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1. Generative Al



Artificial Intelligence (Al)

The definition of Artificial Intelligence (Al) is complex, and there is no universal
consensus. The term "Al" is frequently used inconsistently, influenced by historical
factors, market trends, and the specific capabilities of the technology in question.

Al is a broad concept encompassing various technologies and applications. Among the
main types of Al are:

- Generative Al, which synthesizes and produces content—such as text, images, or
music—by identifying and replicating patterns and styles from large datasets, typically
using deep learning models (e.g., ChatGPT and DALL-E).

- Predictive Al, which uses machine learning techniques to analyze historical data and
predict future outcomes, identifying patterns to anticipate trends and behaviors. It is
widely used in applications such as credit scoring, demand forecasting, and
recommendation systems.
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Narratives

‘Each technique [in Al] is both a method for designing artifacts and a thematics for narrating its operation’

(Agre, 1997, p. 7)

The language used to describe Al, with anthropomorphic terms such as "reasoning" and
"understanding,” can obscure its true operational processes.

These discourses tend to prioritize "understanding” over accuracy.
The use of anthropomorphic metaphors can lead to an overestimation of Al's capabilities,
obscuring the fact that these are systems based on mathematical models and statistical

analysis, relying on vast amounts of data and human labor in their creation and maintenance.

Discourses around Al tend to shape public perception and the socio-political relationships
associated with the technology.


https://journals.sagepub.com/doi/full/10.1177/03063127231194591#bibr1-03063127231194591

Generative Al (GenAl)

Generative Al works by "learning” patterns and features from large datasets. Examples include
generative diffusion models for image generation and large language models, such as OpenAl’s
GPT, Google’'s Gemini, and Anthropic’'s Claude .

Training data is mostly sourced from publicly available information on the internet, curated
datasets, and user-provided inputs within the tool.

A specific type of generative Al is Large Language Models (LLMs). These models rely on the
statistical analysis of language: their goal is to predict the next word with the highest probability.
They do not possess independent knowledge.

Access to these functionalities is typically provided through chatbots (e.g., ChatGPT, Bard,
Claude), which are designed to interact naturally with users, mimicking human-like communication
patterns. Unlike earlier chatbot models based on pre-programmed rules, current models generate
dynamic and contextually appropriate responses to user queries (Goodlad & Stone, 2024).



Generative Al

Generative Al has excelled in specific tasks, particularly in text translation, text generation, the
creation of coherent images or sounds, automatic text summarization, semantic analysis,
opinion detection, as well as text mining and content retrieval. These capabilities stem from
its ability to identify complex patterns within large datasets.

LLMs use a process called tokenization, which breaks text into smaller units (tokens). These
tokens can be entire words, parts of words, or even individual characters, depending on how
the model was trained.

The Transformer architecture, a specific software design, is essential for enabling LLMs to
process language efficiently. Through the "attention” mechanism, these models can analyze
complex relationships between words in a text, resulting in more coherent and contextually
appropriate responses.



Tokenization 8

LLM tokenization

_ Input text Next token =

| These aren’t the droids you're looking  for

Next token probability

o 4.8 x 10* !
Input sequence of tokens 329 0.9367 for
[4711, 3588, 470, 262, 3102, 2340, 345, 821, 2045]
are 0.0546 at

Language model > 50256 1.2 x 10* <|endoftext|>

L — —

Source: https://knowledge.dataiku.com/latest/ge nai/text-processing/concept-intro-to-llms.html



Generative Al

LLMs work based on probability, not facts.

Rather than “knowing” information, they generate text by predicting likely sequences of tokens
based on statistical patterns learned during training. These predictions depend on how frequently
and in which contexts words and phrases tend to occur together.

This means LLMs can produce fluent, confident-sounding text that is factually wrong, a
phenomenon that has been called "hallucination.”

The same question can yield different answers depending on how it is phrased, because the
model responds to surface patterns in the input, not to an underlying meaning it has "understood.”

There is no internal fact-checker. LLMs have no mechanism to verify claims against reality before
generating a response.

Because these patterns are learned from vast and uneven datasets, and shaped by design choices
about how information is weighted, they reproduce existing biases (around gender, race,
language, and culture) often invisibly and at scale



llustrative visualization of how ChatGPT might assign completion
probabilities (non factual)
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Large Language Models
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They are statistical models of
language trained on a dataset.

