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Abstract: Generative Al (GenAl) is experiencing rapid growth, particularly in its application as a tool for qualitative
text analysis—a key element of Human-Computer Interaction (HCI) research. This study examines the potential of
GenAl, specifically ChatGPT, to assist in the analysis of qualitative research data. Four qualitative HCI studies,
previously conducted and analyzed by our research group, were selected for this investigation. ChatGPT was
employed to perform Al-assisted analyses on the raw data from these studies, and the Al-generated insights were
then compared with the human-led analyses already completed. The results reveal significant alignment between
the human and Al-assisted analyses, indicating that GenAl can serve as an effective support tool in qualitative
research. However, while GenAl offers considerable advantages in enhancing research efficiency, human oversight
remains crucial to ensuring accurate interpretation and contextual alignment. This study also provides practical
recommendations for researchers interested in incorporating GenAl into their qualitative analysis processes.
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1 Introduction

The integration of Artificial Intelligence (Al) into qualitative
research has been a concept that was introduced earlier. Prior
to the development of current Large Language Models (LLM),
the most prevalent use of Al in qualitative research data anal-
ysis involved the application of Natural Language Processing
(NLP), with sentiment analysis and semantic coding being
common approaches [Morgan, 2023].

Recently, the introduction and evolution of Generative Ar-
tificial Intelligence (GenAl) tools like ChatGPT and Google
Gemini have ushered in an era of new possibilities for col-
laboration in qualitative research analysis because of their
capacity to process and generate human-like texts.

In this wake, many researchers are investigating using
GenAl in qualitative analysis. For example, Yan et al. [2024]
investigated the use of ChatGPT in thematic analysis and pro-
vided design recommendations for future seamless human-Al
collaboration in qualitative research. Morgan [2023] com-
pared its results using GenAl to those obtained through tra-
ditional manual coding methods. He aimed to assess the
suitability of ChatGPT for this purpose and discuss its im-
plications for the future of qualitative research. Feuston and
Brubaker [2021] explored how Al could be integrated into
various stages of qualitative analysis, mainly when dealing
with large datasets. The authors aimed to understand the nu-
anced perspectives of qualitative researchers regarding Al
adoption and provide recommendations on how Al systems
can be designed to better support and augment their analytical
practices without compromising the integrity and depth of
qualitative research.

Despite these early explorations, the scientific problem
remains: while GenAl tools offer efficiency and scalability,
their reliability, interpretability, and alignment with qualita-
tive research values, such as contextual sensitivity and re-
flexivity, are still unclear. This is particularly relevant in
Human-Computer Interaction (HCI), where a rich and in-
depth analysis of user experiences often relies on a nuanced
interpretation of text-based data, such as interviews, open-
ended survey responses, and workshop transcripts [Wang
et al., 2020; Yang et al., 2020]. As GenAl tools become
more integrated into research workflows, there is an urgent
need to understand their real potential and limitations in sup-
porting, not replacing, human-led interpretation in qualitative
analysis.

Furthermore, the challenge extends beyond mere applica-
tion to the methods of interaction with these models. The
effectiveness of GenAl is highly dependent on the quality
of user prompts. Regarding originality and relevance, this
object is quite current and could also include advanced tech-
niques such as Instructional and Iterative prompts, Retrieval-
Augmented Generation (RAG), Chain-of-Thought (CoT), and
Retrieval-Augmented Thoughts (RAT) as prompt improve-
ment strategies. Although a detailed analysis of these ad-
vanced prompting methods is beyond the scope of this paper,
their existence highlights the complexity of achieving reliable
results and reinforces the need for foundational studies like
ours.

This study addresses this gap by investigating the role of
GenAl, specifically ChatGPT, in assisting the analysis of
qualitative data in HCI. It asks:

* How does GenAl, specifically ChatGPT, perform when
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applied to different types of qualitative data in HCI re-
search?

* To what extent do GenAl-generated insights align with
those produced by human researchers?

* What are the limitations, risks, and opportunities of inte-
grating GenAl into qualitative analysis workflows?

In this scenario, we sought to delve into the dynamics of
human-AlI collaboration in qualitative analysis by examining
the experiences of performing analysis using ChatGPT. We
selected four of our HCI research projects, each employing
different qualitative data collection methods, and subjected
the row data and the study’s protocol to an Al-powered tex-
tual analysis. The first study consisted of an online survey to
uncover the behavior and difficulties of technology users in
different multilingual contexts. The second study consisted
of a focus group to identify how data types are used with
different structures of narrative data visualizations. The third
study is a set of workshop sessions conducted to observe
how end-users of data visualization use customizable features
to explore a given narrative developed using our proposed
narrative data visualization approach to support visualization
design. The last research consisted of interviews to under-
stand how design systems’ users, typically user experience
designers, were applying interaction design patterns and how
they were relating these patterns to design systems.

The main contribution of this work is to explore the poten-
tial of GenAl, specifically ChatGPT, in assisting with the anal-
ysis of qualitative research data in the HCI field. In addition,
we also provide practical recommendations for researchers in-
terested in incorporating GenAl into their qualitative analysis
processes.

The remainder of the paper is organized as follows. Section
2 addresses the research on how GenAl can aid qualitative
analysis. It also positions our contribution in the context
of existing research. Section 3 details the five main steps
undertaken in the research, which include selecting studies,
defining a prompt template, generating Al-assisted analyses,
comparing these with human-led analyses, and consolidating
the findings. Section 4 then presents the outcomes of the Al-
assisted and human-led analyses for each of the four selected
studies, highlighting key similarities and differences. Section
5 contextualizes these results within the broader field of Al in
qualitative research, comparing and contrasting the findings
with those of other studies. Finally, Section 6 concludes by
summarizing the key takeaways, acknowledging limitations,
and suggesting potential avenues for future research.

2 Al and qualitative research

Qualitative analysis is an important methodological approach
in HCI. It is essential for allowing researchers to understand
users’ experiences, social dynamics, and other contextual
matters of technology use. Recent advances in GenAl, partic-
ularly with models like GPT-40, have prompted researchers to
investigate its potential in qualitative data analysis. This has
led to discussions about efficiency, trustworthiness, and the
importance of human agency in the research process. This sec-
tion reviews studies examining how Al, especially ChatGPT,
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can support, challenge, and potentially transform qualitative
research.

Jiang et al. [2021] explored how human-AlI collaboration
can enhance qualitative research. The authors argue that while
Al can be helpful in managing and coding large qualitative
datasets, it should not diminish the researcher’s ability to
interpret data flexibly or make creative insights. Based on
interviews with qualitative researchers, the study highlights
the importance of maintaining human agency and acknowl-
edging the inherent uncertainty in qualitative research. It
emphasizes that Al assistance should avoid imposing rigid or
overly automated processes.

