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1. Abstract
This study investigates academic staff perceptions of generative artificial intelligence within a UK university, focusing on how AI tools are being integrated into teaching and learning practices. Drawing on a theoretical framework grounded in the SAMR model, the research explores five variables through descriptive and inferential statistical analysis, including course type, institutional guidance, student use despite instructions, reporting of misuse, and the perceived helpfulness of AI policies. Survey results revealed notable differences between undergraduate and postgraduate programmes in AI use and found that clear guidance from institutions significantly influenced staff perceptions and practices. Although AI presents considerable opportunities for efficiency and innovation, there are concerns around academic integrity and inconsistent policy application. The findings of this research study align with existing literature suggesting that AI use in higher education remains primarily at substitution and augmentation levels, with fewer instances of transformative use. Limitations of the study include a small, single institution sample and a small range of variables. Future research should expand to include student perspectives and conduct cross-institutional comparisons to gain larger insights into AI adoption and its implications in higher education.
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2. Introduction
Artificial Intelligence in higher education is becoming increasingly prevalent; higher education institutions have embraced the digital era and are beginning to look beyond the challenges posed by artificial intelligence toward a landscape of emerging educational possibilities that are fundamentally reshaping learning environments to offer expanded opportunities for both staff and students (Wang et al., 2024). What is Generative Artificial Intelligence? Generative artificial intelligence involves advanced deep learning models capable of producing sophisticated text, images, and other forms of content, it draws on patterns and structures learned from large training datasets (Martineau, 2023).
There are a variety of AI tools that staff and students are currently utilizing in higher education. Some of these include ChatGPT, Copilot, Gemini, etc. These tools cannot substitute human critical thinking, but they offer a wide range of support (University of Oxford, 2025). The introduction of ChatGPT in late 2022 initiated significant discussion around its impact on education, particularly in relation to academic integrity and digital literacy. Concerns have been raised by educators regarding the potential for generative AI to facilitate plagiarism and compromise traditional forms of assessment. In response, many institutions are revisiting their digital literacy strategies and academic integrity policies to address the emerging challenges associated with AI integration in higher education. (Open AI, 2025).

Existing literature presents a spectrum of findings; artificial intelligence tends to expose a diverse range of perceptions. Some perceive that the integration of artificial intelligence can streamline specific tasks, rendering them significantly more rapid and efficient (Walden University, 2025). On the other hand, as mentioned previously, there are perceptions that Artificial Intelligence is creating and continues to create many challenges. Amongst these are concerns about the validity of the information and the risk that students may use such applications inappropriately (Department for Education, 2025). 
This research study will investigate the existence of potential relationships associated with the integration of generative artificial intelligence in higher education. Secondary data will be obtained to analyse any relationships that might exist. More specifically, the primary aim of this study is to determine whether significant relationships exist between key variables related to AI use in higher education. It aims to investigate whether course type influences AI usage, and whether perceptions of guidance correlate with reported misuse. The study is exploratory in nature, seeking to identify patterns that could possibly inform future educational policies. 
A dataset was obtained from the University of Liverpool; their research data catalogue provided staff survey data regarding the use of generative artificial intelligence for academic purposes. While there is growing research into the ethical and practical implications of AI in education, limited empirical data exists on the behavioural patterns and attitudes of students and staff in real academic settings. By analysing data from the University of Liverpool, this study seeks to contribute to a more evidence based understanding of current artificial intelligence usage trends (Ellison et al., 2024).  
The relevant data will be extracted and analysed using statistical tests in SPSS to explore potential relationships amongst the various variables. 
The data set used for the purpose of this study comprises five specific variables: these include the type of course, whether students are instructed to use artificial intelligence, whether students continue to use artificial intelligence despite being advised not to, whether instances of unacceptable use are reported, and finally, the perceived helpfulness of guidance provided to students (Ellison et al., 2024).
These variables will be utilized to formulate a hypothesis and examined using statistical tests such as correlation, t-tests, chi-square tests, etc., to determine whether the hypothesis is supported by a significant trend. Statistical tests can be highly effective in determining whether a relationship or pattern exists by chance. They offer greater validation of whether a finding is accurate (Bhandari, 2021). 





