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Abstract

Analyzing texts such as open-ended responses, headlines, or social media posts is a time- and labor-intensive process highly
susceptible to bias. However, large language models (LLMs) are promising tools for text analysis, using either a predefined
(top-down) or a data-driven (bottom-up) taxonomy, without sacrificing quality. Here, we present a step-by-step tutorial to
efficiently develop, test, and apply taxonomies for analyzing unstructured data through an iterative and collaborative process
between researchers and an LLM. Using personal goals provided by participants as an example, we demonstrate how we used
this method to write prompts to review datasets and generate a taxonomy of life domains, evaluate and refine the taxonomy
through prompt and direct modifications, and apply the taxonomy to categorize an entire dataset with high intercoder reli-
ability, while achieving high levels of human-LLM intercoder agreement, reducing analysis time by approximately 87.5%.
This test offers a proof of concept, suggesting that with the right procedures LLMs can be used to generate reliable bottom-up
categorizations. We discuss the possibilities and limitations of using LLMs for text analysis.
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Psychology is no exception. LLMs are increasingly
applied in various tasks within psychological practice
and research (Demszky et al., 2023). In terms of clini-
cal applications (Carlbring et al., 2023), LLMs have been
used to estimate suicide risk in patients (Lee et al., 2024;
Levkovich & Elyoseph, 2023), to generate empathic
responses that outperform human experts (Ovsyannikova
et al., 2025), and to identify and treat cases of depression
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(Bertacchini et al., 2023). In terms of research applica-
tions, LLMs have been used to translate surveys (Kunst &
Bierwiaczonek, 2023), generate items to assess cognitive
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et al., 2023; Lee et al., 2023; Hernandez & Nie, 2023), and
score tasks to evaluate abilities such as creativity (DiS-
tefano et al., 2024) or divergent thinking (Dumas et al.,
2024). Some studies have even explored the use of LLMs
in conducting psychological research, such as proposing
hypotheses (Banker et al., 2024; Hermida-Carrillo et al.,
2024), executing experiments with simulated agents (Park
et al., 2024), writing papers (Lockwood & Castleberry,
2024), and evaluating abstracts as peer reviewers (Shcher-
biak et al., 2024).

One of the applications of LLMs in psychological and
social science research is automated text analysis for the
purposes of qualitative research (for a review, see Smirnov,
2024). Although unstructured data, such as social media
posts, news headlines, or open-ended responses, can pro-
vide valuable insights for social scientists, analyzing such
data can be challenging due to the significant time and effort
required to train coders to code, score, categorize, and clas-
sify the data (Iliev et al., 2015). Manual analysis, such as
grounded theory coding or thematic analysis, requires exten-
sive close reading and is limited by human cognitive con-
straints. The labor-intensive nature of this work typically
forces researchers to limit either the number of participants
or the number of responses collected, constraining the
scale and scope of qualitative investigations. Additionally,
researchers engaged in these tasks may also display biases,
prejudices, or fatigue, which can compromise the quality of
results (Campbell et al., 2013; Hruschka et al., 2004).

At the same time, simple natural language processing
(NLP) methods like word frequency analysis and diction-
ary-based approaches, which simplify qualitative analysis by
counting the frequencies of specific terms, have limitations
that may impact the analysis. For example, their depend-
ence on a specific dataset of words may lead to the incorrect
identification of key concepts due to contextual nuances,
sarcasm, or homonyms (false positives). These automated
analyses are also known to have problems recognizing con-
ceptual allusions without explicit keywords (false negatives;
Cook & Jensen, 2019; Iliev et al., 2015; Eichstaedt et al.,
2021). LLMs have the potential to overcome these chal-
lenges and facilitate more efficient and accurate qualitative
data analysis.

Several recent studies have explored the performance of
LLMs in categorizing unstructured data, including open-
ended responses (Prinzing et al., 2024; Mellon et al., 2024,
Santana-Monagas et al., 2024), tweets, news headlines
(Rathje et al., 2024; Gilardi et al., 2023), vignettes (Levko-
vich & Elyoseph, 2023), and academic papers (Patra et al.,
2023). These studies have revealed promising results, with
LLMs outperforming supervised learning methods (machine
learning techniques trained on labeled data to learn the rela-
tionship between inputs and outputs) and achieving accuracy
levels comparable to those of human coders.
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More significantly, LLMs are promising tools for devel-
oping taxonomies to classify unstructured information
(Moraes et al., 2024). By taxonomy we mean a structured
and methodical system for classifying complex phenomena
along one or more conceptual dimensions. Researchers com-
monly develop taxonomies to classify different observations
into a set of categories that shed light on their nature, causes,
and implications, thus reducing the complexity of phenom-
ena and facilitating analysis to better understand them (Brad-
ley et al., 2007). Even though researchers often define tax-
onomies ex ante based on a set of theoretical considerations,
conceptual dimensions, and purpose of the study (i.e., using
a top-down approach), data-driven approaches in which
categories are formed in a bottom-up manner based on the
data to guide text analysis might be a preferable approach
when theoretical considerations are too abstract or subject
to controversies, when conceptual dimensions are poorly
understood, or when the purposes of study are compatible
with multiple alternative categorization schemes (Eichstaedt
et al., 2021). For example, researchers studying personal
goals might begin with an established top-down taxonomy—
such as the intrinsic versus extrinsic goal distinction—but
find that many real-world goals do not fit cleanly into those
categories. A bottom-up approach, informed by participants’
own language and priorities, can supplement and refine the
initial framework to better reflect the structure of the data
and the social reality it captures.

Compared to manual and NLP methods, a collabora-
tive and iterative LLM approach offers several advantages
(Table 1). Analyzing text through an iterative collaboration
with LLMs enables the processing of large amounts of infor-
mation with an optimal level of contextual understanding,
consistency, and flexibility, while requiring minimal human
effort and time. Although it may not be the indicated option
in all cases (for example, if a researcher aims to develop an
original theory based on data analysis, grounded theory may
be more appropriate), it is nonetheless a valuable alternative
for many research tasks.

To support this growing interest and showcase the pos-
sibility of automating text analysis for social research, we
propose a step-by-step tutorial for developing, testing, and
applying taxonomies. In order to automate taxonomy con-
struction (partially or fully) with the help of LLMs, it is
necessary to break down taxonomy construction into clear
steps with appropriate instructions for each. To this end,
we provide an eight-step guide (see Fig. 1), accompanied
by materials, to formulate, test, and use a taxonomy to
analyze open-ended responses. This process combines the
iterative and collaborative efforts of humans and LLMs,
with researchers responsible for defining research goals,
designing prompts, monitoring outputs, and making deci-
sions, while the LLM handles the more mechanical and
time- and attention-intensive tasks. Although the tutorial
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Table 1 Comparison between approaches for text analysis

Feature Manual grounded theory/thematic Traditional NLP methods LLM-assisted approach
analysis
Scale capability Limited (dozens to hundreds of units) High (thousands to millions) High (thousands to millions)

Contextual understanding  High (human comprehension)

Resource requirements

Development time Weeks to months
Classification consistency
Flexibility

Theory development

Variable (dependent on coder)
High (easily adjusted by humans)
Strong (primary purpose)

High human effort, low computational Low human effort, medium compu-
tational

Days to weeks (with expertise)
High (algorithmic)

Low (requires reprogramming)
Weak (primarily descriptive)

Low-medium (depends on algorithm) High (contextual models)

Medium human effort, high com-
putational

Days (with proper prompting)

High (with proper testing)

High (adjusted through prompts)

Medium (requires human interpre-
tation)

No

4. Revise and adjust

|
the initial prompt

| S

( \ 1. Write the initial 2. Generate the 3. Evaluate the
—
{ Start /,—" prompt taxonomy taxonomy satisfactory?

At least two (human or
antificial) evaluators

Use the Python code for
generating the taxonomy.

Can the taxonomy be
fixed with minor tweaks?

