded theory has supported theory development at 
organizational and market levels, including research on 
market orientation, contractual breaches, and platform-
enabled market change (Atanasova et al., 2025; Gebhardt 
et al., 2006; Johnson & Sohi, 2016).

JCP has been a leader in advancing and refining 
research methods in consumer psychology, especially 
through its Methods Dialogues, which address both 
foundational and emerging methodological issues from 
construct-variable clarity and scale use to neural/phys-
iological methods and AI (Calder et  al.,  2021; Clithero 
et al., 2024; Haws et al., 2023; Tomaino et al., 2025). This 
paper introduces generative grounded theory (GGT), 
an artificial intelligence (AI)-enhanced method for in-
ductive theory building, which integrates generative AI 
(GenAI) into the core analytic procedures of grounded 
theory. GGT's contribution lies in performing analysis at 
a greater scale and efficiency, particularly when working 
with large, heterogeneous, and multimodal qualitative 
datasets. GGT also supports more rigorous and precise 
theory construction by allowing researchers to engage 
with alternative interpretations and shift across analytic 
perspectives. In addition, this new method enhances the 
transparency and traceability of the research process by 
making analytic steps more explicit and open to exam-
ination. Just as netnography emerged in response to the 
rise of the internet and online communities (Kozinets 
2002), GGT responds to the challenges and opportuni-
ties of an AI-mediated research environment.

CONTEM PORARY QUA LITATIVE 
RESEARCH CON DITIONS A N D 
TH E ROLE OF GENA I

Qualitative research is increasingly conducted under 
conditions that differ substantially from those under 
which grounded theory originally developed. Data in 
consumer research are becoming more heterogeneous 
and multimodal, spanning interviews and field notes 
as well as audio, images, videos, social media posts, 
and online reviews (Balducci & Marinova,  2018; 
Bazeley,  2022; Geiger & Ribes,  2011; Liu et  al.,  2016). 
These unstructured materials are widely used in 
experimental and quantitative research because they 
capture consumers' thoughts, feelings, and evaluations 
across consumption contexts. Although such data 
also offer great potential in qualitative research, they 
also amplify the analytic demands of inductive theory 

construction. For example, Aboelenien and Arsel (2025) 
study vegan consumers using a large, heterogeneous 
corpus combining 21 semi-structured in-depth interviews 
(45 min–2 h) and 18 ethnographic interviews (5–20 min) 
conducted at market events, along with 5 years of multi-
source secondary data (newspaper articles, blogs, social 
media posts, podcasts, YouTube videos and comments, 
books, and documentaries). Their analysis proceeded 
iteratively between data and theory, including open 
coding, axial coding, and abstraction as part of intra-
textual and inter-textual analyses. Such cases might 
strain traditional analytic practices, highlighting the 
need for methodological approaches that can support 
intensive analytic tasks while preserving core principles 
of inductive theory construction.

GenAI tools, built on large language models 
(LLMs), such as ChatGPT, Gemini, Claude, Grok, and 
DeepSeek, can easily process, summarize, compare, 
and integrate large amounts of information. Because 
these systems operate on language, they are well suited 
for qualitative materials. Examples include interviews, 
which are widely used in consumer research and are 
fundamentally linguistic (Arsel, 2017) as well as other 
narrative materials (e.g., blogs, forums, and online 
reviews). The use of GenAI tools can also extend to 
non-textual materials converted into textual form for 
analytic purposes. Prior work in consumer psychol-
ogy shows that meaning, categorization, and evalu-
ation are expressed through language and organized 
in associative and conceptual networks, which can 
be examined through systematic analyses of semantic 
structures, conceptual associations, or narrative pat-
terns (Boghrati et  al.,  2023; Escalas,  2004; Hartmann 
et  al.,  2023). Accordingly, GenAI can facilitate quali-
tative research by processing large volumes of text and 
surfacing recurring themes, contrasts, and relational 
patterns that would be challenging to track exhaus-
tively through manual analysis.

Recent research has begun to examine the potential 
of GenAI in consumer research. In experimental and 
quantitative research contexts, Tomaino et al. (2025), in 
a JCP Methods Dialogue paper, examine whether and 
to what extent ChatGPT can perform core stages of the 
experimental research process, including idea genera-
tion, empirical testing, analysis, and manuscript writ-
ing. They suggest that while GenAI is adept at certain 
research components, such as tasks involving synthesis, 
pattern recognition, and text generation, it remains in-
adequate at this stage for others and requires careful 
human oversight to ensure quality, coherence, and theo-
retical rigor. Similarly, Blanchard et al. (2025) show that 
GenAI can support multiple stages of the research pro-
cess, from literature review and study design to data col-
lection and analysis, but they emphasize that its effective 
use requires a clear understanding of model functioning, 
limitations, and the need for validation and responsible 
implementation.
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Meanwhile, qualitative researchers have been more 
critical of GenAI usage, citing epistemological, meth-
odological, and ethical concerns. For example, Jowsey 
et al. (2025), along with 416 qualitative researchers from 
38 countries, explicitly reject GenAI for qualitative re-
search, arguing that it cannot “make meaning,” that 
qualitative analysis should remain distinctly human, and 
that GenAI use entails ethical harms (e.g., environmen-
tal and labor costs). Likewise, based on interviews with 
consumer culture researchers and qualitative research 
industry professionals, Epp and Humphreys (2025) con-
clude that GenAI can only serve a limited, supportive 
function, but should not be used for “deep theoreti-
cal analysis to generate novel insights.” Carlsen and 
Ralund  (2022) similarly note that automated discovery 
can weaken immersion, comparison, and theoretical 
sampling when analytic control shifts away from the re-
searcher. More generally, the use of GenAI risks creating 
what Quattrociocchi et al. (2025) call “epistemia”—a sit-
uation in which linguistic plausibility replaces rigorous 
epistemic evaluation, producing a sense of vague know-
ing without genuine insight.

However, prior work has also shown that computa-
tional tools can support grounded-theory analysis when 
qualitative corpora become large or difficult to manage. 
Nelson's  (2020) computational grounded theory uses 
computational techniques for inductive theory develop-
ment, but it does so mainly through computer-led pat-
tern discovery (e.g., topic modeling). Emerging evidence 
also suggests that GenAI can support key qualitative 
analysis tasks, such as descriptive coding, pattern iden-
tification, and conceptual synthesis, when used appro-
priately (Sinha et al., 2024; Wachinger et al., 2024; Yan 
et al., 2024; Yue et al., 2025).

What is missing is a systematic, step-by-step process 
that clarifies how GenAI can best be used in qualitative 
analysis. GGT provides such a methodological frame-
work. It builds on prior work on computer-assisted data 
analysis while extending scale and efficiency, theoretical 

rigor and precision, as well as transparency and trace-
ability. In particular, GGT supports systematic compar-
ison across large, diverse, and multimodal qualitative 
corpora, thereby enabling more comprehensive pattern 
detection and comparative analysis. It also provides rig-
orous theory construction by facilitating the generation, 
evaluation, and refinement of alternative conceptual-
izations, relationships, and boundary conditions during 
inductive analysis. Finally, GGT enhances transparency 
and traceability by externalizing and explicitly docu-
menting coding decisions, comparative steps, and refine-
ments, making the process of theory construction more 
traceable and thus more accountable.

The remainder of the paper proceeds as follows. 
We first discuss the core concepts and analytic proce-
dures of grounded theory. We then briefly describe its 
value and challenges and present the seven-step pro-
cess of GGT, including methodological guardrails that 
govern its responsible use. To illustrate the application 
of GGT in consumer research, we apply it to two new 
consumer-psychology projects and reanalyze two pub-
lished grounded-theory studies. Finally, we address key 
epistemological, methodological, and ethical concerns 
and outline future directions for the use of GenAI in 
qualitative analysis.

GROU N DED TH EORY: CORE 
CONCEPTS A N D A NA LYTIC 
PROCEDU RES

Grounded theory originated in the 1960s as an 
inductive method in response to research traditions 
centered on deductive hypothesis-testing, offering 
an alternative for generating theory from data rather 
than testing theory against it (Glaser & Strauss, 1967). 
As part of its methodological contribution, grounded 
theory has introduced a set of analytic concepts and 
terminologies used across qualitative research, which 

TA B L E  1   Variants of grounded theory.

Dimension Classic (Glaserian) Reformulated (Straussian) Constructivist (Charmazian)

Analytic Logic Inductive emergence 
through constant 
comparison across data

Systematic category development through 
coding, comparison, and specification of 
relationships

Iterative, interpretive comparison 
across data and emerging categories

Role of Prior 
Theory

Minimized; prior theory 
largely avoided to prevent 
“forcing”

Used as heuristic guidance in coding and 
category development

Used as a sensitizing/enabling lens; 
iteratively engaged and subject to 
revision

Researcher Role Analyst maintaining 
analytic openness to data

Active analyst structuring and organizing 
categories

Reflexive interpreter engaging with 
and shaping categories

Coding 
Structure

Open and theoretical 
coding; flexible and 
non-prescriptive

Open, axial, and selective coding; structured 
and prescriptive

Iterative coding with evolving 
categories and ongoing refinement

Theoretical 
Outcome

Substantive theory 
emerging from data

Structured explanatory model with specified 
relationships

Interpretive theoretical account 
grounded in data within a broader 
theoretical lens
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we also use in the AI-enhanced approach in this 
paper (see Appendix  S1 for a glossary of key terms). 
Several variants of grounded theory have emerged, 
for example, classic, Glaserian grounded theory 
(Glaser & Strauss, 1967), the reformulated, Straussian 
variant (Corbin & Strauss, 2014), and the Charmazian 
constructivist approach (Charmaz,  2006). They all 
share a common comparative, inductive process, but 
they also differ, as shown in Table 1. The key differences 
concern analytic logic, the role of prior theory, the 
researcher's role, coding structure, and the nature of the 
theoretical outcome. In addition to these three major 
variants, numerous modified and hybrid approaches 
exist in practice, including the Gioia methodology 
and case-based theory building (Eisenhardt,  1989; 
Gioia et  al.,  2013), which incorporate elements such 
as structured data representation or more explicitly 
defined research questions while retaining an overall 
inductive and comparative orientation.