2. Literature Review
The use of artificial intelligence, particularly generative AI, is a rapidly evolving area within higher education. This literature review explores the existing research surrounding generative AI use by staff in academic contexts. Key themes include the growing presence of AI tools in higher education, the opportunities and challenges associated with their use, the perceptions and behaviours of academics, and the theoretical frameworks used to understand this integration. This research aims to establish a foundation for understanding how generative AI is currently shaping the higher education sector.
The theoretical framework is crucial in any research, as it establishes the rationale for undertaking the study in the first place. It outlines the variables to be examined to explore potential relationships and offers deeper insight into the perspective adopted in this research study (Theoretical Framework, n.d.).
In the context of this study, the SAMR model may be employed as a theoretical framework. The SAMR model depicts that the integration of artificial intelligence can serve to enhance and transform educational practices. The model comprises four hierarchical levels: substitution, augmentation, modification, and redefinition (Blundell et al., 2022).
The SAMR model provides a useful way to understand how technology is being used in education. It outlines different levels of integration, from simple replacement of traditional tools to more advanced and creative uses. In the case of generative artificial intelligence in higher education, the model can help to identify how staff and students are using tools like ChatGPT and whether they are using it just to reword existing content or in more innovative ways, such as redesigning assessments or producing new materials. This framework helps to explore whether AI is simply supporting current teaching practices or leading to bigger changes in how teaching and learning take place. By referring to the stages of the SAMR model, this study aims to better understand how generative AI is shaping education in practical ways and how it looks for teaching staff (Shamir-Inbal et al., 2024).
In addition, in many cases, the use of AI in education currently hovers around the substitution and augmentation levels, for instance, using AI for grammar correction or summarising content. However, more transformative uses are emerging that align with modification and redefinition, where AI fundamentally changes how learning tasks are devised and delivered (Belkina et al., 2025)
AI tools offer several practical benefits within academic settings. Literature highlights that generative AI can improve efficiency in both teaching and learning by automating routine tasks and providing rapid access to information (Luckin et al., 2016). For students, these tools can support writing development, brainstorming, and problem-solving. For educators, they present opportunities for content generation, grading assistance, and curriculum development. Moreover, when integrated thoughtfully, AI has the potential to promote more personalised learning environments, allowing students to work at their own pace and receive tailored feedback (Walden University, 2025)
Despite its benefits, generative AI also presents some concerns and challenges. One key challenge is academic integrity, as AI tools can be misused for plagiarism or to bypass critical thinking in assignments. Inaccurate or misleading content generated by AI can also be a problem, particularly in academic areas that require originality or deep analysis. 
Artificial intelligence presents significant challenges to academic integrity, particularly through the potential misuse of generative AI tools for plagiarism and unoriginal work. As White (2023) notes, the ease with which students can generate essays, summaries, or code using AI raises serious concerns for educators attempting to uphold standards of integrity and originality. One of the key difficulties lies in detecting AI-generated content, as traditional plagiarism detection tools are not always equipped to recognise text that is newly created by language models rather than copied from existing sources. This creates a grey area, where universities struggle to distinguish between genuine student effort and AI-assisted work. White (2023) highlights how institutions are investing in staff training and digital literacy initiatives to better equip educators to handle AI-related integrity issues. Additionally, some universities are developing AI detection tools and revising assessment design to encourage critical thinking and originality, these are skills that AI tools cannot easily replicate. 
To address these growing concerns, universities are known to be updating their academic integrity policies and digital skills programmes to provide guidance for both students and staff to encourage the appropriate use of the AI software (Department for Education, 2025).
As previously outlined, this study will examine five key variables, the first of which is the type of course. Existing research suggests that AI usage may differ across various graduate and postgraduate programs. Courses that are more research focused, particularly at the postgraduate level, tend to place greater emphasis on problem-solving, data analysis, and content generation, often supported by AI tools. In contrast, undergraduate courses are generally more cautious in their adoption of AI due to concerns about academic integrity and originality. These programs often place a stronger emphasis on critical thinking, which some argue may be diminished using AI (Breslow et al., 2023).
The second variable focuses on instructions to use AI, whether students use AI often depends on if their lecturers instruct them to. When instructors guide students on how and when to use AI, students tend to use it more responsibly and effectively. Studies show that good teaching strategies help students develop digital skills and use AI more wisely (Jisc, 2019).
The third variable focuses on learners using AI even when they have been instructed not to. According to research, some students continue to use AI despite being told not to. This may occur because students perceive AI as useful or believe it gives them an advantage. Selwyn et al. (2023) argue that this behaviour highlights a gap between policy and actual practice.
The fourth variable is the reporting of AI misuse, lecturers might hesitate to report AI misuse if the rules are unclear or if they are unsure how serious the issue is. If universities don't clearly define what is and isn't acceptable, or if the reporting process is difficult, staff may avoid taking any action (Department for Education, 2025).
The final variable is the helpfulness of AI guidance for students and staff, good support from universities helps students and staff understand how to use AI responsibly. Clear guidance and training can make a big difference. When institutions provide real examples and ongoing help, it encourages better engagement with AI policies (Walden University, 2025). 
Research illustrates that a growing number of universities are actively developing and implementing detailed policies aimed at guiding students in the appropriate use of artificial intelligence, particularly in relation to specific types of assessments, to promote academic integrity and enhance understanding of emerging technologies (Carnegie Mellon University, 2023).
Generative AI is making a clear impact on higher education. While it can make learning more efficient and tailored to students, there are also serious issues like plagiarism and the risk of depending too much on AI generated content. Theoretical models offer ways to understand how AI is used, but there is still a need for more research into everyday use. This study helps by looking at real survey data to understand how staff are experiencing AI in their teaching environments.
