Is the taxonomy fully

5. Adjust the taxonomy

Is the taxonomy clear
and comprehensive
enough?

6. Test the taxonomy

7. Make additional
‘Adjustments (if
‘ necessary)
Avold to mention (
hypotheses o research

Run classification 5 times
with LLMs

classification rules.

Fig. 1 Flowchart for developing, testing, and using taxonomies with LLMs or humans

is designed specifically for GPT-4.0, the steps and recom-
mendations can be applied to any of the widely known
LLMs. Since each step’s instructions are designed to be
readable by both humans and LLMs, they could be applied
even to the design of taxonomies without artificial intel-
ligence (AI) tools. To illustrate the steps of the tutorial,
we use as an example a dataset of personal goals provided
by participants in a series of studies on goal pursuit and
socioeconomic status carried out in Colombia during
2024-2025.

First, we describe the open-ended response data that will
be used to illustrate the steps of the tutorial. Then, we detail
the eight steps of taxonomy building, offering definitions,
warnings, recommendations, examples, and materials. We
then reflect on the scope and limitations of LLM-generated
taxonomies. Finally, we conclude by discussing future pos-
sibilities, potential challenges, and ethical considerations of

using LLMs in research. All materials mentioned in this
tutorial can be accessed here: https://osf.io/ahwsv/overview

Research example context

To illustrate the process of developing, testing, and apply-
ing a taxonomy to analyze text with the assistance of LLMs,
we use data from our studies on personal goals. In these
studies, we sought to examine the relationship between
socioeconomic status (SES) and personal goal achievement.
Specifically, we aim to identify what factors explain why
individuals from lower socioeconomic backgrounds experi-
ence greater difficulties accomplishing their goals. Previous
findings in the literature suggest that lower-SES individuals
are more likely to engage in counterproductive behaviors
that undermine their chances of personal goal achievement
(Shurtleff 2009; Banerjee & Duflo 2007; Skiba & Tobacman
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2008; Blalock et al. 2007; Haisley et al. 2008; World Health
Organization, 2011). Several theories have explained this
tendency by referencing a culture of poverty (Lewis, 1966),
deficient human capital (Lusardi & Mitchell, 2014), tunnel
thinking focused on scarce goods (Mullainathan & Shafir,
2013; Mani et al., 2013), the effects of stress and negative
affect (Haushofer & Fehr, 2014), low levels of aspirations
(Dalton et al., 2016), and a rational response to a current or
anticipated lack of financial resources (Hilbert et al., 2022).
However, we argued for a perspective that emphasizes the
epistemic effects of poverty, where adverse conditions of
scarcity themselves serve as evidence that justifies engaging
in future-discounting behaviors.

To test the different possible explanations, we conducted
four studies—two cross-sectional and two longitudinal—in
which we asked 1,759 participants to report one or more
personal goals they expected to achieve in the coming
months, along with additional information about them
including questions regarding participants’ perceptions
of ambition, self-efficacy, response efficacy, and locus of
control about the goals, the plans designed to achieve them,
and open-ended questions regarding general information
about the goals. Additionally, in the longitudinal studies,
we asked participants about different conflicts they experi-
enced as they pursued their goals as well as their perceived
progress. In total, we collected 3,183 goals from individu-
als across a range of socioeconomic levels. We aimed to
explore the relationship between SES and different goal-
related variables such as progress, self-efficacy, and locus
of control.

One factor that may explain or mediate differences in goal
achievement across SES groups is the type of goals indi-
viduals pursue. If individuals from lower SES backgrounds
disproportionately pursue widely different goal types, we
might attribute differences in goal attainment to differences
in goal type. Although a well-known taxonomy of personal
aspirations and goals exists (Kasser & Ryan, 1993, 1996,
2001; Grouzet et al., 2005), this taxonomy was developed
top-down by researchers and may not be applicable to the
study’s dataset. For example, it lacks a category for personal
aspirations related to education and gaining knowledge—
a recurrent goal in our study—but includes a category on
hedonism that is heavily focused on sexual pleasure—a type
of goal that no participant in our study reported. In response
to these limitations, we aimed to develop a taxonomy of per-
sonal goals that reflects our study participants' actual aspi-
rations, is constructed through a bottom-up approach, and
meets the specific requirements of our research objectives.

However, the large number of personal goals collected
posed a significant challenge. Limited temporal and cog-
nitive resources, combined with the risk of overlooking
important nuances, could affect the taxonomy’s structure
and accuracy. Although we could have used a random subset
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of goals to develop the taxonomy, doing so risked omitting
critical examples necessary to define relevant categories.
Considering these challenges, we explored the use of LLMs
to support the development of a taxonomy of personal goals
capable of identifying the types of goals pursued by indi-
viduals across different socioeconomic groups.

Step-by-step tutorial

Our eight-step taxonomy development, test, and application
procedure is illustrated in the flowchart in Fig. 1. The pro-
cedure includes:

(1) Creating the initial taxonomy-generation prompt;

(2) Generating the taxonomys;

(3) Evaluating it;

(4) Editing the prompt (if necessary);

(5) Adjusting the taxonomy;

(6) Testing the taxonomy;

(7) Assessing disagreements and adjusting (if necessary);
and

(8) Applying the rubric to the dataset.

Each of the eight steps can be followed by human or
LLM-based coders and can be used with any LLM. We will
present examples of these steps from our research on per-
sonal goals.

Step 1. Write an initial prompt

Regardless of whether the taxonomy will be developed by
an artificial or a human agent, the first step is to write a clear
and complete prompt that clearly states the key informa-
tion relevant to building the taxonomy. The initial prompt
must be clear, specific and concise while including four key
aspects: context, role, task, and expected output.

Context First, researchers must specify the context of the
request, including information about the research question
the taxonomy is meant to help answer, any hypotheses to
be tested through the classification (if any have been identi-
fied), and the definitions of concepts necessary to develop a
taxonomy. Countless taxonomies can be formulated based
on the same dataset, so contextual information about the spe-
cific research project is crucial to develop a useful taxonomy
that avoids the inclusion of irrelevant categories.

It is also important to mention details about the charac-
teristics of the data that will serve to develop the taxonomy:
the sources of information, which question or stimuli the
responders answered, and what kind of responses were
expected. In studies with open-ended questions, irrelevant,
short, and absurd responses are not uncommon. Therefore,
general information about the data to analyze is key to
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helping coders identify which responses are rich, relevant
inputs and which are irrelevant and may be safely ignored.

Role Second, researchers must specify the role the coder will
perform. In this case, it can be described as an assistant of a
team of social researchers, collaborating on the development of
categories to analyze qualitative data drawn from interviews,
open-ended responses, or field notes. Providing role informa-
tion gives coders (particularly LLMs) additional contextual
information about the request and the expected output, improv-
ing the quality and relevance of the resulting taxonomy.

Task Third, researchers must clearly define the task the LLMs
are expected to carry out. The task description should be as
specific as possible, as an ambiguous command is unlikely
to generate responses that satisfy the researchers' needs. This
description should include the characteristics, conditions,
and requirements that the taxonomy must meet. For exam-
ple, depending on researchers' goal, it should specify whether
the taxonomy should be hierarchical (with different levels of
abstraction and some categories subsumed under others) or
flat (with all categories with the same level of abstraction
and no overlap), whether overlapping between categories are
allowed, how exhaustive the taxonomy should be, and the
desired number of categories (if there is one). Researchers
may also provide additional elements, such as step-by-step
instructions or examples of a well-constructed taxonomy.

Expected output Finally, the prompt should specify the
expected output, both in terms of format and content. Since
the resulting taxonomy will be included in subsequent
prompts for LLM-based or human coders, it is advisable to
request that categories be something akin to a bullet point
list, each with an identifying label, a brief but precise defini-
tion, and one or more examples taken directly from the data-
set. This will allow researchers to understand and evaluate
taxonomy. However, the expected output may take a different
format and include different information depending on the
researcher's interests.