Despite these differences, several core analytic prin-
ciples and processes can be identified (Hallberg, 2006; 
Thornberg & Charmaz,  2014), which form the basis 
for GGT. First, theory construction begins with close 
engagement with empirical materials rather than prior 
specification of constructs or hypotheses. Second, 
analysis proceeds through constant comparison: in-
cidents, codes, and emerging categories are compared 
to refine conceptual distinctions and ensure internal 
coherence. Third, data collection is guided by theo-
retical sampling, such that new cases (e.g., individual 
samples) are selected to add insight, help refine cat-
egories, or explain, challenge, and qualify developing 
ideas, rather than to achieve representativeness or 
support statistical inference. Fourth, memo writing 
supports the shift from description to abstraction by 
documenting analytic decisions, unresolved questions, 
and evolving interpretations. Finally, analysis contin-
ues until theoretical saturation is reached, when addi-
tional data no longer yield novel conceptual properties 
or relationships.

Grounded theory thus typically follows a process that 
moves from coding the data to higher levels of conceptual 
abstraction. It begins with initial, open coding, where re-
searchers engage closely with the data and explore mul-
tiple possible analytic directions. As recurring patterns 
and distinctions surface, focused coding prioritizes the 
most theoretically relevant coding, facilitating the de-
velopment of categories and specifying the relationships 
among them. As analysis progresses, at higher levels of 
abstraction, theoretical concepts emerge and eventually 
reach saturation, when additional data and coding no 
longer yield new conceptual properties. Memo writing 
occurs throughout the process, supporting comparison, 
reflection, and theoretical integration at every stage of 
analysis.

From a philosophy-of-science perspective, grounded 
theory, in particular, the constructivist approach, aligns 

with recent methodological arguments in consumer psy-
chology that emphasize inductive and abductive the-
ory construction. Janiszewski and Van Osselaer  (2022) 
and Lynch et al.  (2025) argue that theory development 
requires an iterative cycle of generating, refining, and 
evaluating explanations before formal testing is possible. 
Although their focus is primarily on experimental re-
search, Lynch et al.'s (2025) “phenomenon-to-construct” 
theory construction follows a similar logic to construc-
tivist grounded theory. Constructivist formulations em-
phasize that grounded theory is not simply discovered in 
the data but is constructed through interaction between 
the researcher and empirical materials (Charmaz, 2006). 
Although fundamentally inductive, the constructivist 
approach also incorporates abductive reasoning, par-
ticularly when researchers encounter surprising or puz-
zling observations that demand explanation (Thornberg 
& Charmaz,  2014). Interpretive rigor is maintained by 
requiring that theoretical claims remain tied to the data 
and show integration across categories.

GROU N DED TH EORY BU ILDING: 
ITS VA LU ES A N D CH A LLENGES

Grounded theory plays an important role in consumer 
research, particularly in supporting inductive theory 
building. Janiszewski and Van Osselaer  (2022) charac-
terize consumer research as involving a division of labor 
in which qualitative research primarily contributes to 
theory construction, while quantitative research primar-
ily contributes to theory testing. Although this distinc-
tion, in our opinion, simplifies the diversity of research 
practices in the field, it underscores the central role of 
inductive theory building in consumer research. As we 
will show, some influential constructs and theories have 
been developed through inductive analysis. At the same 
time, the rigor of inductive theory building depends criti-
cally on the researcher's ability to code the data, com-
pare across cases, evaluate alternative interpretations, 
and iteratively refine categories—procedures that place 
substantial processing demands on researchers and re-
quire great cognitive flexibility.

Recent work in consumer research demonstrates 
both the value of grounded-theory procedures for in-
ductive theory building and the level of analytic effort 
it requires. For example, Wilson and Bellezza  (2022) 
employed inductive coding and constant comparison 
to identify three core dimensions of consumer mini-
malism—number of possessions, sparse aesthetic, and 
mindfully curated consumption—which subsequently 
informed scale development. The dimensions were de-
veloped from a heterogeneous qualitative corpus in-
cluding books, films, television shows, blogs, press 
articles, exhibitions, store visits, Google image searches 
of minimalist spaces, and open-ended survey responses 
from both self-identified minimalists and lay consumers 
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recruited. All these materials were jointly coded using 
open, selective, and theoretical coding. Similarly, Reich 
and Hanson (2025) used sequential qualitative analysis 
to conceptualize brand corporateness. Drawing on ver-
batim transcripts from video- and audio-recorded focus 
groups, they iteratively analyzed the data to identify 
core and peripheral dimensions that capture consum-
ers' unfavorable evaluations of brands as organizational 
entities. To identify alternative forms of status signal-
ing using grounded theory, Bellezza  (2023) drew on a 
large, heterogeneous corpus (e.g., academic articles and 
books, conference materials, media articles, museum 
exhibitions, documentaries, and ethnographic visits to 
luxury stores). Through systematic coding, the corpus 
was distilled into 710 initial open codes, refined into 255 
unique codes, clustered into 20 higher-order concepts, 
and integrated into six dimensions of alternative status 
signaling. These examples illustrate that the theoreti-
cal contributions of grounded theory rest on repeated 
comparison across a diverse range of data that allows 
for progressive abstraction from descriptive codes to 
higher-order theoretical constructs.

Grounded theory has also been used to specify the 
psychological structure of consumer experiences. Oh 
and Pham  (2022) analyzed interviews and narrative 
accounts of such experiences using iterative coding 
and constant comparison to develop a “liberating-
engagement” theory of fun, which characterizes fun as 
the joint experience of hedonic engagement and per-
ceived freedom from constraints. Similarly, analyzing 
a large corpus of consumer narratives and in-depth in-
terviews, Sun and Pham (2026) identified uniqueness, 
meaningfulness, and authenticity as the core psycho-
logical pillars of what makes consumption experiences 
feel special. In both articles, theory construction relied 
on comparison, progressive abstraction through memo 
writing, and integration of categories into a coherent 
explanatory model that can be examined in subsequent 
empirical testing.

Finally, grounded theory as a method has been ex-
plicitly advocated by some CCT researchers (Belk & 
Sobh,  2019; Fischer & Otnes,  2006). In line with this 
view, Bardhi and Eckhardt (2012) drew on a grounded-
theory approach in their study of access-based con-
sumption in car sharing, developing categories through 
iterative comparison across cases. Pellandini-Simányi 
and Barnhart (2024) similarly began their analysis with 
grounded-theory procedures in examining collective ig-
norance and spiraling risk in the Hungarian mortgage 
market, before extending the analysis to related thematic 
analyses. Likewise, Jafari and Goulding  (2013) applied 
a grounded-theory approach in their study of globaliza-
tion, reflexivity, and self-projects, using constant com-
parison, memo writing, and iterative coding to build 
their conceptualization.

While being valuable, grounded theory places heavy 
demands on researchers' limited information-processing 

capacities (Bettman, 1979). It requires holding multiple 
and sometimes competing interpretations in mind, revis-
iting earlier coding decisions, and continuously evaluat-
ing whether new observations refine, qualify, or overturn 
emerging categories. As the volume and heterogeneity of 
qualitative evidence increase, these demands strain re-
searchers' attention and memory capacities (Shiffrin, 1976), 
reflecting fundamental constraints of human cognition 
(Marois & Ivanoff, 2005). A key constraint is therefore not 
the availability or quality of rich qualitative data, but the 
capacity to process, compare, and abstract from such data 
reliably under cognitively taxing conditions.

This constraint also introduces methodological risks 
concerning the reliability and validity of grounded the-
ory building. One challenge is cognitive isolation: word-
by-word coding across voluminous transcripts and 
repeated within-corpus comparison, often by a single re-
searcher or small team, can cause self-reinforcing inter-
pretations or confusion, leading researchers to become 
“lost within the minutia of data” (Allan, 2003). Concepts 
may remain underexposed to competing explanations, 
as traditional, Glaserian, grounded theory approaches 
discourage early literature reviews to avoid “contamina-
tion” (Lynch & Egan, 2013). Consequently, the method-
ology risks drifting toward internal consistency that is 
insufficiently stress-tested.

