Sage Research Methods: Using AI for Research 

[bookmark: _Hlk164082180]Authors: Complete all white fields below. Direct any questions to your editorial contact.
	[bookmark: _Hlk164074325]Title. 

· Maximum of 20 words.
· All principal words capitalized.
	[Choose a title that clearly illustrates the AI-related research skill, method, or practice and what readers will learn.

“How To Critically Engage with Generative AI Across the Stages of the Social Research Toolbox (QGAP)”


	[bookmark: _Hlk164081920]Authors.  

· Order of authorship will follow the order below. 
· Add additional rows for co-authors if necessary.
	Please specify the total number of authors:

1

	1
	Name
	Dr Katy Wheeler

	
	Author email
	Katy.wheeler@essex.ac.uk 

	
	Affiliation, country
	University of Essex, Department of Sociology & Criminology

	
	SAGE Author ID
	[office use only]

	Author biography. 




Bios will not be copy-edited; please ensure they are correct. 
	
Dr Katy Wheeler is a Senior Lecturer in Sociology at The University of Essex. Her research interests are in the fields of sustainability, consumption, circular economy and environmental education. She is also an experienced qualitative methods trainer, with interests in technological reflexivity and the use of QDAS, as well as qualitative interviewing and analysis. She has published widely within leading academic journals (recent publications have appeared in Qualitative Research in Psychology; Environmental Education Research; and Journal of Cleaner Production) and she has two authored monographs (Fair-Trade and the Citizen-Consumer: Shopping for Justice (2012), Palgrave;  Recycling and Consumption Work: Social and moral economies (2015), Palgrave), as well as  co-authored the textbook ‘How to do Qualitative Interviewing’ (SAGE, 2022 – with Morgan Brett). She has taught social science methodology courses for many years (both qualitative and quantitative), from introductory undergraduate to advanced postgraduate.

I have published with Sage before ☒

I have not published with Sage before ☐

	2
	Name
	

	
	Author email
	[Insert contact email]

	
	Affiliation, country
	[Insert institution and country]

	
	SAGE Author ID
	[office use only]

	Author biography. 




Bios will not be copy-edited; please ensure they are correct.
	[Maximum of 200 words]


I have published with Sage before ☐

I have not published with Sage before ☐

	3
	Name
	

	
	Author email
	[Insert contact email]

	
	Affiliation, country
	[Insert institution and country]

	
	SAGE Author ID
	[office use only]

	Author biography. 




Bios will not be copy-edited; please ensure they are correct.
	[Maximum of 200 words]


I have published with Sage before ☐

I have not published with Sage before ☐

	For which student level is this guide most suitable?

	Intermediate Undergraduate

	Methodology categorization

	Mixed Methods
	Discipline
	Guides should be cross-disciplinary. If the content of your guide is specific to a discipline(s), please let your editorial contact know. 

	Which theme best describes the research practise the reader will learn about?
Select up to two. 
	Foundations & Frameworks
[Click here to select theme 2]


	Series Editor. For office use only:
	

	
	Series Editor Name

	

	
	SAGE Author ID
	[office use only]


[bookmark: _Hlk143693201]
Abstract

The abstract should be a concise summary of your guide. What aspect(s) of the research process, including specific methodological and practical challenges, will your guide address?  It should be succinct and enticing, and should incorporate key words and concepts discussed in the body of the text. Please do not cite references within the abstract.
This guide introduces a framework to help researchers and students navigate Generative Artificial Intelligence (GenAI) across the various stages of the social research process. It aims to equip readers with critical thinking and evaluation skills to both engage with these tools themselves, and to evaluate others' uses of them. This guide can either be read as a standalone resource or alongside the ‘Social Research Toolbox or QGAP’ series. I first offer an overview of some of the recent developments in the GenAI research space, including some of the controversies surrounding this rapidly evolving technology. I then introduce a framework for assessing your own and others’ use of GenAI in research – called the VERD+ principles. This framework is then used to examine GenAI applications at each stage of the QGAP research toolbox.  While the landscape is evolving quickly, the framework is grounded in transferable principles intended to remain useful across future iterations of this technology. By the end of the guide, I hope readers will feel equipped to experiment with GenAI should they wish, to critically evaluate its outputs, and (where appropriate) to intentionally avoid it. 

Learning Outcomes

Learning outcomes must explain what the reader will learn from reading your guide. How will the reader be able to apply what they have learned to their own research practice?

