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Abstract
The current article used real data to demonstrate the analysis and synthesis of Mixed Methods Research (MMR) data with 
generative Artificial Intelligence (Gen AI). I explore how reliable and valid Gen AI data outputs are and how to improve 
their use. The current content is geared towards enhancing methodological application regardless of field or discipline 
and includes access to a prompt library and examples of using outputs. The demonstration data used emanated from a 
study done in South Africa, with a quantitative sample size of 969 first-year engineering students and, for the qualitative 
part, 14 first-year students. In the current article, I compare my original analysis to ChatGPT results. Generative AI as a 
mind tool is best used with human insight, and I found this to be especially true when coding qualitative data. ChatGPT 
produced generic codes if asked to do inductive coding, and the results improved when training the Gen AI on human 
examples, which led to moderate and significant correlations between human and machine coding. The quantitative 
analysis was accurate for the descriptive statistics, but the researcher had to use best judgment to select the correct 
inferential analysis. Quantitative and qualitative analysis should be conducted separately in generative AI before asking 
the Chatbot for help with mixed methods results. In the current paper, I give guidelines and a tutorial on how to use 
chatbots in an ethically responsible and scientifically sound manner for research in social and human sciences.

Keywords Generative Artificial Intelligence (Gen AI) · Chat Generative Pre-Trained Transformer (ChatGPT also known as 
the Chad) · Mixed Methods Research (MMR) · Data Analysis Tutorial · Chatbots

1 Introduction

Recent advances in generative Artificial Intelligence (Gen AI) are changing how we conduct scholarly research. We 
are challenged to use new tools in all educational disciplines [1–4], adapt to rapidly shifting technological land-
scapes, share what we have learned to support one another and engage in intellectual curiosity [5, 6]. Therefore, I 
showcase in this article how to use a generative AI platform to analyse quantitative and qualitative data and inte-
grate findings for Mixed Methods Research (MMR). The current manuscript demonstrates the use of ChatGPT for 
a novel application and convergent MMR design. For exploratory and explanatory designs, the Gen AI could help 
the researcher identify participants for the qualitative phase or assist in designing an interview protocol based 
on the qualitative findings. The current paper presents a case study of one platform, ChatGPT, and when I tried 
the prompts on a newer Gen AI platform, Julius AI [7], I found they worked just as well. While the current paper’s 
demonstrations were done with ChatGPT-4, I applied them in ChatGPT-4o [8] and found the prompts work even 
better in the latest model.
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Chat Generative Pre-Trained Transformer (ChatGPT) has emerged as a dominant role player in the generative AI 
field, and higher institutions are reporting that students and academics are using the platform increasingly [9–11]. 
Some researchers [12] focus on the positive role that generative AI can play in higher education, for example, 
aiding in managing large classes and online learning. Other researchers focus on how generative AI will impact 
assessment [13], how it can be used to promote student learning and motivation [14] and which frameworks to 
use when integrating Chatbots into teaching and learning [15]. Most articles conclude that we need more research 
and guidelines on using generative AI in higher education [15, 16].

The popularity of Mixed Methods Research (MMR) is evidenced by more published articles reporting the meth-
odology; consequently, issues of methodological integrity have also arisen [17]. MMR is gaining traction due to an 
awareness in many fields (social and behavioural) that MMR provides more comprehensive insights and solutions 
[18]. Analysing, combining, and making sense of both qualitative and quantitative results is challenging as it requires 
knowledge and expertise of both [19]. Using technology to facilitate MMR presents opportunities and challenges as 
the researcher needs to handle complex datasets and work with various software packages [17]. Software packages, 
such as MAXQDA, are available for an integrated analysis of MMR, and researchers vary in whether they separately 
analyse their QUAL and QUANT or use one platform to analyse concurrently [20]. With the Gen AI revolution, it is 
unsurprising that technology is even more critical in processing and interpreting MMR results [21]. The current paper 
offers a roadmap for using Gen AI for MMR analysis, as I suspect that using one Gen AI platform that the researcher 
is familiar with is a more likely route in the future rather than paying for many individual software packages.

The current article is not the first exploration of how to use generative AI in higher education research [22]; 
many good publications exist [23–25]. The current article adds a new approach by demonstrating the application 
of generative AI in Mixed Methods Research (MMR) and providing prompts and guidelines for use. My work here 
is intended to be a resource for students and the academy, showing how generative AI can feed into the research 
process for academic advancement [24]. Consequently, I use the following terms, which are distinct but related: 
generative Artificial Intelligence (Gen AI), Chatbots and Large-Language Models (LLMs). By generative Artificial 
Intelligence, I mean AI systems trained to produce new content based on but divergent from their training data 
[26]. Chatbots interface AI and humans by applying LLMs to interact through text or voice [27]. LLMs serve as the 
basis for many types of generative AI and were designed to understand and function through human language [28]. 
Gen AI uses human language as the medium of interaction. LLMs were designed to mimic natural human interac-
tions, making it seem like you are speaking with someone [29]. I take a similar approach in this article, treating 
ChatGPT as an assistant and telling the story of using its functionalities in a more approachable, humanistic way 
[30]. Generative AI continues to evolve; for example, ChatGPT-3.5 is a text-to-text model, and ChatGPT-4 is a data-
to-text model [31]. The usefulness of the current article is in its practical application to broaden our understanding 
of generative AI in higher education, and I present a tutorial which researchers can use [32]. I used Mixed Methods 
Research (MMR) for the Tutorial and application because MMR offers us a robust framework for addressing many 
multifaceted issues in research. MMR explores complex human phenomena [33, 34]. Moreover, by analysing mixed 
methods data in ChatGPT, I create sections on quantitative and qualitative analysis that researchers from these 
disciplines could use even if they are not interested in MMR.