They rely on word (or token)
associations and do not have
factual accuracy

They do not "learn" in the
human sense. Data is used to
optimize models in order to
generate representations of
that data.

They are trained on vast
datasets that may contain
biases and misinformation,

which can be amplified in their
results.

Even when they generate
"true" statements, these are
"unjustified" because the
model lacks the means to
validate its claims.

They do not merely reproduce
training data; they actively
construct a "model of the
world" through processes of
compression, attention, and
probabilistic inference.

Their functioning is often
opaque, making it difficult to
identify biases or understand

their decision-making
processes.

They currently result from a

product development cycle

driven by profit, fueled by a
specific industry.

They require significant
computational resources,
consuming large amounts of
energy and water.



Environmental footprint

Al's Energy Demands Are Out of Control. Welcome to
the Internet's Hyper-Consumption Era |

Generative artificial intelligence tools, now part of the everyday user experience online, are ’
causing stress on local power grids and mass water evaporation,

GenAl requires significant computational
resources, far beyond those of a traditional internet
search.

This has a material cost: data centers running these
models consume large amounts of energy and
water.

ARTIFICIAL INTELLIGENCE

Al is poised to drive 160%
Increase in data center power
demand

May 14, 2024  Share =

Data center emissions probably 662%
higher than big tech claims. Can it
keep up the ruse?

Emissions from in-house data centers of Google, Microsoft,
Meta and Apple may be 7.62 times higher than official tally

Green | ESG & Investing
Google Is No Longer Claiming to Be Carbon
Neutral

The tech giant, which has seen its planet-warming emissions rise
because of artificial intelligence, has stopped buying cheap offsets
behind the neutrality claim. The company now aims to reach net-zero
carbon by 2030.

Microsoft’s Hypocrisy on Al

Can artificial invelligence really enrich fossil-fuel companies and fighs

- climare chamge ar the same time? The tech giann says yes.

By Karen Hao




GenAl 13

It is not a search engine, although it may retrieve and generate information in ways that resemble search.

It does not process information or produce meaning in the same way humans do, despite generating
outputs that may appear meaningful.

It can reveal patterns and relationships that are not immediately evident, which ca be usefull and lead to
new discoveries.

It can personalize user experiences, potentially promoting inclusion and accessibility.

It creates a "model of the world” (Amoore et al., 2024) based on statistical models, which both reflects and
influences how we perceive, classify, and act upon that world.

It is associated with various risks and negative impacts, such as the ampilification of biases, copyright and
privacy violations, environmental impact, labor exploitation, and the degradation of information quality
(Critical Al Explainer, 2024).

It also raises concerns about power concentration, opacity, and accountability in the development and
deployment of these systems.



2. Al and Higher
Education



Al and Higher Education
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Generative Al, especially LLMs, has brought new challenges to
education, including university and postgraduate studies.

« Academic Integrity Issues: Al raises concerns about
authorship and plagiarism, requiring a rethink of assessment
methods and ethics.

« Loss of Skills: Relying on Al can weaken critical thinking and
original writing, leading to shallow learning.

« Business Interests vs. Education: Al automation often
prioritizes efficiency and profit over quality education and
meaningful teacher-student interactions.

Al TURNS THIS SINGLE
BULLET POINT INTO A
LONG EMAIL | CAN
PRETEND I WROTE
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) ¢¥ { | ! ‘4 (o
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A.l. MAKES A SINGLE
BULLET POINT OUT OF
THIS LONG EMAIL | CAN
PRETEND | READ.

@ marketoonist.com




Narratives and marketing

The use of GenAl in education has led to
contradictory narratives:

« Some universities completely ban its use and
rely on (problematic) "Al detectors"...

« While others actively encourage its use at
various levels.

oiiae -

This sounds like me but better.

At the same time, we are seeing:

« The growing integration of Al features into
existing digital tools.

« The launch and promotion of new tools and
features specifically designed for teachers and
students.




