Generative Al and research integrity

GPT-based text generators like ChatGPT or Microsoft Copilot have rapidly become a “cultural sensation” [1].
This document provides scholars with guidelines and scientific background on how to think critically and
mindfully about these tools in academic writing and research.

Preamble

All research at our institution, from ideation and execution to analysis and reporting, is bound by the Dutch
Code for Research Integrity. This code specifies five core virtues that organise and inform research conduct:
Honesty, Scrupulousness, Transparency, Independence and Responsibility.

One way to summarise the guidelines in this document is to say they are about taking these core virtues
seriously. When it comes to using Generative Al in or for research, the question is if and how this can be done
honestly, scrupulously, transparently, independently, and responsibly.

A key ethical challenge is that most current Generative Al undermines these virtues by design [3-5; details
below]. Input data is legally questionable; output reproduces biases and erases authorship; fine-tuning
involves exploitation; access is gated; versioning is opaque; and use taxes the environment.

While most of these issues apply across societal spheres, there is something especially pernicious about text
generators in academia, where writing is not merely an output format but a means of thinking, crediting,
arguing, and structuring thoughts. Hollowing out these skills carries foundational risks.

A common argument for Generative Al is a promise of higher productivity [5]. Yet productivity does not equal
insight, and when kept unchecked it may hinder innovation and creativity [6, 7]. We do not need more papers,
faster; we rather need more thoughtful, deep work, also known as slow science [8-10].

For these reasons, the first principle when it comes to Generative Al is to not use it unless you can do so
honestly, scrupulously, transparently, independently and responsibly. The ubiquity of tools like ChatGPT is no
reason to skimp on standards of research integrity; if anything, it requires more vigilance.

Scientific background: What GenAl tools are and what they are not

What they are: Generative Al tools are statistical models fitted to enormous training datasets that can produce
output along the lines of statistical patterns found in the data [3, 11]. Because they rely on probabilistic
prediction instead of reasoning and understanding, their output (in relation to a prompt) should never be
treated as trustworthy or reliable, though it may seem (for topics well-represented in training data) plausible
and predictable [12]. Because training data is often of questionable legality, much of Generative Al output is
problematic both ethically (erasing credit and authorship attribution) and legally (violating original licenses) [13,
14]. Because these tools are computationally demanding, their carbon footprint (in training and in use) is
considerable [15].

What they are not: Despite appearances, Generative Al tools are not ‘creative’ or ‘intelligent’ in the sense of
being able to reason or understand [16, 17], and they cannot be considered authors (of texts) or artists (of
images) [1]. Because they easily reproduce or amplify statistical biases in the training data, they are neither
original nor objective [3]. Because they generate output probabilistically, they are fundamentally unlike search
engines or information retrieval systems [18]. And finally, because their output is stochastic and not well-
defined nor well-scoped [19], they are fundamentally unlike calculators [20, 21]. A common rhetorical frame is
that just as pocket calculators replaced slide rules, so Generative Al will replace... what exactly? Working out
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the ways this analogy misrepresents the realities and complexities of scholarly research and writing is an
exercise left to the reader.

What they do: Generative Al tools produce superficially plausible output by regurgitating the most likely
statistical patterns from the training data given an input prompt. They excel in variations on a theme,
especially when that theme is well-represented in training data (e.g., Wikipedia-like factoids, books and images
of certain genres or styles, programming code and explanations). Reflecting this, scholarly experts have
formulated a number of deflationary ways to think about Generative Al: stochastic parrots [3]; spicy
autocomplete [22]; and ways of automating plagiarism [23]. Though partial, these similes do more justice to
the nature of these tools than the imprecise buzzword ‘artificial intelligence’ [24, 25].

How they are designed: Large Language Models like ChatGPT are designed as interactive interfaces that enter
into a “chat” with the user. Using human labour (in the case of OpenAl, exploiting Kenyan workers [26]), their
output is tuned to come across as helpful, confident, chatty and inoffensive. Because of this, they will produce
statements that sound plausible (but lack understanding); they will ‘apologise’ when corrected (but fail to
learn); and they will evade some types of output (but remain vulnerable to workarounds). Also because of this,
naive users are likely to anthropomorphise them, overattributing agency and autonomy [27] and
underestimating their own suggestibility [28]. Understanding the ‘dark patterns’ [29] of the design of
Generative Al tools is crucial for grasping their persuasiveness and for explaining people’s susceptibility to their
output.