A second challenge follows from biased perspectives, 
including disciplinary bias, as grounded theory cannot 
fully remove the researcher's background from analysis 
(Lynch & Egan, 2013). For example, researchers trained 
in psychology may be more likely to code in terms of 
cognition, goals, or affect, whereas researchers in socio-
cultural analysis may more readily foreground identity 
work, symbolic boundaries, or consumption practices. 
Such biases are often not conscious and difficult to 
detect during manual analysis, especially because re-
searchers themselves engage in documentation and 
memo writing. This does not render grounded theory 
arbitrary; rather, it highlights that the method is not 
perspective-neutral, and thus it is important to make the 
analysis process transparent and accountable to ensure 
that conceptual claims are supported by the evidence.

We next present GGT, a GenAI-enhanced approach 
for conducting grounded-theory and related qualitative 
analytic procedures. Core grounded-theory procedures, 
such as coding, constant comparison, abstraction, the-
oretical sampling, and saturation, guide analysis and 
ensure that interpretive decisions remain explicit and 
reviewable. In the spirit of constructivist approaches, 
GGT also allows extant theories to inform analysis.

GGT: M ETHODOLOGY A N D 
PROCESS

GGT outlines how GenAI can be used across grounded-
theory analytic steps through a structured, seven-step 
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process. In practice, this involves using widely available 
GenAI systems (e.g., ChatGPT, Claude, DeepSeek) 
via a chatbot interface or an application programming 
interface (API) that provides automated access to the 
model, where researchers provide structured prompts for 
qualitative data analysis.

The seven steps of GGT

Figure 1 presents GGT as a seven-step framework. It fol-
lows the core logic of grounded theory while enabling 
analysis at a greater scale and supporting more efficient 
and systematic comparison beyond unaided manual 
analysis. The outputs of each step serve as the basis for 
the inputs for the next. Although organized into steps, 
GGT is iterative and recursive: researchers may move 
back and forth between structuring, coding, cluster-
ing, abstraction, and integration. In GGT, prompting is 
treated as part of the analytic method because prompt 
formulation determines what the system attends to and 
what becomes available for extraction, comparison, 
and theory development. The framework differentiates 
prompts by the analytic function corresponding to each 
step. Importantly, GGT is not a rigid procedure but a 
flexible set of analytic support system. Researchers may 
choose to use GenAI only for selected steps, depending 
on the research question and analytic needs. Likewise, 

researchers may opt for only using certain procedures 
within each step (i.e., certain prompt components) and 
even combining multiple steps into a single extended 
prompt in some cases.

The goal of Step 1, GenAI-mediated corpus for-
mation, is to assemble the data corpus after defining 
the research question, phenomenon, and scope. While 
qualitative approaches differ in the extent to which 
research questions are determined in advance, GGT 
assumes that an initial research question or focal phe-
nomenon is selected prior to corpus formation to guide 
data collection. Depending on the research focus, 
data sources may include interviews, field notes, ob-
servation records, and/or online sources such as blogs, 
reviews, pictures, or videos. Researchers may also 
provide GenAI with sampling constraints for online 
sources and governance criteria (e.g., documenting 
provenance). Using corpus-curation prompts, GenAI 
helps to identify candidate sources, assess data sources 
(e.g., their quality or relevance), and, where appro-
priate, retrieve or compile them (e.g., when materials 
are publicly available online). GenAI can also clean 
the data and document provenance. In this context, 
GenAI functions as a research assistant supporting 
the systematic identification, retrieval, and organiza-
tion of relevant data sources. Researchers may also 
use GenAI to support data generation, for example, 
by assisting in the design of interview questions and 

F I G U R E  1   GGT process.
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      |  7GENERATIVE GROUNDED THEORY (GGT)

conducting structured or semi-structured interview 
interactions, or, where appropriate, by generating syn-
thetic qualitative inputs such as “digital twins,” that is, 
AI-generated consumer personae designed to simulate 
plausible perspectives or experiences (see Appendix S2 
for a discussion of digital twins and their use in cur-
rent consumer research). The outputs of Step 1 consist 
of the resulting “cleaned” data files and data invento-
ries (e.g., descriptions of the information, data sources, 
and collection methods, and any transformations or 
filtering procedures applied). These outputs then serve 
as inputs for Step 2.

The goal of Step 2, GenAI-facilitated data structur-
ing, is to prepare the corpus for coding in subsequent 
steps. Through data-structuring prompts, researchers 
review and organize data before coding. GenAI helps 
summarize cases individually, describe what is present, 
identify narrative units (e.g., analytically relevant inci-
dents of text or images), note obvious variations in the 
data, and preserve provenance labels. This step results 
in a structured corpus with case and data summaries, 
narrative units and incidents based on the data sources, 
and suggestions of initial analytic cues.

Step 3, algorithmic exploratory coding, consti-
tutes the initial analytic step of GGT's grounded the-
ory development. It generates descriptive codes at the 
excerpt level through constant comparison across ex-
cerpts. Specifically, descriptive coding prompts instruct 
the system to generate close-to-data codes that reflect 
what is explicitly stated or shown, offer more than one 
plausible code when appropriate, and link each code to 
an excerpt identifier and supporting text. The outputs 
can take the form of an evidence-linked coding table 
as well as excerpts considered ambiguous or needing 
further consideration. Researchers may revise, merge, 
split, or remove codes, often by comparing codes across 
cases and incidents, with GenAI support. In traditional 
grounded theory, coding decisions and other analytic is-
sues throughout the process are documented in memos; 
in GGT, they are captured in the GenAI interaction re-
cord, providing a consolidated and traceable audit trail.

Step 4, GenAI-supported conceptual clustering, or-
ganizes descriptive codes into provisional categories 
through comparison across coded excerpts. Pattern-
surfacing prompts ask the system to cluster related codes, 
surface contrasts and points of divergence, and flag non-
fitting cases. Based on the researcher's judgment and 
input, clustering may proceed iteratively and be revised 
as needed. The outputs include provisional categories and 
their descriptive properties (i.e., attributes, working defi-
nitions, and boundaries) as well as documented contrasts 
and non-fitting cases. At this step, the researcher may also 
choose to engage in theoretical sampling by collecting ad-
ditional data to further examine emerging categories.

Step 5, conceptual abstraction and relationship explo-
ration, further develops and refines the categories based 
on the outputs of Step 4. At this step, conceptual dialogic 

prompts generate higher-level abstract and consolidated 
categories, as well as refined comparisons across catego-
ries. Importantly, the GenAI may be prompted to sug-
gest possible relationships among concepts or pathways. 
As noted earlier, grounded theory differs regarding the 
use of external theory (i.e., existing conceptual frame-
works, constructs, or theoretical perspectives from the 
literature). At the researcher's discretion, prompts may 
be used to bring in phenomenon-related extant theory.

Step 6, theoretical coding and integration, consol-
idates the categories and their relationships in a theo-
retical model. Model-building prompts ask the system to 
suggest precise linkages and mechanisms and to map 
each linkage to supporting evidence. In this context, 
GenAI can act as a co-theorist by proposing, refining, 
and linking conceptual relationships within the emerg-
ing model, while the researcher reviews and evaluates 
the GenAI outputs. GenAI may also help generate a 
visual representation of the emerging model. Such con-
ceptual model building, especially regarding theoretical 
linkages, may involve temporal, causal, part-whole, or 
contextual relationships, consistent with axial coding 
in Straussian grounded theory (Corbin & Strauss, 2014). 
The outputs may include a full draft of the theoretical 
model with explicit relationships and potential bound-
ary conditions. The theoretical model and its concepts 
may be related to extant theory if theory-related prompts 
were used as part of the prior and present steps.

Step 7, GenAI-augmented saturation assessment, the 
final step, assesses theoretical completeness and stabil-
ity. Stability-testing prompts are used to evaluate whether 
additional analysis—such as re-running coding and com-
parison with alternative prompts, introducing new or 
extreme cases through theoretical sampling, or systemati-
cally probing contrasts and boundary conditions—yields 
any new concepts, properties, or relationships. This step 
assesses whether the model continues to change because 
of these probes, whether any concepts remain underdevel-
oped or unstable, and what specific kinds of new evidence 
would be required to revise category definitions or pro-
posed linkages. In this context, GenAI acts as an auditor 
by systematically probing the emerging model by testing 
whether alternative analyses or additional data would 
significantly alter its conceptual structure. Outputs en-
compass the final conceptual categories and relationships 
of the grounded-theory model, along with explicit docu-
mentation of the tests conducted to assess saturation and 
remaining uncertainties, such as caveats, boundary condi-
tions, and limitations of the model.

Overall, GGT preserves the core analytic process of 
grounded theory while specifying how GenAI can provide 
analytic support. Step 1 corresponds to phenomenon fram-
ing and the establishment of an initial sampling frame that 
informs later theoretical sampling. Step 2 aligns with data 
preparation and early data engagement without substan-
tive coding. Steps 3 and 4 correspond to initial/open cod-
ing and focused coding through systematic comparison, 
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8  |      SCHMITT et al.

including attention to non-fitting cases. Step 5 captures 
further theory development regarding relationships among 
concepts. Step 6 corresponds to theoretical coding and in-
tegration, where relationships, mechanisms, and boundary 
conditions are specified. Step 7 aligns with theoretical sat-
uration and closure decisions, making explicit the criteria 
used to assess stability and conclude the analysis.