Rules and guidelines

A

Principles and Recommendations ICS-Ulisboa

1. Recommendations for Students and Doctoral Researchers

- Teaching, learning, and research assistance: support understanding of complex
topics without replacing mastery of core concepts or critical thinking

- Writing and translation assistants: support structuring, editing, and translating
without replacing the student's own writing and research plan

« Resources for brainstorming and creative process support: help generate initial

ideas and approaches, but Al suggestions must always be critically evaluated
by the student

2. Recommendations for teaching and assessment
3. Supervisor/supervisee relationship
4. General recommendations

https://www.ics.ulisboa.pt/sites/ics.ulisboa.pt/files/basicpage/ficheiros/principios-e-
recomendacoes-sobre-0-uso-de-ia-generativa-en.pdf
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Rules and guidelines

A

Reflexao e Guia para a utilizacao da Inteligéncia Artificial no Instituto Superior

Técnico

* Tutoring, not authorship: Al output must be reviewed and verified;
never taken at face value

+ Data privacy: keep confidential and sensitive data out of Al prompts

+ Assessment: favour oral presentations and group discussions; ask
students to articulate their own original contribution

+ Declaration of use: when Al is permitted, students must explain how
and why they used it

* Three permmission levels: prohibited / limited with declaration / fully
permitted with declaration

* The bottom line: Al is not a shortcut; critical thinking, originality, and
learning from mistakes cannot be outsourced

e ~

UtiliZagio da Inteligéncia Artificial
no Instituto Superior Técnico




Al POLICIES

A

open archive of the social sciences, provides a free, non-profit, open access platform for social
scientists to upload working papers, preprints, and published papers, with the option to link data and
code. SocArXiv is dedicated to opening up social science, to reach more people more effectively, to
improve research, and build the future of scholarly communication.

* There are acceptable uses for LLMs and other machine-assistance tools in research on our
site, as long as they are disclosed and documented. Failure to disclose, or implausible
disclosures, are grounds for rejection. These are acceptable:

« Language translation (we may ask for the original to review)
« Pre-writing work such as literature searches, idea generation and organization, when the
paper also reports on original research and the author attests to thorough human

supervision (e.g., verifying sources).
» Copy-editing and formatting
* Machine-assisted content or data analysis
+ Dictation software
« These are unacceptable uses:
Generating text which is used verbatim (including whole paragraphs and sections)
Generating fake human subjects data (including simulated, in silico samples)

LLM as co-authors or interlocutors as if human (e.g., “interviewing” or “dialogue” with
LLMs)

Generating false information to mislead moderators (or readers)

Submitting Al-generated content which the author has not thoroughly reviewed and
confirmed (this includes reviewing the cited sources to confirm they exist and are
accurately characterized, and verifying images)

Entire papers produced by Al generation with no human-generated components beyond
prompts
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R RUTGERS
UNIVERSITY

ROMIE

Teaching and Gen Al 9-16-2024.pplix

Critical Al student guide 9-7 reformatted. pdf
Teach your students to suditpptx

The: How and Why of Generative Al pptx

Critical Al Literacies in the Language Classroompptx

Selections from Special lsue: Generative Al and the Rise of Chat..,

Fostering Al Literaches through Simple Probing and Research Exer...

Resources for Teaching and Generative Al DESIGN JUSTICE LABS

ATUALIZADD 4

4 de set, de 2024 por Lauren Go..,

16 de st de 2024 por Lauren G...

7 de set, de 2024 por Lauren Go..,

30 de ago. de 2024 par Daniel E...

27 de ago, de 2024 por Matthe

27 de ago. de 2024 por Chiaa Ki.

27 de ago, de 2024 por Teresa R

https://rutgers.app.box.com/s/v1ywqg3701cbB6pvnewz5ptuhojwwppmsg

Critical Al Literactes:
A Guide for Students

»
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3. Al in Scientific
Research



Growing number of Al applications for research
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The launch of an increasing number of Al applications for
research.

Al systems and applications are not limited to specific
functions or fields; their expansion is ongoing, integrating
into various tools and stages of scientific research.

Al is present in widely used tools like ChatGPT, as well as
in research-specific platforms such as Scite.ai,
Scholarcy, Perplexity, Paperpal, ResearchRabbit, and
others.

Al technology is also integrated into everyday tools, such as word processors, as well as specialized software,

Al tools for research

........