The prompts and exercises in the current paper were piloted on over 100 academics at the University of Pretoria 
(UP), South Africa. Academy members from all Faculties and most departments at UP attended the training and 
provided feedback. I presented the workshop, which covered five topics: an introduction to using Gen AI for data 
analysis, evaluating and improving your writing with Gen AI, qualitative data analysis, quantitative data analysis, and 
Mixed Methods Research (MMR) in ChatGPT. Feedback was obtained from attendees, and they rated the workshop’s 
usefulness as 8.5 out of 10 (n = 60), emphasising that the most valuable characteristic was the applicability of the 
experience and information. Considering that the workshop was held in a hall for a large group, it was no surprise 
that participants said they would have preferred a smaller group to facilitate collegial interaction. Participants who 
came to learn about one type of analysis (for example, quantitative) did not like that other types were also presented 
and would have preferred a workshop focused only on their interests. There was also a broad range of participant 
preparedness, which made pacing the workshop challenging. Based on the experiences during the sessions and 
the feedback form, I refined the Tutorial and present the revised version in the current text.
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1.1  Technological revolutions

Before the 2000s, software was syntax-based, and researchers had to write instructions [35–37]. Writing code often led 
to considerable effort to fix and manage mistakes in writing syntax, apart from the knowledge and skills needed to con-
duct and interpret the data analysis [38]. The Graphical User Interface (GUI, ‘gooey’) revolution brought about easier use 
of statistics, where pointing and clicking was all the programming knowledge required [39]. At each phase of software 
evolution, the researcher needs to understand what they are doing and the statistical choices [40] or qualitative methods 
they employ [41]. The roles and responsibilities remain; the researcher must be well grounded in their understanding of 
data analysis theory and application. However, the researcher can now use the Chatbot as an assistant to suggest further 
analyses, conduct some of the analysis, and obtain help interpreting outputs. At each step of the evolutionary process, 
there is less pressure on the researcher to know the underlying nuts and bolts of software and more opportunity to focus 
on the data. Researchers are only beginning to explore all the options that generative Artificial Intelligence offers [42]. 
Understandably, significant shifts are frightening, and the generative AI revolution in the academic world is no different. 
Luca Mari summarises this experience eloquently (2023, p.29):

Copernicus showed us our cosmological non-centrality
Darwin showed us our biological non-originality
Chatbots are showing us our cognitive non-uniqueness

Some of our shared fears include the idea that AI will fundamentally replace us, for example, being able to do work 
for which we were once considered crucial [43]. Another fear is that AI will reduce creativity, innovation and original 
work, replacing our humanity [44]. Hinks [45] found that negative expectations of artificial intelligence’s role in society 
are associated with reduced life satisfaction. Students are worried about the impact generative AI will have on their 
development, and the academy is concerned about academic integrity and the impact on assessment [46]. The Council 
on Higher Education [47] suggests that treating generative AI as a "crime" or plagiarism will negatively impact teaching 
and learning.

How should we deal with Gen AI in scholarly research? To navigate these existential crises and our trepidation, we 
need to engage with our fears reasonably, as Chatbots are here to stay [48]. We must find ethically sound ways to use the 
new tools to advance human knowledge and development. Our friends from the philosophy of science can help us to 
think critically about the latest existential crises. Heidegger was worried that technology would strip us of our humanity 
(forgetting to "be"), Idhe was concerned with its role in our daily lives, and Stiegler focused on how technology could 
disrupt our cultural memories [49, 50]. Hui [50] merges these ideas and sees technology as the conduit through which we 
understand our world (he calls this “cosmotechnics”). Baker and Hui are linked to the idea from Ihde [51] that science is 
the conceptual side of a technological society and that scientists should reimagine the role of technology and its ethical 
use. Metaphysics, cultural shifts and geopolitical implications cannot be ignored when significant technological changes 
occur [52]. New technologies shape the world around us, reshape how we see ourselves and lead to new traditions, 
potentially replacing our cultural heritages and requiring profound pluralism from us [50, 53]. In the research world, we 
measure what we value, pushing us to question what is valuable. While I focus on the practicalities in the current paper, 
I am also proposing a person-centred, meaning-making approach to scholarship and integrating artificial intelligence 
into our research [54]. I explore this idea further by examining how researchers can ethically apply the new Gen AI tools.

1.2  Ethical and safe use of generative AI in research

There is nothing inherently wrong with using generative AI during data analysis as long as the researcher does so 
responsibly [55]. For the reader’s purposes, I recommend using generally established ethical guidelines for generative 
AI use in research [56, 57]:

• being transparent in your use of generative AI during your research processes
• being responsible for the inputs and how you use the outputs
• protecting the data privacy of your participants
• using AI for specific purposes in the research process and reporting the use as one would with any software [58]
• considering and limiting potential bias from the AI platform
• emphasis on the humanisation and centrality of participants in research
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As a researcher, you need to understand that Chatbots are tools. The user still needs to have the required foundational 
knowledge to use the instrument for the intended purpose in the same way you need to know why you select statistical 
tests when using GUI software.

Designers of Chatbots add guardrails to prevent offensive, inflammatory or dangerous outputs in attempts to pro-
tect the users [59, 60]. However, jailbreaking still occurs; some individuals can find ways around the guardrails [61]. 
Jailbreaking is a complex issue and can be part of the innovative strategies of users. Guardrails have downsides, such as 
over-correction and replacing one type of bias with another–users need to be aware of this when employing Chatbots 
[62]. While the designers of generative AI try to protect users with guardrails, the researcher needs to understand set-
tings to ensure safer use. To enhance the ethical use of ChatGPT and your data, you can go to privacy settings, choose 
“Settings”–“Data controls”, then switch off the “improve model for everyone” option [31]. In Fig. 1, I show the guidelines 
for the ethical use of AI and Chatbots in MMR and data analysis.