Theoretical sampling and use of extant theory

Along the seven-step GGT process, researchers may use 
theoretical sampling and extant theory for abductive 
theory construction. Theoretical sampling involves col-
lecting new data based on emerging concepts and theory. 
Rather than aiming for representativeness, predefined 
sample size, or specific demographic targets, theoreti-
cal sampling is driven by whether additional data is 
expected to contribute new conceptual insight, help re-
fine categories, explore variation, or qualify developing 
ideas (Glaser & Strauss, 1967). As illustrated on the right 
side of Figure  1, GGT treats theoretical sampling as a 
data-collection process that can be employed at differ-
ent stages of analysis as needed. As provisional catego-
ries emerge, stabilize, and are clustered, researchers can 
explore gaps, unresolved contrasts, or boundary condi-
tions through targeted collection or retrieval of addi-
tional data. GenAI can support theoretical sampling by 
identifying and accessing relevant new data sources. In 
addition, it can be used to generate synthetic qualitative 
inputs (e.g., digital twins) as part of theoretical sampling, 
although such inputs should be treated as supplementary 
and interpreted carefully (see Appendix S2).

Furthermore, extant theory can also be incorpo-
rated within GGT. In classic grounded theory, prior 
theory is treated with caution because premature 
theoretical framing can constrain discovery and lead 
researchers to force data into existing conceptual cat-
egories. Nonetheless, researchers may use prior extant 
theory related to the phenomenon carefully in the later 
stages of the GGT process when provisional categories 
and relationships have already emerged through cod-
ing and clustering. During those steps, extant theory 
related to the phenomenon may be used as an abductive 
resource. It can help sharpen conceptual distinctions, 
clarify underlying mechanisms, evaluate alternative 
explanations, and specify boundary conditions, thus 
contributing to the refinement of the emerging theory. 
In addition, in line with the constructivist approach 
of grounded theory, at the researcher's discretion, 
a broader external theory that is not directly related 
to the phenomenon may be used as an enabling lens 
(Dolbec et al., 2021).

As with other procedures of the seven analytic steps of 
GGT, theoretical sampling and the use of extant theory 
are implemented through prompts. Table 2 shows exam-
ples of prompts that may be used at each step, as well as 

for theoretical sampling and the incorporation of extant 
theory.

Methodological guardrails

GGT also proposes methodological guardrails that specify 
GenAI involvement across the steps. These guardrails 
are implemented through prompt-design criteria that 
structure how GenAI contributes to specific analytic tasks. 
In addition, GGT is grounded in a core epistemological 
position: interpretive authority, theoretical judgment, and 
responsibility for the research process remain fully with 
the researcher. Decisions regarding the research question, 
theoretical relevance, analytic direction, and the evaluation 
of competing explanations are not delegated to GenAI. 
Rather, GenAI produces bounded, task-specific outputs 
that are evaluated and integrated by the researcher.

These guardrails respond directly to concerns raised 
in Blythe et  al.'s  (2025) commentaries on Tomaino 
et  al.'s  (2025) JCP Methods Dialogue paper, particu-
larly regarding the opportunities, risks, and governance 
challenges associated with GenAI in consumer research. 
Whereas Blythe et  al.  (2025) highlight general broad 
field-level recommendations in appropriate GenAI 
use—such as asking, training, and checking systems; 
strategic prompting; and preserving researcher agency 
and ethical standards—GGT outlines operational cri-
teria tailored to inductive theory building. Specifically, 
it defines three criteria for using GenAI throughout the 
analytical process: task-boundedness, explicit evidence 
anchoring, and a comparative orientation, ensuring 
rigor and relevance of the outputs.

First, task-boundedness requires prompts to be tightly 
aligned with clearly specified analytic tasks (e.g., “per-
form descriptive coding of these excerpts” or “identify 
contrasts across cases”) because overly general prompts 
(e.g., “create a theory from these data”) tend to yield ge-
neric summaries that are not usable for grounded theory 
construction (Shah, 2024). This constraint thus ensures 
that GenAI outputs can be mapped onto grounded-
theory specific analytic contributions (e.g., coding, com-
parisons, abstractions, and integration).

Second, evidence anchoring requires that GenAI out-
puts be clearly tied to the empirical materials from which 
they are derived. This criterion enables verification and 
reduces the risk of model hallucination, leaving out rel-
evant evidence, or simply conforming to the prompt's 
framing—a concern analogous to demand characteris-
tics in experimental research (McCambridge et al., 2012). 
Because LLM outputs are sensitive to framing and initial 
inputs (e.g., anchoring effects), systematic reference to 
source material helps to ensure that interpretations are 
grounded in the data (Lou & Sun, 2026).

The implementation of evidence anchoring depends 
on the analytic task. For example, coding and cluster-
ing (Steps 3–4), it involves linking incidents, codes, and 
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      |  9GENERATIVE GROUNDED THEORY (GGT)

categories to excerpt identifiers, that is, specific refer-
ences to particular units of data (e.g., interview ID × 
paragraph number, post ID × timestamp) along with 

supporting data. In theoretical integration (Step 6), it 
requires mapping each proposed linkage to a defined 
group of excerpts that jointly illustrate a relationship, 

TA B L E  2   Examples of prompts.

Step & prompt type Example prompts

1. Corpus curation 
prompts

“Based on [research question], suggest appropriate qualitative data sources I should collect”
“Help me design interview questions to explore: [research question]”
“Generate [number] synthetic interview responses reflecting diverse perspectives on: [research topic] using 
[procedure]”
“Clean, organize, and convert the following raw data into a usable corpus”
“Document the provenance of each data source (origin, type, collection method)”
“Assess the quality and relevance of these sources for the research question”

2. Data-structuring 
prompts

“Summarize each of the following interview excerpts into key points”
“Describe what is present in each case without interpretation”
“Break [insert interview text] into meaningful segments or incidents for analysis”
“Organize [segments or incidents] into a structured table with case identifiers”
“Identify and summarize obvious variations across cases or excerpts in this dataset (e.g., differences in tone, 
content, or context)”
“Transform the content [picture, video] into text. Provide a description of the context of [picture, video]”

3. Descriptive coding 
prompts

“Generate close-to-data codes for the following [data]”
“Provide multiple possible codes for each excerpt”
“Link each code to specific supporting text”
“Compare codes across these cases and identify similarities”
“Refine this list of codes by merging or splitting where appropriate”
“Provide a list of all codes. Identify identical codes”

4. Pattern-surfacing 
prompts

“Group these codes into higher-level coding categories”
“Identify patterns and contrasts across these coding categories”
“Flag any codes that do not fit well into existing categories”
“Propose labels and definitions for each category”
“Suggest alternative ways to cluster these codes”
“Highlight subtle differences between similar codes”

5. Conceptual dialogic 
prompts

“Propose [number of] higher-order concepts based on these categories”
“Suggest relationships between these concepts”
“Generate alternative theoretical interpretations of the conceptualization”
“Indicate what evidence in the data supports or challenges each concept”
“Describe possible processes or sequences reflected in this data”

6. Model-building 
prompts

“Integrate these concepts into a coherent theoretical model”
“Propose underlying relations connecting the concepts in the model”
“Map each proposed relationship to supporting evidence from the data” “Refine the model by clarifying 
concept definitions, boundaries, and linkages”

7. Stability-testing 
prompts

“Assess whether additional data would likely change this model”
“Show the data that each part of the model is based on”
“Identify limitations and weaknesses of the concepts in the proposed model(s)”
“Suggest what types of data would challenge or refine this theory”
“Re-evaluate this model using a [different/specific] interpretive lens”
“Summarize remaining uncertainties of this theory”

Theoretical sampling 
prompts (as needed)

“Which additional [data, participants] should be sampled to test these concepts?”
“Suggest extreme or deviant cases that would help stress-test this model”
“What [contexts, conditions, groups] that are underrepresented could be sampled?”
“What [data] from which [participant samples] would help differentiate between these competing 
interpretations?”
“Propose follow-up interview questions and data that can be collected to deepen these emerging concepts”

Use of extant theory 
prompts (at the 
researcher's discretion)

“Use [broad theory] as an enabling lens during the analysis of the data related to [research question]”
“Identify patterns or relationships using [broad theory] as an enabling lens, while ensuring that categories 
remain grounded in the data”
“Identify relevant theories related to [research question] and summarize their key constructs and proposed 
relationships”
“Evaluate whether the observed patterns are consistent with [theory]. Cite specific data segments that support 
or contradict [theory]”
“Use [theory] to reinterpret the current conceptualization. Specify what changes and what remains unchanged”
“Compare alternative theoretical frameworks ([theory A], [theory B]) and assess which provides a better 
account of the observed patterns”
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10  |      SCHMITT et al.

mechanism, or contrast across cases. In saturation as-
sessment (Step 7), it focuses on specifying what new 
excerpt-level evidence would revise or challenge a cat-
egory or relationship and applying explicit criteria for 
saturation. In theoretical sampling, anchoring includes 
documenting provenance and demonstrating relevance 
before the material is admitted to the corpus and sub-
jected to coding and comparison. Similarly, when 
synthetic inputs (e.g., digital twins) are used, their con-
struction procedures should be made transparent.