Wachinger et al. [2024] investigated ChatGPT’s ability to
analyze qualitative interview transcripts compared to a human
researcher. The researchers identified a significant thematic
overlap between analyses conducted by humans and those
generated by Al, especially when using prompts specifically
designed for thematic analysis. While ChatGPT performed
well in suggesting descriptive codes and connecting them
to theoretical frameworks—even in situations with a loose
theoretical fit—it still needed human oversight to guaran-
tee contextual accuracy and maintain methodological rigor.
This study highlights both the promise and the limitations of
using LLMs for qualitative research, especially regarding in-
tegrating Al into existing research workflows and theoretical
reasoning.

dos Anjos et al. [2024] evaluated the effectiveness of mod-
els like ChatGPT 4.0 and Claude 2.0 in conducting qualitative
research in the field of science education. Using Cognitive
Network Mediation Theory (CMT) to analyze student in-
terviews, the study found that Claude 2.0 demonstrated a
superior ability to identify cognitive mediations and distin-
guish between pre- and post-test conditions. Additionally, it
provided more detailed references to specific excerpts from
the interviews. The research concludes that Al, particularly
Claude 2.0, is valuable for qualitative research. However, it
emphasizes the critical role of human oversight in identifying
potential limitations of the models.

Liu et al. [2025] examined how Al can support real-time
qualitative analysis during semi-structured interviews. They
emphasized that while Al could assist with tasks such as
note-taking, question management, and real-time sentiment
detection, researchers consistently insisted on maintaining
control over critical interpretive decisions. The study suggests
that AI’s most effective role may be to reduce cognitive load
and enhance human sensemaking, rather than replacing the
authority and judgment of the human researcher.

Our study adds to the research by using ChatGPT to an-
alyze raw qualitative data from four previous HCI studies
and comparing its outputs to those of human analyses. We
discovered significant overlap in the identification of themes,
which suggests that GenAl can effectively support qualita-
tive research. However, in line with concerns raised by other
researchers, we highlight the importance of human oversight
to ensure accurate interpretation and maintain the contextual
richness of the data. This study contributes to the emerging
field by providing practical recommendations for integrating
Al into qualitative research workflows, advocating for a col-
laborative approach rather than a substitutive role for Al in
the analysis process.
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3 Methodology

To answer the research question Can generative Al help re-
searchers with the analysis of qualitative research results?,
we structured the research into five main steps as depicted in
Fig. 1. Steps 1, 2, and 5 were performed by all authors collab-
oratively, while Steps 3 and 4 (inside the central rectangle)
were repeated for each of the four studies and executed indi-
vidually by one author who was responsible for the specific
study’.

Step 1 consisted of selecting four studies to be part of
this research. The studies were selected by convenience, all
being developed within our research group and consisting of
previous research by the authors of this work. This selection
strategy ensured that the studies met the following criteria:

* HCI-based: All studies were in the field of Human-
Computer Interaction.

* Qualitative research: The studies were based on quali-
tative research, i.e., they included qualitative data that
had been analyzed by humans without the help of GenAl.

* Variability of methods: The methods used for data col-
lection varied between studies, including online survey,
focus group, workshop, and interviews. This allowed for
comparison and a more comprehensive analysis. More
details about each study, including the exact methods
used for data collection and text analysis, can be found
in Section 4.

* Raw data access: By selecting studies from our own
research group, we guaranteed access to all raw data
collected during the studies. In addition to the unre-
stricted access, we also had previous knowledge of the
data structure, which made manipulation easier.

+ Control over the human-made analysis: The authors
themselves are the researchers who carried out the ini-
tial analysis; therefore they have more authority for the
discussion.

+ Ethical conduct from start to finish: All studies had
been previously approved by the Ethics Committee, en-
suring that the data had been collected and analyzed in
compliance with ethical criteria.

Due to the factors listed above, the selection of studies
from our group was important for the operationalization of
this research work. It should be noted, however, that this
selection strategy gives the study an exploratory nature, in-
creases the risk of bias, and reduces the possibilities of gener-
alization. Despite these liabilities, the advantages of such an
approach outweigh the disadvantages, and we believe that the
results presented below provide relevant recommendations
and insights for HCI researchers who wish to use Al in their
qualitative studies.

Step 2 was conducted in parallel with the first step and
consisted of free explorations with the artificial intelligence
chatbot to define the best prompt template. The template
aimed to strike a balance between generality and specificity
to ensure comparability across the four studies.

! All prior user studies were approved by the University Ethics Commit-
tee following ethical standards.
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The ChatGPT? interface by OpenAl® was chosen for being
a widely popular tool among researchers and the general
public. During the execution of this study, the interface was
backed by the GPT-40 model. The construction of the prompt
template was not predefined but emerged through iterative
experimentation.

The adoption of human-AI collaboration in research has
become an even more relevant object of study after the pop-
ularization of large language models in the 2000s. In this
work, we do not intend to exhaust all possibilities of collabo-
ration nor evaluate all models available on the market (which
are already numerous). Therefore, we chose the ChatGPT
interface supported by the GPT-40 model as a reference for
our experiment. Among the reasons for choosing the Ope-
nAl environment, we can mention its pioneering nature and
great accessibility, state-of-the-art technology, and the active
interest of the academic community in this tool. The Ope-
nAl model is widely available through its natural language
interface (ChatGPT) and through APIs, being a pioneer in
popularizing access to LLMs and generative Al. The model
also stands out in traditional benchmarks for the evaluation
of natural language processing*. Finally, due to these char-
acteristics, the ChatGPT interface (and its backing models)
has been the target of several research works, providing a
good reference framework [Barambones et al., 2024; Morgan,
2023; Saare, 2024; Sinha et al., 2024; Wachinger et al., 2024;
Yan et al., 2024].

During the construction of the prompt template, the re-
searchers tried to summarize all relevant information needed
for the model to produce the best analysis. This template
would then be adapted and used for each of the selected stud-
ies. It is important to note that this process of prompt crafting
directly influenced the outcomes of each study.