Since developing these instructions is ultimately an exer-
cise in prompt engineering, it is worth keeping in mind that
prompt engineering is a new and rapidly developing field'.
The study of interactions with Al is only just beginning, so
advances and improvements in best practices are likely to
continue emerging. Further best practices can be found in
the official prompt engineering guide by OpenAl, Claude,
or the Prompt Enginery Guide. Box 1 contains a sample
prompt, which we used to generate our taxonomies for the

' A search in Scopus with the "prompt engineering" term revealed
that 27 works were published in 2022, 346 in 2023, and 1,376 in
2024.

personal goals dataset, and the supplemental materials
include a prompt template.

Box 1 Initial prompt

Context

We are studying the relationship between socioeconomic status and
the achievement of personal goals. We define personal goals as the
outcomes a person aims to achieve, guided by their needs, interests,
values, and aspirations.

Previous studies have shown that people with fewer economic
resources face greater difficulties in making progress toward their
goals. Our objective is to explore which variables might explain
why this happens.

To address this, we conducted a longitudinal study in which partici-
pants from different socioeconomic backgrounds described their
personal goals. Some time later, we evaluated the progress they had
made toward these goals.

One possible explanation for the differences in progress may be
related to the types of goals each group pursues. Therefore, we need
to classify the reported goals to identify the kinds of goals people in
our study are pursuing.

Each participant provided:

e A basic description of their goal (what they want to achieve).

o Additional information (why the goal is important, how long they
have been pursuing it, and how they feel about it).

Role

You are an Al assistant helping an expert in social psychology who
is studying the relationship between socioeconomic status and the
pursuit of personal goals.

Task description

Review all the goals provided by the participants and build a taxon-
omy that classifies the personal goals according to the life domains
to which the goals belong.

The taxonomy must meet the following criteria:

o Clarity and distinction: Create clear and well-differentiated catego-
ries. Avoid redundancies or categories that are too similar.

e Grouping of equivalents: If you identify goals that are essentially
the same (for example, “Improve physical health” and “Take care of
my physical condition”), group them under a single category.

e Relevance: Do not include irrelevant categories. If you find mean-
ingless or nonsensical responses, assign them to a category called
“Not applicable” instead of creating a new category.

e Conceptual independence: Do not rely on existing taxonomies as
references. Build the classification solely based on the information
provided in the participants' goals.

Output format:

Present each category of the taxonomy as a bullet point, and for each
category include:

e A clear and descriptive name.

o A brief definition of the category.

e Two concrete examples taken directly from the provided goals.

Step 2. Generate the taxonomy

Once the prompt has been written, it can be given to coders—
human or artificial—along with the dataset to develop the tax-
onomy. In terms of providing information to an LLM-based
coder, this tutorial is tailored to GPT-4.0, though researchers

@ Springer
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can also test it with other models. Given the potentially large
size of the data, ChatGPT may reject the request, so research-
ers must obtain an API key from the OpenAl platform and
submit the request through Python. The supplementary mate-
rials include a commented Python code in Colab that can be
copied and adapted to different research goals.

The initial prompt must be provided along with an input
data file that contains only the necessary information in as
simple a format as possible and fully anonymized. Although
LLMs can process large and broad datasets, they remain
fallible, and complex input requests may increase the likeli-
hood of hallucinations and other errors (Zhang et al., 2025;
Smirnov, 2024). Additionally, as we argue in the Discussion,
LLM:s are not free of biases. Therefore, including irrelevant
or unnecessary information in the input can lead to biased
outputs. In our example, we provided GPT-4.0 with a data
frame containing two columns’: one with participant IDs
and another with the full text used for category creation—
basic goal descriptions and additional goal information (see
the dataframe in the Supplemental Material). For example:

Basic description: “Lose 3 kilograms of weight”.
Additional information: “It is important because
although I am aware that I have a healthy weight, my
weight has normally been my current weight minus 3
kg. At my age, I wouldn't want this increase to cause
disadvantages in managing my health. I have been
wanting to achieve this for 5 months. I feel that I am
capable of reaching it.”

For analyses requiring the processing of more complex
information chains, a strategy to simplify the input without
losing the richness of the context of the information is to
create a single character string that integrates all pieces of
data into a coherent account. For instance, in another study,
we developed a taxonomy to classify self-control strategies.
We utilized data including participant IDs, personal goals,
conflicts encountered in pursuing those goals, and the strat-
egies employed to manage them. Rather than supplying a
four-column dataset, we crafted narratives that integrated all
relevant information into single character strings:

The person R_3CyFBsUrVKge2BS has the goal of
“Passing an exam”. Recently, they reported that when
they had an opportunity to move toward this goal,
they faced a temptation conflict. At that moment, they
needed “To study for the exam” but “they felt like

2 Although the examples are presented in English to make them more
generally accessible, the goal database was originally collected in
Spanish—the participants’ native language—and was analyzed in its
original form. Prompts and taxonomy were also in Spanish. As shown
later in Step 6, GPT-4.0 demonstrated excellent performance in pro-
cessing the data in Spanish, including an accurate understanding of
idiomatic expressions.
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watching TV”. To overcome this, they implemented
the following strategy: “Moving to another room to
avoid getting distracted by the TV”.

After processing the 3,183 personal goals in our dataset,
GPT-4.0 proposed an 11-category taxonomy. Box 2 shows
the resulting taxonomy obtained in this step, along with a
definition and a couple of examples per each category.

Box 2 Resulting taxonomy

Language Learning: Goals related to acquiring proficiency in a new
language for personal, professional, or travel purposes (e.g., Learn
English to travel to another country and interact without problems;
Learn Portuguese to maintain cognitive skills and for personal and
professional development).

Education and Learning: Goals related to completing educational
programs, acquiring new knowledge, or learning new skills (e.g.,
Finish my university studies because it is the career I chose and
have always liked; Learn English to communicate my products to
my audience and for job opportunities).

Financial Stability and Independence: Goals focused on achieving
financial security, independence, or improving economic conditions
(e.g., Achieve financial stability to live more freely without worry-
ing about money; Get out of debt to improve my economy and gain
financial freedom).

Career and Professional Development: Goals related to advancing in
one's career, acquiring new skills, or achieving professional recog-
nition (e.g., Change jobs to experience new challenges and grow
professionally; Graduate as a professional to have greater opportu-
nities in the job market).

Entrepreneurship and Business: Goals related to starting, growing, or
managing a business for personal or financial reasons (e.g., Start my
own business to provide more peace and well-being to my family;
Consolidate my company as a personal achievement).

Health and Well-being: Goals aimed at improving physical health,
mental health, or overall well-being (e.g., Lose weight for health
reasons and to feel strong for myself and my daughters; Exercise
more to improve health and physical appearance).

Family and Relationships: Goals centered around improving family
life, relationships, or supporting family members (e.g., Improve
relationship with my son to maintain harmony and trust; Spend
more quality time with my partner).

Travel and Exploration: Goals involving traveling to new places for lei-
sure, cultural experiences, or personal fulfillment (e.g., Travel to Japan
to learn about a new culture and see the world beyond my area; Travel
around the world to achieve a higher status in my professional life).

Housing and Living Environment: Goals focused on acquiring,
improving, or changing one's living situation (e.g., Buy a house to
ensure stability and provide a home for my family; Move to a new
apartment to reduce expenses and save for a planned trip).

Personal Development and Fulfillment: Goals aimed at personal
growth, self-improvement, or achieving a sense of fulfillment (e.g.,
To be a better person every day to feel happy and improve daily;
Stop procrastinating to engage in activities that help me grow per-
sonally and professionally).