Finally, comparative orientation requires that prompts 
generate comparative options rather than a single out-
put. It aligns with the principle of constant comparison 
in grounded theory analysis (Glaser & Strauss,  1967). 
For instance, in Step 2, this can involve identifying vari-
ations across data files. In Steps 3–4, it can take the form 
of generating candidate codes and identifying contrasts 
as well as non-fitting cases. During abstraction (Step 5), 
researchers can use prompts to identify rival interpreta-
tions and specify what evidence would support, revise, 
or disconfirm different alternatives. Finally, in Steps 
6–7, the prompts can be designed to evaluate alternative 
models, specify boundary conditions, and identify con-
ditions that may challenge the model.

In sum, task-boundedness keeps prompts focused on 
specific analytic operations. Evidence anchoring ensures 
that the outputs are tied to data. Comparative orien-
tation requires the consideration of alternatives rather 
than converging prematurely on a single interpretation. 
Beyond these operational guardrails, researchers can 
also determine the level of autonomy granted to GenAI. 
In GGT, GenAI can be used in a more supportive or 
more autonomous manner, ranging from assisting with 
specific analytic operations (e.g., suggesting codes or 
retrieving data) to engaging in structured analytic in-
teraction (e.g., proposing alternative interpretations) or 
even executing multiple analytic steps with limited inter-
vention. The degree of autonomy may vary across steps 
based on analytical needs and the observed quality and 
reliability of GenAI outputs. In all cases, the researcher 
remains responsible for interpreting the outputs and 
making all analytic decisions.

ILLUSTRATING GGT IN PRACTICE

To demonstrate how GGT can be used in consumer re-
search, we present three illustrations. First, we apply 
the seven-step GGT process to conduct a consumer-
psychology research project. Second, we illustrate how 
the theoretical output of GGT changes based on ex-
tant theoretical lenses. Third, we revisit two published 
grounded-theory investigations—Oh and Pham's (2022) 
liberating engagement theory of consumer fun and Sun 
and Pham's (2026) theory of special consumption experi-
ences—to show how GGT can replicate their inductive 

analyses. For all analyses, we used ChatGPT (OpenAI; 
model: GPT-5.2).

Illustrating the seven-step GGT process

The first illustration uses the seven-step GGT process to 
conduct a new qualitative consumer-psychology research 
project on body adornment. Hao and Schmitt  (2026) 
present a general conceptual framework that defines 
various body transformations ranging from exercise 
and fitness procedures to cosmetic interventions and 
cosmetic surgery. The goal of the research presented here 
is to develop a grounded theory on one aspect of body 
transformation—creative decoration or styling of the 
body, including tattoos, piercings, or radical hairstyles. 
The illustration shows how GGT supports inductive 
theory building by integrating GenAI while maintaining 
researcher supervision. A detailed description of the 
illustration is provided in Appendix S3.

Step 1: GenAI-mediated corpus formation

The analysis began with the construction of an initial 
qualitative corpus consisting of two data sources. 
First, we generated 15 digital-twin interviews with 
responses to open-ended questions about current body 
adornment, motivations for body adornment, and the 
relationship between body adornment and identity. 
Second, we gathered a corpus of 180 forum discussions 
(e.g., Reddit and Trustpilot posts) related to individuals' 
body adornment experiences, such as tattoos, piercings, 
and radical hair coloring. GenAI was prompted to 
assess data relevance to the focal phenomenon (body 
adornment) and document data provenance (elicited vs. 
naturally occurring). The key researcher decision was to 
combine digital-twin interviews and forum discussions, 
treating digital twins as a supplementary source rather 
than as a substitute for human-provided data.

Step 2: GenAI-facilitated data structuring

In the second step, GenAI was used to support data 
structuring. Prompts instructed the model to summarize 
each digital-twin interview, structure forum discussions 
into narrative incidents and units (e.g., the accounts of 
getting a piercing to provoke others or getting a full arm 
tattoo to appear more fashionable), and identify obvious 
points of variation (e.g., permanence vs. reversibility, vis-
ibility vs. concealment). The outputs included case-level 
summaries for all digital twins and incident-level sum-
maries of forum discussions. The researcher made two 
critical decisions: retaining narrative units close to par-
ticipants' language and avoiding any early abstraction or 
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      |  11GENERATIVE GROUNDED THEORY (GGT)

theoretical labeling, so that subsequent coding remained 
grounded in the data.

Step 3: Algorithmic exploratory coding

Next, GenAI was instructed to conduct close-to-
data exploratory coding. Prompts asked the model to 
generate descriptive codes tied directly to excerpts and, 
when necessary, to propose multiple plausible codes for 
the same incident. This resulted in a large set of open 
codes (e.g., reclaiming something, expressing inner self, 
feeling resolved, restoring familiarity, adjusting to new 
appearance, feeling more “me,” feeling proud afterward, 
choosing placement for visibility, maintaining controlled 
appearance). More examples are given in Appendix S3. 
The researcher accepted redundancy at this stage and 
refrained from integrating codes prematurely, removing 
only those that were clearly non-descriptive or irrelevant 
to the phenomenon (<12 % across the two datasets).

Step 4: GenAI-supported conceptual clustering

The open codes derived from the previous step were 
then subjected to conceptual clustering. GenAI was 
prompted to cluster related codes, surface contrasts and 
non-fitting cases, and suggest higher-order candidate 
categories. This process yielded three broad categories: 
(1) motivations and identity, (2) feelings, emotions, 
and concerns, and (3) practices and bodily choices. A 
key researcher decision at this stage was to treat these 
categories as provisional, serving as the basis for further 
abstraction and relationships or typologies explorations.

Step 5: Conceptual abstraction  
and relationship exploration

In this step, GenAI was asked to refine and propose 
higher-order concepts as well as conceptual models 
and to specify what codes confirm and disconfirm each 
candidate model. This led to the abstraction of a process 
model linking motivations, practices, and outcomes. 
Specifically, self-body identity misalignment motivates 
bodily intervention, which in turn shapes embodied 
affect and ultimately leads to restored alignment. At this 
stage, the researcher made two decisive analytic choices: 
(1) deciding on a process model that integrates elements of 
two candidate pathways over a typological classification 
of body-adornment motives, and (2) engaging in 
theoretical sampling to assess whether new data would 
support or disconfirm the model. We generated nine 
additional digital-twins interviews based on a screener 
that only focused on those who had altered or managed 
their bodies due to perceived misalignment between their 
body and sense of self. Digital twin participants were 

then given a set of prompts designed to elicit accounts of 
experiences of misalignment, responses related to body 
adornment, and subsequent self-perception.

Step 6: Theoretical coding and integration

The emerging process model was subjected to theoreti-
cal integration here. The extant body-transformation 
theoretical framework by Hao and Schmitt  (2026) was 
introduced abductively to assess the emerging account's 
conceptual compatibility. Rather than replacing the 
grounded model, this extant framework enriched the 
process model identified in the earlier step by goals 
(e.g., decoration, restoration, or rebodying) and choice 
structure (e.g., levels of permanence, expansiveness, and 
invasiveness) of the interventions as potential elements 
shaping how the core process unfolds. The researcher 
deliberately retained parsimony by treating these ele-
ments as refinements of the bodily-intervention stage 
rather than as additional constructs. Importantly, the 
goals and choice structure were verified to be supported 
by the data.

Step 7: GenAI-augmented saturation 
assessment

Finally, GenAI was used in a bounded role to assist 
with saturation assessment. Prompts asked the model 
to evaluate whether additional data would alter the core 
process or introduce new mechanisms, and to specify 
what kinds of evidence would require revising the model. 
These checks indicated stability of the identity-repair 
process across data sources and two rounds of sampling. 
Thus, we conclude that saturation was reached, with 
remaining variation treated as boundary conditions 
rather than gaps in the analysis.

Final grounded theory: Body adornment  
as identity alignment

The final grounded theory conceptualizes body 
adornment as a self-regulation process of identity 
repair. This illustration, therefore, provides an in-
depth theoretical account of one aspect of body 
transformation, namely body adornment. When 
experiencing misalignment between their sense of self 
and their bodily appearance, consumers, as agents in 
control, engage in bodily interventions and make specific 
adornment choices. These interventions generate 
embodied affect (e.g., more positive feelings about one's 
appearance), which functions as the central mechanism 
through which self–body alignment is restored. The 
outcome is a recalibration of how the self is experienced 
in and through the body, which then serves as a new 
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reference point for future body adornment decisions. 
This psychological process is robust across different 
forms of body adornment and indicates that adornment 
is not reducible to mood regulation or impression 
management.

Illustrating alternative theoretical lenses in GGT

The second illustration aims to show how the theoretical 
output of GGT for the same research question varies 
when different theoretical lenses are applied, depending 
on the researcher's own background. To do so, we 
conducted a qualitative study focused on consumers' 
engagement in technology-mediated forms of 
companionship and intimacy (e.g., AI chatbots, game-
based romantic characters). As in the prior illustration, 
the purpose of this illustration was not to advance a 
definitive substantive theory but to demonstrate the role 
of theoretical lenses in GGT analysis.