Fig. 2 shows the prompt template defined during Step 2.
The prompt starts (1) with an imperative sentence that intro-
duces what the researcher wants from the tool. The next block
of text (2) should describe the method to be used for the anal-
ysis. In our case, this description was as close as possible to
the method used by human researchers during their previous
analyses of the results. This ensured a fair comparison of
human-led and Al-assisted analyses. Paragraph (3) provides
additional context on the study. Context information here can
include details about the study objectives, locations, target
population, and data collection method. The next two clauses
(4) and (5) are optional and related to language information.
If the prompt, results, and analysis are all written in the same
language, this part is probably unnecessary. In other cases, the
results may be written in multiple languages, and the analysis
is expected in a specific language. Because GenAl models
are known for being sensitive to language choice, returning
different results for different languages, we recommend in-
serting the language indications for the tool. In our case, all
prompts and analyses were made in English, but the raw re-

’https://chatgpt.com

3https://openai.com

40penAl models, including GPT-40, have already scored highly
in benchmarks such as HellaSwag (https://rowanzellers.com/
hellaswag/) and MMLU (https://paperswithcode.com/task/
multi-task-language-understanding), which compare the efficiency
of LLMs in NLP tasks.
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Figure 1. Overview of the methodology used for the study.

sults included a mix of English, Portuguese, and Italian texts
(see language details for each study in Section 4). Finally,
in part (6), the researcher should provide the raw data to be
analyzed by the Al tool. The current version of the ChatGPT
interface allows users to attach files to the prompt, which may
facilitate this task. In the current study, all data was submitted
in plain text format. Any details further describing the data
format can also be included here.

Apply the following method to analyze the °
results of the study that | will describe below.

The method to be used is... 0
The study consisted of... o

The participants' responses are written in... o
and | want the resulting analysis written in...e

The results consist of... o

Figure 2. The prompt template defined for the study.

The steps displayed inside the central rectangle in Fig. 1
(Steps 3 and 4) were repeated for each of the four studies.
Basically, these steps consisted of generating an Al-assisted
analysis using ChatGPT and comparing it with human-made
analysis done previously. The two inputs for this stage were
the original study and the prompt template defined in one of
the previous steps. The original studies material contained
the raw results data and the analysis made by researchers for
each study.

Step 3 takes the raw results and the prompt template to gen-
erate an analysis assisted by Al. This step is better described
by three sub-steps that can be used as an inspiration for other
researchers that want/need to adopt GenAl in their analysis
procedures (see box on the right of Fig. 1). The first sub-

step consists of performing any sort of data pre-processing
deemed necessary. This sub-step should be used to format
the raw results into something easier for the tool to process
and understand. This is also the moment to check the tool’s
privacy policy and exclude from the results any sensitive data
or data that cannot be publicized under the risk of violating
previously assumed ethical commitments.

The second sub-step of Step 3 is prompt construction. At
this moment, the gaps in the prompt template are filled with
information about the specific study being analyzed. The raw
results may be included as plain text or as attached files. The
final sub-step of Step 3 is prompt execution. In our approach,
we tried to produce a more comprehensive prompt from the
start, but other approaches might prefer a more interactive
conversation with the Al chatbot. If the response from the Al
tool is considered incomplete or unsatisfactory, the researcher
can opt to adjust the prompt and re-execute it or try to refine
the response with follow-up prompts.

In Step 4, each researcher compared the previous human-
made analysis with the analysis produced with Al assistance.
We sought to find differences and similarities between the ex-
ecutions. In addition, possible advantages and disadvantages
of each of the approaches were listed. The main criteria used
to compare the two analyses were:

* Number of categories: The number of categories used
in the thematic analysis.

+ Similarity between categories: How similar the cate-
gories created in the two analyses were.

* Granularity of categories: Whether the categories were
more fine- or coarse-grained.

* General presentation and summary: General aspects
regarding the presentation of the analyses.

Step 5, the final step, consisted of consolidating the results
of the comparisons for each of the four studies. During such
consolidation, the team searched for general impressions and
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recommendations regarding the application of GenAl in the
analysis of qualitative research results.

3.1 Ethical Issues

As previously stated, the four qualitative studies, Study 1
from da Rosa [2025]; da Rosa and Silveira [2025], Study
2 from Correa [2023]; Correa and Silveira [2024], Study 3
from Borges [2022], and Study 4 from Gnecco [2022], have
all been approved by the Ethics Committee of the Pontifical
Catholic University of Rio Grande do Sul’, institution which
they were conducted.

4 Results

This section presents the results obtained from the analysis
of the four studies. A consolidated discussion of these results
is presented in Section 5.

4.1 Study 1 - Online survey

This study consisted of a survey conducted through an on-
line questionnaire. The study was part of a broader research
project investigating interaction design approaches focused
on multilingualism. More specifically, the survey aimed to
uncover the behavior and difficulties of technology users in
different multilingual contexts. To allow comparison between
different environments, the questionnaire was applied to par-
ticipants from two universities: one in Europe and the other
in South America. Table 1 shows a summary of Study 1.

Table 1. Summary of Study 1: Online survey.

Research context: Investigation of technology users’
behavior in multilingual contexts.
Survey / online questionnaire.
Text qualitative analysis.
Responses to two open-ended
questions in text format.

60 non-empty responses to the two
open questions (out of 196 com-

pleted questionnaires).

Collection method:
Analysis method:
Data format:

Scope of the study:

As is the case in many surveys of this type, the question-
naire was composed of closed and open questions. In this anal-
ysis, we focused only on two open-ended questions. Question
1 was: Do you engage in any other activity using different
languages? Which one(s)? And Question 2 was: Are there
any other experiences (positive or negative) related to mul-
tilingual interaction that you would like to share? Which
one(s)?. A total of 196 participants submitted valid responses
for the questionnaire, from which 44 filled out Question 1
and 16 filled out Question 2, adding up to the 60 responses
used for the analysis.

Because the open questions were not the main focus of the
original research, no particular analysis method was applied
to the qualitative results.

5Study 1 CAAE Number: 65338122.9.0000.5336, Study 2 and Study
3 CAAE Number: 54348321.1.0000.5336, and Study 4 CAAE Number:
68631523.1.0000.5336
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The participants’ responses to the two open questions were
treated as complementary information, elucidating responses
to the closed-ended questions. The responses were qualita-
tively analyzed, searching for similarities and noteworthy
issues.

we classified the method that was applied to analyze the text
as a non-structured qualitative analysis. In the original man-
ual analysis, responses were first grouped by location (either
Europe or South America) and then grouped in fine-grained
categories by similarity in a process similar to thematic anal-
ysis. Responses from European participants were grouped in
11 categories, meanwhile the responses from South Ameri-
cans resulted in seven categories. It was also observed in the
original analysis that Europeans reported more daily activi-
ties, while South Americans reported more activities linked
to the work environment.

Regarding Question 2, almost all responses were from Eu-
ropean respondents; therefore, no separation by country was
applied. The responses were initially classified as positive ex-
periences and negative experiences (problems), with reports
of problems being much more numerous. Reports of nega-
tive experiences were then grouped into four main categories,
which included: difficulty of understanding websites/apps
lacking translation; wrong language settings; problems with
code-switching and -mixing; and difficulties with configu-
ration, typing, and searching, in less common languages.
Concluding remarks considering both questions were also
included in the original analysis. For example, responses
served to illustrate a list of six challenges and opportunities
related to the intersection of HCI and multilingualism.

Apply the following methodology to analyze the results
of the study that | will describe below.