Not Applicable: Responses that are meaningless, nonsensical, or do
not fit into any relevant category (e.g., Develop telepathy through
meditation and practice; None, I don't have to give opinions about
my goals).
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Step 3. Evaluate the taxonomy

Once the coders have proposed a taxonomy, agents (human
and LLM-based) must play the role of evaluators to assess
whether the taxonomy is good enough for research purposes.
For the evaluation process, we used a taxonomy assessment
rubric, consisting of a checklist and a qualitative component.
Box 3 presents the prompt used to ask GPT-4.0 to evaluate
the taxonomy, which can also be used as the instructions for
human researchers in charge of this task. In the checklist
component, evaluators assess the taxonomy based on the
following criteria:

e Relevance: The taxonomy effectively aids in understand-
ing the phenomenon of interest by classifying items in
a way that is useful for answering the project’s research
questions. Its criteria speak to the hypotheses to be tested
(if any have been mentioned).

e Mutual exclusivity: The proposed categories at the same
level are conceptually distinct, capturing different dimen-
sions or aspects of the data without significant overlap
between them.

e Similar abstraction level: All categories are at the same
level of abstraction, meaning that none can reasonably be
interpreted as a subcategory of another.

e Parsimony: The taxonomy does not include too many
categories. If categories are deleted, important nuance
or question-relevant information is likely to be lost. The
taxonomy avoids nested subcategories where a simpler
flat structure is likely to suffice.

These four criteria seek to form a logically coherent and
largely sufficient framework for evaluating taxonomies at the
pre-classification stage because they address complemen-
tary dimensions of taxonomic quality. Relevance ensures the
taxonomy serves its intended purpose. Mutual exclusivity
and Similar abstraction level together establish the logical
structure necessary for consistent classification, with the
former ensuring horizontal distinction between categories
and the latter ensuring vertical integrity across levels. Par-
simony acts as a regulating principle, preventing excessive
complexity that would undermine both conceptual clarity
and practical utility. These criteria aim at balancing theoreti-
cal concerns (logical coherence, conceptual distinctiveness)
with practical considerations (fitness for purpose, usability)
while focusing exclusively on the structural properties of the
taxonomy itself—precisely what can and should be evalu-
ated before application to actual data. However, depending
on the purpose of the taxonomy, researchers may employ a
different set of criteria.

Taxonomies can be evaluated using a checklist format,
providing a 1 if the taxonomy meets the criteria or a zero if

not, along with a brief justification of the response. Addi-

tionally, evaluators can conduct a qualitative assessment

by identifying the most notable weaknesses of the tax-

onomy and providing recommendations on how to address

them. Box 3 shows a prompt to request the evaluators

(human or LLM-based) to evaluate the resulting taxonomy.
Box 3 Instructions for taxonomy evaluation

Context

We are studying the relationship between socioeconomic status and
the achievement of personal goals. We define personal goals as the
outcomes a person aims to achieve, guided by their needs, interests,
values, and aspirations.

Previous studies have shown that people with fewer economic
resources face greater difficulties in making progress toward their
goals. Our objective is to explore which variables might explain
why this happens.

To address this, we conducted a longitudinal study in which partici-
pants from different socioeconomic backgrounds described their
personal goals. Some time later, we evaluated the progress they had
made toward these goals.

One possible explanation for the differences in progress may be
related to the types of goals each group pursues. Therefore, we need
to classify the reported goals to identify the kinds of goals people in
our study are pursuing.

Each participant provided:

e A basic description of their goal (what they want to achieve).

e Additional information (why the goal is important, how long they
have been pursuing it, and how they feel about it).

Based on a dataset with all those personal goals, a research assistant
developed a taxonomy.

Role

You are a researcher in social psychology who is contributing to a
project studying the relationship between socioeconomic status and
the pursuit of personal goals.

Task Description

Review the attached taxonomy and evaluate whether it meets the fol-
lowing criteria:

o Relevance: The taxonomy effectively contributes to understanding
the participants’ personal goals by classifying observations.

e Mutual exclusivity: The proposed categories at the same hierarchi-
cal level are conceptually distinct, capturing different dimensions or
aspects of the data without significant overlap.

o Similar abstraction level: All categories should be at the same level
of abstraction, meaning none should reasonably be interpreted as a
subcategory of another.

e Parsimony: The taxonomy does include a sufficient number of cat-
egories so that if any categories were removed, important nuances
or information relevant to the research questions would likely be
lost, but avoids unnecessary subcategories when a simpler flat
structure would suffice.

In addition to these ratings, provide comments on the following:
e Most notable weaknesses of the taxonomy.

e Recommendations for addressing these weaknesses.

Output Format
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For each criterion, provide a binary response (1 for “Meets the crite-
rion”, 0 for “Does not meet the criterion”), along with a brief justi-
fication of your response. Additionally, provide separate responses
for the two qualitative points:

e Weaknesses: What are the most important limitations that this
taxonomy has and that prevent it from satisfying the evaluation
criteria?

e Recommendations: What are the crucial modifications that could
be made to the taxonomy to allow it to better satisfy the evaluation
criteria? The recommendations should be as few and as simple as
possible.

We recommend that three independent evaluators—
human or artificial—review the taxonomy and provide their
assessments and comments. The main researcher can define
the precise human—LLM ratio by balancing considerations
including staff availability, time constraints, and attitudes
toward LLM-related risks. Then, the main researcher must
review the evaluations and decide whether the taxonomy is
fully satisfactory and requires no additional adjustments and
can be tested (Step 6), whether it can be fixed with minor
tweaks (Step 5), or whether it is necessary to rewrite the
initial prompt due to it presents several limitations (Step 4).

In the Supplemental Material are the evaluations con-
ducted by three evaluators, including both research assistants
and LLMs. The three evaluators agreed that the taxonomy
fulfilled the Relevance criterion, and two agreed that it
fulfilled the Parsimony criterion. However, all evaluators
believed that the taxonomy failed to meet the Mutual exclu-
sivity and Similar abstraction level criteria. Specifically, the
taxonomy distinguishes between categories that might be
merged (e.g., Language Learning and Education and Learn-
ing, or Career and Professional Development and Entre-
preneurship and Business), and includes overly restricted
categories that could be more comprehensive (e.g., Housing
and Living Environment).

In addition, one evaluator proposed a new category: Com-
munity and Social Impact. While we recognize that people
may pursue personal goals related to this and other catego-
ries, we aimed to conduct this process bottom-up, based on
the goals reported by participants in our sample. Therefore,
we opted not to include new categories unless we found
several goals that could not be classified under any exist-
ing taxonomy category. Taken all evaluations together, we
opted to skip to Step 5 and just introduce minor changes to
test the taxonomy.

Step 4. Revise and adjust the initial prompt (if necessary)

If the taxonomy does not meet all the evaluation criteria
and researchers identify significant weaknesses, they should
revise the original taxonomy-generation prompt devel-
oped in Step 1. Depending on the identified weaknesses,
researchers should adjust the relevant section(s) accordingly.
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Shortcomings in Relevance can often be addressed by add-
ing information to the prompt’s Context section. Clarify-
ing the research goals and the taxonomy’s purpose can help
to ensure the taxonomy effectively addresses the research
question.

Limitations related to Mutual exclusivity, Similar abstrac-
tion level, and Parsimony should be resolved by explicitly
specifying what additional requirements the taxonomy must
meet to fulfill the task description. To do this, additional
criteria can be included (e.g., limiting the maximum number
of categories, stating that categories referring to a particular
constellation of concepts like learning languages, finishing a
degree, and learning to code) should be kept within a single
category instead of splitting throughout multiple categories.

Other weaknesses may necessitate modifications to the
role description by specifying particular aspects the coder
should consider. For example, if the researcher is develop-
ing a taxonomy to create a set of options for multiple-choice
questions and needs the categories to be clear enough for
anyone, the role may be better described as that of a layper-
son—someone without experience in social research—rather
than a research assistant.

Furthermore, researchers can modify any aspect of the
input data frame if they identify issues affecting taxonomy
generation. For example, if the input is too large—making it
difficult for the LLM to capture all the information or lead-
ing to hallucinations—researchers may consider simplifying
the input by removing unnecessary information or switching
from a tabular to a narrative format. Once the initial prompt
is revised, researchers can proceed to Step 2 again.