Principles

Writing

e Inmany cases, itis a bad idea to use Generative Al in academic writing. Reasons include:

o By design, it rehashes text without understanding, authorship attribution, or credit: a form of
plagiarism [30]. Honest, scrupulous, and transparent scholarly work requires the opposite.

o Bydesign, it excels at regurgitating the most plausible-sounding ‘average’ take on a subject.
Independent, responsible and innovative scholarly work requires the opposite [31, 32].

o Bydesign, it makes producing texts seem deceptively easy. But for scholars, writing —wrestling
with words— is thinking, and to outsource writing is to give up on thinking [33].

e Insome limited and well-circumscribed cases, Generative Al may be useful. This may include:

o Looking up synonyms or alternative wordings; generating multiple variations of a text you have
authored to learn how to write better; or brainstorming project names.

o However, consider that word processors have a thesaurus; reading widely will expose you to
stylistic variation alongside new ideas; boilerplate text rarely makes for engaging writing; and your
colleagues are often happy to provide feedback and brainstorm with you.

Research

e There are serious risks and downsides to using Generative Al in research. These include:
o Noise, biases, and spurious features of prompt design make results less transparent [34-36]
o Black-boxed proprietary systems make analyses unstable and hamper reproducibility [37]
o Loss of human judgement in analytical choices dilutes responsibility and independence [38, 39]

e Insome limited and well-circumscribed cases, Generative Al may be useful. Examples include:



o Correcting or cleaning up OCR errors in scanned materials, e.g., historical sources [5].
o Generating synthetic data for testing analyses, or for data privacy & protection [40].
o Augmenting datasets with summaries or other forms of metadata [36].

o However, consider that for many such uses, established analysis pipelines exist that offer more
transparency, reproducibility and independence [41, 42].

Writing & research

If you do consider using Generative Al in writing or research, follow these principles:

e Choose maximally open, local, non-proprietary models to ensure transparency, reproducibility and
independence [37, 43].

e Think carefully about the consequences of outsourcing data annotation, classification, summarisation or
augmentation to a stochastic model — and take full responsibility for errors and unforeseen uses. Think
ahead about how you will prevent abuse and justify your choices to peer reviewers.

e Never share personal, privacy-sensitive or work-related data outside your organisation, including through
prompts or automated APIs of proprietary services. There are multiple documented instances of such data
(including draft research proposals) being leaked [44]. Think ahead about how you would justify your
choices in response to an ethics review board or a GDPR access request.

e Always disclose use of Generative Al, and be technically precise and responsible in doing so. This includes
clearly identifying synthetically generated media and avoiding anthropomorphic descriptions [27, 45].

e When generating output for research purposes, scrupulously keep track of prompts, model versions, and
dates, using established and reproducible computational workflows [46].

e Never pass off Generative Al output as human-generated. In scientific writing, this counts as misconduct,
and failure to disclose has already led to retractions. In research, there is a possible exception: when
carrying out research on Generative Al, disclosure may not always be desired. Responsible disclosure
should still happen in the ethics review procedure and in reporting results.

About these guidelines

Complex matters rarely have simple answers. Generative Al tools pose novel dilemmas and highlight the need
to build critical Al literacy [47]. We encourage you to engage in conversation about these matters with
colleagues, and to call on expertise where needed.

These guidelines were drawn up at the request of the directorates of the Centre for Language Studies (CLS)
and Radboud Institute for Culture and History (RICH) at the Faculty of Arts, Radboud University, Nijmegen.
Written by Mark Dingemanse and revised based on feedback from Andreas Liesenfeld, Ada Lopez, Tamar
Sharon, Iris van Rooij, Olivia Guest, Liedeke Plate, Enny Das, Gijske de Boo, and other interlocutors online and
offline.

This document will be revised with new information as the generative Al landscape continues to evolve. We
encourage you to always consult the most recent version. This is version 1, April 2024, reflecting the state of
technology and scholarly literature in Spring 2024.
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