The methodology to be used is a non-structured
qualitative analysis.

The study consisted of an online questionnaire in which
the participants answered questions about technology use
in multilingual contexts. The questionnaire was applied to
participants in two universities: one in South America and
the other in Europe. While filling out the questionnaire,
participants responded to the following two open questions:

Because it was a multilingual questionnaire, the
participants' responses are written in English, Italian, or
Portuguese, but | want the resulting analysis in English
only.

The results that | will present now consist of the
participants' responses to each of the questions separated
by country (empty responses have been omitted):

Non-Structured Qualitative Analysis of Multilingual
Technology Use in Europe and South America
Responses from Participants in Europe

Figure 3. The prompt submitted to ChatGPT for the analysis of results from
Study 1 - Online survey.

The prompt for Study 1 was built following the chosen tem-
plate and considering the aforementioned study description
(see Fig. 3). Since the online questionnaire was multilingual,
special care was taken in regard to notifying the language of
the responses, which were written either in English, Italian,
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or Portuguese. All the 60 analyzed responses were formatted
together in a single text with indications of the location (Eu-
rope or South America), question (Question 1 or Question
2), and respondent (participants were identified by random
identifiers to ensure anonymization).

ChatGPT’s response to the prompt included a summariz-
ing title, an analysis of the results grouped by country and
question, and a final conclusion. With respect to the analysis
of Question 1, the Al tool grouped responses into generic cat-
egories. For the responses from Europe, four categories were
identified scientific and professional activities, social inter-
actions, sports and hobbies, and miscellaneous. Responses
from South America for the same question were grouped
into three categories: professional and educational activities,
leisure activities, and travel and miscellaneous. For each
location, ChatGPT highlighted the main characteristics of the
responses: daily integration of multiple languages in both
professional and personal domains in Europe; and profes-
sional and educational contexts in South America. Regarding
Question 2, ChatGPT also recognized that responses were
more numerous in Europe. The assisted analysis started by
classifying responses into positive and negative experiences.
Negative experiences reported by participants in Europe were
associated with three categories: digital frustrations, cul-
tural challenges, and administrative hurdles. The conclusion
generated by ChatGPT consisted of a short paragraph that
attempted to summarize the analyzed dataset but was more
focused on the answers to Question 2. In its final remark, the
Al tool sought to extrapolate the analysis of the results to a
broader context: “The insights from both groups highlight
the importance of improving digital tools and interfaces to
better support multilingual users in diverse contexts”.

Despite the difficulty to describe the analysis methodology
adopted in the original study, the obtained assisted analy-
sis presents many similarities when compared to the manual
human-made analysis. The general grouping and catego-
rization of the responses presented together with concluding
remarks, typical aspects of a qualitative analysis, can be con-
sidered similarities. Similar key findings can also be observed
in both analysis, such as the characterization of multilingual
activities reported by Europeans and South Americans.

On the other hand, remarkable differences can also be ob-
served. The categorization of responses to the first Question
(multilingual activities) was more fine-grained in the manual
analysis, while the Al tool opted for a more coarse-grained
classification. ChatGPT ended up with only four categories
for the European sample and three categories for the South
American sample, compared to 11 and 7, respectively in the
manual analysis. This difference is understandable, given
that the manual analysis consisted of merely grouping ac-
tivities that were similar in its description, meanwhile the
assisted analysis opted for a categorization closer to that of
thematic analysis. This difference in defining themes was not
so pronounced in the case of Question 2, when the number
of responses was much lower, and both analysis arrived at a
similar number of categories.

The categorization performed by ChatGPT over the dataset
was not free of caveats though. Some of the chosen themes
can be considered too generic such as the miscellaneous
and travel and miscellaneous categories in the analysis of

Borges et al.

responses to Question 1. In the analysis of Question 2, some
categories can be considered ill-defined or overlapping: for
instance, digital frustrations and cultural challenges. These
problems could be alleviated by choosing a better-defined
analysis method during prompt construction, such as thematic
analysis. An alternative would be to try refining the Al tool’s
response by issuing follow-up prompts. These actions, how-
ever, would be out of the scope of this experiment. Table 2
presents the comparison between the manual and Al-based
analyses for Study 1.

4.2 Study 2 - Focus group

This study involved a remote focus group conducted using
Zoom, with six selected participants (identified as P1 to P6)
and two facilitators. The research aims to assist designers
in developing data narrative visualizations that enhance un-
derstanding and engagement from the end user’s perspective.
The focus group sought to identify how data types are used
with different genres, narrative structures, visual narratives,
and other elements composing a narrative visualization.

Participants were encouraged to express their opinions in-
teractively during the session, which we recorded for further
analysis. The activity involved planning a narrative data visu-
alization based on content presented by the facilitators. After
the session, we transcribed the discussions to enable a detailed
examination of the participants’ approaches and preferences
in creating narrative visualizations.

All text transcriptions in the proposed prompt replicate
the same analysis using ChatGPT (see Fig 4). The method
used for both approaches was thematic analysis. Table 3
summarizes this study.

Apply the following method to analyze the results of
the study that | will describe below.

The method to be used is thematic analysis.
The study consisted of a focus group held to identify how
types of data are used in conjunction with different genres,

narrative structures, visual narratives, and other elements
that make up a narrative visualization. The activities were:

The participants' responses are written in Portuguese,
but | want the resulting analysis in English only.

The results:

Thematic Analysis of Focus Group on Narrative Visualizations
Introduction
The focus group aimed to explore...

Figure 4. The prompt submitted to ChatGPT for the analysis of results from
Study 2 - Focus group.

The results from the manual analysis identified three
themes: narrative genres, visualization techniques, and vi-
sual structures. Regarding the genre theme, the participants
expressed common ideas. P4 suggested combining the Anno-
tated Chart with the Partitioned Poster genre, explaining that
when users explore a poster, there may be moments when they
encounter information without understanding the designer’s
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Table 2. Comparison between manual and Al analysis — Study 1

concluding remarks.

Subject Manual analysis Al analysis
Grouping and theme | General grouping and categorization of | From both Question 1 and Question 2,
categorization the responses presented together with | the broader context classification.

Number of categories

Question 2 has led to a more similar
number of categories. Question 1: 11
and 7 categories found in the European

Question 1: 4 and 3 categories found.
In Question 2, the negative experiences
were categorized into a similar number

and South American sets.

of categories.

Table 3. Summary of Study 2: Focus Group.

Research context: Investigation of the relation be-
tween data types and narrative ele-
ments.

Focus group.

Thematic analysis.

Audio transcribed to plain text.
Video call session conducted with
6 participants discussing and inter-
acting.