Step 5. Adjust the taxonomy

Even if the evaluation results suggest that modifying the
initial prompt is unnecessary, researchers may still introduce
some final adjustments to refine the taxonomy itself. The
evaluation process may highlight minor shortcomings that,
once addressed, lead to an improved version of the taxon-
omy. For example, minor adjustments could include refining
category labels or descriptions, selecting more prototypical
examples, or merging two highly similar categories whose
distinction does not provide valuable information.

Box 4 presents the adjusted version of the taxonomy after
addressing the weaknesses identified in Step 3. Specifically,
we merged two pairs of categories. Language Learning was
subsumed under the Education and Learning category to
encompass all goals related to acquiring knowledge and
skills, regardless of the subject. Similarly, the Career Devel-
opment category was broadened to also include the Entre-
preneurship and Business category, encompassing all forms
of career progression, whether dependent or self-employed.
Finally, the Housing and Living Environment category
was changed to Material Acquisition to broaden its scope
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to other types of acquisitions. The final taxonomy includes
nine categories.
Box 4 Adjusted version of taxonomy

Education and Learning: Goals related to completing educational pro-
grams, acquiring new knowledge, abilities, or learning new skills
(e.g., Finish my university studies because it is the career I chose
and have always liked; Learn English to communicate my products
to my audience and for job opportunities; learn how to drive).

Financial Stability and Independence: Goals focused on achieving
financial security, independence, or improving economic conditions
(e.g., Achieve financial stability to live more freely without worry-
ing about money; Get out of debt to improve my economy and gain
financial freedom).

Career and Professional Development: Goals related goals related
to professional and work-life development. This would include job
promotions, career changes, transitioning out of unemployment, and
starting independent work through personal businesses or entrepre-
neurial ventures (e.g., Change jobs to experience new challenges
and grow professionally; start my own business to provide more
peace and well-being to my family).

Health and Well-being: Goals aimed at improving physical health,
mental health, or overall well-being (e.g., Lose weight for health
reasons and to feel strong for myself and my daughters; Exercise
more to improve health and physical appearance).

Family and Relationships: Goals centered around improving family
life, relationships, or supporting family members (e.g., Improve
relationship with my son to maintain harmony and trust; Spend
more quality time with my partner).

Travel and Exploration: Goals involving traveling to new places for
leisure, cultural experiences, or personal fulfillment (e.g., Travel
to Japan to learn about a new culture and see the world beyond
my area; Travel around the world to achieve a higher status in my
professional life).

Material Acquisition: Goals aimed at acquiring, retaining, or main-
taining material goods. These may include purchasing a first or
second home, vehicles, household appliances, leisure or personal
enjoyment items, as well as home repairs or improvements (e.g.,
Buy my own house; Buy a new car; Finish purchasing the furniture
for my apartment.).

Personal Development and Fulfillment: Goals aimed at personal
growth, self-improvement, or achieving a sense of fulfillment (e.g.,
To be a better person every day to feel happy and improve daily;
Stop procrastinating to engage in activities that help me grow per-
sonally and professionally).

Not Applicable: Responses that are meaningless, nonsensical, or do
not fit into any relevant category (e.g., Develop telepathy through
meditation and practice; None, I don't have to give opinions about
my goals).

Step 6. Test the taxonomy

After the final adjustments, researchers must test the tax-
onomy to determine whether it appropriately classifies items
from the dataset. Testing is an intermediate step to check
whether the taxonomy is clear enough that any coder clas-
sifies items correctly.

Since testing the entire dataset may be too time- or
resource-consuming, researchers can test the taxonomy

using a randomly selected subset of data. Determining the
appropriate number of items to analyze is an important con-
sideration. Although there is no clear standard for the ideal
test subset size, the decision may be based on the required
sample size for analyses involving intercoder reliability
indexes and the number of categories.

To assess reliability among three coders, indices may
require a minimum sample size of 30 items (Koo & Li,
2016). However, the required sample size may be higher if
there are only two coders. Nevertheless, it is always advis-
able to calculate the statistical power of the metrics using the
given sample size and increase the sample if the desired sta-
tistical power is not reached (Sim & Wright, 2005), although
some indices, such as Krippendorff, are flexible and can be
generalized to different numbers of coders and items.

On the other hand, if the number of categories is high, as
in our case, at least 10 items per category should be included
to ensure sufficient data for classification testing. This num-
ber is admittedly arbitrary, and random item selection may
lead to some categories having few or no items while others
contain many. However, once the subset is tested, research-
ers may analyze additional data to enhance the classification
of underrepresented categories.

It is essential to involve multiple coders in classifying the
subset with the taxonomy in order to test intercoder reliabil-
ity and ensure that the taxonomy is interpreted consistently
and without ambiguity. At this stage, it is also necessary to
write a new prompt document. Like the initial prompt, it
should include context, role, task description, and expected
output. However, since the coders' task in this step involves
classifying items rather than developing a taxonomy, certain
considerations must be taken into account. Box 5 presents
the prompt used in this step.

The task’s context must include details about the char-
acteristics of the data and the individuals providing it while
omitting any unnecessary information that could introduce
bias. Therefore, aspects such as hypotheses or research ques-
tions should preferably be excluded or described only in
broad terms. Regarding the role, the coder can be described
as an assistant to a team of social scientists, collaborating
on the classification of unstructured data for analysis. For
the task description, the prompt should explain that the
coder must determine whether each item belongs to a given
category. Additionally, researchers may specify rules or
requirements coders must follow when classifying items. For
example, they can clarify whether items should be assigned
to only one or multiple categories, what type of information
should be prioritized for classification, or how the classifica-
tion procedure should be conducted. Finally, the expected
format and coding scores must be specified. In this case,
the best approach is for coders to present their responses
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in a tabular format, with the score for each category in a
separate column.

For LLMs, it is recommended to run the classification
five times and assign a score to a category only if it receives
the same score at least three times. In other words, GPT-
4.0 coded the same dataframe with the same input and the
same prompt five times, and the final score for each element
in each category was assigned based on how many times
GPT-4.0 produced a given value. Although we specified a
temperature level of O to obtain precise responses and con-
sistent classifications, we still observed subtle differences
between codings on several occasions. Therefore, applying
the criterion of at least three out of five codings is useful for
ensuring robustness and confirmability, and it also helps pre-
vent hallucinations (Smirnov, 2024). If the main researcher
is particularly interested in avoiding possible model-specific
bias, they could also use different models for this classifica-
tion (e.g., running the classification 2 times with GPT-4.0
and three times with GPT-5.0 or with Claude).

Box 5 Prompt for classification

Context

We are studying the pursuit and achievement of personal goals. Per-
sonal goals are defined as the outcomes a person aims to achieve,
guided by their needs, interests, values, and aspirations.

We conducted a longitudinal study in which participants described
their personal goals, and weeks later, we evaluated their progress.
To analyze the kinds of goals people pursue, we need to classify the
reported goals into predefined categories.

Each participant provided:
e A basic description of their goal (what they want to achieve).

o Additional information (why the goal is important, how long they
have been pursuing it, and how they feel about it).

You will see a table containing information about personal goals
from a group of individuals. The “goal” column presents the basic
description of a goal along with any additional information they
provided about its relevance.

Role

You are an Al assistant helping a social researcher analyze personal
goals.

Task Definition

Your task is to classify and score each personal goal based on the
following categories:

1. Education and Learning: Goals related to completing educational
programs, acquiring new knowledge, abilities, or learning new
skills (e.g., Finish my university studies because it is the career I
chose and have always liked; Learn English to communicate my
products to my audience and for job opportunities; Learn how to
drive).