We first generated a corpus of open-ended interview 
digital twins. Digital twins were prompted to respond 
as individuals who had engaged in such forms of syn-
thetic companionship, using everyday language and 
reflecting on their motivations and experiences. The re-
sulting corpus was treated as primary qualitative data 
for subsequent grounded-theory analysis following the 
GGT framework. We then ran five parallel analyses on 
the same dataset, each analysis providing GenAI with a 
different theoretical lens (or none) and asking it to con-
struct a grounded theory with three concepts. The five 
lens settings were: (1) a no-theory benchmark without 
any guiding theoretical lens, (2) emotion theories in con-
sumer psychology, (3) goal-based consumer psychology, 
(4) identity work in consumer culture research, and (5) 
practice theory in consumer culture research. Across all 
analyses, GenAI was instructed to perform the same an-
alytic tasks (descriptive coding, clustering, abstraction, 
integration, and saturation probing) and received the 
same data; given the lens settings, we expect GenAI to 
engage in “enabled theorizing” (Dolbec et al., 2021).

As Appendix S4 shows, all five GenAI outputs con-
verge on a similar underlying pattern: synthetic intimacy 
offers relationship-like benefits while containing the 
interpersonal costs of human relating. The benchmark 
non-theory condition, Relational Cost Regulation, is 
closest to this core account with its three constructs: low 
social threat, asymmetric reciprocity (responsiveness 
without indebtedness), and cognitive–emotional struc-
ture (including clear signals and a sense of emotional 
progression). Based on conceptual dialogue prompting, 
the results also suggest a common process where reduced 
social threat allows interactions to unfold with limited 
reciprocal obligation, which leads to predictable patterns 
of exchange. These constructs, and the mechanism link-
ing them, provide theoretical insights beyond existing pa-
pers about or related to digital companions that focus on 

digital self-extension, perceived similarity, and loneliness 
(Belk, 2013; De Freitas et al., 2026; Gelbrich et al., 2023).

The four alternative lenses offer different perspectives 
but do not substantially alter the core pattern. The emo-
tional theories lens, Affective Appraisal and Emotion 
Regulation, specifies the underlying affective mechanism 
(benign appraisal and instrumental down-regulation of 
distress), while the goal-based lens, Goal-Compatible 
Affiliation, reframes the same cost containment as en-
abling affiliation that fits competing goals and preserves 
self-regulation. In the CCT context, the identity lens, 
Identity Work, interprets the low-surveillance context as 
a safe space for narrative reconstruction and symbolic 
recognition, whereas the practice theory lens, Relational 
Practice, shifts attention to the routinized, materially 
enabled practices—availability, reduced competence 
demands, and repeated cycles of emotional relief—that 
stabilize synthetic intimacy in everyday life.

In sum, although the five analyses differ in their the-
oretical emphasis framing, they produce distinct yet re-
lated perspectives on the focal phenomenon. Consistent 
with the constructivist view (Charmaz,  2006), this re-
sult illustrates how GGT may generate multiple, data-
anchored grounded theories from the same qualitative 
material. Depending on one's epistemological view, this 
may be viewed as a strength or a limitation. We suggest 
maintaining metatheoretical self-awareness and, prag-
matically, advise conducting subsequent experimental 
testing to further investigate the resulting grounded the-
ories and their concepts and relationships.

Reanalyzing established grounded-theory studies

Using GGT, we reanalyzed two published grounded-
theory studies: Oh and Pham's  (2022) liberating 
engagement theory of consumer fun and Sun 
and Pham's  (2026) theory of special consumption 
experiences. We used the OpenAI API to execute GGT 
analyses across multiple conditions and repeated runs. 
Appendix S5 shows the methodological details.

The prompt structure we used is aligned with GGT's 
analytic process and methodological guardrails. 
Appendix  S5 (Prompt Structure 1a) shows the prompt 
structure for the Oh and Pham (2022) re-analysis. GenAI 
was explicitly instructed to conduct multiple grounded-
theory operations (e.g., descriptive coding, contrast 
identification, abstraction, model linkage, saturation 
probing) in a single analytic execution. However, the re-
searchers specified the research question and the output 
format, matching the structure of Oh and Pham's (2022) 
fun theory to enable better comparison between the 
GGT output and the original theory. As input data, we 
used either the original narratives analyzed in the study 
or digital twins. The digital twins (N = 100) included 
synthetic personae with demographics representative of 
the U.S. population. To generate open-ended responses, 
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      |  13GENERATIVE GROUNDED THEORY (GGT)

digital twins received instructions closely mirroring 
those used in the original studies. As a benchmark con-
dition, we also instructed GenAI to create a theory of 
fun without using the GGT process (see Appendix  S5, 
Prompt Structure 1b). The same process was also ad-
opted for the re-analysis of Sun and Pham's (2026), with 
only the output format adjusted to reflect the original 
theory (three higher-order psychological pillars and four 
to seven sub-concepts for each pillar).

Each condition (GGT with original data, GGT with 
synthetic personae data, no GGT) was run ten times. 
For each run, we computed the cosine similarity (i.e., 
a vector-based measure of similarity between textual 
representations) ranging between 0 (no/low similarity) 
and 1 (perfect/high similarity) between the theory out-
put generated by GenAI and the theory reported in the 
focal article (see Appendix S5, Write-up 1 and Write-up 
2 for the respective original theories). In addition, the 
Appendix  S5 also documents the final theory outputs 
produced by GenAI. Overall, GenAI appears to repli-
cate the focal theories, although component labels some-
times differed, and performance appeared to be stronger 
in the GGT conditions than in the no-GGT conditions.

Figure  2 reports the cosine-similarity results across 
conditions. In the benchmark condition, GenAI—even 
without the grounded-theory prompt structure—still 
generated theories that overlapped with the published 
theoretical accounts. The similarity coefficient was 
62.5% for the Oh and Pham  (2022) theory of fun, and 
59% for the Sun and Pham (2026) theory of special expe-
riences. This suggests that GenAI can, on its own, with 
simple prompts, produce meaningful theories about 
these two consumption phenomena, even without fol-
lowing grounded theory procedures. One possible expla-
nation for the moderate performance of the non-GGT 
benchmark condition could be that the original theories 
of Oh and Pham (2022) and Sun and Pham (2026) align 
with the large-scale data on which GenAI models are 
trained. Thus, unstructured GenAI may be less effective 
in reproducing more novel or counterintuitive grounded 
theories. More importantly, however, structuring the 
analysis using GGT increased similarity. In the Oh and 
Pham  (2022) reanalysis, similarity increased to 81.9% 
when GGT was applied to the original narratives and 
to 83.1% when GGT used synthetic personae. In the Sun 
and Pham (2026) reanalysis, similarity rose to 85.4% with 
the original data and to 78.4% with digital twins.

A closer check of the GenAI process generated in the 
GGT conditions indicates that GenAI performed the 
core analytic processes specified by GGT methodology. 
The process outputs showed a track of open coding, with 
low-level conceptual labels attached to the data; constant 
comparison, as categories were contrasted and refined, 
and became more abstract; and saturation checking, 
reflected in explicit assessments that additional data or 
comparisons no longer yielded substantively new con-
ceptual insights.

Notably, the two re-analyses in this illustration pro-
vide a conservative test of how GGT processes can yield 
coherent theoretical structure, even in the absence of 
human input. Unlike the human-GenAI collaboration 
outlined earlier in the paper and shown in the first two 
illustrations, GenAI here executed the full grounded-
theory procedure as an independent analytic agent 
without stepwise expert human intervention. We expect 
that more active researcher involvement might further 
increase similarities between the GGT theories and the 
original theories. However, such expert intervention was 
not appropriate in the present context, as any researcher 
would bring prior knowledge of the domain and existing 
studies, which could unintentionally steer the analysis 
toward theory-conforming outcomes.

What these illustrations show

These illustrations have three implications. First, 
GGT can support grounded-theory analysis from 
beginning to end while retaining interpretive authority 
and theoretical responsibility with the researcher. 
Second, GGT outcomes are not theory-neutral: 
different theoretical lenses can analyze the same data 
and generate distinct yet related grounded theories. 
Third, GGT re-analyses yield theory outputs that 
more closely match established grounded theories 
than unstructured prompting, underscoring that GGT 
can serve not only to build new theory but also to 
reconstruct and, potentially, audit existing qualitative 
work.

CONCERNS, CRITIQU ES, A N D 
RESPONSES

The use of GenAI in qualitative research has prompted 
a wide range of concerns and critiques across 
epistemological, methodological, and ethical domains. In 
this section, we first review the main sources of resistance 
to GenAI in qualitative research and place them in the 
context of broader debates in the philosophy of science. 
We then outline a governance-based response, reframing 
GenAI not as a substitute for qualitative reasoning but 
as a bounded analytic aid within established inductive 
procedures. Finally, we evaluate GGT against prevailing 
standards in consumer research, showing that GGT 
can enhance rigor, theoretical development, and 
transparency.

Epistemological, methodological, and ethical 
concerns of GenAI

The first set of concerns is epistemological. Critics argue 
that GenAI lacks human embodiment, lived experience, 
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and reflexive intentionality—capacities that are often 
assumed to be essential for qualitative inquiry conceived 
as a mode of Verstehen. For example, Thompson 
et al. (2023) highlights that many consumer phenomena 
are constituted through meaning, experience, and 
interpretation, and thus require close engagement 
between researcher, participant, and phenomenon. In 
line with this view, based on interviews with CCT and 
qualitative experts, Epp and Humphreys  (2025) argue 
that GenAI lacks embodied experience, contextual 
immersion, epistemic grounding, and historical 
situatedness. Quattrociocchi et  al.  (2025) discuss a set 
of “epistemic fault lines” between human and model 
judgment: differences in grounding (world-involving 
perception and social contact vs. text-only inputs), 
parsing (interpretive sense-making vs. token-level 
segmentation), experience (episodic and intuitive models 
vs. learned association), motivation (goal- and stake-
sensitive inquiry vs. optimization without intrinsic aims), 
causal reasoning (intervention-oriented explanation vs. 
correlational regularities), metacognition (monitoring 
uncertainty and withholding judgment vs. compelled 
completion), and value (normative commitment and 
accountability vs. output without intrinsic responsibility).