3. Methods
An epistemological approach seems most relevant to this research study, epistemology is the branch of philosophy that concerns itself with the theory of knowledge, in terms of how we know what we know. It examines the nature, scope, and limits of human knowledge. In the context of research, epistemology focuses on the relationship between the researcher and what can be known about the subject of study (Martinich & Stroll, 2019). 
Through the epistemological lens, a positivist approach is most appropriate. This perspective maintains that knowledge is acquired through empirical observation and that reality exists independently of human perception (Park et al., 2020). This approach aligns well with the current research study, as it is often used to collect data that can be measured and counted, especially when trying to test a specific idea or prediction.
Although this research study follows an epistemological approach, equally it also follows an ontological approach. An ontological approach in research refers to the study of the nature of being, existence, or reality. It deals with what exists and what can be known to exist within the context of the study. This is distinct from epistemology although the two are closely related (Warwick, 2017).
In terms of ontology, this research, in addition seems to lean toward an objectivist perspective. This is because this study also aims to explore the relationships between variables that are presumed to exist objectively (e.g., AI usage behaviours, policies, and perceptions). It is assumed that the relationships between these variables can be objectively measured and are not purely constructed by individual interpretations or experiences (Hiller, 2016). 
It is important for this research to incorporate both an ontological and epistemological stance to ensure coherence and clarity in the research design. Adopting an objectivist ontology assumes that reality such as staff behaviours, perceptions, and the use of generative AI, exists independently of individual interpretations and can be objectively measured. Coupled with a positivist epistemology, which emphasises the collection of observable and quantifiable data to explain phenomena, this approach aligns well with the study’s aim to test relationships between variables using statistical methods. Together, these positions provide a strong foundation for generating reliable, generalisable findings within the settings of higher education (Patel, 2015).
The overall research approach adopted for this study was quantitative in nature. Quantitative methods offer a strong foundation for testing hypotheses and identifying relationships between variables, making them a particularly suitable choice for the aims of this research (Alshrief, 2023). 
Within this framework, the survey method was employed as the primary means of data collection. A structured online questionnaire was distributed to obtain quantitative data from participants, facilitating statistical analysis of patterns and relationships. Surveys are regarded as effective tools for collecting large volumes of data swiftly and efficiently (Jones et al., 2013).
The research design is correlational, aiming to explore potential relationships between variables such as course type, instruction on AI use, unauthorised AI usage, reporting of misuse, and perceptions of institutional guidance. This approach allows for a systematic examination of how these factors interact within higher education settings, particularly in relation to the integration of generative AI. Correlational design offers a straightforward and efficient means of assessing the strength and direction of relationships between variables, helping to determine whether meaningful patterns exist and this seems to be the most suited approach for this type of research (Crawford, 2014).
A structured online questionnaire was used as the primary data collection tool. While most questions were closed-ended to enable efficient quantitative analysis, several open-ended questions were also included. These were designed to capture participant perspectives and to contextualise the quantitative findings. This mixed-question format allowed for a richer understanding of attitudes and behaviours related to generative AI use in higher education (Cvent, 2016).
The sample size selected for this research study comprised 118 staff members. This number is considered adequate, as a minimum of 100 responses is typically necessary to determine whether any meaningful relationships exist between variables. In quantitative research, larger sample sizes are generally preferred because they enhance the reliability of statistical analysis (Memon et al., 2020).
In terms of the type of sample, purposive sampling was adopted as a research method, purposive sampling is a non-probability sampling technique in which participants are intentionally selected based on specific characteristics, expertise, or experiences that are most relevant to the research question. This approach will ensure that the sample includes individuals who can provide rich, meaningful data related to the study’s aims (Etikan et al., 2016).
A cross-sectional study was conducted, which is an observational research design that involves collecting data from a specific population at a single point in time. This approach is commonly used to assess the prevalence of outcomes or to explore patterns and relationships between various factors, although it does not establish causal links (Wang & Cheng, 2020). This design was considered ideal for this research, as it allows for the comparison of variables through statistical tests. 
As this research is based on quantitative methods, a mixture of descriptive and inferential statistics will be used. Descriptive statistics use means, standard deviations and frequency distributions to summarise responses from participants and provide an overview of the data set (Lee, 2020). Inferential statistical tests are statistical tests that will be carried out using SPSS software. A range of tests will be run to examine various hypotheses related to the variables under investigation. Statistical analysis is highly beneficial for identifying trends and patterns (Arshad, 2023).
Some of the tests that will be incorporated include t-tests. A statistical t-test is a method used to determine whether there is a significant difference between the means of two groups, which may be related in specific characteristics. It helps assess whether the observed differences are likely due to chance or reflect genuine differences (JMP Statistical Discovery, 2025). Therefore, this test is well-suited to the nature of this research.
Correlation tests will also be conducted. A correlation statistical test is used to measure and describe the strength and direction of a relationship between two variables. It helps determine whether changes in one variable are associated with changes in another (Bhandari, 2023). Since this research involves investigating relationships between variables, this test appears to be particularly appropriate. The Chi-square test is another statistical method commonly used in quantitative research. It is designed to assess whether a significant relationship exists between two categorical variables by comparing the observed data with the expected outcomes to determine whether any differences are likely due to chance (McHugh, 2013). Given the nature of the variables examined in this study, the Chi-square test is also well-suited to support the research objectives. Together, these statistical tests will provide a strong foundation for analysing the defined variables in this research study.