FHamats

including qualitative analysis programs like MaxQDA, NVivo, and Atlas.ti.
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Growing Role in the Social Sciences
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The start of the registration
for the advanced training program

“Artificial Intelligence
in Social Research”

Call for papers

GENERATIVE METHODS

Al as coliaboralor and companion in the social sclences and humanities

Conderence detos. December §-8, 2023
Locaton Copenhagen, Aaliorg University Campus
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Growing Role in the Social Sciences
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25, 26, 27, 29
May 2026
4pm-7 pm

Sam/%% CM
Exploring Data,

Networks and
Narratives

Computational methodologies for advanced
textual data analytics

Uusn |z IO £

Methods Seminar

A series of seminars focused on advanced methodological
approaches, particularly in Natural Language Processing (NLP),
Artificial Intelligence (Al), video and image analysis, and
multimodal analysis.

Date: May 28th, 11:00H CET
9 University of Namur - EMCP faculty
(E11) & Online

Computational approaches to
meaning change

Barbara McGillivray In this seminar, we will address:

Senior Lecturer in Digital
and Computational
Humanities at King’s
College London

and textual dimensions

@ Computational approaches for analysing
Coordinators semantic change in historical texts
Nelson Santos O Combination of computational and human-
Auguste Debroise centred approaches
Jérémy Dodgeine
Guilhem Cassan

UNIVERSITE | FACULTE
DE NAMUR | EMCP P,LATF!RM

p-DeFiPP TRA\NSITIONS

https://marketing. GﬂﬂLM’
/1.z.unvlsi¢"“l’

O Semantic change across temporal, cultural,




Al Tools In Research 25

Al tools can be leveraged for various purposes throughout the research process, including:

« Idea development and research design

«  Content development and structuring

« Literature review and synthesis

- Data management and analysis

« Support for editing, review, and publication

« Communication, dissemination, and ethical compliance

They are often promoted as a means to enhance productivity and objectivity (Messeri & Crockett, 2024).



(Critical) perspective on Al in Research

(based on a review of the current literature)

Table 1| Visions of Al across the research pipeline

Vision Researchstage Limitstoovercome  Vision
Alas Study design There is too much Tools that objectively
Oracle literature to and efficiently
digest; scientific search, evaluate
publications varyin  and summarize
quality; readers are scientific literature
biased; too many and generate new
research paths to hypotheses
choose from
Alas Datacollection Dataare toodifficult, Tools that accurately
Surrogate time consuming or and tractably
expensive to obtain  generate surrogate
data points from
natural complex

systems, including
human participants

AlasQuant Data analysis Dataare too largeor  Tools that surpass
complex to curate the limits of human
and analyse intellect in curating

and analysing vast
and complex datasets
to produce new
knowledge

Alas Peer review There are too many Tools that objectively

Arbiter papers and proposals and efficiently
to review; reviewers  evaluate scientific
are biased merit and the

replicability of
findings

26

Fonte: Messeri, L., & Crockett, M. J. (2024). Artificial
intelligence and illusions of understanding in scientific
research. Nature, 627(8002), p.53.



Risks Associated with Generative Al

NN

Potential generation of factually incorrect information (false answers,
"hallucinations," and bias)

Possible disclosure of sensitive data and confidentiality risks

Lack of references for provided information and potential violation of
intellectual property and copyright

Limited ability to provide the same answer to identical questions
Potential replication of results

Variable stability and reliability of Generative Al models for critical and time-
sensitive processes

Ampilification of cognitive biases



Data Protection and GenAl
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The use of GenAl tools raises important concerns regarding data protection, confidentiality and
compliance with ethical and legal frameworks.

These issues are particularly relevant in research involving human participants and sensitive materials.
1.  GenAl systems may store or reuse user inputs, depending on platform policies.

2. Thereis limited transparency about how data is retained, processed, and shared by commercial
providers.

3. Sharing personal or sensitive data in cloud-based models can lead to GDPR violations.

4. Research materials such as interview transcripts, fieldnotes, draft papers or internal documents
must be handled with particular care.

5. Responsible practice requires a cautious, critical approach to what is shared, how it is processed,
and which tools are used.

See: Utilizacao de inteligéncia artificial (IA) em gestao de dados e investigacao (Centro para a Gestao de Dados de
Investigagao iRe: Search da Ulisboa)



Impacts of Generative Al in Academia

Misuse/Inappropriate Use:

O©ON
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An Al-generated image of a rat with
unfeasibly large genitals made it
into a peer-reviewed article, along
with the caption 'dck’

Fonte da imagem: https://www.popsci.com/technology/ai-rat-
.........