The second set of concerns is methodological. GenAI 
systems risk producing hallucinated content and smooth-
ing over ambiguity, sometimes generating seemingly 
coherent but unsupported outputs (Lund et  al.,  2023; 
Methnani et  al.,  2023; Omar et  al.,  2025). They may 
also reproduce biases and stereotypes present in train-
ing data, overrepresent dominant perspectives, or omit 
contextually important details (Akter et al., 2021; Arora 
et  al.,  2023; Nguyen & Welch,  2026). These tendencies 
create verification burdens: researchers must assess both 

incorrect outputs (false positives) and missing or omitted 
evidence (false negatives) (Curry et al., 2024; Friedman 
et al., 2025). Additional concerns include limited trans-
parency in output generation and reductionist accounts 
instead of in-depth engagement with primary data.

The third set of concerns is ethical. These include 
issues of data privacy, consent, authorship, and ac-
countability, especially when sensitive qualitative ma-
terials are processed using commercial GenAI systems 
(Andreotta et  al.,  2022; Moulaei et  al.,  2025). Broader 
critiques also point to environmental costs and the polit-
ical economy of AI infrastructures as reasons for caution 
(Wu et  al.,  2022), including the “exploitative, colonial-
ist and extractivist practices in which big AI corpora-
tions engage” (Jowsey et  al.,  2025). Moreover, scholars 
have emphasized that LLMs can introduce and amplify 
biases (e.g., cultural and gender biases) stemming from 
systemic imbalances in their training data (Dahal, 2024; 
Mehta et al., 2025).

These concerns have been expressed forcefully by 
behavioral researchers, particularly those operating 
within interpretive traditions. As noted earlier, 416 
experienced qualitative researchers from 38 countries 
recently signed a manifesto-like open letter rejecting 
GenAI for reflexive thematic analysis and other quali-
tative approaches, citing the aforementioned epistemo-
logical, methodological, and ethical concerns (Jowsey 
et al., 2025). In a detailed rebuttal, Friese (2025) argues 
that the manifesto's categorical rejection of GenAI 
rests on a series of conceptual and methodological mis-
understandings. The author situates GenAI use within 
established views of distributed cognition, arguing 
that reflexive qualitative analysis has long relied on ex-
ternal cognitive support (e.g., memos, visual artifacts, 

F I G U R E  2   Similarities between GenAI-Generated Theories and Theories in Original Studies. Synthetic personae data were collected 
using https://​www.​insig​htable.​ch/​ (N = 100 each). For the data from the paper, the first 100 narratives/data points were used. Prompts were 
executed 10 times per approach using gpt-5.2 via the OpenAI API.
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theoretical lenses) and that AI-generated outputs can 
function similarly when used critically. The response 
further notes that risks of bias are greatest when out-
puts are detached from data but can be mitigated when 
analysis remains explicitly anchored in empirical ma-
terial (e.g., through retrieval-augmented analysis). 
Finally, Friese  (2025) challenges the moral claim that 
abstinence is the only responsible response to the en-
vironmental and labor costs of AI. The author argues 
instead for proportionality, responsible use, and col-
lective regulation, cautioning that categorical rejection 
risks methodological conservatism that limits engage-
ment with emerging analytic tools.

At a broader level, a common thread across these de-
bates is that GenAI is often evaluated through an inher-
ited philosophical lens that sharply separates “scientific 
explanation” (Erklären) from “interpretive understand-
ing” (Verstehen). This opposition was influential in 
earlier philosophy-of-science debates; for example, it 
shaped debates and mobilized opposition against posi-
tivist verificationism and reductionism (Ayer, 1959), or 
falsificationism (Popper, 1959), and later culminated in 
the Chinese Room thought experiment (Searle,  1980). 
However, the arguments from these debates are less 
central in contemporary philosophy of science, which 
increasingly relies on cognitive science and neuro-
science and treats explanation and understanding as 
more continuous and mutually informative than cate-
gorically opposed (Clithero et al., 2024; Pinker, 1997). 
Accordingly, recent work has shifted from strict dual-
isms that separate explanation from understanding and 
instead emphasizes continuity and complementarity. 
For example, Dennett (2017) advances an evolutionary 
account of mind in which cognition and consciousness 
emerge from biological and cultural evolution and gen-
erate meaningful, adaptive behavior without possessing 
intrinsic understanding in a phenomenological or her-
meneutic sense. Thus, the sharp opposition between sci-
entific explanations and human understanding appears 
historically contingent rather than philosophically 
grounded. When applied uncritically, such dichoto-
mies risk becoming ideological by serving a protection-
ist function that preserves inherited methodological 
boundaries rather than enabling open, integrative in-
quiry for knowledge generation.

The critiques of GenAI in qualitative research 
often conflate two separate questions: whether GenAI 
“thinks” like humans and therefore can replace human 
qualitative researchers, and whether GenAI can partic-
ipate in qualitative analysis. Much of the epistemologi-
cal resistance to GenAI implicitly assumes the former, 
whereas GGT is built on the latter premise. Qualitative 
analysis does not require that every analytic operation 
involve lived experience, embodiment, or reflexive inten-
tionality. Grounded theory has long relied on structured 
analytic procedures (e.g., coding, constant comparison, 
theoretical sampling, abstraction, memo writing, and 

saturation) that guide how interpretations are generated 
and assessed, even though the procedures themselves do 
not “understand” meaning. When GenAI is incorpo-
rated within these procedures, its outputs can expand 
the range of analytic alternatives while preserving the 
standards of qualitative inquiry.

In addition, many of the methodological risks asso-
ciated with GenAI, such as hallucination, bias ampli-
fication, premature coherence, and selective omission, 
are not unique to AI. Since the classic work by Tversky 
et al. (1982), decision research has documented numerous 
human biases. Baron (2008) alone documented 53 biases. 
More recent synthesis work shows that these biases also 
shape professional decision-making across management, 
finance, medicine, and law (Berthet, 2022). Qualitative 
researchers are therefore also susceptible to such biases, 
such as the anchoring-and-adjustment effect and the 
confirmation bias (Jain et  al.,  2021; Nickerson,  1998). 
Because analytic decisions are often implicit, such bias 
may not easily be detectable. Under explicit governance, 
GenAI can externalize analytic steps and preserve de-
cision traces, making interpretations more contestable 
rather than less.

Ethical concerns similarly call for governance, for ex-
ample, the development of evolving “living guidelines” 
(Davison et  al.,  2024), rather than exclusion of GenAI 
(Schlagwein & Willcocks, 2023). Issues of privacy, con-
sent, and accountability hinge on how GenAI is used, 
disclosed, and constrained within the research process, 
not on its categorical prohibition. As with other analytic 
tools, ethical responsibility for interpretation and repre-
sentation of GGT remains with the researcher. In sum, 
the central question is not whether GenAI should be 
fully accepted or rejected, but whether its use meets the 
field's shared standards and criteria of evaluation.

Standards for evaluating GenAI-enhanced 
methods in consumer research

In a recent editorial, the editorial team of the Journal 
of Consumer Research (JCR) reaffirmed that the field's 
shared goal is “to improve our scientific understanding 
of consumer behavior” (Urminsky et al., 2025). Similarly, 
JCP emphasizes its commitment to “scientific standards 
and expectations.” JCP states on its website:

JCP is committed to publishing research 
with the highest standards in scholarship 
and scientific practices. In particular, the 
Journal is committed to (a) a high degree 
of transparency in how the research was 
actually conducted, (b) a high degree of 
reproducibility of the reported findings, 
and (c) a strict respect of the ethical re-
search standards set forth by the American 
Psychological Association.
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These statements highlight a longstanding challenge, 
and at the same time a core principle, for consumer re-
search: how research should be evaluated, especially in 
a field characterized by methodological pluralism, in-
cluding qualitative research alongside experimental and 
quantitative works—an issue further complicated by 
the emergence of GenAI. Pham  (2023) and Pham and 
Oh (2021) argue that consumer research should be eval-
uated by how well it advances a set of epistemic criteria. 
These include veridicality (faithful engagement with em-
pirical reality), transparency (clarity about analytic pro-
cedures and decisions), precision (conceptual clarity and 
abstraction), generalizability (the capacity for insights 
to extend beyond a single context), relevance (connec-
tion to meaningful consumer phenomena), and insight 
(the generation of non-obvious understanding). Similar 
to Janiszewski and Van Osselaer  (2022) and Lynch 
et al. (2025), Pham (2013) cautions against overly narrow 
epistemologies, privileging deductive, hypothesis-testing 
approaches at the expense of inductive and phenomenon-
driven theorizing.