Collection method:
Analysis method:
Data format:
Scope of the study

intended message. P4 emphasized that adding explanatory
points could enhance interaction. P1 said the Annotated Chart
could also help show historical moments or significant legal
changes. The participants discussed different visualization
techniques. Some participants opted for filters based on coun-
try and year, while P4 suggested using a correlation technique,
such as a scatter plot, to observe data dispersion. P5 added
that using cards to display values, total enrollments, total
investments, and a matrix or table could help clarify. Re-
garding visual structures, the group leaned toward drill-down
stories and the Martini glass structure, with P1 noting that the
drill-down approach would work well since the visualization
covered multiple continents, allowing for an expansion based
on user preferences.

The results of the ChatGPT-assisted analysis identified
seven categories, each linked to a theme, a description, and il-
lustrative quotes. The first category, familiarity with narrative
visualization, is related to the theme varied levels of famil-
iarity with narrative visualization, in which the description
indicated that some participants already knew about narra-
tive data visualizations and others did not. The quote exam-
ples showed that PS5, P2, and P1 were already familiar with
narrative visualization, while P3 and P4 knew storytelling
concepts but not the specific genres presented. Another cat-
egory, decision-making in narrative planning, was linked
to the theme of collaborative and iterative decision-making
process. The description highlighted the flexibility and adap-
tation required during the creative process, emphasizing how
narratives evolve as different elements come together. The
category challenges in abstracting and planning, associated
with difficulty in abstract planning without concrete data,
described how participants, especially P4 and P6, struggled to
plan narrative visualizations without direct access to datasets.

The preferences for visualization genres included the theme
preference for versatile and interactive genres, showing that
participants favored genres that allowed for greater interactiv-
ity and flexibility, such as the partitioned poster and annotated
chart. P1 described the partitioned poster as a versatile tool

that unifies data in one place with interactivity. In the category
perception of genre applicability, linked to the theme of genre
selection based on audience and narrative goals, participants
emphasized that the choice of genre should be guided by the
audience’s needs and narrative goals rather than just the data.
PS5 suggested that any dataset could fit into any genre, de-
pending on how the narrative is constructed. In the category
interactivity and user engagement, associated with the theme
importance of interactivity in enhancing user engagement,
participants agreed that interactivity is crucial for making
narrative visualizations more engaging and effective. The
ability to filter and explore data was identified as a significant
factor in choosing a genre, with P5 mentioning that filter-
ing data by country or year could enhance user engagement.
Lastly, the category learning and adaptation was linked to the
theme of learning new concepts and adapting to them. For
instance, P1 remarked on the importance of learning about
genre categorization for effective communication. ChatGPT
then generated a brief conclusion summarizing these results.

After comparing these two approaches, manual and
ChatGPT-assisted, we observed that ChatGPT generated
seven categories and themes, and three themes were identified
throughout the manual analysis. The manual analysis grouped
the themes into broader topics, while ChatGPT generated
more categories and themes. However, this fragmentation
can be risky because not all participants expressed opinions
about all the themes. On the other hand, the tool brought com-
plete descriptions and examples in all cases. Two approaches
identified this study’s main topics and brought illustrative
examples. The combination of manual and ChatGPT-assisted
analyses offers a good framework for future qualitative re-
search, balancing the depth of human analysis with the ef-
ficiency and comprehensiveness of GenAl tools. Table 4
presents the comparison between the manual and Al-based
analyses for Study 2.

4.3 Study 3 - Workshop

This study is part of a research project that blends End-User
Development and narrative data visualizations to investigate
how end-users utilize customization features provided within
a narrative visualization to explore the data. In this sense,
we aimed to understand how these features enable users to
explore the narrative and tailor it to their preferences and
understanding.

We held workshop sessions with end-users to observe how
they use the customizable features to explore a given narra-
tive developed using our proposed narrative data visualiza-
tion approach to support visualization design. The narrative
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Table 4. Comparison between manual and Al analysis — Study 2

Subject Manual analysis Al analysis
Grouping and theme | Two approaches identified similar main | More categories and themes identified.
categorization topics and brought illustrative examples.

Themes are grouped into broader topics.

Number of categories | 4 categories

7 categories

data visualization was based on the partitioned poster genre.
This choice relies on the partitioned genre being considered
optimal due to its characteristic of presenting multiview nar-
ratives.

The sessions were attended by 45 participants divided into
nine groups. The workshops were facilitated using the Figma
tool, a platform that allowed for the creation of interactive
prototypes of narrative visualizations and the simulation of a
customization design space. Participants were encouraged to
explore the narrative and utilize the available customization
features to tailor the visualization to their preferences. The
researchers observed the participants’ interactions and col-
lected feedback through discussions and questionnaires with
a mix of open and closed questions. The data gathered during
these workshops were then analyzed using thematic analysis
to identify patterns and themes in how the participants utilized
the customization features and their overall experience with
the customizable narrative visualization. Table 5 summarizes
the study design. Fig 4 presents an excerpt of the prompt
submitted to the ChatGPT.

Table 5. Summary of Study 3: Workshop sessions.

Research context: Investigation of how end-users uti-
lize customization features to tai-
lor a narrative data visualization.
Questionnaire.

Thematic Analysis.

Responses to mix of open and
closed questions in text format.

9 groups (45 attendees) non-empty
responses.

Collection method:
Analysis method:
Data format:

Scope of the study:

We posed seven questions. Four of these questions were
dedicated to mapping the attendees’ profiles. The remaining
questions were related to participants’ perceptions of the study.
We asked them about their prior knowledge of narrative data
visualizations, perceptions about the tailoring techniques pro-
vided during the session, and how they support the narrative
exploration. Finally, we asked them for suggestions regarding
the design space and topic.

To ease the understanding, we will present our results orga-
nized by the kind of analysis performed. First, we present the
analysis conducted by a human being employing the method
chosen. Then, we present the same task, which was performed
with the assistance of chatGPT.

Regarding the analysis conducted by a human, after ana-
lyzing the results, we organized them into three categories:
access to alternative viewpoints, customization of narratives,
and general contributions to customization.

The category of access to alternative viewpoints addresses
attendees’ contribution regarding their perception of how the

Apply the following method to analyze the results of
the study that | will describe below.

The method to be used is thematic analysis to categorize
the results.

The study consisted of a workshop session in which we
presented them to narrative data visualizations theory and
customization resources available to customize the
visualization. After this the attendees were invited to
explore and customize a given narrative. As a final step,
we asked them some discussion questions about their prior
knowledge of narrative visualization, perceptions about the
tailoring techniques provided during the session and how
these resources supported them in the narrative
exploration, and finally if they had suggestions regarding
the design space and topic. We used two datasets...

The participants' responses are written in Portuguese,
but | want the resulting analysis in English only.

The results are organized by group identified by the letter
G followed by a number...