Consider what the most important aspects of this topic are. Bear in mind the guide is limited to 4000 words. The content and structure of your guide should explicitly correspond with these learning outcomes.
See the links below for guidance on writing effective learning outcomes:

- Writing learning outcomes
- Blooms Taxonomy Action Verbs 

Insert 3–5 learning outcomes, beginning with an action verb, completing this statement: 

Having read this guide, readers should be able to . . .
· Understand the key debates surrounding the use of Generative-Artificial Intelligence (GenAI) across the social research process

· Apply a critical AI literacy framework to evaluate how GenAI shapes each stage of the QGAP research process 

· Reflect on your own responsibilities when using or encountering GenAI in research contexts

· Recognize how individual research decisions connect to wider societal debates surrounding GenAI adoption. 


Introduction
Build on the abstract to further describe what methodological issues will be discussed in this guide; what the student reader will gain from reading the guide; how the guide will be structured; which real-life research examples will be drawn upon, etc. 

This guide is motivated by my growing interest in Generative Artificial Intelligence (GenAI) tools within social research. As a sociologist (with interests in sustainability, education and digital economies), research consultant and qualitative research trainer, I have witnessed the increasing adoption of GenAI tools amongst my students and fellow researchers. At the same time, since ChatGPT’s public launch in 2022, there have been strong critiques of GenAI in research and student work, with debates about authorship, research integrity, and wider social justice concerns aired across academic and public discourse. It can feel quite overwhelming at times to keep up with the rapid pace of change – described by Abramson et al. (2026, p. 19) as “keeping up with the algo-Joneses” – and to assess whether established frameworks for undertaking social research will be challenged and/or transformed because of this technology.  This guide introduces a critical AI literacy framework to support students and researchers navigating these tools across the social research process.
	This guide extends an existing Sage series called ‘The Social Research Toolbox’ or ‘QGAP’ which offered a simple way of conceptualizing the social research process (Wheeler, 2025a, 2025b, 2025c, 2025d). Within the toolbox, there are four stages; 1) Questions, 2) Gathering data and evidence (including literature reviewing, data collection and research ethics), 3) Analyzing the data and evidence and 4) Presenting answers to your research questions. You can learn more about QGAP by watching the short animation developed to support the series (Wheeler, 2025e).  In this guide, readers will learn how GenAI applications can shape each stage of the research process.
	I first offer a brief overview of what GenAI is and how it has been received by the social research community. We then explore some of its possibilities and limitations which lead to the critical AI literacy framework that is the core of this guide. I name this framework the VERD+ principles: verify, evaluate, reflect and disclose, with the + representing an invitation to consider the wider societal implications of use. These principles are then applied across QGAP, with opportunities to reflect on how you might enact these principles in relation to a fictional research project. 
Throughout the guide, I draw on my experiences as a teacher and researcher. I have experimented with growing critical awareness with GenAI tools to analyze qualitative survey data (Wheeler, 2025f, 2026), and engaged with general purpose chatbots (Claude, ChatGPT and CoPilot) to plan and edit research papers, as well as using them as a thinking partner to develop a research proposal idea.  Researchers and students alike are grappling with the boundaries between what is possible and what it means to use these tools responsibly. I do not claim to have the answers, but my hope is the VERD+ principles offer a useful starting point.


Main Body of Text
Write the body of your guide below. The text should be between 2,000 - 4,000 words.
We encourage the use of headings and sub-headings to structure your guide. It is advantageous if headings clearly relate to the Learning Outcomes. 
For section headings please use Word Style ‘Heading 1’. For any sub-headings within sections use Word Style ‘Heading 2’. 
To use Word styles in Microsoft Word, select the text you want to format, click the “Home” tab and then use the “Styles” pane.

Every section must be followed by a Section Summary. 
Each Section Summary should consist of 3-5 bullet points, written out as full sentences, which summarize the key information in the section.

[Developments in the GenAI research space]

Even though this guide discusses GenAI tools specifically, it is worth reflecting more generally on how all technological tools (from pens to tape recorders and online survey platforms) shape how research unfolds. Though GenAI is ‘the new kid on the block’, debates about how technology shapes social processes are not new (MacKenzie & Wajcman, 2011), and ‘technological reflexivity’ ought to be a standard part of research reporting (Paulus & Lester, 2023; Wheeler, 2026). By technological reflexivity, I mean “the critical examination of how … [technologies] influence methodological choices and meaning-making practices” (Wheeler, 2026, p. 2).
	The term, Artificial Intelligence (AI) has a long history, which is often traced to the 1940s and Alan Turing’s work breaking the Enigma code (Haenlein & Kaplan, 2019). AI “refer[s] to technologies (or tools) that can perform human tasks that require intelligence, such as perception, judgment, reasoning, or decision-making” (Resnik & Hosseini, 2025, p. 1500). AI systems were already embedded in our everyday digital systems before ChatGPT’s launch – from streaming recommendations to spam filters (Mitchell, 2019). In 2022, a new class of generative AI tools became publicly available which could create new content (text, images, code) in response to human prompts. Most GenAI tools researchers and students encounter (e.g. ChatGPT, Claude, MAXQDA AI Assist, QInsights, Scite) are built on Large Language Models (LLMs) which are systems trained on huge quantities of textual data, drawn from websites, books, academic papers and other digital sources (often without creators’ consent). They generate responses based on statistical patterns learned during training, using machine learning neural networks (loosely modelled on the human brain) and natural language processing techniques (which parse and generate human language). LLMs do not understand language as humans do, but rather “from a structural perspective, where words are seen in their numerical representation and sentences are built using structural and probabilistic components of language” (De Paoli, 2024, p. 998).  
	Many AI literacy frameworks stress the importance of a basic understanding of how GenAI tools work in order to assess their output (Hackl et al., 2026; Parker & Becker, 2026). They are predictive tools which draw from their training data to produce plausible output, rather than being based on comprehension or interpretation. For social researchers, this creates both possibilities and limitations which will be discussed next. 