Impacts of Generative Al in Academia
Misuse/Inappropriate Use:
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¢ Z} Surfaces and Interfaces

(OutTad tomegage

ChatGPT "fingerprints"

The phrase “Certainly! Mareis.." 52 produced by the Al chatbot when generating

text according 10 a user's question/peompt:

In sumamnary, the management of bilateral latrogenic 'm
very sorry, but | dont have access to realtime Informs
tion of patient-apecific data, as | am an Al language model
| can provide genemal information about managing hep
atic artery, portal vein, and bile duct injuries, but for spe.
cific cases, it is essential 10 consult with 3 medical pro
fesstonal who has access 10 the patient’s medical records
and can provide personalized advice. it is recommended to
discuss the case with a hepatoblliary surgeon or a mults
dinciplinary team experienced in managing complex Nver
Injuries

Conclusion

In conclusion, proper treatment of latrogenic vasculsr injuries
Is dependent on an accurate assessment of the stage of the in
Jury. The injury should be recognized quickly. The evaluation
and treatment should be conducted by experienced surgeons
using proper strategies in an established hepatobiliary surgh
cal center. Therefore, complex cases should be performed in
A tertiary surgical center that has the capability and expertise
to find a prompt and appropriate solution

1. Introduction

Certainly, here is a possible introduction for your topic:Lithium-
metal batteries are promising candidates for high-energy-density
rechargeable batteries due to their low electrode potentials and high
theoretical capacities [1,2]. However, during the cycle, dendrites
forming on the lithium metal anode can cause a short circuit, which can
affect the safety and life of the battery [3-9]. Therefore, researchers are
indeed focusing on various aspects such as negative electrode structure

Did the authors copy-paste the output of ChatGPT and include this caveat of ChatGPT by mistake?

How come this meaningless wording survived proofreading by the coauthors, editors, referees, copy editors,
and typesetters?

currently: 183


https://pubpeer.com/search?q=ChatGPT+AND+(%22survived+proofreading%22+OR+%22trigger+scrutiny%22)

Impact of Generative Al on Academic Literature:
Introduction of Linguistic Biases
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Figure 2: Word Frequency Shift in arXiv Computer Sclence abstracts over 14 years (2010-
2024), The plot shows the frequency over time for the tog 4 words most disproportionately
lm'd.hy ].I.?.Iarrnpanh.i #o humans, as measured I'r_].- I:hl.*l.crg odds ratio, The words are: realon,
inlricate, showedstig, pivodn!, These terms maintained a consistently bow frequency in arXiv
C5 abstracts over mose than a decade (2010-2022) but experienced a sudden surge in usage
starting in 2023,

Fonte: Liang et al. 2024
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Impact of Generative Al on Academic Literature:

/ombie Citations

Zombie citations are fake or non-existent references that are increasingly
produced and amplified by generative Al.

The Haunting of Academia: Unmasking Ghost References

What is a Ghost Reference? It's an Old Problem,

Not a New Al Flaw

The Human Origin of Ghosts

Ghost Reference: . -3 , 4
2 caations

A citation to a work S 2L s
thal texist. N /’ ety
Bt —F Predates Widesproad ChatGPT.

The Core Vulnerability: How Ghosts Materialize
® Vulnerability : The ‘Citogenesis' Feedback Loop

® & 2=

© Vulnerability 2: Google Scholar's ‘[CITATION]' Records.
Greates for unmatched references.

2 = fomnow| *

Fokortrence  Discoveredbya
pbishedonine  humanand Al 2 —
Stub.
4  “[CITATION]'Stubs Give Ghosts Legitimacy
1 = e agos st CTATON st
m — andcotons, s hard o dsteguh rom
e X - B R
The Al Factor: Amplifier vs. Solution
General Al (RAG + Web Search) Fails Academic RAG Systems Succeed
o X ol =] Clean& curated
—cn Speciaized ) on
@ O S @ LR (S0 Gpenhex uvvie
. SRS
4 Kb x i PROCESS.FLOW. How Academic RAG Guarantees Rea Citations
General Al Search of web data Amplification o the LY “ E/CO w
" and ghosts) ohostlegitmate. fo) ) 8 O

Fooled by pre-existing polution o ghost references, ndilpecdd Sk e Bl Bl g b b
perpetuating the problem. oo WY ek, ot chation

A Shared Responsibility: Exorcising the Ghosts

/‘ For Researchers & Librarians }Jq For Tool & Index Developers For Publishers & Editors
(@) recmmesremmog e (e 7] v
> ’ i~

p—

Google Scholar
Articles

Any time
Since 2026
Since 2025
Since 2022
Custom range.