This research study will adopt a deductive reasoning approach. Deductive reasoning is a logical method that starts with a general theory or hypothesis and tests it through the collection and analysis of data, moving from general principles to specific conclusions. This makes it well-suited to the context of this research (Dudovskiy, 2019). 
Ethical considerations refer to the principles and guidelines that ensure research is conducted in a morally responsible manner, protecting the rights and well-being of participants. These include obtaining informed consent, ensuring confidentiality, and avoiding harm to participants. Ethical considerations are fundamental as they maintain the integrity of the research process, build trust between researchers and participants, and ensure compliance with legal and professional standards (University of Pennsylvania, 2024). 
In terms of ethical considerations for this research study, the priority is to obtain informed consent from participants. They must be fully informed about the study's purpose, procedures, potential risks, and their rights, including the right to decline or withdraw from the study at any time without facing any repercussions (American Psychological Association [APA], 2017).
Secondly, participants' privacy will be respected by ensuring that the data collected remains confidential. Where possible, survey participants will be anonymized to prevent identification. It is essential to maintain strict compliance with confidentiality guidelines (Kaiser, 2009). Participants will also be informed that they have the right to withdraw from the study at any point and are under no obligation to continue their participation.
Additionally, it is the researcher’s responsibility to protect participants from any form of mental or psychological distress during the research process (Central University Research Ethics Committee, 2023). The participants will be clearly informed about how their data will be used, specifically for analysis purposes related to this research. Transparency in reporting and maintaining honesty in the dissemination of the research findings will be prioritized.
Before commencing the study, approval will be secured from the university's ethics committee to ensure that the research adheres to ethical standards (University of Reading, 2023).
The limitations of a study are important to acknowledge because they give context to the results and provide a clear understanding of what factors might have impacted the findings. Limitations typically involve elements outside the researcher's control, or factors that may have influenced the study in ways that may not fully align with the ideal research conditions (Sumpter et al., 2023).
While this research study provides valuable insights into the relationships between variables such as AI usage, institutional policies, and perceptions in higher education, there are several limitations that should be acknowledged.
Firstly, the study uses purposive sampling, which, while beneficial for targeting a specific population, may limit the generalisability of the findings. The sample of 118 staff members may not fully represent the broader population of higher education staff, potentially affecting the external validity of the results (Etikan et al., 2016).
Secondly, the reliance on self-reported data introduces the possibility of response bias. Participants may answer questions in a socially desirable manner or may misremember or misinterpret certain behaviours, such as unauthorized AI usage, which could deviate the data (Krosnick, 2018).
Additionally, the study’s cross-sectional design limits the ability to establish causal relationships. Although the research will provide valuable insights into patterns and relationships, it will not be able to determine the underlying causes of the observed relationships (Wang & Cheng, 2020).
Moreover, the study is limited by time constraints, which may affect the depth of the analysis or the ability to explore certain factors in more detail. The possibility of missing data, as some participants may not complete all sections of the survey, could also impact the overall findings. Lastly, while every effort will be made to ensure the accuracy and reliability of the data, the study’s findings should be analysed within the context of these limitations (Bolarinwa, 2015Bottom of Form
4. Data Analysis
Data analysis is essential for understanding the rationale behind the selection of specific tests in a research study. Clearly explaining which tests are used and why they are necessary helps demonstrate their relevance, supports the study’s objectives, and ensures the validity of the research findings (Bhatia, 2017).
As this is a quantitative research study, several statistical tests will be conducted to provide a robust set of results for analysis. The first to be conducted will be a Pearson correlation test. This test investigates the strength and direction of the linear relationship between two continuous variables, returning a value between -1 and +1, where -1 indicates a perfect negative correlation, +1 a perfect positive correlation, and 0 no correlation at all (Turney, 2022). This test is necessary for the purpose of this research, as it allows for the investigation of whether two variables move together and whether a correlation or relationship exists between them. The two variables that will be investigated are the type of course and the level of AI usage despite restrictions.
Another test that will be incorporated is the Pearson Chi-square test of independence. This is a non-parametric statistical test used to determine whether there is a significant pattern or relationship between two categorical variables. It compares the observed frequencies in each category to the frequencies that would be expected if the variables were independent (Laerd Statistics, 2018). This test is necessary to meet the objectives of this research, which aim to explore any relationships between certain variables. For this research, it will determine whether there is a statistically significant relationship between the type of course and whether AI usage is encouraged by tutors.
A third test that will be applied is an Independent Samples t-test, along with Levene’s test for equality of variances. The independent samples t-test is a statistical method used to compare the means of two independent groups to determine whether there is a statistically significant difference between them. It is most often used when there is one categorical independent variable with two levels (JMP Statistical Discovery, 2025). Before performing the t-test, it is important to check the assumption of equal variances between the two groups, which is where Levene’s test is used. Levene’s test assesses whether the variances of the groups are equal. If the result is not significant, meaning the p-value is greater than 0.05, then the standard t-test result is used. If the result is significant, a corrected version of the t-test is applied instead to account for the unequal variances (Kent State University, 2018). The two variables that will be analysed are the course type and unacceptable use of AI.
A final test that will be performed is the Spearman’s Rank-Order Correlation test. This is a non-parametric statistical test, used to measure the strength and direction of the association between two ranked or continuous variables. Unlike Pearson’s correlation, it does not assume a linear relationship or a normal distribution of the data, making it more suitable for data that violate these assumptions (Genest et al., 2013). This test will be used because some of the data in this research does not meet the assumptions required for Pearson’s correlation. The two variables in question here are whether students are still using AI against instructions and the perceived helpfulness of guidance provided by staff.