[Possibilities of GenAI tools for social research] 
Responses to these tools have been mixed – from enthusiastic to horrified and all positions in between. Bail (2024, p. 1) for example argues GenAI “may advance the scale, scope, and speed of social science research, whereas Jowsey et al. (2025) have denounced GenAI tools for reflexive qualitative analysis in an open letter signed by over 400 researchers because of their inability to simulate human meaning-making. I align myself with a pragmatic position, which neither celebrates nor dismisses these tools. Any researcher choosing to use GenAI – and it is increasingly difficult to avoid as it has become embedded within internet searches and everyday apps – needs to be aware of the plurality of positions. And students will need to consult institutional guidance regarding how much (if at all) they can make use of these tools within assessed work. 
	In a survey of 1600 scientists (Van Noorden & Perkel, 2023), respondents identified the potential of GenAI applications to speed up research processes, enable large scale textual analysis, assist with writing (particularly for those writing in a second language) and help brainstorm ideas. Not all researchers use GenAI in the same way: a study of Danish researchers found systematic differences between the ways scholars in humanities and social science use these tools versus technical and medical sciences (Andersen et al., 2025). There are a wide variety of possibilities – from summarizing literature, to assisting with writing, coding, translation and working with large datasets. In my own experiences analyzing a large qualitative survey with over 1700 respondents and 15 open-ended questions, GenAI tools offered ways of identifying patterns which would have been difficult through manual coding alone (Wheeler; 2023; Wheeler, 2026). Similarly, Abramson et al. (2026) describe how computational tools can extend and expand the means and goals of qualitative research rather than displace them. Researchers have used LLMs to conduct AI-assisted interviews and survey probing, with some success (Wuttke et al., 2024). Kozlowski and Evans (2025) have gone further by simulating research subjects (e.g. creating avatars that researchers interact with), arguing this can help profile groups who rarely participate in research but have linguistic styles that appear in training data. They are careful to note, however, that simulated subjects come with limitations (such as bias, uniformity, and disembodiment), which researchers must address. 

[Limitations of GenAI tools for social research] 
Some of the backlash against GenAI tools can be explained by their limitations. Because GenAI tools are language prediction models that work by guessing the next most likely word, they can produce output that is factually wrong – a phenomenon known as hallucination. One common example is ‘fake’ citations, something I’ve seen my fair share of as a teacher in recent years, suggesting some students are using GenAI tools uncritically. Though students are not alone, with fake citations found in academic peer-reviewed publications too (Naddaf & Quill, 2026). We cannot assume (however authoritative they seem) that GenAI output is correct, so keeping ‘humans-in-the-loop’ to check output is essential.
	Another category of concern is the biases inherent in GenAI content. On the one hand, the human data they have been trained on from online sources can reproduce gendered and ‘racial’ stereotypes that exclude experiences of marginalized peoples (Abramson et al., 2026). On the other hand, efforts to mitigate these biases have resulted in more liberal views being put forward, which again do not accurately reflect societal positions (Bail, 2024). In their discussion of using GenAI to simulate research participants, Kozlowski and Evans (2025) point to the need to “ground-truth” LLM output (research ‘real’ as well as “in-silico subjects”) so the potential flattening of societal attitudes can be addressed. 
	The ‘black-box’ and proprietary nature of LLM operations has also drawn critique (Abramson et al., 2026; De Paoli, 2024). Being able to replicate and document research processes is a crucial quality criterion in social research but this can be difficult because output can vary from model to model and over time, and researchers are often unaware of what happens between prompt and answer. This is exacerbated by LLMs typically being owned by proprietary, corporate actors and so social researchers are not able to gain access to the underlying processes which lead to GenAI output. 
	A final category of methodological concern (I address social and environmental concerns later) is ethical issues, such as privacy, consent and security (Resnik & Hosseini, 2025). The data entered into GenAI systems may be stored by the provider and used to train the model, which can violate any confidentiality and privacy assurances given to participants. When we gather data from our participants, we do so under strict conditions of consent as well as relations of trust. If participant data is then shared with a GenAI tool without that participant’s consent, this could undermine that trust, particularly if participants reveal criminal wrongdoing or information that is deeply personal or political – this could cause them harm should it enter the public domain. Ethical research protocols center around the ‘do no harm’ principle (Morgan Brett & Wheeler, 2022) and researchers and students alike must not act in ways that undermine this. Seeking informed consent is one way to address this concern (see Verify section below). 
GenAI tool use may also infringe governance regulations for data management. For example, European GDPR laws require personal data to be processed within Europe, but many LLMs operate through data centers outside this jurisdiction. Social researchers who collect sensitive and personal information need to think carefully about whether it is appropriate to enter data into a GenAI tool at all. If it does seem appropriate, some tools do not store or train on your data – such as dedicated research software (like MAXQDA or QInsights), higher-tier subscriptions to general-purpose chatbots, or models that run locally on your machine. But do check current terms before uploading any data, as this is a fast-moving space and data retention policies change frequently. 