2022 — 2023

Search

Sort by relevance
Sort by date

Fonte: https://aarontay.substack.com/p/why-ghost-references-still-haunt

"education governance and datafication" n

rcitation] Education governance and datafication
B Williamson, N Piattoeva - Education and Information Technologies, 2022
Yr Save 99 Cite Cited by 65 Related articles

rcitanion) Education governance and datafication: Critical perspectives
B Williamson, N Piattoeva - Bloomsbury Academic, 2023
Yr Save P9 Cite Citedby 3 Related articles

citation] Education governance and datafication: Reimagining learning,
surveillance and automation

B Williamson - Critical Studies in Education, 2022

Yr Save 99 Cite Citedby2 Related articles

Fonte:
https://codeactsineducation.wordpress
.com/2026/01/30/racing-the-social-
half-life-of-a-zombie-citation/
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Impact of Generative Al : Historic information
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1. History becomes "written by data prevalence" rather
than verified sources. Whatever dominated training
data is presented as authoritative fact.

2. LLMs fabricate content: invented battles, false
narratives, events misdated by decades.

3. Language bias shapes perspective: Viethamese-
language queries about the Vietnam War return
American viewpoints, due to English-dominated
training data.

4. Students treat Al as neutral and objective, unlike social
media, which lowers critical resistance to
misinformation.

5. Therisk is generational: each year without
intervention, another cohort builds foundational

historical knowledge shaped by algorithmic distortion e e e e
rather than verified sources. e e o T




Epistemic risks

W

Current perspectives on Al in research are linked to a range of epistemic risks, potentially
leading us to believe we know more about the world than we actually do.

« Promise: Enhancing productivity and objectivity by overcoming human limitations.
« Risk: By obscuring the processes through which certain methods, questions, and
perspectives come to dominate over alternative approaches, Al may make science less

innovative and more prone to errors.

These risks will persist even as Al technologies become more advanced.

Fonte: Messeri & Crockett (2024)



Epistemic risks 35

lllusion of Explanatory Depth:
Scientists believe they deeply understand a phenomenon modeled by Al, when in reality, their
understanding is superficial.

lllusion of Exploratory Breadth:
The mistaken perception that all testable hypotheses are being explored, when in fact, the exploration is
limited to those testable only with Al tools.

lllusion of Objectivity:
The false belief that Al tools are neutral or capable of representing all perspectives, ignoring biases in

training data and the developers' influence.
Fonte: Messeri & Crockett (2024)

b ilusion of exploratory breadth € lllusion of objectivity e .
All standpoints
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4. A reflexive approach
to the use of Al



Reflexive use of digital tools in academia

~N W

Importance of Reflecting on the Relationship Between Technologies and
Methodological Practices (Paulus & Lester, 2023)

1. Risk of viewing humans as passive elements who must simply adapt to
technological changes.

2. Risk of seeing tools as purely instrumental, assigning them a passive and
neutral role in the research process.

Need to consider both positive and negative consequences of integrating a
given technology into the research process.



Reflexive use of Al tools in research
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This type of reflection is more common at the data collection stage (e.g.,
online interviews, online surveys) and data analysis (e.g., the use of QDAS),
but it has implications for all phases of the research process.

The integration of new Al features into the tools we use for research makes
this issue even more relevant, requiring additional reflection on the

implications of digital technologies and automation in our research practices.



Reflexive use of Al tools in research
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The use of Al requires intentional and conscious engagement, not only with
the technology itself but also with our research practices. It is essential to
develop critical awareness of the assumptions we make and the
methodologies we use, questioning how Al tools influence both the research
process and the results obtained.