2. Financial Stability and Independence: Goals focused on achieving
financial security, independence, or improving economic conditions
(e.g., Achieve financial stability to live more freely without worry-
ing about money; Get out of debt to improve my economy and gain
financial freedom).
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3. Career and Professional Development: Goals related goals related
to professional and work-life development. This would include job
promotions, career changes, transitioning out of unemployment,
and starting independent work through personal businesses or
entrepreneurial ventures (e.g., Change jobs to experience new chal-
lenges and grow professionally; Start my own business to provide
more peace and well-being to my family).

4. Health and Well-being: Goals aimed at improving physical health,
mental health, or overall well-being (e.g., Lose weight for health
reasons and to feel strong for myself and my daughters; Exercise
more to improve health and physical appearance).

5. Family and Relationships: Goals centered around improving family
life, relationships, or supporting family members (e.g., Improve
relationship with my son to maintain harmony and trust; Spend
more quality time with my partner).

6. Travel and Exploration: Goals involving traveling to new places
for leisure, cultural experiences, or personal fulfillment (e.g., Travel
to Japan to learn about a new culture and see the world beyond
my area; Travel around the world to achieve a higher status in my
professional life).

7. Material Acquisition: Goals aimed at acquiring, retaining, or
maintaining material goods. These may include purchasing a first
or second home, vehicles, household appliances, leisure or personal
enjoyment items, as well as home repairs or improvements (e.g.,
Buy my own house; Buy a new car; Finish purchasing the furniture
for my apartment.).

8. Personal Development and Fulfillment: Goals aimed at personal
growth, self-improvement, or achieving a sense of fulfillment (e.g.,
To be a better person every day to feel happy and improve daily;
Stop procrastinating to engage in activities that help me grow per-
sonally and professionally).

9. Not Applicable: Responses that are meaningless, nonsensical,
or do not fit into any relevant category (e.g., Develop telepathy
through meditation and practice; None, I don't have to give opin-
ions about my goals).

10. Orphans: All goals that, although they make sense and are per-
fectly intelligible, do not fit into any of the categories.

Classification Rules

Each goal description can contain one or multiple goals. Classify the
goals as follows:

1. Main Category (Score = 2).

o The ultimate goal the person wants to achieve.

o Each goal description must have one and only one main category.

2. Intermediate Category (Score = 1).

o Any additional goal that serves as a step toward achieving the
main goal.

o A goal description may have one, multiple, or no intermediate
categories.

3. Irrelevant Categories (Score = 0).

o Categories that do not apply to the goal description.
o Any category not assigned a 1 or 2 should be scored 0.

Example:

For the goal “saving to buy a house”, assign:

e 2 in the Material Acquisition category (ultimate goal: buying a
house).

o | in the Financial Stability and Independence category (saving is a
step toward buying a house).

e () in all other categories.
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Whenever possible, classify the goal based only on the basic descrip-
tion.

Use additional information only when the description is unclear,
ambiguous, or unintelligible.

Expected Output
o Present the responses in a tabular format.

e Each goal description should have a score (0, 1, or 2) for each
category in a separate column.

Researchers must evaluate two key aspects: (1) intercoder
reliability, to ensure that the taxonomy is clear enough to
prevent misunderstandings during classification, and (2)
comprehensiveness, to assess whether the categories ade-
quately capture all items in the dataset.

To assess the first aspect, a common strategy for testing
intercoder reliability is to calculate coders' percentage of
agreement. However, coders may agree on the classifica-
tion of an item due to chance rather than actual agreement.
Therefore, various reliability indices have been developed to
account for chance. Examples include Cohen’s kappa, Fleiss’
kappa, the intraclass correlation coefficient (ICC), and Krip-
pendorft’s alpha.

Reliability issues may be specific to certain catego-
ries rather than affecting the entire taxonomy. Therefore,
researchers may find it useful to calculate reliability for each
category separately to identify those requiring adjustments.
The supplemental material includes an R script for preparing
the data frame and computing several indices both across all
categories and for individual categories.

To assess comprehensiveness, we recommend includ-
ing an additional category in the taxonomy called Orphans,
which allows classifiers to capture items that do not fit in
any other category. After classification, researchers should
review the items assigned to the Orphans category. If a
substantial number of items share a clear theme relevant to
research purposes, the taxonomy can be modified by intro-
ducing a new category to encompass them. Conversely, if
few items fall into the Orphans category, researchers can
reasonably conclude that their taxonomy is sufficiently
comprehensive.

To test our taxonomy, we selected a subset of our goal
dataset. Given that our taxonomy includes 10 categories,
we sampled 150 personal goals, which resulted in a total
of 1,500 observations for goal-category evaluations. Using
the prompt detailed in Box 5, we asked GPT-4.0 and two
research assistants to classify these goals following the same
instructions. As mentioned previously, we ran the classifica-
tion five times and established the final category for each
item by verifying whether it was classified at least three
times into the same category. Regarding reliability, we found
a good agreement among the three coders (ICC =.824). In
terms of comprehensiveness, we did not identify any orphan
items, so we did not have to include anything additional.

Step 7. Make final adjustments (if necessary)

If intercoder reliability metrics indicate a suboptimal
level of agreement, researchers must review discrepancies
among coders and refine the taxonomy until they reach an
acceptable level of consistency. However, researchers usu-
ally balance reliability with the time and resources avail-
able to determine what degree of agreement is sufficient.
At this stage, coders should discuss their disagreements
and identify the reasons behind their divergences in cat-
egorization. Intercoder discussions should reveal the main
sources of disagreement. Usual causes are (1) ambigu-
ous category descriptions and (2) lack of clarity about the
boundaries of categories. Depending on the source of disa-
greement, researchers can do one or more of the following:

1. Revise category descriptions to make them clearer and
more precise. This can be done by adjusting category
labels, rephrasing definitions, or adding illustrative cases
or examples.

2. Add classification rules to make the taxonomy clearer
when specific types of cases should fall into one cat-
egory rather than another, or how certain categories
should relate.

Metrics per category are particularly useful at this
stage, as they provide insights into necessary adjustments.
A low or moderate overall intercoder reliability score may
result from a specific category with a high degree of disa-
greement, suggesting that refinements should focus on that
category rather than the entire taxonomy.

Researchers can also consider adding new categories if
multiple items with similar content have been classified as
orphans. However, it is crucial to assess whether these new
categories are relevant enough to be incorporated into the
taxonomy. If numerous items are categorized as orphans
but grouping them into a specific category does not mean-
ingfully contribute to the research objectives, researchers
may opt to retain them in a Trash category that encom-
passes all irrelevant items.

In our example, even though we obtained a good agree-
ment index in our initial test, research assistants involved
in the categorization expressed concerns regarding cer-
tain categories and ambiguities. In response, we discussed
some disagreements and made several adjustments to the
taxonomy based on their recommendations. Most adjust-
ments involved introducing classification rules specifying
when to assign a goal to a category, what score to give,
and when to exclude it. Other rules addressed whether
to rely solely on the basic description or include addi-
tional context, and how to handle cases where participants
listed multiple but unrelated goals. After refining the tax-
onomy (Box 6), we conducted a new classification using
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a different data subset and obtained a slightly higher reli-
ability index (ICC =.827).
Box 6 Refined version of taxonomy

Context

We are studying the pursuit and achievement of personal goals. Per-
sonal goals are defined as the outcomes a person aims to achieve,
guided by their needs, interests, values, and aspirations.

We conducted a longitudinal study in which participants described
their personal goals, and weeks later, we evaluated their progress.
To analyze the kinds of goals people pursue, we need to classify the
reported goals into predefined categories.

Each participant provided:
o A basic description of their goal (what they want to achieve).

o Additional information (why the goal is important, how long they
have been pursuing it, and how they feel about it).

You will see a table containing information about personal goals
from a group of individuals. The "goal" column presents the basic
description of a goal along with any additional information they
provided about its relevance.

Role

You are a research assistant helping a social researcher analyze
personal goals.