Section Summary
What are the 3-5 key points the reader should take from this section?

· Researchers should critically evaluate how all technological tools, including GenAI, influence their research process
· GenAI tools generate plausible output by predicting language patterns from training data, not by interpreting or reasoning about meaning
· Researcher responses to GenAI range from enthusiastic to deeply critical, so readers should approach these tools with an open but questioning stance.
· GenAI can offer useful support across many research tasks, including literature searching, pattern identification, writing assistance, translation, and working with large datasets.
· Significant limitations include hallucination, biases inherited from training data, the 'black-box' opacity of proprietary models, and the difficulty of replicating GenAI-assisted research. Using GenAI with personal or sensitive research data can also raise serious ethical and legal risks.

[A framework for critically engaging with GenAI in research]
Having experimented with GenAI tools myself and witnessed my research students using them for study and assessment tasks, I have developed a framework to guide students and researchers who engage with GenAI tools and output – whether as co-creators or readers. Inspired by the AI literacy framework developed by Parker & Becker (2026) and influenced by broader reading (Abramson et al., 2026; Andersen et al., 2025; Hackl et al., 2026; Pinski & Benlian, 2024; UNESCO, 2023), the framework is organized around four key principles, plus an additional element. I have termed this framework, the VERD+ Principles where ‘V’ stands for Verify, ‘E’ for Evaluate, ‘R’ for Reflect, and ‘D’ for Disclose. Though separated for pedagogical purposes, these principles are dynamically interconnected, with some more important at different stages of the research process than others. The ‘+’ relates to the structural forces that surround these principles – like socio-cultural, political-economic and environmental factors. Whilst ‘VERD’ represents the methodological actions you as the researcher or evaluator take, the ‘+’ represents the conditions within which you take these actions. The two are connected but should not be collapsed. 

[Verify] 
The first principle ought to be enacted before you even engage with GenAI and become part of your ongoing practice. Verify is about checking: 
· whether it is appropriate to use a GenAI tool for your research purposes, 
· whether it is allowed according to the regulations of your institution, or in relation to data management and participant consent principles, 
· which tool(s) is/are best placed to support your research aims and whether you have sufficient skills to work with this tool
· whether you need to make any adjustments to research data or literature before use (such as anonymizing participant data, or sharing only extracts of published material)
This principle emphasizes discerning and strategic use of GenAI tools. We shouldn’t use them just because they are there, but because they suit our research or study purposes. This principle is mindful of the privacy and security concerns listed in the limitations section. For example, if you have personal information that should not leave Europe, you need a tool that guarantees data will be processed in Europe. Data should always be anonymized before it is uploaded to a GenAI tool, but anonymization does not remove the need for consent. If you are planning to use a GenAI tool for analysis, then this information ought to be included in your participant information sheet, with participants given the opportunity to ‘opt-in’ to this use of their data within the consent form. The same care applies to literature: uploading full-text articles or books may breach your institution’s publisher licenses, so share extracts instead. A general purpose chatbot like ChatGPT or Claude may not be fit for purpose for specific research aims but a tool specifically designed for reviewing literature or qualitative data analysis might be – though time will need to be factored in to learn how to use bespoke research tools. For students, this principle stresses checking with your institutional guidance, as well as with your participants, rather than assuming that GenAI tools can be used. 