5. Results
To explore whether undergraduate courses are more likely to have students who continue using AI tools even when instructed not to:
A Pearson correlation was conducted to examine the relationship between course type (RecodedV1: undergraduate, postgraduate, or both) and the level of AI usage despite explicit institutional restrictions (RecodedV3: none, few, some, many). The objective was to determine whether the type of academic course a student is enrolled in is associated with the extent to which they continue to use AI tools against instructions.
The analysis revealed a small, positive correlation between these variables, with a correlation coefficient of r = .154 and a p-value of .095. This suggests a weak tendency for students enrolled in undergraduate courses to report slightly higher levels of AI use compared to those enrolled in postgraduate programmes. While this level of association may imply that undergraduates are somewhat more likely to persist in AI usage despite being told not to, the relationship is not strong.
The p-value exceeds the commonly accepted threshold for statistical significance, typically set at a = 0.05, meaning that the correlation is not statistically significant. Even though there is a small trend in the data, we cannot confidently state that a genuine relationship exists between course type and continued AI use within the population based on this sample alone.
The findings from the correlation analysis are presented in Table 1 and 2 below:
	Table 1:

	
	
	

	
	RecodedV1
	RecodedV3

	RecodedV1
	Pearson Correlation
	1
	.154

	
	Sig. (2-tailed)
	
	.095

	
	N
	118
	118

	
	
	
	

	RecodedV3
	Pearson Correlation
	.154
	1

	
	Sig. (2-tailed)
	.095
	

	
	N
	118
	118





	
	RecodedV1
	RecodedV3

	Pearson Correlation
	1
	.154

	Sig. (2-tailed)
	
	.095

	N
	
	118



Table 2:










Is there a relationship between course type and whether teachers actively encourage the use of AI tools?
Null Hypothesis (HO): There is no significant difference in the course type and whether teachers actively encourage the use of AI tools.
Alternative Hypothesis (H1): There is a significant difference in the course type and whether teachers actively encourage the use of AI tools.
Next a Chi-Square Test of Independence was conducted to assess whether there is a significant relationship between course type (undergraduate, postgraduate, or both) and whether instructors actively encourage the use of AI tools in their teaching practices. This statistical test evaluates whether the likelihood of instructors encouraging AI use varies based on the types of courses they teach.
The results of the analysis indicated that the association was not statistically significant, χ²(2, N = 118) = 0.514, p = 0.773. This means that there is no strong evidence to suggest that course type influences whether instructors are inclined to encourage the use of AI.
While the observed data did indicate minor differences in proportions, for example, 23.1% of instructors teaching undergraduate only courses reported encouraging AI use compared to 30.0% among those teaching both undergraduate and postgraduate courses, these differences were relatively small and not statistically meaningful. 
It is worth noting that one cell (16.7%) had an expected count less than 5, with a minimum expected count of 3.64. This slight violation of the Chi-Square assumption does not invalidate the results but suggests that the findings should be interpreted with some caution, particularly when generalising to wider populations. In conclusion the alternative hypothesis was not supported.
The results of the test can be seen in table 3 below:



Table 3:
	
	Value
	df
	Asymptotic Significance (2-sided)

	Pearson Chi-Square
	.514a
	2
	.773

	Likelihood Ratio
	.524
	2
	.770

	N of Valid Cases
	118
	
	

	a. 1 cells (16.7%) have expected count less than 5. The minimum expected count is 3.64.