Task Definition

Your task is to classify and score each personal goal based on the
following categories:

1. Education and Learning: Goals related to completing educational
programs, acquiring new knowledge, abilities, or learning new
skills (e.g., Finish my university studies because it is the career I
chose and have always liked; Learn English to communicate my
products to my audience and for job opportunities; learn how to
drive).

2. Financial Stability and Independence: Goals focused on achieving
financial security, independence, or improving economic conditions
(e.g., Achieve financial stability to live more freely without worry-
ing about money; Get out of debt to improve my economy and gain
financial freedom).

3. Career and Professional Development: Goals related to profes-
sional and work-life development. This would include job promo-
tions, career changes, transitioning out of unemployment, and
starting independent work through personal businesses or entrepre-
neurial ventures (e.g., Change jobs to experience new challenges
and grow professionally; start my own business to provide more
peace and well-being to my family).

4. Health and Well-being: Goals aimed at improving physical health,
mental health, or overall well-being (e.g., Lose weight for health
reasons and to feel strong for myself and my daughters; Exercise
more to improve health and physical appearance).

5. Family and Relationships: Goals centered around improving family
life, relationships, or supporting family members (e.g., Improve
relationship with my son to maintain harmony and trust; Spend
more quality time with my partner).

6. Travel and Exploration: Goals involving traveling to new places for
leisure or cultural experiences (e.g., Travel to Japan to learn about
a new culture and see the world beyond my area; Travel around the
world to achieve a higher status in my professional life).
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7. Material Acquisition: Goals aimed at acquiring, retaining, or
maintaining material goods. These may include purchasing a first
or second home, vehicles, household appliances, leisure or personal
enjoyment items, as well as home repairs or improvements (e.g.,
Buy my own house; Buy a new car; Finish purchasing the furniture
for my apartment.).

8. Personal Development and Fulfillment: Goals aimed at personal
growth, self-improvement, spiritual development or strengthen life
skills to be a better person (e.g., To be a better person every day
to feel happy and improve daily; Stop procrastinating to engage in
activities that help me grow personally and professionally).

9. Not Applicable: Responses that are meaningless, nonsensical,
or do not fit into any relevant category (e.g., Develop telepathy
through meditation and practice; None, I don't have to give opin-
ions about my goals).

10. Orphans: All goals that, although they make sense and are per-
fectly intelligible, do not fit into any of the categories.

Expected Output

Present the responses in a tabular format.

Each goal description should have a score (0, 1, or 2) for each cat-
egory in a separate column.

Each goal description can contain one or multiple goals. Classify the
goals as follows:

1. Main Category (Score = 2).

The ultimate goal the person wants to achieve.

Each goal description must have one and only one main category.

2. Intermediate Category (Score = 1).

Any additional goal that serves as a step toward achieving the main
goal.

A goal description may have one, multiple, or no intermediate
categories.

3. Irrelevant Categories (Score = 0).

Categories that do not apply to the goal description.

Any category not assigned a 1 or 2 should be scored 0.

Example:

For the goal "saving to buy a house", assign:

e 2 in the Material Acquisition category (ultimate goal: buying a
house).

¢ 1 in the Financial Stability and Independence category (saving is a
step toward buying a house).

o 0 in all other categories.

Classification rules

1. Each category can only receive one score per goal (either 0, 1, or 2).

2. Basic description vs. additional information: Always consider
both the basic description and the additional information when
categorizing a goal. However, if the additional information is
contradictory to the basic description (e.g., “My goal is to travel to
Spain” vs. “because I deeply love my home country, Colombia”),
or unrelated to it (e.g., “Complete my master’s degree with excel-
lent performance” vs. “My family’s health is my top priority”), use
only the basic description to categorize the goal.

3. Multiple, unrelated or non-subordinated objectives: If a goal
includes multiple, unrelated or non-subordinated objectives (e.g., "/
want to get a better job and lose weight"), consider both the basic
description and the additional information to determine which one
is the main ultimate goal (e.g., "Basic description: I want to get a
better job and lose weight. Additional information: I want a better
job that challenges me") and:

Assign a score of 2 to the main ultimate goal.
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Assign a score of 1 to any intermediate goals that clearly support the
main goal.

Assign a score of 0 to any goal that is unrelated or not clearly subor-
dinated to the main one.

In the example above, score Career and Professional Development =
2, and Health and Well-being = 0.

4. Two ultimate ends: If a goal seems to have two distinct ultimate
ends (e.g., Basic description: “Travel to the United States.” Addi-
tional information: “I want to travel to find a good job and spend
time with my family”):

o Assign a 2 to the ultimate end mentioned first.

o Assign a 1 to the second ultimate end.

In the example above, score Career and Professional Development =
2, and Travel and Exploration and Family and Relationships = 1.

5. Material acquisition vs. financial goals: Acquiring an object or
service does not imply Financial Stability and Independence unless
the person explicitly mentions saving money or taking a loan to
make the purchase. If the financial means are mentioned (e.g., "save
money to buy a car", "get a loan for a house"), assign 1 to Financial
Stability and Independence and 2 to Material Acquisition. If only
the acquisition is mentioned, without any reference to financial
means, assign a score of 2 to Material Acquisition only.

6. Entrepreneurship and independence: If someone aims to achieve
professional independence through entrepreneurship, classify the
goal under Career and Professional Development (e.g., “I want to
become independent by opening my own business”). If the person
refers to gaining financial independence from others (e.g., parents,
partner, financial institutions), classify it under Financial Stability
and Independence (e.g., “I want to stop depending financially on
my parents”).

7. Skill development and domain specificity: When a goal involves
acquiring, developing, or improving skills, classify it based on the
type of skill. If the skill is clearly tied to a domain (e.g., academic,
financial, occupational, interpersonal), assign it to that domain. If
the skill is not domain-specific, classify it under Personal Develop-
ment and Fulfillment. For example:

o “Improve my financial skills” — Financial Stability and Independence.

o “Improve my communication skills” (with no domain specified) —
Personal Development and Fulfillment.

8. Personal growth and self-improvement: Do not classify a goal
under Personal Development and Fulfillment just because it men-
tions “achievement”, “satisfaction”, or “growth”. Only use this
category when the goal explicitly focuses on personal or spiritual
growth, or on becoming a better person (e.g., "be the best ver-
sion of myself", "develop more empathy"). If growth refers to

"o

another domain (e.g., "complete my master's degree”, "improve my

finances", "communicate better with my family"), assign it to the
relevant domain instead. For example:
“Complete my master's degrees” — Education and Learning.
"improve my finances" — Financial Stability and Independence
"communicate better with my family” — Family and Relationships
"be the best version of myself"' — Personal Development and Fulfillment.

9. Habits and organization: If the goal involves general improvement
in personal habits or organization (e.g., "stop procrastinating”,
"organize my routines better"), classify it under Personal Develop-
ment and Fulfillment. If the habits or organization are clearly linked
to a specific domain (e.g., study, work, exercise), classify the goal
in that domain only. For example:

"stop procrastinating" — Personal Development and Fulfillment.

“stop procrastinating on my thesis writing” — Education and Learning.

Step 8. Apply the taxonomy

Once the taxonomy has been satisfactorily tested and coders
have reached the expected level of agreement, the taxonomy
may be used to classify the entire dataset. The output of this
final step would be a dataframe containing all observations,
along with scores denoting whether each observation belongs
to each taxonomy category. With this information, research-
ers can calculate the frequency of observations per category
and explore the relationship between category membership
and other variables. In our case, we asked GPT-4.0 to code
all 3,183 responses using the prompt that had been designed
and refined in the previous steps. Unlike in earlier stages,
researcher monitoring at this point was minimal, limited to
reviewing the final classification and performing minor qual-
ity checks. The final results showed that the most common
personal goals were Career and professional development
(21.4%), Education and learning (18.9%), and Material acqui-
sition (18.9%). Coding took a total of approximately 10 h (2 h
for each classification round). Based on the time that human
coders required to classify 150 items in Step 6, we estimate
that coding all 3,183 responses manually would have taken
more than 80 h—representing an approximate 87.5% reduction
in analysis time.