[Evaluate] 
Once you have verified it is appropriate to use GenAI for your research aims or data, you need to adopt a critically evaluative stance in relation to its outputs. GenAI output can be factually wrong and/or biased in systematic ways, so it is important not to accept GenAI output without first evaluating it for accuracy and omissions. Evaluate is about:
· fact checking all claims
· critically assessing how output has been framed (what is included and what has been omitted),
· asking how credible the output is, possibly by using a framework like PROMPT (OU, 2020)
· judging the fit between the output and your research aims and/or authorial voice.
This principle encourages a healthy skepticism towards GenAI output. GenAI tools are based on statistical modelling rather than understanding or reasoning so researchers and students are ultimately responsible for checking that claims are correct, and for asking evaluative questions about credibility. When I evaluate GenAI output, I do so in tandem with the original sources (whether that’s literature, survey responses, or interview data) to ascertain how the GenAI summary relates to those sources and to ask whether inaccuracies have been introduced or whether nuances have been flattened. I am simultaneously holding my research question, the broader scholarship of the field and the direct experiences of those who have participated in my research in my mind. These shape both my evaluation of what GenAI tools produce and what tasks I am willing to delegate to them.  In the second QGAP guide (Wheeler, 2025b), I introduced readers to The Open University’s PROMPT framework for evaluating sources (OU, 2020). As the final author of whatever content you take from GenAI, you must be able to defend the presentation, relevance, objectivity, methods, provenance and timeliness of any sources or claims you use, ensuring an authentic authorial voice prevails. 

[Reflect] 
The third principle stresses the importance of reflecting on how GenAI tools are shaping your research and writing practices. Reflect asks you to consider:
· how GenAI tools will structure the ways you view and come to know your data (for instance as summaries, coding categories or visualizations) 
· how GenAI tools might influence the analytic or writing decisions you take 
· when in the research/writing process you engage GenAI tools and with what consequences
· what GenAI tools add and what they take away from your process
As a sociologist, I reject both technological determinism (technology leads to inevitable outcomes) and technological salvation (technology solves all our problems). Technology is one mediating factor amongst many (alongside our positionality or access to research funding) which plays a significant role in the research process. Some factors change the course of your research because they open or foreclose possibilities. The Reflect principle is about acknowledging how GenAI changes you as a researcher/student and honestly assessing whether those changes have added something important and/or taken something away (and it can do both). I recommend keeping a reflexive journal to record these reflections as you move through your research. 

[Disclose] 
Disclose is perhaps the inevitable outcome of Reflect. I include it as a separate principle because reflection is often a deeply personal practice, forcing us to ask existential questions about who we are, how we work and learn effectively, what we enjoy or find tedious and how we succeed or fail. Whereas disclosure is a deliberately public act. Disclose calls on researchers and students to:
· honestly document how they have used GenAI tools throughout their research process
· discuss and agree GenAI use with colleagues if working in a team 
· clarify which tools were employed and when in the research/writing process
· take responsibility for all outputs and interpretations
The norms around disclosure are still developing, and researchers themselves are divided about the need to disclose their own use (Kwon, 2025), partly due to legitimate fears that disclosure may harm reputations (or for students’ grades). Many publishers already distinguish between AI-assisted (the author’s own work improved by GenAI) and AI-generated content (GenAI generating before editing), with the former not needing declaration (Cleland et al., 2026) – though the boundary is undeniably fuzzy, especially where GenAI is engaged in question formulation, or the gathering and analysis stages of QGAP. The boundary is also likely to shift as  tool use becomes normalized over time and the legal requirements of systems to detect GenAI content evolves (EU, 2026). The Disclose principle advocates for a clear and active account of how GenAI tools were used, enabling readers to evaluate their contribution to the research, improving transparency, and potentially reducing stigma for others. You can look to institutional policies to better understand what is allowed, but only you can judge whether a piece of work is honestly yours to claim. Readers can see my disclosure statement relating to this guide, below: 

Generative AI Disclosure statement: This guide was written by the author. Claude (Sonnet 4.6, Anthropic) was used as a research assistant (searching and summarizing literature), a thinking partner (iterative dialogue around framework development and responding to peer review comments), and an editorial assistant (suggesting alternative wordings and word count reduction). Table 1 and the multiple-choice questions were developed iteratively through dialogue, with the author specifying criteria, directing content, and making all final decisions. All intellectual responsibility for the content of this guide rests with the author.