Thematic Analysis of Workshop Responses
1. Prior Knowledge of Narrative Visualization
Across all groups (G1-G9), none of the participants were...

Figure 5. The prompt submitted to ChatGPT for the analysis of results from
Study 3 - Workshop.

customizable resources supported them in exploring the nar-
rative—the category of customization of narratives addresses.
The third category, general contributions to customization,
addresses participants’ suggestions for further customization
possibilities. These suggestions included the ability to cus-
tomize component colors without compromising image pro-
portions.

In addition to this classification, we reported general re-
sults based on the comments and observations made during
the workshop sessions’ execution. These results covered
their engagement, the use of the design space, and the use
of the available customization resources. We also analyzed
the differences in how each group approached the narrative
according to their background.

Regarding the analysis performed by chatGPT, we ob-
served that the IA identified four themes after analyzing the
participants’ responses. Moreover, within each theme, the TA
provided a set of categories. The themes identified were prior
knowledge of narrative visualization, customization flexibility,
suggestions for improvement, and user-driven enhancement
requests.

For the first theme, prior knowledge of narrative visualiza-
tion, the IA proposed the category of lack of prior knowledge
to describe participants’ lack of prior knowledge of the sub-
ject.

Following, the IA organized the categories of second and
third themes according to their classification as positive or
negative aspects of narrative visualization. The positive as-
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pects were flexibility and exploration, enhanced data em-
phasis, and user engagement and experience. The negative
aspects, in turn, relate to limited effectiveness and the need
for additional features.

Finally, for the last theme, user-driven enhancement re-
quests, the categories suggested by the chatGPT’s analysis
were color customization, component resizing and propor-
tions, and additional data and presentation features.

By comparing the results of the human and chatGPT anal-
ysis, we can recognize different approaches over the same
content. The themes identified in the human analysis are
broad and related to the research project’s context. Themes
like access to alternative viewpoints, customization of narra-
tives, and general contributions to customizations represent
an attempt to capture the tool’s functionality and essential
aspects of the research context, such as user experience im-
pact and narrative comprehension. The themes proposed by
chatGPT were focused on tools’ functionality and users’ per-
ceptions of them.

Another aspect we noted is that the human analysis tries
to capture the meaning of participants’ responses regarding
actions and motivations. Evidence of this is the discussion of
how each participant profile approached the narrative accord-
ing to their background (e.g., data science students versus
other IT students). In contrast, the chatGPT analysis is more
descriptive, summarizing the main topics and participants’
suggestions. The IA analysis did not dive into the implications
of the results for the tool’s design or users’ comprehension
of narratives.Indeed, a close examination revealed no sub-
stantial parallels between the aforementioned methodologies.
Notwithstanding, the principal discrepancies that have been
identified are illustrated in the Table 6.

To sum up, the human analysis demonstrates a deeper com-
prehension of the research context, and it is more prosperous
than chatGPT analysis, which is helpful but more descriptive
than interpretative.

4.4 Study 4 - Interviews

This study represents a portion of an investigation focusing
at understanding the utilization of interaction design patterns
in design systems. The objective of the interviews was to
understand how design systems’ users, who are typically
user experience designers, were applying interaction design
patterns and how they were relating these patterns to design
systems.

We conducted a series of ten semi-structured interviews
with user experience designers from a variety of backgrounds
and career stages. The sole requisite for participants is that
they must have previously been employed by an organization
with a design system in place. In the present study, we posit
that the selection of a single participant from the original ten
as the subject of interest was sufficient to obtain the requisite
material.

The interviews were conducted via the online video meet-
ing platforms Zoom and Google Meet, according to the prefer-
ences of the respective participants. Researchers documented
the participants’ responses and engaged in observation of their
interactions. Subsequently, the transcripts of the interviews
were subjected to thematic analysis in accordance with the

Borges et al.

principles of grounded theory methodology, using an appro-
priate software for this purpose called MAXQDA (version
2022). Table 7 provides this study structure.

Apply the following method to analyze the results of -
the study that | will describe below.

The method to be used is textual analysis using the
method proposed by Grounded Theory (STRAUSS and
CORBIN, 2008). The analysis should result in a list of first-
order open codes.

The study consisted of transcripts of an in-depth
interview with a professional user experience (UX)
designer. The aim of this study was to have a list of codes
related to the use of interaction design patterns in design
systems. The designer will be referred to as the
"Interviewee" and the interviewer as the "Interviewer". The
codes must be extracted from the Interviewee’s
statements, which are written in Brazilian Portuguese.

The results:

Here are the results of the textual analysis based on the
methodology of Grounded Theory (Strauss and Corbin,
2008), focusing on the use of interaction design patterns in
design systems...

Figure 6. The prompt submitted to ChatGPT for the analysis of results from
Study 4 - Interviews.

The interview process entailed the administration of all nine
questions previously outlined in the interview guide. The ini-
tial four questions addressed the candidate’s prior familiarity
with and utilization of interaction design patterns. The subse-
quent three questions addressed the practice of collaboration
and the incorporation of references when applying interaction
patterns in professional endeavors. The final two questions
addressed the topic of design systems and their relationship
to the aforementioned patterns. Fig. 6 shows the prompt used
for the Al-assisted analysis.

The manual analysis of the interview data identified nine
open codes. The interaction patterns have already been tested
in the context of work. This first code is related to the de-
signer’s view of the interaction pattern as a tool that validates
the user and other professionals’ experiences. The second
code identified by the manual analysis pertains to the uzi-
lization of online references, which refers to the application
of design patterns in the course of one’s daily work. The
following code pertains to the notion held by the participant
that a novel pattern may be generated during a collaborative
interaction with a colleague. Furthermore, the fourth code is
also relevant to the subject of the collaborative process, which
pertains to the challenges encountered when attempting to
collaborate with other professionals in the field of design
with the aim of exchanging knowledge. The fifth and sixth
codes identified pertain to the documentation of interaction
design patterns. The former code addresses the issue of how
a design pattern’s documentation is not readily accessible
from its practical application in the field. The latter code per-
tains to the rhythm of daily work and highlights the fact that
the stressful routine impedes the documentation of a pattern.
This may result in the potential loss of an excellent pattern,
which may have been tested and validated with users, due to
the lack of time to document it and disseminate it to other
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Table 6. Comparison between manual and Al analysis — Study 3

Subject Manual analysis Al analysis
Grouping and theme | Broader themes. Captured the meaning | More descriptive analysis.
categorization regarding motivations and actions from

the participants.

Table 7. Summary of Study 4: Interviews.

Research context: Investigation of user experience
designers utilize interaction design
patterns in design systems
Interviews.

Open codification phase from the
Grounded Theory textual analysis
methodology.

Responses to the open questions
in text format.

One participant of a total of ten
was included in a nine-question
open interview process.