Complementing the above criteria, Fischer and 
Guzel  (2023) outline criteria specifically for qualitative 
research that emphasize conversational clarity (clearly 
specifying the theoretical conversation addressed), 
procedural transparency (making data collection and 
analysis visible to ensure trustworthiness and reason-
able conclusions), contextual grounding (linking claims 
closely to rich empirical evidence), conceptual caliber 
(offering insightful, coherent, and plausible theoretical 
contributions), and conceptual transferability (extending 
insights beyond the focal context to relevant settings). 
While recognizing the distinctive features of qualitative 
inquiry, these criteria align with broader epistemic stan-
dards, particularly by emphasizing procedural transpar-
ency and the systematic linking of interpretive claims to 
empirical evidence.

GGT aligns closely with these core evaluative stan-
dards in consumer research. It structures qualitative 
analysis through explicit, step-by-step procedures that 
make analytic decisions visible and open to scrutiny, 
while ensuring clear linkage between coding, catego-
ries, and the underlying data. By doing so, GGT al-
lows for procedural transparency and strong empirical 
anchoring, while also supporting conceptual develop-
ment, comparison, and the articulation of boundary 
conditions. GGT also enables analysis with larger and 
more diverse corpora and facilitates systematic consid-
eration of alternative interpretations, including those 
informed by different theoretical lenses. Finally, GGT 
provides a shared vocabulary and prompting structure 
and makes analytic delegation explicit and traceable. 
In sum, GGT aligns with established standards for 
evaluating consumer research and strengthens rigor, 
transparency, and traceability in qualitative theory 
construction.

FUTURE DIRECTIONS FOR GENA I 
IN QUA LITATIVE A NA LYSIS

From a technical perspective, the current implementation 
of GGT relies on prompting a general-purpose base 
model through a conversational interface. Base model 
here refers to a LLM trained on broad, internet-scale 
corpora (e.g., web text, books, and other publicly 
available sources), without additional task-specific 
training. In this sense, the model acts as a “best-
informed grounded theorist,” drawing on a wide range of 
qualitative research practices as encoded in its training 
data, although the composition and potential biases in 
its training data remain largely unknown. Yet, the scope 
of such training data can be partially inferred from the 
types of large-scale web corpora commonly used in 
model development (e.g., Common Crawl, FineWeb2). 
At this point, most analyses are likely to use such a base 
model via a chat-based interface. However, alternative 
implementations such as API-based workflows (i.e., 
application programming interface allowing automated, 
large-scale processing) may enable greater scalability and 
automation when working with larger or more complex 
datasets. Beyond scalability, such efficiencies may also 
lower the time and cost associated with qualitative 
analysis, thereby reducing barriers to conducting 
resource-intensive qualitative research. This enables 
greater accessibility and broader participation across 
institutions with differing levels of research support, 
particularly where budgetary constraints limit large-
scale qualitative analyses.

Future developments are likely to expand the range 
of possible implementations. One important direction 
is supervised fine-tuning, which trains a base model on 
curated prompt–output pairs defined by the researcher, 
thereby aligning outputs more closely with specific ana-
lytic tasks (Brand et al., 2023; Dong et al., 2024; Prottasha 
et  al.,  2022). In GGT, this could involve training the 
model on examples of high-quality coding schemes, cat-
egory structures, or theory-building steps. Related ap-
proaches include few-shot prompting (providing a small 
number of examples within the prompt to guide output) 
and retrieval-augmented generation (linking the model 
to external documents or datasets during analysis). 
Recent work in machine learning shows that such ap-
proaches can improve task performance and consistency 
by incorporating domain-specific information, thereby 
reducing the risk of hallucination (Lewis et al., 2020; Liu 
et al., 2023). However, these approaches also carry trade-
offs: adaptation (e.g., fine-tuning) embeds biases and as-
sumptions from training and task-specific data, which 
may potentially distort pretrained representations and 
increase dependence on these data sources (Bommasani 
et al., 2021). Accordingly, model configuration should be 
treated as methodological decisions that require trans-
parency and methodological justification.
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Beyond individual prompts, future research may ex-
plore more advanced forms of human–GenAI collabo-
ration, including increasingly integrated and automated 
analytic workflows. Recent studies show that GenAI can 
support multiple stages of qualitative analysis, includ-
ing coding, theme development, and validation, while 
leaving interpretation to human researchers (Nyaaba 
et  al.,  2026; Pueschel et  al.,  2026; Sinha et  al.,  2024). 
Building on this, GenAI could also support systematic 
comparison of alternative interpretations, automated 
checks for consistency, and evidence grounding across 
large corpora.

As GenAI systems become increasingly agentic 
(Bandi et al., 2025; Plaat et al., 2025), with AI serving not 
only as assistant but as agent (Patil et al., 2026), a further 
possibility is that qualitative analyses may shift soon 
toward a more autonomous form. For example, GenAI 
may operate as a principal analytic agent executing mul-
tiple, or even all, analytic steps in a single run. In such 
settings, models can generate grounded-theory struc-
tures, thematic frameworks, or sets of tensions without 
stepwise researcher prompting. The replication studies in 
this paper approximate such an approach, as GenAI was 
tasked with executing multiple analytic steps in a single 
run and produced theory structures that closely aligned 
with those of the original studies. While promising, this 
also raises questions about human researcher oversight, 
process transparency, and appropriate usage. Future 
research is needed to examine when more autonomous 
GenAI-driven analysis enhances insight generation and 
when more interactive, researcher-guided approaches re-
main necessary.

The increasing integration of GenAI into qualitative 
research also introduces risks. One risk is the potential 
for “cognitive surrender,” whereby researchers may over-
rely on AI-generated outputs without sufficient critical 
evaluation (Shaw & Nave, 2026), echoing the broader con-
cerns about the erosion of human autonomy and critical 
thinking in AI-mediated environments (Krook,  2025). 
Mitigating this risk may involve procedural safeguards, 
such as requiring researchers to independently generate 
alternative interpretations, explicitly justify acceptance 
or rejection of AI-generated outputs, or use GenAI in 
auditor-like roles that challenge initial interpretations. 
Additional risks include the amplification of biases 
present in training data, as well as forms of cultural ho-
mogenization that can narrow the range of perspectives 
reflected in AI outputs (Cheong et al., 2025). These risks 
are not unique to GGT but are inherent to the use of 
GenAI more broadly. Addressing them requires contin-
ued reflection on the appropriate division of labor be-
tween human researchers and GenAI systems.

While GGT is explicitly grounded in grounded-theory 
methodology, many qualitative approaches in consumer 
research use similar analytic procedures that share core 
grounded-theory procedures. Across traditions, qualita-
tive analysis often proceeds through iterative engagement 

with data, progressive abstraction, and the development 
of conceptual categories that capture patterns (e.g., 
themes or tensions in CCT research). While the presence 
of such shared procedures does not imply that these ap-
proaches constitute grounded theory, they nonetheless 
incorporate a common set of analytic building blocks 
of grounded-theory operations. GGT can therefore be 
understood not only as a GenAI-enhanced method for 
conducting grounded theory but as a structured, modu-
lar framework that operationalizes a set of widely used 
qualitative procedures. GGT components and proce-
dures, particularly prompt structures, can therefore be 
adapted and integrated into other qualitative analyses. 
Consequently, qualitative researchers should utilize se-
lected components of GGT as needed or develop related 
GenAI-enhanced approaches, extending the benefits of 
structured and transparent analysis beyond grounded 
theory.

In sum, GGT points to broader opportunities for 
GenAI-enhanced methods across qualitative traditions, 
whether grounded theory, phenomenology, hermeneu-
tics, or other forms of qualitative analysis. These develop-
ments are consistent with emerging work on increasingly 
autonomous, closed-loop research systems in marketing, 
in which generative AI iteratively supports hypothesis 
generation, testing, and refinement (Hermann, 2025).

CONCLUSION

This paper introduces GGT as an AI-enhanced method 
for inductive theory building in consumer research. 
GGT specifies how GenAI can be incorporated 
into grounded-theory analysis while preserving the 
interpretive standards of this inductive qualitative 
method. Rather than being purely a technical aid, GGT 
contributes bounded analytic inputs, while researchers 
retain responsibility for theoretical evaluation. By 
anchoring GenAI use in grounded theory's established 
procedures—coding, constant comparison, abstraction, 
theoretical sampling, and saturation—GGT shows 
how grounded theory can be conducted efficiently, 
comprehensively, and transparently. It is particularly 
useful in settings where researchers must engage with 
complex, heterogeneous, and multimodal qualitative 
materials. More generally, GGT advances the core 
scientific values of transparency, reproducibility, and 
accountability.

In introducing a recent JCR special section on AI, 
Schmitt (2025) poses a deliberately provocative question: 
“Are we the last generation of human consumer research-
ers?” Rather than treating this as a dystopian prediction of 
human displacement, the question invites reflection more 
generally on how GenAI should be used in consumer re-
search, to what degree, and with how much autonomy. 
GGT speaks directly to this challenge for grounded the-
ory and qualitative research that uses its procedures by 
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offering a structured approach to integrating GenAI into 
analysis while maintaining researcher responsibility for 
interpretation and theory development.

To conclude, qualitative research has much to gain 
from thoughtful engagement with language-based ana-
lytic tools such as GenAI. Rather than merely accommo-
dating GenAI within existing research practices, GGT 
shows how inductive theory building and qualitative in-
quiry can be strengthened using GenAI tools.
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