[+ Structural forces] 
The final principle is not necessarily methodological or within an individual researcher’s or student’s capacity to effect – but it is nevertheless important to be aware of ongoing societal debates to make an informed decision about use. There are too many potential factors to detail in a short guide, but GenAI is implicated in systems that (i) reproduce labor inequities (low-paid workers train LLMs on data for which original creators were not remunerated); (ii) exacerbate environmental resource demands (the minerals, water and energy required are increasing at unsustainable rates); and (iii) increase corporate dominance (ownership of LLMs is concentrated while local communities bear the costs of the data centers that sustain them) (Biancalana, 2025; Burrell & Fourcade, 2021; Crawford, 2021; Libertson et al., 2021). For some, GenAI’s exploitative and extractive politics warrants “conscientious objection,” or boycott (Braun, 2025). Others adopt a more pragmatic view, acknowledging harms while recognizing that widespread adoption requires methodological training and targeted critical use (Silver, 2025). 
I have witnessed heated, at times unpleasant, social media comments about those who do use GenAI – accusations of lazy scholarship, or ‘AI slop’ shaping student and researcher norms.  Watermeyer et al. (2024, p. 453) found surveyed academics invoked a cultural hierarchy that “valorised academic labour through non-use”, dismissing GenAI users as having no ‘taste’. At the same time, expectations around ‘fast academia’ have been exacerbated in research environments which reward productivity. In my experience supervising dissertations, students use these tools in different ways depending on what QGAP tasks they are trying to achieve (see next section), and with different motivations (working in a second language, negotiating time pressures of study and work, uncertainty about their ideas). Students can decline to use these tools, but that choice is more available to some than others – and in either case it carries consequences in a wider system that regards non-use as the marker of legitimate scholarly labor.
The ‘+’ principle encourages students and researchers to recognize how their GenAI use connects them (often in different ways) to wider social and political systems and expectations. Individual decisions have limited capacity to shape these broader systems, and only as part of a collective project (Wheeler, 2026) – through active campaigning for localized or open-source LLMs, sustainable consumption of GenAI tools, holding corporate actors to account for their harms, or contributing to institutional policy on GenAI use and assessment.  The VERD principles ask readers to make strategic and critical choices about their use of GenAI, and to be able to account for and defend that use (or non-use) for their research objectives. Whilst the ‘+’ principle recognizes the circumstances through which those choices are made and practiced. A values position might indeed rule out GenAI from your own work, but it should not rule out your capacity to evaluate research that has used it – these are arguably different commitments.
Section Summary
What are the 3-5 key points the reader should take from this section?

· The VERD+ principles offer five ways to critically engage with GenAI throughout the research process: Verify, Evaluate, Reflect, Disclose, and "+" for wider structural forces.
· Verify means checking whether GenAI use is appropriate, permitted, and well-suited to your research aims before you begin.
· Evaluate means applying healthy skepticism to GenAI output, checking for errors, bias, and fit with your research purpose.
· Reflect and Disclose asks you to consider how GenAI shapes your thinking and practice, and to be transparent about how it was used.
· The ‘+’ principle highlights how choices about GenAI connect to wider debates about labor, environmental impact, and corporate power, as well as norms about what counts as legitimate academic/student work.

[Integrating the VERD+ principles into the QGAP social research toolbox]

What follows in Table 1 is a summary of key questions to ask yourself when engaging with GenAI outputs across the different stages of the QGAP social research toolbox – whether as a co-creator or an evaluator. The table offers a clear demonstration of applying the VERD+ principles across the research process.  To ground these questions in the messy complexity of social research, I offer a fictional case study of a student dissertation project, outlining some of the thought processes, opportunities and challenges of engaging GenAI in research (see Box 1). This vignette draws on my own research area and the patterns I have observed across my research, teaching and supervision, but does not depict any real individual or study. Readers can engage with the questions that follow alone or in discussion with peers.
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Table 1: Key questions to ask using the VERD+ Principles Across QGAP stages
	[bookmark: _Hlk233730890]
	Q - Questions
	G - Gathering
	A - Analyzing
	P - Presenting

	Verify
	· Is it appropriate to use GenAI to help frame or refine my research question?
· Do I have the skills to use this GenAI tool effectively for that?
	· Is GenAI an appropriate tool for this stage, or would other approaches to literature searching and collecting evidence/data better suit my aims?
· Is GenAI use permitted under my data management, ethics approval, consent agreements and publisher licences? 
	· Have I checked whether this analytic task suits a GenAI tool?
· Do I need training in this tool before use?
· Do I need to anonymize my data first?
	· Does my institution or target outlet permit GenAI use in writing?
· Do I have the skills to use this tool appropriately (e.g. editing vs. generating)?

	Evaluate
	· Is this question mine?
· Has GenAI shaped it in line with dominant or mainstream framings?
	· Do the GenAI-suggested sources exist and say what's claimed?
· Have GenAI tools privileged English-language/mainstream sources?
	· Does the AI-generated output capture or flatten meaning in my data?
· Can I assess its analytic claims against original quotations/ source material?
· Does the analysis align with my research questions and theoretical framework?
	· Do GenAI-suggested edits preserve my intended meaning and voice?
· Has GenAI introduced claims or citations that I have not critically assessed?