Collection method:
Analysis method:

Data format:

Scope of the study

professionals.

The preceding two codes are highly pertinent to the seventh
code, which demonstrates the interviewee’s perception of
the user experience field. The seventh code pertains to the
numerous transformations that the user experience design
profession has undergone in recent years. Furthermore, it can
be seen as an indication of the general perception that the
role of the user experience designer is one that is in a state of
constant evolution. This, in turn, gives rise to a corresponding
evolution in technology and interaction patterns.

Ultimately, the two remaining codes illustrate a partici-
pant’s perception of the utility of interaction design patterns
in a design system’s documentation and how it could facil-
itate the adaptation of patterns to the diversity of contexts
present in the real field. This approach is more aligned with
the design systems theme.

With regard to the analysis of the interview used in the
study, which was conducted by chatGPT, fifteen codes were
identified. The first code to be commented is the /ack of
documentation of interaction design patterns. In the ana-
lyzed interview, the lack of formal documentation for design
patterns was frequently mentioned as a challenge for con-
sistency. The following three codes refer to the creation of
components in the Figma tool, the use of these components
and the difficulty of reusing these components due to the lack
of consistency among designers regarding interaction design
patterns. The fifth code identified expressed fear of becoming
outdated in the profession, mentioning efforts to stay updated
with new tools and techniques. These first five codes express
the participant’s concern about the consistency in interaction
design solutions and the importance given to patterns in this
context.

There are four other codes related to adaptation and chang-
ing interaction patterns according to context. The first code
cites the frequent need to adapt patterns even without men-
tioning context, the second code cites adaptation depending
on context, and the last one mention the use of online refer-
ences to be updated about the last patterns tendencies. These
aforementioned codes can be interpreted as an important sig-

nal of how often there is a need for an adaptation of a pattern
to real scenarios in the practice field. However, on the topic
of customization, this leads the participant to concerns about
the excessive customization done by designers, which can
result in a lack of uniformity in projects.

The subsequent group of codes pertains to the domains
of communication, feedback, and documentation within the
sphere of interaction design. The themes are interrelated
in that the initial point of discussion is the lack of effective
communication among designers, which can lead to the im-
portance being placed on the collaboration process among
these designers, and how constant feedback is a critical part
of the design process, despite the emotional challenges it may
bring. The argument put forth by the interviewee posits that
the adaptation or creation of a pattern during the course of
an ongoing project may act as a barrier to evolution due
to the fear of altering what has already been done and ap-
proved. Furthermore, the participant put forth the suggestion
that professionals should be granted access to comprehensive,
objective, and readily available documentation, citing the po-
tential benefits of a good interaction pattern documentation
living in Figma.

Finally, there are the latest two codes that relate to the
perception of design systems and the importance of standard-
ization of design patterns. The discussion given from the
interviewee’s perspective is that in the first instance, even
if there is a search for external references, which was afore-
mentioned in another code, it is very important to maintain
consistency of interface patterns in a context using an exist-
ing design system. In the same context, the participant has
shown what ended up being another code, the belief in the im-
portance of a centralization of patterns within the project or
company. A resumed comparison between those two methods
can be seem in Table 8.

The manual approach was driven to a smaller number of
codes, and the Al approach was able to identify a greater
variety of codes. The human-generated codes seemed to
be more interpreted, and the Al codes seemed to be more
objective and descriptive. Nevertheless, when it comes to
these two types of analysis, manual analysis and Al-driven
analysis, we could see that there was a similarity in a certain
types of codes, and it is clear that both proved to be effective
in identifying potentially relevant quality material for further
analysis.

5 Discussion

The use of generative Al particularly ChatGPT, in qualita-
tive research is an emerging field. Our findings align with
previous studies, such as those by Saare [2024], Skjuve et al.
[2023], and Barambones et al. [2024], which confirm the
potential of Al to accelerate the initial analysis of data, but
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Table 8. Comparison between manual and Al analysis — Study 4

Subject Manual analysis Al analysis
Grouping and theme | Similarities in codification: both anal- | More variability of codes. The Al codes
categorization yses named a code for “lack of docu- | seemed to be more objective and descrip-
mentation” in interaction design patterns | tive.
in the context studied. Less variability
of codes. The human-generated codes
seemed to be more interpreted.
Number of categories | 9 codes. 15 codes.

also reinforce the indispensableness of human oversight to
ensure the depth of the interpretation. However, by repli-
cating a multimethod research design (questionnaires, focus
groups, workshops, and interviews), our study advances this
understanding by revealing how the effectiveness and limi-
tations of Al vary significantly depending on the qualitative
methodology employed.

5.1 Analysis of AI’s depth, validity, and biases

Hamilton et al. [2023], Sinha et al. [2024], and Lopez-Fierro
and Nguyen [2024] explored the role of Al, specifically Chat-
GPT and GPT-4, in assisting qualitative research. Hamilton
et al. [2023] compared Al-generated themes with those iden-
tified by human coders in interviews, finding overlap but
emphasizing that Al cannot replace the interpretive depth
human researchers provide. Sinha et al. [2024] examined
GPT-4’s role in open coding within a grounded theory frame-
work, noting that while Al can expedite coding by identifying
uncoded segments and offering alternative interpretations,
human refinement is still crucial. They also highlighted tech-
nical limitations, such as token constraints for large datasets.
Lopez-Fierro and Nguyen [2024] focused on human-Al col-
laboration in qualitative coding, suggesting that Al can en-
hance transparency in the process and prompt new insights.
However, human oversight is essential to ensure proper con-
textualization and alignment with research goals. All three
studies stress that Al can complement but not replace human
researchers’ nuanced and interpretive work.

We agree with the need for human oversight of Al-
generated results. In this research, ChatGPT was very helpful
in generating an initial descriptive analysis of the raw data,
according to the prompts provided. Based on the input, it
generated detailed themes or codes, reflecting its ability to
respond accurately to structured prompts. However, as ob-
served in previous studies, human oversight was essential for
evaluating and refining Al-generated results. For instance,
in the online survey (Study 1), ChatGPT generated themes
similar to those identified by human analysis, but the latter
was more detailed, uncovering more categories. In the focus
group (Study 2), the Al identified broader categories, some-
times misclassifying responses when not all participants had
engaged with specific topics. ChatGPT generated more codes
in the interview (Study 4). In contrast, its analysis in the
workshop (Study 3) was overly descriptive and lacked the
necessary depth to explore critical aspects of the research
thoroughly.

The direct comparison between human-led and Al-assisted
analysis across our four studies revealed a consistent pat-

tern: while Al excelled at identifying descriptive and broad
themes, human analysis consistently provided greater detail
and contextual depth. Our work demonstrates that human val-
idation is not just a “checking” step, but a dialectical process
of refinement, where the researcher questions, deepens, and
contextualizes the Al’s raw outputs.