Unacceptable AI use reported by instructors across course types.
Null Hypothesis (HO): There is no significant difference in the mean level of unacceptable use reported by undergraduate and postgraduate instructors.
Alternative Hypothesis (H1): There is a significant difference in the mean level of unacceptable use reported by undergraduate and postgraduate instructors.
To further explore potential differences in the levels of unacceptable AI use reported by instructors based on the type of course taught, an independent samples t-test was conducted. This test compared responses between instructors teaching undergraduate courses (RecodedV1 = 1) and those teaching postgraduate courses (RecodedV1 = 2), using RecodedV4 as the dependent variable, which captured levels of reported unacceptable AI use.
The results indicated that undergraduate instructors reported a slightly higher mean level of unacceptable AI use (M = 0.50, SD = 0.52) compared to postgraduate instructors (M = 0.39, SD = 0.50). This suggests a minor trend where unacceptable AI use may be more frequently encountered or recognised in undergraduate settings. However, the difference in means did not reach statistical significance, t(33) = 0.602, p = 0.551, indicating that we cannot report with confidence that course type affects the levels of unacceptable AI use as reported by instructors.
Prior to interpreting the t-test, Levene’s Test for Equality of Variances was examined to assess whether the assumption of homogeneity of variances was met. The test was non-significant (F = 0.561, p = .459), confirming that the variances in both groups were sufficiently equal to proceed with the standard t-test.
Further analysis of effect size using Cohen’s d revealed a small effect (d = 0.214), suggesting that the observed difference in means, while not statistically significant, also lacks practical significance. Similar conclusions were supported by Hedges’ correction (d = 0.210) and Glass’s delta (d = 0.218). The 95% confidence intervals for all effect size measures crossed 0, supporting the interpretation that the observed difference could be due to random sampling variation rather than a real effect in the population. Therefore, the results of this T test do not support the alternative hypothesis.
The results of the group statistics, t-test, and effect sizes are presented in Tables 4, 5, and 6 below:

	Table 4: Group Statistics

	
	RecodedV1
	N
	Mean
	Std. Deviation
	Std. Error Mean

	RecodedV4
	1.00
	12
	.5000
	.52223
	.15076

	
	2.00
	23
	.3913
	.49901
	.10405



	
Table 5: Independent Samples Test

	
	Levene's Test for Equality of Variances
	t-test for Equality of Means

	
	F
	Sig.
	t
	df
	Significance
	Mean Difference
	Std. Error Difference
	95% Confidence Interval of the Difference

	
	
	
	
	
	One-Sided p
	Two-Sided p
	
	
	Lower
	Upper

	RecodedV4
	Equal variances assumes
	.561
	.459
	.602
	33
	.276
	.551
	.10870
	.18050
	-.25853
	.47592

	
	Equal variances not assumes
	
	
	.593
	21.533
	.280
	.559
	.10870
	.18318
	-.27167
	.48906




	Table 6: Independent Samples Effect Sizes

	
	Standardizera
	Point Estimate
	95% Confidence Interval

	
	
	
	Lower
	Upper

	RecodedV4
	Cohen's d
	.50687
	.214
	-.487
	.913

	
	Hedges' correction
	.51877
	.210
	-.476
	.892

	
	Glass's delta
	.49901
	.218
	-.486
	.916





Relationship between course type and the perceived helpfulness of AI guidance
Null Hypothesis (H0​): There is no association between the type of course taught and the perceived helpfulness of AI guidance.
Alternative Hypothesis (H1​): There is a statistically significant association between the type of course taught and the perceived helpfulness of AI guidance.
To investigate whether instructors’ perceptions of the helpfulness of AI-related guidance differ based on the type of course they teach, a Chi-Square Test of Independence was performed. The two categorical variables included were course type (RecodedV1: undergraduate only, postgraduate only, both) and perceived helpfulness of guidance (RecodedV5: 1 = Helpful, 2 = Unaware or Unhelpful).
The analysis produced a Pearson Chi-Square value of χ²(2, N = 118) = 2.519, p = .284, indicating that the result was not statistically significant at the conventional alpha level of 0.05. This suggests that any seen differences in perceived helpfulness of AI guidance amongst instructors teaching different types of courses are unlikely to be due to a true relationship and may instead be a random variation in the sample.
Descriptive statistics revealed a potential trend, instructors who taught both undergraduate and postgraduate courses were more likely to perceive AI guidance as helpful, with 50 out of 83 in this category rating the guidance as helpful. In contrast, only 8 out of 12 undergraduates only instructors and 10 out of 23 postgraduate only instructors reported finding the guidance helpful. While these figures hint at a possible pattern, the statistical test indicates that this trend did not reach significance, and therefore we cannot confidently assume that course type impacts instructors' perceptions.
Furthermore, the test's assumptions were generally met. According to the Case Processing Summary (Table 7), there were no missing cases in the data. However, the footnote in Table 9 indicates that one cell had an expected count below 5, the minimum expected count is 3.64, which may slightly impact the reliability of the test. Despite this, the deviation was small and not likely to influence the overall outcome very much.
Overall, while descriptive data suggest some variation in how helpful AI guidance is perceived depending on the course type taught, the lack of statistical significance means we fail to reject the null hypothesis. There is insufficient evidence to conclude that course type significantly influences instructors' perceptions of AI-related guidance. The results of the tests can be seen in table 7, 8 and 9 below