I advise that you refrain from uploading any sensitive data. Ensure you remove any identifying information from data 
sets before using generative AI to analyse the data. Use resources such as ChatGPT responsibly by rephrasing, repurpos-
ing, and reintegrating responses, just as you would information from other sources [63, 64]. Critically evaluate all the 
information you receive from AI platforms and apply your interpretation. Be transparent about how and when you used 
artificial intelligence in your writing, analysis, and presentation. Cite the Large-Language Model (LLM) you used. Chatbots 
are sophisticated but only sometimes reliable, explainable and never accountable for what they produce [65]. Therefore, 
the researcher is responsible for fair and ethical use.

1.3  Research questions

1. How can generative Artificial Intelligence assist with data analysis of Mixed Methods Research (MMR)?
2. To what extent does generative Artificial Intelligence yield reliable and valid findings for MMR data analysis?

1.4  Novel uses of Gen AI in scholarly research

Many of the approaches discussed in the current article are known generally. I support users’ knowledge by showing 
them how to use Gen AI for research analysis, which is especially relevant for scholars who are hesitant or trying to 
analyse with Gen AI for the first time.

Fig. 1  A framework for the 
ethical use of artificial intel-
ligence in mixed method data 
analysis
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A more novel use of LLMs is to ask it to work as your research coach. For example, I have wanted to learn how to 
use the R software package for years, but as this requires much dedicated time, I have been unable to do so. I could 
learn much faster if I had direct access to a person who could give me quick tutorials and help me when I get stuck. 
After all, I have tried attending workshops and doing courses on R, but I need direct help daily. After asking ChatGPT 
4-o to act as my guide, my skills and knowledge of the software increased rapidly. This assistance is no small thing; 
many of us want to learn specific data analytics but need more time or resources to do so, and this is one of the most 
novel and revolutionary uses of Chatbots.

The other novel use of Chatbots is to use it as a peer reviewer, feed it the journal’s requirements and ask it what you 
can do to improve the manuscript. Using LLMs to evaluate my writing has enhanced my work and ideas considerably. 
Of course, here, we need to exercise caution. Do not let the Gen AI do the writing or thinking for you; it needs to be 
a platform from which you spring and enhance your ideas and work. Language and technology are already modes 
through which we must communicate; if we allow LLMs to automate our knowledge work, our ideas will flatten and 
become superficial misrepresentations, and worse, the reader will not know where we end and the artificial begins.

1.5  Positionality statement

Enhancing critical positionality and reflexivity in the age of Gen AI requires transparency, contextual awareness, itera-
tive and collaborative review, and critical engagement [1]. Researchers should be transparent by acknowledging the 
role of Gen AI and by detailing how the technology was used and interpreted [2]. Furthermore, we need to know how 
our positionality will intersect with Gen AI and how these assumptions might shape the outputs. Collaborating with 
more researchers is one way to check for hidden biases and assumptions, and one can ask Gen AI to scan for these. 
In the next paragraph, I demonstrate the process by adding my positionality and reflexivity.

I am a Caucasian academic working in a multi-cultural and multi-racial country, South Africa. I identify as female 
and acknowledge my middle-class economic status in a country with a large gap between the wealthy and the poor. 
I come from a privileged position where I could explore new technology like ChatGPT. As a White South African in 
higher education, I am aware of my perspectives and expectations of technology use and the barriers that disadvan-
taged students and academics may face. I take responsibility for reflecting on the structural biases in my environment, 
and I seek to address these barriers in part by sharing my knowledge in this article. The development of generative 
AI has built-in threats to ethical and fair use, such as access to devices for students, problems with data privacy, the 
potential erosion of local languages and the amplification of existing inequalities for students and academics who 
cannot afford to pay for access to better AI versions. As a researcher and member of the academy, I recognise that 
these challenges cannot be quickly resolved, but sharing knowledge within the higher education setting is part 
of addressing the issues and finding solutions. Therefore, I have held free workshops for colleagues and students, 
where we co-constructed knowledge gained from ChatGPT. I have added to student assignment papers the explicit 
requirement that they report prompts, how information was gained, and what they learned from the process. As I 
reflect on my own position, I encourage my students and colleagues to do the same, and I have learned much from 
them during this process.

2  Materials and methods data used for tutorial

Here, I describe the data used in the examples in the Tutorial; feel free to skip this part if you are not interested in the 
origin of the illustration data.

The data used as a demonstration in the current article comes from a project that focused on enhancing first-year 
engineering education in South Africa. The data were collected as part of a concurrent triangulation research design, and 
the findings were reported in publications [66, 67]. We wanted to help first-year engineering students by understanding 
student motivation, expectations, and perspectives and how these align with lecturer insights and curriculum design. 
Methodological integrity was built into the study through multiple encoders and special inspection of the data analysis. 
Three coders worked on the data, met regularly and eventually reached a consensus. After that, the codes and themes 
were reviewed by two specialist inspectors from the field of engineering education. The quantitative data were analysed 
by a research psychologist who worked with the team to make sense of the findings.
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2.1  Instruments

The quantitative data were collected using the Academic Pathways of People Learning Engineering Survey (APPLES), 
which contains sections on learning expectations, beneficial and enjoyable educational experiences, skills and abili-
ties required to become an engineer, motivation for studying engineering and post-graduate expectations [68, 
69]. The qualitative data were collected using in-depth interviews for which the researchers designed a guide. The 
survey contained two open-ended questions where additional qualitative data were collected. In the open-ended 
questions, students were asked to explain why they chose engineering and provided any other information they 
deemed appropriate.