5.2 Recommendations for using generative Al
in qualitative analysis

Table 9 summarizes the key recommendations derived from
our findings. These recommendations aim to guide re-
searchers in the responsible and effective integration of GenAl
tools into qualitative workflows.

Based on the findings, we highlight a recommendation -
human validation - indicating that it’s necessary to ensure
a human validates the result of Al analysis. Once Al analy-
sis does not replace human interpretation, researchers must
evaluate and interpret the results, ensuring they align with the
research context and goals.

While the analyzed studies demonstrate the potential and
limitations of integrating generative Al, particularly Chat-
GPT, into qualitative research workflows, this study offers
a distinct approach by replicating a multi-method research
design using ChatGPT. Unlike studies such as those by Yan
et al. [2024] and Hamilton et al. [2023], which primarily
focus on thematic analysis and AI’s contributions to coding
efficiency, the research is based on four distinct qualitative
methodologies: questionnaires, focus groups, workshops, and
interviews. Applying ChatGPT prompts to replicate the orig-
inal research findings aims to explore how Al-generated data
compares across these varied methods.

These contrasts reveal that while ChatGPT can effectively
assist in initial analyses, the methods used and researchers’
perceptions significantly influence the final results. Perkins
and Roe [2024] explored the use of GenAl in qualitative
and quantitative analysis. They provided recommendations
to researchers using these tools and identified that the Al-
generated result’s relevance depends on the ability to create
great prompts. Considering this, another recommendation is
a prompt design that can effectively mitigate it. It’s essen-
tial that the prompt includes information about the research
context, language, data collection methods, and desired anal-
ysis approach. Additionally, the iterative process of refining
prompts and re-engaging with the Al could further improve
outcomes, though this was outside the scope of this study.
Nevertheless, the prompt design allows future researchers to
engage in more in-depth prompt-Al interaction.

Still, about the prompt design, a recommendation about
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Table 9. Key recommendations provided.

Prompt design

Craft clear, detailed prompts to guide the AI’s analysis.

Data preprocessing

Format raw data for AI comprehension and ensure anonymization.

Human validation

Ensure human validation of Al outputs to align with research goals.

Documentation

Keep records of prompts, outputs, and how Al was used in the analysis.

data processing and anonymization emphasizes that the
data format must be easily and understandable by the Al In
addition, all sensitive information must be removed to comply
with privacy regulations and ethical considerations.

It is noteworthy the practice of documentation. Document
the prompts used, the Al results generated, and how they were
incorporated into the final analysis to ensure the study’s repli-
cability. Table 9 summarizes the recommendations provided
in this study.

These recommendations are not exhaustive, but are based
on empirical evidence from our case studies. Future research
could expand upon these insights by testing refined prompt
strategies, combining multiple GenAl tools, or exploring
human-AI co-creation scenarios.

Across all studies, ChatGPT identified the main topics in
the contexts, demonstrating that our prompt design is handy
across different qualitative methods. However, as previously
pointed out, human evaluation remains indispensable to en-
sure the analysis is aligned with the research goals and con-
textual nuances.

6 Final Remarks

This study aimed to explore the potential of human-AlI col-
laboration in qualitative analysis by examining the use of
ChatGPT to support researchers in interpreting textual data.
We used four different qualitative methods from HCI studies:
questionnaires, focus groups, workshops, and interviews. By
applying the same prompt template across varied contexts, we
assessed how GenAl performs in diverse research scenarios.
Our findings show that Al like GenAl can be helpful in qual-
itative research, providing efficiency and new perspectives.
However, we also emphasize the crucial role of human super-
vision in ensuring the accuracy and relevance of Al-generated
analysis.

We noted that GenAl has the potential to facilitate the anal-
ysis of qualitative data, particularly in HCI research, where
textual analysis is commonly used. Al’s capability to gener-
ate themes, codes, and summaries can significantly expedite
the research process, allowing researchers to concentrate on
interpretation and synthesis. However, we also found that
Al-generated analyses can sometimes be too broad or lack
the nuanced understanding of human researchers. The dif-
ferences observed between manual and Al-assisted analyses
underscore the importance of human validation and interpre-
tation, i.e., it means that while Al can speed up the analysis
process, it is essential for human researchers to review and
interpret the results to ensure their accuracy and contextual
relevance.

The study’s implications extend beyond HCI research, of-
fering valuable insights for any field that relies on data anal-
ysis. Integrating GenAl into research workflows can be a

milestone in approaching qualitative analysis, making it more
efficient and accessible. In addition, our methodology and
prompt are broad enough to be applied by other researchers.

To summarize, we contributed to the growing literature on
human-AlI collaboration in qualitative research. The findings
suggest that GenAl can be a powerful tool for enhancing
research efficiency and generating unique insights. Yet, the
study serves as a reminder that Al is a tool to augment, not
replace, human expertise. As GenAl continues to evolve,
we must explore its potential and limitations, striving for a
balanced and synergistic partnership between humans and Al
in pursuing knowledge.

Following, we present the study’s limitations and future
work we envision to the research of Human-Al collaboration.

6.1 Limitations

A limitation of this study lies in the approach used regarding
ChatGPT. We chose not to provide additional information
to refine the Al-generated results, which may have limited
the depth and specificity of the analyses. We decided to
assess the tool’s capabilities in its default configuration, but
we acknowledge that including more detailed guidance could
lead us to different results. In addition, we can explore prompt
engineering in the future by trying configurations that were
out of our scope.

Additionally, it’s important to note that the findings in this
study are not comprehensive but rather represent a perspec-
tive based on our experience with ChatGPT. Comparing the
Al-generated results with our manual analyses introduces a
potential bias, as the same researchers were involved in both
stages. This overlap in roles may have influenced, perhaps
unconsciously, the interpretation of the data and the assess-
ment of the quality of the analyses generated by ChatGPT.
To overcome this, we performed rounds of discussion among
the authors to evaluate the results.

6.2 Future Work

Human-AlI collaboration is an increasing topic in all commu-
nities’ research. Due to the rapid advancement of Al tools,
assisted research has gained considerable attention. In this
scenario, we envision future work that we can address in the
short, medium, and long term.

In this work, we focused on the ChatGPT tool because of
its popularity. In the short term, we envision conducting qual-
itative research to investigate the capabilities and limitations
of other emerging GenAl tools, such as Google Gemini.

In the medium term, we envision investigating AI’s impact
on diverse qualitative methods. In this work, we explored four
distinct qualitative methods. However, we expect to widen
the range of qualitative methods to cover other methods.
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In the long term, we plan to investigate the long-term impli-
cations of human-Al collaboration by conducting longitudinal
studies to track its evolution over time and examine its im-
pact on research practices, roles, and the nature of knowledge
production.
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