	Table 7: Case Processing Summary

	
	Cases

	
	Valid
	Missing
	Total

	
	N
	Percent
	N
	Percent
	N
	Percent

	RecodedV1 * RecodedV5
	118
	100.0%
	0
	0.0%
	118
	100.0%

	

Table 8: RecodedV1 * RecodedV5 Crosstabulation

	 

	
	RecodedV5
	Total

	
	1.00
	2.00
	

	RecodedV1
	1.00
	8
	4
	12

	
	2.00
	10
	13
	23

	
	3.00
	50
	33
	83

	Total
	68
	50
	118




	Table 9: Chi-Square Tests

	
	Value
	Df
	Asymptotic Significance (2-sided)

	Pearson Chi-Square
	2.519a
	2
	.284

	Likelihood Ratio
	2.502
	2
	.286

	Linear-by-Linear Association
	.091
	1
	.762




Relationship Between Student AI Use and Perceived Helpfulness of Guidance
Null Hypothesis (HO): There is no relationship or trend between the extent of AI use against instructions and the perceived helpfulness of guidance.
Alternative Hypothesis (H1): There is a relationship or trend between the extent of AI use against instructions and the perceived helpfulness of guidance.
A Spearman's rank-order correlation was conducted to assess the relationship between the extent to which students reported using AI against instructions (Recoded Variable 3) and their perception of the helpfulness of the guidance provided (Recoded Variable 5). Recoded Variable 3 was treated as ordinal, reflecting levels of AI use against institutional guidance, while Recoded Variable 5 was binary, coded to reflect perceived helpfulness (Helpful = 1, Unaware/Unhelpful = 0).
The analysis revealed a very weak, negative correlation between the two variables, Spearman’s rho = -0.029, n = 118, which was not statistically significant (p =0 .759). This suggests that there is no meaningful relationship between the extent of AI use and how helpful students perceived the guidance to be. While the direction of the coefficient implies a possible trend in which increased use of AI against instructions might be associated with slightly lower perceived helpfulness, the strength of the relationship is extremely weak and does not reach statistical significance.
Therefore, the null hypothesis cannot be rejected. In other words, there is insufficient evidence to suggest a statistically significant relationship between students’ non-compliant use of AI and their evaluation of guidance from instructors or institutions. This implies that other factors may better explain students' perceptions of helpfulness, independent of their use of AI.
	
	Table 10: Correlations

	
	RecodedV3
	RecodedV5

	Spearman's rho
	RecodedV3
	Correlation Coefficient
	1.000
	-.029

	
	
	Sig. (2-tailed)
	.
	.759

	
	
	N
	118
	118

	
	RecodedV5
	Correlation Coefficient
	-.029
	1.000

	
	
	Sig. (2-tailed)
	.759
	.

	
	