This final step, in turn, should lead to a discussion of the
taxonomy’s theoretical implications and its broader relevance.
What has been learned? How does this taxonomy compare to
those proposed in other studies? What are the key differences?
How do the results of this bottom-up process differ from those
produced through a top-down approach? When comparing
our example with the most well-known goal taxonomies, we
observed several key differences, despite certain similarities.
Specifically, our taxonomy does not include some categories
found in a prior taxonomy (Grouzet et al., 2005), such as Popu-
larity and Hedonism, but introduces other categories such as
Education and learning, or Career and professional develop-
ment. These differences are likely explained by the theoretical
framework underpinning Grouzet’s taxonomy, which is heav-
ily focused on the dimensions of intrinsic vs. extrinsic goals
and physical self vs. self-transcendence—two dimensions that,
although important, were not the main focus of our project.

Discussion

We presented an eight-step procedure for developing, test-
ing, and applying a taxonomy to analyze qualitative data
using an LLM. The first step is designing a prompt to gen-
erate an initial taxonomy aligned with research objectives
and predefined requirements. The second step consists of
executing a Python script to send the query to GPT, which
results in an initial taxonomy. The third step is evaluating
this output against taxonomy quality criteria, identifying

@ Springer



99 Page 14 of 17

Behavior Research Methods (2026) 58:99

limitations such as redundant or narrowly scoped catego-
ries. To refine the taxonomy based on those shortcomings
and obtain a good enough version for testing, the fourth step
asks researchers to revise the initial prompt (if appropriate),
and the fifth step asks them to adjust the taxonomy itself.
For testing, in Step 6 at least two classifiers (human or LLM-
based) independently categorize a subset of data using the
refined taxonomy to assess its clarity (via intercoder reliabil-
ity) and coverage. If inter-rater reliability is not sufficiently
high, in Step 7, researchers adjust the taxonomy to obtain
satisfactory intercoder agreement indices and broad compre-
hensiveness. The final step is applying the refined taxonomy
to the full dataset.

This exercise illustrates how this tutorial can be a valu-
able tool to guide social scientists in generating, testing,
and applying a taxonomy to analyze unstructured data
using LLMs to save time and reduce effort while simultane-
ously mitigating potential biases. Unlike a fully automated
process, analyzing unstructured data with LLMs requires
iterative collaboration between the LLM and the human
researcher to ensure quality and reliability. Nevertheless,
despite the need for human involvement, incorporating an
LLM significantly streamlines the process compared to man-
ual methods, putting human researchers in the role of man-
agers of highly capable assistants, and allowing the former
to choose which tasks (taxonomy creation and evaluation,
and data classification) to leave in the hands of artificial
systems. Previously, the extensive time and effort required
for the qualitative analysis of large volumes of unstruc-
tured data made this process either prohibitively expensive
or extremely time-consuming, thereby limiting their use.
Now, this is no longer a limitation. Social science research-
ers can use LL.Ms as assistants to streamline their qualitative
analyses without compromising quality. Using tools like this
tutorial, researchers are now able to leverage such tools to
analyze vast amounts of information that were previously
unmanageable.

Applications of LLMs in qualitative analysis should
still be approached with caution. Models such as GPT,
Claude, and DeepSeek are relatively new and continu-
ously evolving. We are only beginning to explore their
potential and limitations. For example, several studies
have examined LLM hallucinations: fabricated outputs
that, although seemingly plausible, diverge from the given
input, its context, or conventional knowledge (Liu et al.,
2024; Zhang et al., 2025; Huang et al., 2025). Although
each step in this tutorial was designed to reduce the risk
of hallucinations—through clear, context-rich prompts,
simple inputs, thorough output evaluation, and multiple
classification rounds—the risk cannot be eliminated. This
is particularly concerning, as hallucinations and related
issues can significantly distort research findings and con-
clusions. Reliability-enhancing procedures such as those

@ Springer

outlined in this tutorial are therefore essential for applying
LLMs to qualitative analysis.

Another crucial ethical consideration regarding the use
of LLMs in qualitative analyses is the possibility of biased
responses. LLMs and other machine learning systems are
known to produce biased outputs related to social catego-
ries such as gender, ethnicity, race, religion, and political
orientation (Angwin et al., 2016; Fazelpour & Danks, 2021;
Kasirzadeh, 2022; Fulgu & Capraro, 2024; Zack et al., 2024,
Motoki et al., 2024; Liang et al., 2021; Liu et al., 2022).
These biases raise concerns about how training data might
reflect and amplify human prejudices, as well as how fine-
tuning—shaped by developers’ choices—could introduce
additional biases. Human judges may be equally or even
more biased, though, so further research is needed to better
understand how to reduce overall bias in human—-LLM col-
laborative classification. That said, familiar measures can
be adopted to minimize the risk of biased outputs, such as
anonymizing the data and avoiding the inclusion of sociode-
mographic information when it is irrelevant to the classifica-
tion task and importantly ask participants for their consent
to analyze their responses with Al tools.

Some could worry about the possibility that LLMs will
ultimately replace the human workforce. To tackle this con-
cern, we designed this guide with human empowerment in
mind: it allows researchers to maintain meaningful human
control (Santoni di Sio & Van den Hoven, 2018) over the
entire process. Following these steps, researchers directly
control their tools, assess when the tools are functioning
properly or misfiring, and choose what aspects of the tasks
to delegate and which should be done by humans. Addition-
ally, the main objective is to make it possible for teams of
human researchers to rigorously analyze datasets that were
previously unfeasible due to resource constraints.

This tutorial is not without limitations. First, the evidence
that supports our procedures is based on a trial-and-error
process in which several strategies were tested and discarded
to analyze open-ended responses. However, a more system-
atic evaluation—in which multiple alternative strategies,
prompts, and taxonomy structures are compared with each
other, and clear criteria are established to identify the most
effective approach—is still needed.

Second, the applicability of the tutorial has been demon-
strated only through a single example related to goal types.
Although in our research we have used this tutorial to satis-
factorily compose other taxonomies and analyze many other
types of open-ended responses, we have presented only one
example due to space constraints.

Third, for practical reasons, the procedures and recom-
mendations have been tested only in GPT-4. Although there
is no reason to assume that the steps and recommendations
would not work in other LLMs, it remains uncertain how
well they fit different models. Future studies may examine
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the applicability of these recommendations across different
models.

Finally, as the AI landscape is rapidly evolving, the con-
tributions of this tutorial may need to be adapted in the
mid- to long-term due to the continuous emergence of rea-
soning models and other advances. This limitation is not
unique to our work, but a challenge shared by all tutorials
that focus on applying Al architectures to specific research
tasks. Rather than a fixed and final set of suggestions, this
tutorial is framed as a living methodology—one that should
be continuously updated as Al capabilities advance. Never-
theless, we hope that the procedures and recommendations
presented here, taken together, will provide valuable insights
for the ongoing development of standards, rules of thumb,
and guidelines for using LLMs to analyze text reliably and
efficiently.

Conclusions

In this tutorial, we have presented a step-by-step guide to
developing, testing, and applying a taxonomy to analyze
unstructured data through an iterative process. This process
integrates the collaborative work of researchers and LLMs,
where the former define the research goals, configure a
series of prompts for the LLMs, evaluate outputs, and make
decisions at each stage, while the latter perform the most
time- and effort-intensive tasks, such as reviewing and inte-
grating large volumes of unstructured data or classifying a
large number of items or text units into categories. By ana-
lyzing a dataset of personal goals, we have demonstrated that
this joint work can make qualitative analyses more efficient
without compromising quality. Although these results are
promising for social research, we caution against an uncriti-
cal adoption of LLMs in the scientific process, as they are
not perfect, and we are only beginning to understand their
scope, limitations and risks.
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