2.2  Sample

The quantitative data collection yielded a sample of 969 first-year engineering students, who were primarily men (71%), 
Caucasian (58%) or Black African (26%) and came from middle-class or affluent homes (81%). Students were, on average, 
19 years old. The students who participated in the in-depth interviews (14) were all Black African by the study’s design, 
predominantly male (9 out of 14 participants) and came from varied socio-economic backgrounds.

2.3  Data analysis

In the original analysis, I used the Rasch dichotomous model via Winsteps© 5.4.0.0 [70] and SPSS (Statistical Package for 
the Social Sciences) to generate descriptive and inferential statistics [71]. Two research psychologists transcribed and 
analysed the qualitative interview data using reflexive thematic analysis (TA) [67]. After that, the specialist inspection 
was conducted by two engineering educators, and the final themes and write-up were the result of a consensus being 
reached among the team of four researchers [72–74].

For the current article and demonstration, I reran the analysis through ChatGPT’s Advanced Data Analysis bot, and my 
custom settings are shown Table 1. Custom ChatGPTs are available, and instructions can be customised [31]. I recom-
mend that the user try out custom GPTs for themselves; the current Tutorial utilises the Advanced Data Analyst, one of 
the original customs ChatGPTs [31] for quantitative analysis and ChatGPT-4.o for qualitative analysis. Setting up custom 
instructions by clicking on your profile is recommended, and many good resources are available online for custom 
instructions [75].

To use the custom instruction shown in Table 1, click on your profile icon in ChatGPT, choose the Custom Instructions 
option, and paste the text. The text provided is a generic guideline which can be adjusted to suit specific individual 
preferences, and should reflect the type of research you are conducting [76].

2.4  Ethical considerations

The Faculty of Engineering, Built Environment, and Information Technology (EBIT) ethics committee approved the study 
at the University of Pretoria (EBIT/46/2020). The ethical guidelines of the University of Pretoria were followed during the 
study. All participants in this work have freely given informed consent to participate in the study. The author affirms that 
the participants also provided informed consent for their data to be used for publication purposes.

3  Tutorial and results–application

Here, I present the roles that generative AI can play in the various types of data analysis. I give prompt examples and 
evaluate the reliability and validity of using Gen AI for MMR. When asking a chatbot to conduct analysis, I recommend 
that you give it frameworks, evaluation criteria or any other standards that it could use to improve outputs [77]. Ask the 
GenAI to be brutally honest, to look for problems and lack of cohesion, to evaluate your writing critically, and to find 
ways to overcome positivity bias. Gen AI can act as an available, teachable, and inexpensive research assistant. Meet your 
artificial assistant, ChatGPT, also referred to here as Chad (the only good Chad you will ever meet). Chad is a naïve but 
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well-meaning intern working for $20 monthly. Chad needs much supervision and makes silly mistakes but can add value 
when managed well. Chad is a well-mannered Chatbot (thanks to the guardrails) with much potential. Unfortunately, 
he/it is a people-pleaser, which can sometimes be annoying.

To enhance the practicality of this paper, I have recorded YouTube tutorials which can be used in conjunction with my 
article. Moreover, dear reader, please watch videos from Andy Stapleton’s YouTube channel [78] as he tries out different 
Gen AI platforms for data analysis; for example, his video is entitled "I Tested 3 AI Tools for Research Data Analysis—Which 
One Truly Delivers!?”, this video can be found at the link: https:// www. youtu be. com/ watch? v=_ 7JyuA 1nAKk. Andy’s analy-
sis is limited to quantitative data, and my paper includes the steps to evaluate quantitative, qualitative, and MMR analysis.

3.1  Qualitative data analysis with ChatGPT

Before starting this paper-based Tutorial, I first need to ask: Are you a human currently operating in energy-saving mode? 
If yes, you might want to watch my tutorials on YouTube; the links are here: Gen AI QUAL coding of open-ended survey 
responses (https:// youtu. be/ BBG1k VF3Yk8), Gen AI QUAL analysis of Interviews (https:// youtu. be/ G4HJCP- h86U) and 
Gen AI Mixed Methods Data Analysis (https:// youtu. be/ 6EDJB dBsTE0).

ChatGPT and similar generative AI platforms can analyse multimodal data [23] and play several roles in qualitative 
analysis, including coding, where you ask ChatGPT to generate codes for textual data based on frameworks or theories. 
In addition to textual analysis, Gen AIs can detect sentiment, such as the emotional tone of the text [79]. Gen AIs can 
generate themes and evaluate qualitative analysis for consistency by acting as a specialist inspector. The possibility of 
generating visualisations and tables with Gen AI is also helpful in quantifying or summarising aspects of the qualitative 
data. You can paste a limited amount of qualitative text into ChatGPT-3.5. ChatGPT-4o allows for uploading data, where 
you can ask for Excel codes per line, doing more checks and comparisons, and creating figures. Consider Gen AI as an addi-
tional coder or a research assistant in this process. However, crucially, do your own analysis and rely on something other 
than the Chatbot, as it may miss rich aspects of your data or misinterpret the text (more about this in my next section).

3.1.1  Modifications of QUAL data for gen AI use

I only made a few modifications to the qualitative data before using it in a Gen AI environment. I remove any identifying 
information and am careful about which demographics to keep in the data set. For the current examples I show, I made 
sure the interviews had no names, and for the Excel spreadsheet with open-ended responses, I removed the identifying 
numbers and the empty responses.