	Reflect 
	· Is GenAI narrowing or broadening what I think is researchable? 
	· How is GenAI shaping my relationship to my participants and their data?
· How reliant have I been on GenAI for literature searching, data collection searching and interpretation and is this a problem?
	· When do I use GenAI for analysis and with what consequences? 
· What has it made visible in my data, and what has it obscured?
· Have I tried alternative ways of analysing this data and what does that reveal about my skills and process?
	· Can I distinguish GenAI claims from my own research interpretations?
· How has it shaped the final write-up and does this still feel like my work?


	Disclose
	· Will I need to note GenAI's role in shaping my question in my methodology? 
· If working in a team, are others aware of that role?
	· Does my information sheet or consent process mention possible GenAI use?
· If GenAI was used to collect data, is there a clear record of how it acted? 
	· Is there a clear record of which analytic decisions were GenAI-assisted, and which were my own?
· Have I discussed with collaborators how this should be acknowledged in shared outputs?
	· Have I documented and declared my GenAI use according to institutional/journal norms?
· Are all tools declared transparently (with model numbers or dates accessed)?
· Am I prepared to take responsibility for this content regardless of GenAI's role?

	+
	How does my use, or non-use, connect me to wider structural forces and what individual and collective responsibilities, if any, follow?








Box 1: Case study of Morgan’s undergraduate dissertation project
Morgan is a final year undergraduate sociology student interested in sustainability and education. They find a newspaper article on young people’s climate anxieties and education’s role in turning these anxieties into hopeful action. Thinking this might be a good topic for their dissertation project, Morgan turns to ChatGPT (Model 5.5), for help refining this idea into a research question, and accepts its suggestion: How do university students understand the relationship between climate anxiety, education, and their sense of agency in responding to climate change? Morgan asks ChatGPT for a suggested reading list, initially skimming the summaries before their supervisor encourages them to read the texts themselves and follow up additional sources. Morgan decides to use qualitative interviews with students from their own university, asking ChatGPT to devise an interview guide and using this with limited modifications – though Morgan adapts a few leading questions. They use the standard university consent form with their participants, which does not mention any GenAI use. Their supervisor recommends full transcriptions using a GDPR compliant GenAI tool and coding in NVivo. Having never used qualitative software before, Morgan asks ChatGPT for help and consults YouTube videos to learn. As the university NVivo subscription lacks GenAI tools, Morgan runs the anonymized transcripts through ChatGPT as well as coding in NVivo, keeping notes on how the analysis develops. To write up, Morgan uploads their reading and analysis notes to ChatGPT for a plan for the 8,000-word assessment; knowing the university allows GenAI assistance but not GenAI text generation. Morgan then writes the dissertation alone, returning to ChatGPT throughout to refine their ideas and rephrase ideas in a more academic tone. In the acknowledgements at the start of the dissertation, ChatGPT use is disclosed as assisting with editing only. 
Discussion questions:
1. Map Morgan's project against the QGAP stages. At each stage, which VERD+ principles were most relevant, and what questions should Morgan have been asking? 
2. Was the transcription and ‘ChatGPT-coding’ of data appropriate? How could it have been made more so?
3. Is Morgan's disclosure statement accurate? Using the VERD+ principles, write a disclosure statement that better reflects how ChatGPT was used across the project. If you are working with others, compare your statements and discuss any differences of opinion about what needed declaring?
4. Morgan's supervisor made several suggestions that shaped this project. If you were supervising Morgan, what would you have advised and at what point? 

Section Summary
What are the 3-5 key points the reader should take from this section?

· Table 1 maps key critical questions across the VERD+ principles and QGAP stages for readers creating or evaluating GenAI-assisted research.
· The table is not exhaustive, and readers should adapt and extend these questions to fit their own research contexts and institutional guidelines.
· The Morgan case study encourages critical evaluation of GenAI use which extends across the different stages of a social research project.


Conclusion
Includes a summary of the key lessons discussed within each section of your guide. 

What can readers learn from this guide and apply when conducting their own research and evaluating the research of others?


This guide has been as much an opportunity for me to think through the implications of GenAI use across the social research process as it has been a space to detail the VERD+ principles. We are all learning in this space right now, as we grapple with these new tools and the possibilities and limitations they offer for research, teaching and learning. I have tried in this guide to present a balanced position which neither celebrates nor denigrates GenAI technologies, but considers how careful experimentation, deliberate refusal, critical evaluation and active reflection shape researcher and student practices within wider social systems. The VERD+ principles ask you to verify, evaluate and disclose your use of GenAI tools, and to reflect on what that use is doing to your research. I close the guide with a plea for researchers and students to engage GenAI tools critically and strategically, rather than shaming individuals for choosing to use, or not use, these tools. Choices are constrained by political-economic landscapes but being constrained is not the same as being determined. Our values as researchers and as members of communities should shape the choices we make – and those choices in turn shape how these technologies develop. While I do not know where this technology will lead, I hope the VERD+ principles will help you to make your research choices deliberately.