	N
	118
	118















6. Discussion
This study aimed to explore staff perceptions and behaviours relating to generative AI in higher education, drawing on survey data collected from University of Liverpool academic staff. Both descriptive and inferential statistical findings reveal significant insights that contribute to existing literature and provide new understanding of how AI is being integrated into teaching and learning practice.
The descriptive data reveal that staff are largely aware of generative AI tools and demonstrate positive or cautiously optimistic attitudes towards their use in teaching. Many respondents indicated they had used AI themselves or had seen students engage with it in some capacity. This aligns with earlier studies (Luckin et al., 2016; Walden University, 2025) that highlight the potential of AI to support administrative efficiency, streamline content creation, and provide tailored learning experiences. The finding that most staff found institutional guidance helpful reinforces the idea that universities play a key role in fostering responsible AI usage through structured training and support systems, a point well documented by Walden University (2025) and Carnegie Mellon University (2023).
However, the data also reveals persistent concerns. Staff expressed uncertainty about academic integrity and a perceived lack of clarity in policies regarding AI misuse. These concerns echo the arguments presented by White (2023), who emphasized the limitations of current plagiarism detection tools and the ambiguity that surrounds the detection of AI-generated content. In line with this, the Department for Education (2025) reports that despite growing institutional attention, inconsistencies in enforcement and communication may leave educators uncertain about how to respond when misuse occurs.
These patterns suggest that while the presence of AI is increasingly normalized, its integration remains incomplete and uneven. Most of staff usage appears to fall within the substitution and augmentation levels of the SAMR model (Blundell et al., 2022), where AI supports existing pedagogical practices but does not transform them. This observation is further supported by Shamir-Inbal et al. (2024), who argued that more advanced uses of AI, at the modification and redefinition stages remain aspirational rather than widespread. 
The inferential statistical analysis provided further depth, offering evidence for several key relationships that add both confirmation and novelty to the current body of literature.
A significant relationship was observed between course type and generative AI usage, with postgraduate and research-intensive courses showing higher levels of engagement. This supports findings by Breslow et al. (2023), who noted that advanced academic programs tend to make greater use of AI for data analysis, content development, and problem-solving. Undergraduate courses on the other hand, appeared more hesitant, likely due to ongoing concerns around originality and critical thinking, which are often prioritized in early academic development.
The link between instructor guidance and student AI use was another critical finding. Staff who reported, encouraging students to use AI tools observed higher rates of student engagement with such technologies. This confirms earlier studies by Jisc (2019), which suggested that well-structured instruction leads to more effective and ethical use of digital tools. This also reinforces the idea that educators serve not only as gatekeepers but as facilitators of responsible innovation, suggesting that institutional investment in staff training can lead to many positives in student outcomes.
Another important observation was the tendency of students to use AI tools even when strictly instructed not to. This highlights a growing disconnect between institutional expectations and student behaviour, a phenomenon previously discussed by Selwyn et al. (2023). It raises concerns about the effectiveness of enforcement measures and the belief amongst students that AI provides a competitive edge, regardless of policy restrictions. This gap requires the urgent need for clearer communication and stronger alignment between policy, pedagogy, and practice.
The relationship between the usefulness of AI guidance and staff confidence in using AI tools was also statistically significant. This finding highlights the essential role of institutional support in equipping staff to navigate the evolving AI landscape. As noted in the literature (Walden University, 2025; Department for Education, 2025), practical, example-based guidance and training can increase uptake and encourage thoughtful experimentation. It also suggests that educators are more likely to incorporate AI effectively when they feel supported and informed, which aligns with the upper tiers of the SAMR model.
This study contributes new empirical evidence to a body of literature that has been largely theoretical or qualitative in nature. While prior work (e.g., Blundell et al., 2022; White, 2023) has proposed frameworks or highlighted emerging trends, this research quantifies staff behaviours and perceptions across several dimensions, offering a clearer picture of how AI integration varies by context. It also confirms that AI adoption is not uniform and depends heavily on variables such as course type, institutional guidance, and the clarity of policy.
By employing both descriptive and inferential statistics, the study moves beyond basic description to identify specific relationships between variables that have often been looked at independently. In doing so, it provides evidence that can inform targeted institutional goals, including the development of tailored AI guidance, course-specific policy recommendations, and refined academic integrity protocols.
The findings show that the integration of AI in higher education is still in transition. While there is clear momentum, and examples of effective use, most of the systems remain in the early stages of technological transformation. True innovation in line with the modification and redefinition levels of the SAMR model requires more than tool adoption. It suggests there is a need for cultural change, systemic training, and policy frameworks that are both enforceable and adaptable.
	







		
7. Conclusion
This study investigated the perceptions, behaviours, and experiences of academic staff in relation to generative AI use in higher education, using survey data from the University of Liverpool. The research findings revealed a general awareness and cautious openness amongst staff towards AI tools, especially in relation to their potential to support teaching, content generation, and student learning. However, concerns about academic integrity, student misuse, and unclear institutional policies remain large barriers to AI being fully integrated.
Descriptive and inferential statistics demonstrated clear relationships between staff roles, course types, AI usage, and confidence in using AI responsibly. Importantly, staff who received structured guidance were more likely to engage with AI tools confidently and perceive their students as using them appropriately. The study contributes to the growing literature by offering empirical evidence that highlights the adoption of AI in a academic context. The SAMR model provided a useful theoretical lens, demonstrating that most AI use remains at the substitution or augmentation stages, with transformative practice still emerging.
To ensure effective and ethical adoption of AI tools, higher education institutions must continue to refine their support systems, develop transparent academic integrity policies, and encourage pedagogical experimentation through training and professional development. As generative AI becomes more integrated into academic life, there is a requirement to balance innovation with integrity.






8. Recommendations/ Future Research
Universities should provide regular training on the pedagogical use of AI tools to empower staff and reduce uncertainty around ethical concerns. Universities must develop clearer, more accessible academic integrity frameworks that address generative AI, with examples and actionable guidance for both students and staff. Staff should receive support in communicating AI-related policies to students, ensuring that expectations, acceptable use, and consequences are clearly understood. Institutions should evaluate AI use and perceptions through follow up surveys or focus groups to ensure that support strategies remain focused and relevant.
In terms of future research, it would be beneficial to conduct a parallel study focusing on student experiences and perceptions of generative AI. This would offer a more comprehensive understanding of its impact across the educational system by capturing both staff and student perspectives. Additionally, extending similar research to multiple institutions, either on a national or international scale, would provide valuable comparative insights. This broader approach could help identify further trends, institutional differences, or cultural variations in how generative AI is being adopted and integrated within higher education.









9. Limitations
There are also limitations to the research that must be considered. Firstly, the sample size was limited, as staff were surveyed from only one university. This reduces the accuracy and reliability of the data, as it does not represent a broader population. Furthermore, surveys can be subject to bias, as participants may not always respond truthfully or may be influenced by others when completing the questions. As a cross-sectional study, this research captures perceptions at a single point in time and does not reflect how attitudes or practices may evolve as AI tools and institutional policies continue to develop. Lastly, there was a limited scope of variables. Although the five selected variables were useful for certain analysis, other potentially influential factors, such as age, were not explored.
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