3.1.2  Practical application of QUAL data analysis in gen AI

In my experience, inductive coding does not work well in generative Artificial Intelligence settings, and I advise you to 
avoid asking the Chatbot to cold code. Instead, the Gen AI should be given both an analytical framework and a theoreti-
cal or conceptual framework to guide the coding and theme generation, as shown in Prompt 1 in Appendix–Prompt 
Library. Examples of analytical frameworks to consider using include thematic, narrative, content, and discourse analysis. 
Another suggestion is to code the first few lines or paragraphs to show ChatGPT as examples.

Gen AI assigns generic codes such as "other" or “uncoded” when unsure or struggling to interpret the text. Such codes 
and themes require additional investigation as complex and valuable information is often submerged into these com-
monly named themes. When facing token restrictions, analyse a few interviews at a time; then, ask the Gen AI to adjust 
themes based on additional interviews. As shown in Fig. 2, Chad provides well-written themes and quotes the partici-
pants as requested when given adequate guidance. The theoretical framework has also been woven into his answers.

Figure 2 demonstrates the prompt to ask ChatGPT to code open-ended survey items (see also Appendix–Prompt 
Library). I uploaded the Excel file with the responses and labelled the columns where I wanted the bot to add the codes 
per line.

3.2  Quantitative data analysis with ChatGPT

Gen AI fulfils additional roles that GUI software did to a limited extent or not at all. ChatGPT can assist with cleaning data, 
for example, finding out-of-range values in data files. The Advanced Data Analysis custom ChatGPT can also scan your 
data file and recommend analysis. Here, I suggest sharing a codebook with the Chatbot with variables, labels, categories, 

https://www.youtube.com/watch?v=_7JyuA1nAKk
https://youtu.be/BBG1kVF3Yk8
https://youtu.be/G4HJCP-h86U
https://youtu.be/6EDJBdBsTE0
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and any required explanations, such as the Level of measurement. Use the suggestions from the Chatbot with care, as 
the Gen AI might suggest analysis that cannot or should not be done with the type of data presented. Chad can quickly 
generate descriptive statistics, as I will demonstrate here, and a paragraph with initial interpretation for the researcher 
to consider using. Commonly used inferential statistics can also be conducted in ChatGPT, with the bonus of interpreta-
tion. Currently, generative AI is fine for run-of-the-mill statistical analysis. Using generative AI to run more sophisticated 
statistical models requires further exploration. For example, I conducted some structural equation modelling (SEM) with 
ChatGPT, but the Chatbot found this challenging.

3.2.1  Modifications of QUANT data for gen AI use

I did not modify my quantitative data for the prompts shown, but I provided the Gen AI with a codebook to correctly 
interpret the variables. Suppose one wants to do a more complex analysis in Gen AI, such as multi-level modelling. 
Preparing the data in a format that would aid the analysis process may be necessary. However, you could also ask the 
Chatbot to assist you as it can reformat data sets.

3.2.2  Practical application of QUANT data analysis in Gen AI

Figure 3 shows the prompt asking for Chad’s recommended data analysis.
As shown in Fig. 3, Chad recommends many different types of analysis for my specific data set. However, not all of 

them are feasible or applicable. Nonetheless, this is a good starting point, and the Gen AI may suggest types of analysis 
you have yet to consider.

Figure 4 is where I asked ChatGPT to produce descriptive statistics in a specified table format. I also asked for an 
interpretation and write-up of the table. While I did not fully agree with its interpretation, this again provides a good 
departure point to help the researcher start the writing process.

In Fig. 5, I illustrate the prompt for asking for inferential statistics from the Chad. Instead of asking for specific analysis, 
I asked ChatGPT to explore various relationships and to report statistical significance in an interpretative paragraph.

As can be seen from the response, the Gen AI accurately interprets the p-values, though it fails to report the effect 
sizes. I continued prompting beyond this point to obtain all the information I needed. Remember that just like a real 
assistant, you should keep speaking with the bot until you receive everything you need. See the Appendix for the other 
prompts used.

Fig. 2  Prompt 2a and response from ChatGPT to show the coding of open-ended survey questions
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3.3  Mixed methods research data analysis with gen AI

A wide range of MMR analyses can be aided by generative AI, including concurrent triangulation, sequential explana-
tory and exploratory analysis, transformative designs (here, you must supply the paradigm) and multi-stage evaluations. 
ChatGPT can also produce more complex figures and tables based on its own or your analysis, for example, side-by-side 
joint displays, statistics displayed by theme or vice versa and interview questions joint displays [80]. I have also created 
some infographics with ChatGPT-4, but these still require much input from the researcher, and it may be easier to create 
your own in a different software environment. To successfully use Gen AI for mixed methods analysis, I recommend that 
you separately analyse the quantitative and qualitative data and combine the findings into a single document before 
asking the bot to assist with MMR analysis.

3.3.1  Modifications of MIXED data for Gen AI use

The researcher creates the combined qualitative and quantitative findings  for the mixed methods analysis, as I suggest 
running the analysis for each separately (for QUAL and QUANT) and combining the outputs into a single document 
for the Gen AI to interpret. This part then requires many modifications from the researcher regarding what to include, 
how to present the information in the documents and how to request integration from the bot. I pasted tables from 
the quantitative data in the current analysis, starting with sample descriptives. I added headings to the document and 
presented the qualitative data as themes with participant quotes.

3.3.2  Practical application of MIXED data analysis in Gen AI

In Fig. 6, I prompt ChatGPT to use my combined quantitative and qualitative findings document and conduct a sequen-
tial explanatory analysis using this study’s theoretical framework. I specified both the analytical and the theoretical (or 

Fig. 3  Prompt 3 to ask for suggestions on analysing a quantitative data set
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conceptual) frameworks as this yields the best results. Researchers should use comprehensive frameworks when con-
ducting and analysing MMR data, as shown by Corrigan and Onwuegbuzie [81].