	


Note: MCQs, Resource Recommendations, and References are not included in the Word Count.

Multiple Choice Quiz Questions
Insert three to five multiple choice quiz questions below. Each MCQ must include one correct answer, and two incorrect answers (A, B, C). 
Please indicate the correct answer by writing [CORRECT] after the relevant answer.
Do:
- Test readers’ understanding of your guide.
Don’t:
- Include ‘all of the above’ or ‘none of the above’ options, or implausible responses. 
- Require information/knowledge not provided in the guide. 
Example:
1. What is critical reflexivity?
    a. An understanding of how a researcher relates to and actively engages with the complex contexts and dynamics within which the research is embedded. [CORRECT]
    b. An understanding of how over-researched populations can experience research fatigue when directly engaged by researchers.
    c. An understanding of anonymity and confidentiality in research.
Guidance for writing MCQs can be accessed using these links:
- Tips for writing effective multiple-choice questions
- The process of writing a multiple-choice questionClick or tap here to enter text.




[bookmark: _Hlk96612044]1. Which of the following best explains why large language models (LLMs) may reproduce existing social inequalities? 
a) Training data tends to reflect dominant, English-language and mainstream perspectives (CORRECT)
b) The models predict the next most likely word rather than reasoning about meaning
c) The processes between prompt and output are not visible to the researcher.

2. A researcher uploads interview transcripts containing identifiable participant information to a commercial GenAI tool to assist with coding. Which VERD+ principle have they most clearly failed to apply?
a) Evaluate – they have not assessed the quality of the GenAI-generated codes against their research questions
b) Reflect – they have not considered how the tool is shaping their relationship to their participants
c) Verify – they have not checked whether uploading identifiable data to a commercial tool is permitted under their ethics approval and data management agreement (CORRECT)

3. A researcher notices that after using a GenAI tool to generate an initial coding framework for their qualitative data, they find it difficult to engage with the raw transcripts independently. Which of the following best describes what this experience illustrates?
a) The Disclose principle – the researcher needs to be transparent about their reliance on GenAI for coding
b) The Evaluate principle – the researcher needs to fact-check the codes generated by the GenAI tool against the original data
c) The Reflect principle – the researcher is recognizing how GenAI tool use has shaped their relationship to their data and their own analytic practice (CORRECT)
4. Which of the following best captures what the '+' in VERD+ refers to?
a) The obligation to declare GenAI use in any published output
b) An awareness that GenAI use connects researchers to broader structural concerns including labor, environmental cost and corporate power (CORRECT)
c) A reminder that the four principles apply to evaluating others’ work as well as your own

Further Reading
Please ensure that the recommended readings, web resources, and cited references in the guide are inclusive, and represent a diversity of people. Given our global readership, we aim for content that allows individuals with a broad range of perspectives to see themselves reflected in our published resources. 
[Insert list of up to six further readings here]
· Abramson, C. M., Prendergast, T., Li, Z., & Dohan, D. (2026). Qualitative Research in an Era of Artificial Intelligence: A Pragmatic Approach to Data Analysis, Workflow, and Computation. Annual Review of Sociology. https://doi.org/10.1146/annurev-soc-011824-104836 
· Cleland, J., Driessen, E., Masters, K., Lingard, L., & Maggio, L. A. (2026). When and how to disclose AI use in academic publishing: AMEE Guide No.192. Medical Teacher, 48(4), 542–553. https://doi.org/10.1080/0142159X.2025.2607513
· Parker, J. L., & Becker, K. P. (2026). Defining and assessing AI literacy for researchers across the research lifecycle. Frontiers in Education, 11, 1827603. https://doi.org/10.3389/feduc.2026.1827603 
· Wheeler, K. (2026). Technological reflexivity in practice: How MAXQDA, NVivo, and ChatGPT shape qualitative survey analysis. Qualitative Research in Psychology, 1–27. https://doi.org/10.1080/14780887.2025.2602820 


Web Resources
[Insert links to up to six relevant web resources here]
· Blog: Qualitative Data Analysis Services https://www.qdas.co.uk/blog  (adopts a pragmatic stance towards GenAI in qualitative analysis) (date accessed 02/07/2026)
· Blog: Janet Salmons, PhD, https://salmons.blog/author/4jesalmons/ (adopts an anti GenAI stance in their writing) (date accessed 02/07/2026)
· Essex Repository access to pre-copyedited versions of the QGAP series is available under ‘Publications/Journal Articles’ at this website: https://www.essex.ac.uk/people/wheel11317/katy-wheeler 
· Wheeler, K. (2025e). What is the Social Research Toolbox? SAGE Publications, Ltd. https://doi.org/10.4135/9781036216535 
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