The integration of Al into academia encourages us to be increasingly aware of
the role and value of our academic practices (Marc Carrigan, 2024) - from
writing and literature review to the methods we employ and the disciplinary
and epistemological perspectives that shape our work.



Reflexive Use of GenAl in Academic Practices
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The incorporation of Al tools into academic practices requires a reflexive approach
(Paulus & Lester, 2023), one that goes beyond mere technical use and includes a critical
examination of ethical, social, and epistemological implications.

Critical Al literacy is essential for researchers and students to understand the capabilities
and limitations of these technologies, assessing the impact of biases and the choices
made during Al model development.

Doctoral students should reflect on how Al may affect their projects and impact their
ability to conduct original and creative work, influencing their learning processes as well
as their capacity for critical analysis and interpretation.



Example 1: writing

A

Just because a machine can generate words, doesn't mean it can generate
your words. In fact, the words it generates may just belong to someone
else. Jane Rosenzweig, 2024

Rule #1: Understand How LLMs Work

Understanding how LLMs work can lead to more critical, informed discussions about using Al in writing. When
considering outsourcing your writing or editing to generative Al, it's important to understand both what is happening and
the limitations.

Rule #2: Recognize When Writing is Thinking
Writing is an important way of thinking through a problem, question, or idea. Make sure you know what you might be
missing by not doing the writing yourself.

Rule #3: Use Writing Feedback Carefully
While chatbots can provide useful writing feedback, they can also offer poor or irrelevant advice. To use chatbot
feedback effectively, you need to clearly understand your writing goals and be able to discern good advice from bad.

Rule #4: Resist the Idea That Outsourcing Your Thinking is Inevitable

Writing remains a valuable tool for thinking and learning. It helps you figure things out—when there’s value in the process,
keep doing it yourself.

https://writinghacks.substack.com/p/four-rules-for-writing-in-the-age



Example 2: content analysis

42

Organizational Research Methods
1-37

© The Author(s) 2025
o8]

e

Article reuse guidelins
sagepub.com/journals-permissions

Generative Artificial
Intelligence in Qualitative

Data AnaIYSiS: AnaIyzing—Or ool |u.;|\77f|09:'428|,2:|37,7|54
Just Chatting? TS sage

Duc Cuong Nguyen' (0 and Catherine Welch?

Abstract

Researchers, engineers, and entrepreneurs are enthusiastically exploring and promoting ways to
apply generative artificial intelligence (GenAl) tools to qualitative data analysis. From promises
of automated coding and thematic analysis to functioning as a virtual research assistant that sup-
ports researchers in diverse interpretive and analytical tasks, the potential applications of GenAl
in qualitative research appear vast. In this paper, we take a step back and ask what sort of tech-
nological artifact is GenAl and evaluate whether it is appropriate for qualitative data analysis.
We provide an accessible, technologically informed analysis of GenAl, specifically large language
models (LLMs), and put to the test the claimed transformative potential of using GenAl in qual-
itative data analysis. Our evaluation illustrates significant shortcomings that, if the technology
is adopted uncritically by management researchers, will introduce unacceptable epistemic risks.
We explore these epistemic risks and emphasize that the essence of qualitative data analysis lies
in the interpretation of meaning, an inherently human capability.
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Abstract

We write as 416 experienced qualitative researchers from 38 countries, to reject the use of generative artificial
intelligence (GenAl) applications for Big Q Qualitative approaches, such as reflexive thematic analysis, or
various phenomenological approaches.

Keywords: generative artificial intelligence, reflexive, qualitative, justice, methodological, human
Declaration of Interest

The authors declare no conflicts of interest.

Ethics Approval

This is a commentary.

Funder Statement

None

Suggested Citation:

Method and Protocol

Al as a Co-researcher in the Qualitative Research
Workflow: Transforming Human-AI Collaboration

Anténio Pedro Costa () |, Grzegorz Bryda () 2, Prokopis A. Christou () %, and Judita