The output received in Fig. 6 was sparse, but further prompting into aspects reported by Chad led to more valuable 
outputs.

Based on the findings, I asked ChatGPT to create a joint table (see Fig. 7). While I would not use the table in its current 
format in a publication, I would use this summary to guide my writing and inform the creation of other graphics.

I recommend using generative AI to create initial tables, figures and text based on the quantitative and qualitative 
data. The final integration should be based on the aims of the study. When asking ChatGPT to create side by side type 
of tables, check this against your own version to make sure everything relevant is included. Write your interpretations 
based on your research aims and objectives; do not rely solely on the bot.

3.4  The quality of gen AI analysis

In Table 2, I compare the original analysis done by the research team and the outputs received from ChatGPT-4’s Advanced 
Data Analysis Chatbot.

Most were similar when comparing the original qualitative analysis done by the researchers to the ChatGPT themes. 
The content of the themes is also consistent, but the most significant difference was related to the extent of coverage. 
ChatGPT found most of the same themes but gave shorter, less rich write-ups. ChatGPT also missed a theme we identi-
fied (behavioural and attitudinal factors). Regarding the quantitative analysis, the Chatbot suggested creating demo-
graphic profiles (for example, gender, age, and ethnicity), mean distributions (for continuous variables) and summaries 
for the categorical variables. Other suggestions included cross-tabulations, non-parametric analysis, factor analysis (for 

Fig. 4  Prompt 4 descriptive statistical table output and interpretation from ChatGPT
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Fig. 5  Prompt 7 Inferential statistics and interpretation from ChatGPT

Fig. 6  Prompt 8–request integration of qualitative and quantitative data for MMR analysis
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constructs in the survey) and regression analysis to estimate predictors of the continuous variables. All the former sug-
gestions I considered myself and are reasonable.

Further suggestions, which I had yet to consider, included cluster analysis to group the students (this was not 
feasible with the data set), creating profiles within the engineering student population, and outcomes based on 
educational preferences. These last suggestions were exciting but irrelevant for my data set, once again pointing 
to the fact that the scholar needs to understand their data and the statistical possibilities. The demographic tables, 
figures, and interpretations provided by ChatGPT were of high quality and a good match for our own demographic 
profiles. When I asked ChatGPT to suggest inferential analysis, it did suggest the same non-parametric tests that I 
initially used, but it also suggested less useful and sometimes irrelevant analysis.

While descriptive statistics can quickly and reliably be done using ChatGPT, researchers should use their knowledge 
and judgment of statistics when deciding which tests to run in generative AI. The outputs are deemed acceptable 
and accurate and could be used in a research report or journal article, with the caveat that the text interpretation 
should be rewritten. Look for inaccuracies or exaggerations in the Chatbot’s output; for example, in my outputs, I 
found the claim that the sample is diverse to be an exaggeration.

The open-ended survey questions revealed most of the same themes, but again, ChatGPT’s descriptions and 
unpacking of the themes were shallow compared to human analysis. To check how consistent the Gen AI’s coding 
was with human coding in the open-ended questions, I created a dataset in which the themes were labelled as:

Fig. 7  Statistics-by-themes joint display generated by ChatGPT
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Social good = 1
Intrinsic psychological = 2
Intrinsic behavioural = 3
Financial = 4
Parental influence = 5
Diverse career opportunities = 6
Unsure = 7
Other = 8

In the first round, I asked ChatGPT to merely cold code and transform his answers into the above numbers. My col-
league’s coding had already been converted to the numbers. As these were two nominal variables ranging in values from 
one to eight, I chose Cramer’s V in SPSS to assess how well the Gen AI classified the responses [40] as shown in Table 3. I 
was using human coding as the ideal as this was done by a qualitative researcher and checked by me.

When ChatGPT and Julius AI cold code, they both have negligible associations with the human coder’s choices. When 
the human coding is given as an example (see Prompt 2b in Appendix), the association increases to moderate and signifi-
cant with Cramer’s V = 0.355, p = 0.000. In Table 4, I show examples of the text coded by my colleague (human coder), then 
ChatGPT and Julius AI cold coding and in the last column, the results from ChatGPT after it reviewed the human codes.

The more broad or vague the responses from the sample, like the text “It seems interesting”, the more difficult it was 
for the Gen AI to assign meaning to the phrase. Of course, this table also shows that more than one code can exist in a 
textual response, and my colleague had more than one column of codes. Table 5 gives an overview of counts for align-
ment between the human and Gen AI coders.

The Gen AI initially over-assigned the category "Other", showing a lack of specificity. After training with the human 
codes, the Gen AI improves, but there are still aspects of contextual clues it struggles with coding these types of responses, 
and I do not expect the correlation to be more than moderate, as shown in Table 3. I repeated this experiment with the 
interview data, and similar results were found: The Gen AI’s coding assigned “Uncategorized” to most lines, and with 
training on human responses, the coding and theme assignment improved. Note that more rounds of training may be 
required depending on your data.

My brief section about the reliability and validity of using Gen AI for MMR data analysis is superficial and I included it 
to give a cursory overview of the methodological integrity of Gen AI for scholarly research. A detailed and critical analysis 
of the subject matter is needed but beyond the scope of the current paper.

3.5  Troubleshooting

As is the case with all technology, ChatGPT and other Gen AIs can experience technical difficulties. Troubleshooting 
includes clearing the history, cookies, and cache for the "all-time" option. Next, you can restart the session. Lastly, use 
different browsers (for example, Firefox works well for me) or disable all the Chrome extensions.

4  Discussion and key findings

Generative AI is here to stay, and we must find ways to use it ethically and responsibly [3]. Therefore, the current study 
demonstrates how to conduct MMR analysis and integration using an artificial intelligence platform, ChatGPT. All types of 
technology have drawbacks, and a lack of transparency could call into question our methodological integrity, one of the 
biggest threats we face with Gen AI [82]. In this paper, I provide guidelines on using generative AI for MMR data analysis 
while balancing potential pitfalls. The main findings and recommendations from the current article are shown in Fig. 8.

Table 3  Correlation 
comparison between codes 
assigned by a human and Gen 
AI coder

Cramer’s V value Approxi-
mate signifi-
cance

ChatGPT Cold Coding 0.133 0.919
ChatGPT Coding with human example 0.355 0.000
Julius AI Cold Coding 0.132 0.339
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In the quantitative section, I demonstrate how ChatGPT can quickly provide suggestions for data analysis techniques. 
Most of the suggestions are valid, and the bot has also improved since I used it last year, as it can now more accurately 
identify parametric from non-parametric statistical models. Providing the Chatbot with a codebook facilitates data analy-
sis. Generative AI can provide accurate descriptive and inferential statistical outputs, but its ability to conduct more 
sophisticated analysis, such as structural equation modelling (SEM), has yet to be tested.

In the qualitative section, the Chatbot should be provided with an analytical and a theoretical model to improve the 
analysis. Gen AI does not handle inductive coding well, and I suggest providing the bot with examples of how you want 
it to code (train the Gen AI on human-coded texts). You could also specify if you want it to act as a splitter or lumper. For 
more informative text, such as interviews, ChatGPT produces coherent narrative themes and can quote participants.  The 
Gen AI was less  useful for shallow qualitative data, such as answers to open-ended questions. I suspect the latter is due 
to the inherent vagueness of the responses, which even human coders find challenging.

Table 5  Human versus 
machine—code comparison 
based on counts

Codes assigned Human Codes ChatGPT Cold 
Code

ChatGPT with 
Human Codes as 
example

Social Good 36 7 86
Intrinsic psychological 202 12 101
Intrinsic behavioural 75 1 22
Financial 15 0 5
Parental or Mentor influence 7 0 0
Diverse career opportunities 34 25 25
Student unsure 7 1 136
Other 0 365 0

Fig. 8  Summary of recommendations for generative AI mixed methods data analysis use
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Mixed Methods Research (MMR) analysis works best if the quantitative and qualitative analyses are done separately 
before asking the bot to help integrate the findings. When the QUAL and QUANT are neatly combined in a document 
with clear headings, a prompt can be provided to the Gen AI wherein one asks it to help synthesise the findings. Here, I 
recommend specifying which MMR analytical approach you want it to use. The side-by-side tables it produces are also 
helpful, but as always, the researcher must add their insights.

The reliability and validity of straightforward tasks, such as producing descriptive statistics, are perfect in the genera-
tive AI environment. More interpretative outputs, such as narratives derived from qualitative data, are less reliable and 
valid when using ChatGPT, as I demonstrated when correlating the human and machine coding. While it can detect most 
of the same themes, it sometimes misses them. Therefore, the researcher can consider the Gen AI an assistant in coding 
but should still create their own themes and write-ups to compare to bot outputs. Overall, the reliability and validity of 
using generative AI in analysing MMR data is acceptable if the researcher specifies frameworks, provides codebooks and 
trains the Gen AI on human versions. The researcher must have the required foundational knowledge and be discern-
ing, rephrasing, repurposing, and reintegrating the outputs before final publication. One of the main advantages of 
using generative AI is the quick turnaround time for data analysis. Speedier analysis is desirable in a world where rapid 
publication is required in higher education [41]. Here, I do not wish to endorse hustle culture; instead, I want to spend 
less time on manual and pseudo tasks. As scholars, we need more opportunities for deep work and life, as discussed in 
Newport [83]. New technology should free us up to create and do meaningful work that contributes to the good of our 
collective lives.

We may ask ourselves why we would create new knowledge in a world where artificial intelligence can produce 
equivalent artefacts. Yet there have always been others doing something similar, and who could do it better than we 
could. Excellent poets, writers, scholars, artists, and every type of creator have existed for millennia. We continue to create 
despite others doing the similar work because everyone has a unique point of view. Different from another person or 
Chatbot. We create new knowledge as scholars because we need to contextualise what we do for our settings. We add 
value through our humanity, and others crave that human connection. Human production of creative work will become 
even more desirable when machines make so much. Creativity is a natural part of who we are–we are our most authentic 
selves when we create and recreate [84]. Authentic self-expression through knowledge creation can fulfil an identity 
need, helping us to feel connected to ourselves and our world through adding new insights and intellectual artefacts.

4.1  Significance of the findings

The current paper demonstrates innovative ways to use Gen AI for quantitative, qualitative, and Mixed Methods Research 
data analysis. I also showcase new ways to integrate findings with the assistance of generative AI to improve the inter-
pretation of MMR data. The reader is provided with guidelines on using Gen AI for efficiency and automation to make 
handling large quantities of data easier. Generative AI misses themes sometimes but can also reveal themes and pat-
terns humans overlook. Therefore, I state the case for combining human insight with generative artificial intelligence to 
obtain results beyond the abilities of either; the sum of the parts is indeed greater. My study can be used across many 
disciplines or for cross-disciplinary work where mixed methods are prominent. I have detailed my steps and provided a 
prompt library for easy replicability and application. The current paper serves as capacity building for researchers globally 
to advance their use and understanding of AI tools in research methodology. In this paper, I explicitly addressed ethical 
considerations to clarify privacy, consent, and practical implications for researchers who want to use generative AI. My 
findings here are meant to strengthen digital literacy in a fast-developing technological landscape.