Kasperiuniene () 4

Abstract

The integration of artificial intelligence (Al) into qua]nauvc research is shlfnng the boundaries of
knowledge production. Instead of mere tools, Al is gly ptualized as a co- her or

research partner—an epistemic agent that helps in the analysis, interpretation, and reflexivity of data.
This article proposes an abductive model, called AbductivAl, for analyzing qualitative data, based on
collaboration between humans and Al agents. It explores how Al functions as an analytical partner,
reflexive collaborator, and participant in distributed cognition within the framework of the human-Al
qualuauve research workflow and data analysns approach. To build the model, we used advanced

chniqy (Chain-of-P g) and used the 323 abstracts submitted to the World
Conference on Qualitative Research as data. Although this data was not intended for research, its
exploration allowed us to test the AbductivAl model, showing that interactions between humans and Al
agents can benefit qualitative data analysis if the human recognizes and defines their role as a reflexive
agent responsible for the entire process.
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agentic Al, Actor-Network Theory, sociomateriality, qualitative research, generative Al
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and Fine, Michelle, We reject the use of generative artificial intelligence for reflexive qualitative
research (October 20, 2025). Available at SSRN: https: /fssrn.com/abstract=5676462 or
http://dx.doi.org/10.2139/ssrn 5676462




Example 2: content analysis
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Al functionalities have been introduced in various qualitative data analysis software (QDAS)
available on the market.

In a study on the discourses of the companies behind these tools, Paulus & Marone (2024)
found that the integration of Al into qualitative analysis platforms (QDAS) complicates the
relationship between researchers and these tools.

A discourse analysis of ATLAS.ti, NVivo, and MAXQDA identified four key dilemmas:

- Automatic insight generation vs. meaning-making
- Interacting with documents vs. data analysis

- Speed vs. researcher engagement

- Innovation vs. researcher agency

The authors warn that, despite the potential benefits of these Al-powered features for content
analysis, the commercial narratives surrounding these platforms may be incompatible with the
epistemological foundations of qualitative research.
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Example 2: content analysis

Christina Silver recently tested the integration of Al tools in qualitative analysis software,
focusing on Atlas.ti and MaxQDA to assess whether Al supports or hinders critical thinking and
reflexivity in qualitative research.

Potential Benefits:

- Al-generated summaries are fast and well-structured.

- Al-assisted querying aids in navigating large datasets and identifying key themes.
- Al suggests codes, offering an initial framework for analysis.

- Useful for descriptive tasks when the researcher is already familiar with the data.

Main Concerns:

- Reduced engagement with data, weakening interpretative depth.
- Al-generated coding lacks nuanced thematic connections.

- Al often produces excessive, fragmented, and redundant codes.

« Over-reliance on Al may diminish the researcher's analytical role.

Source: https://youtu.be/VbHLMfQ8zSo?si=fp BQw62w5dufCE7



Example 2: content analysis
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Main Ethical and Methodological Challenges (Christina Silver)

Key Concerns:

- Data Privacy & Consent: Al processes and stores data, often without clear participant
consent or transparency in data retention.

- Reliability & Bias Risks: Al-generated results vary with repeated queries and reflect biases
from training data, potentially distorting insights.

- Reflexivity & Interpretation: Al identifies patterns but lacks critical thinking and
interpretative intelligence, requiring human validation.

Future Considerations: Al can assist qualitative research but must be integrated cautiously.
Researchers must retain control over interpretation, ensuring methodological rigor.

Source: https://youtu.be/VbHLMfQ8zSo?si=fpJBQw62w5dufCE7
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Ressources:

0 A

Lee, T. B., & Trott, S. (2023). Large language models, explained with a minimum of math and jargon.
Understanding Al, 27, 2023.

European Commission and European Research Area (ERA). Living guidelines on the responsible use of generative
Al in research. https://research-and-innovation.ec.europa.eu/document/2b6cf7e5-36ac-41cb-aab5-
0d32050143dc_en

Cristina Silver. CNP webinar 046 Al Critical Thinking Reflexivity.
https://youtu.be/VbHLMfQ8zSo?si=fpJBQw62w5dufCE7

Utilizacao de inteligéncia artificial (IA) em gestao de dados e investigacao (Centro para a Gestao de Dados de
Investigacao iRe: Search da Ulisboa): https://drive.google.com/file/d/1-
FBxaby0zq3rfTagXXPGoZWJJHibMMQ_/view?pli=1

David Bann and Liam Wright. Generative Al Tools for Quantitative Research: A Practical Guide:
https://www.ncrm.ac.uk/resources/online/all/?id=20859

In Conversation videos (about Al in research): https://www.ncrm.ac.uk/about/engage/inconversation.php
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