4.2  Limitations of the study

The Tutorial and application were limited to an available data set, and the example was drawn from higher education. I 
only used one platform, ChatGPT, and I used the paid version. Using Gen AI in data analysis has limitations, as discussed 
in the paper. The quality of the results depends on the researcher’s knowledge and skills. The platform user should have 
the requisite knowledge of MMR data analysis, synthesis, and application. Chatbots cannot replace human insight.

Furthermore, the fact that bias and unfairness are built into artificial generative intelligence is well known [85]. There-
fore, the researcher must actively manage the inputs and how the outputs are used, aware that there may be systemic, 
computational and human biases embedded in chats [86]. The landscape of generative AI is also changing rapidly [87], 
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and the current paper is limited to the time and space in which it was written. ChatGPT is not the only platform available 
to researchers, and future researchers could look at platforms such as Perplexity (see https:// www. perpl exity. ai/), Jenni 
(see https:// jenni. ai/) and Consensus (https:// conse nsus. app/). A limitation of the current paper is that some of the ideas 
presented here may be obsolete soon. However, there are aspects of the current paper that I believe will remain relevant: 
the prompt library and the recommendations emerging from the paper, as these will be applicable in newer LLMs, the 
reflections on the role that humans play in knowledge creation and the guidelines on how to use Gen AI responsibly 
and ethically.
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Appendix—prompt library

Prompts for qualitative analysis

Square brackets indicate aspects you should modify to suit your needs.
Prompt 1—You are a qualitative researcher. Use Reflexive thematic analysis according to Braun and Clark, to analyse 
the interviews and generate themes. Use the [add theory or conceptual framework here] to interpret the data with 
the following labels for the themes:

[Add list of codes or themes here].
The themes should be written as narrative findings in paragraphs, and each theme should be named to reflect 

the main finding of that theme. Use quotes from the interviewee to support your themes. Please add to every theme 
how many participants cited the reason associated with the theme.
Prompt 2a—Attached are open-ended responses to the question “Briefly explain why you chose to study engineer-
ing?” in column B. Code and classify the responses according to the codes shown below and add these labels to 
each line of the Excel Spreadsheet in Column C:

Social Good
Intrinsic psychological
Intrinsic behavioural

https://www.perplexity.ai/
https://jenni.ai/
https://consensus.app/
http://creativecommons.org/licenses/by/4.0/
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Financial
Parental or Mentor influence
Diverse career opportunities
Student is Unsure

Make the Excel sheet available with the codes completed in Column C.

Prompt 2b:

Attached are open-ended responses to the question: “Briefly explain why you chose to study engineering?” in column 
B. A human has already generated themes in Columns C and D. I want you to read the text and the human codes and 
then add your own themes to Column E and use the following categories:

Social Good
Intrinsic psychological
Intrinsic behavioural
Financial
Parental or Mentor influence
Diverse career opportunities
Student is Unsure
Make the Excel sheet downloadable with the completed themes.

Prompts for quantitative analysis

Prompt 3—I have cross-sectional survey data; please recommend analyses I could do with my data set. The variables 
include [demographic questions, such as gender, age, and race]. The constructs measured in the questionnaire include 
[motivation to attend university and long-term career goals]. [Codebook pasted with prompt].
Prompt 4—Summarise the constructs [add list here] in the attached data set to identify trends. Create a table and 
write a paragraph to illustrate your findings.
Prompt 5—Please create demographic profiles for my data. Create a table in [APA 7] as the output with a paragraph 
briefly describing the student profile.
Prompt 6—Redo the analysis; consider that most of the demographic variables are categorical in nature. Add the 
categories to the table to make it easier for the reader to understand.
Prompt 7—Based on the previous data, run inferential statistical analysis and identify any significant items. Include 
p-values and effect sizes. Show the results in tables with a summary of your interpretation.

Prompts for mixed method analysis

Prompt 8—I have findings from [a questionnaire], and I also conducted [in-depth interviews]. The results from the 
quantitative and qualitative analyses are attached. Please conduct a [sequential explanatory analysis] and help me 
identify patterns, achieve triangulation, and integrate the results. Use the [Incentive Theory] to interpret the results. 
Write two pages based on your sequential explanatory analysis.
Prompt 9—Based on the findings from the previous prompt, create a statistics-by-themes joint table display of the 
findings. Make the table a downloadable Excel.

OR

Create a side-by-side joint display of the quantitative and qualitative findings. Make the display downloadable.
Prompt 10—Produce a two-page document of your findings and ensure your report clearly distinguishes between 
quantitative and qualitative findings and how they integrate. Based on your findings, suggest practical or theoretical 
implications. Reflect on the effectiveness of the mixed-methods approach for the data collected.
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Prompts for obtaining more from chatbots

Prompt 11—Please give me more information about your analysis and findings.
Prompt 12—You are the student’s supervisor. Evaluate the problem statement according to the guidelines. Identify 
the shortcomings and list them. Give the student valuable tips to improve the problem statement. Problem statement 
guidelines: a) What do we already know about the problem? (Use recent and relevant studies to substantiate, prefer-
ably studies no older than ten years) b) What do we need to know about the problem? (Gap in literature/scholarly 
field) c) Why does it matter? (importance of the study) d) Conclude with how your study will address the problem.
Prompt 13—I want you to evaluate the writing. Act as a critic; be ruthless. Analyse the text and tell me where it can be 
better.
Prompt 14—Please write a review of the attached document and highlight both the strengths and the weaknesses of 
the submission. Please be as constructive and specific as possible when offering recommendations. Use the following 
guidelines when examining the document [insert journal guidelines or evaluation criteria here].
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