Exploring the Attitudes of Postgraduate Students Toward Artificial Intelligence in Academic Context: A Cognitive–Affective–Behavioral Analysis and Implications for Modern Education

Abstract 
This study examines postgraduate students’ attitudes toward Artificial Intelligence (AI) in academic contexts through a cognitive–affective–behavioural framework. With the rapid integration of AI in higher education, understanding how students perceive and engage with these technologies has become increasingly important. The study is grounded in the Theory of Planned Behavior (TPB) and the Technology Acceptance Model (TAM), which explain how knowledge and perceptions influence attitudes and subsequent behaviour. A quantitative research design was adopted, and data were collected from postgraduate students using a structured questionnaire with sample of 303. The analysis included descriptive statistics, one-way ANOVA, correlation, and regression techniques. The findings revealed that students generally exhibit moderately positive attitudes toward AI across cognitive, affective, and behavioural dimensions with mean ranging from 3.95,3.65 and 3.61. The ANOVA results indicated no significant differences in attitudes across social categories, suggesting relatively consistence attitude among students. Further analysis showed significant positive relationships between cognitive, affective, and behavioural components, confirming that students’ knowledge of AI influences their attitudes and usage patterns. Regression results demonstrated that cognitive and affective factors significantly predict behavioural engagement with AI, highlighting the importance of awareness and perception in shaping technology use. The study enhances understanding by using a CAB approach—looking at students’ thoughts, feelings, and actions together—to better explain their attitudes toward AI, unlike models like the Technology Acceptance Model and Theory of Planned Behavior, which focus on fewer aspects rather than all three aspects contributing to the growing literature on AI in education.It also offers important implications for policymakers and educators in promoting inclusive and effective AI-integrated learning environments.
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1. Introduction 
Artificial Intelligence (AI) is rapidly changing the scenery of higher education, increasingly becoming an integral part of higher education, changing the ways in which students learn, access information, and engage in academic work (Sultana et al., 2025). In recent years, the emergence of generative AI tools has further expedited this shift, allowing personalised learning, academic assistance, and improved efficiency in knowledge acquisition. However, the integration of AI into education cannot be seen only as a technological shift; it also involves comprehending how students think, interpret, and act on these tools in their academic activities (Del Giudice et al., 2023; Park et al., 2024). Education is drastically shifting from using technology tools (ICT) which was focusing on basic skills like MSWord, PowerPoint and excel which supported task completion , but limited  scope to creation of  knowledge and critical engagement (Long & Magerko, 2020). But now AI is assisting the students to learn in an innovative and interactive way were they can think beyond conventional boundaries generate new ideas and produce contents that can contribute to existing knowledge and address community needs within a shorter time frame (Ng et al., 2021).To confirm whether these technologies are being effectively adopted and used in a ethical and meaningful way exploring the attitude of the students is the need of the hour. Research consistently shows that students’ perceptions, beliefs, and emotional responses significantly influence their engagement with AI tools and their readiness to integrate them into learning processes (Sulak, 2025) .In this context ,we can say that attitude is just not limited to opinion but a multidimensional aspect were an individual’s stable, enduring and internal tendency of how he thinks cognitive (knowledge), feels affective (feelings),  and behave behavioural (intentions)  on certain ways and situations, which combined together shape students interaction with AI in educational contexts(Cao et al., 2021; Schepman & Rodway, 2020). International research highlights that students generally exhibit positive but cautious attitudes toward AI (Alzahrani,2023). While they appreciate its ability to support learning, enhance productivity, and provide instant feedback, concerns related to ethical use, over-dependence, and academic integrity remain prominent (Chan & Hu, 2023). At the same time, studies indicate that students’ attitudes are strong predictors of their engagement and actual use of AI tools, reinforcing the importance of examining these dimensions in a systematic manner(Kaya et al., 2022) . In the Indian context, the adoption of AI in higher education is growing rapidly, supported by national initiatives promoting digital learning and technological integration. However, research suggests that this growth is uneven and shaped by structural inequalities such as access to resources, digital skills (Baigi et al.2023). Studies conducted in emerging economies, including India, reveal that perceptions of usefulness, trust, and technological anxiety significantly influence students’ willingness to engage with AI systems (Brewer et al., 2022; Rukadikar & Khandelwal, 2025). This indicates that while students may be exposed to AI, their attitudes and confidence levels vary depending on contextual and experiential factors. Earlier, digital disparities or inequalities was understood only in term of access to technology, but recent studies have highlighted  many of the students have smartphones, campus digital connectivity, and laptops. It is not only about  who has the access to technology, but who can use it wisely and productively(Barger, 2026).Various studies also supported that AI can help students to learn better and access opportunities (Moral-Sánchez et al., 2023), but at the same time it can amplifies digital exclusiveness if it is not supported by fair and inclusive policies that can be implemented practically through trained teachers, skills enhancement workshops, multilingual and cultural designed and based on community needs (Matjie et al., 2026). At the same time, emerging studies from South Asian contexts indicate that postgraduate and university students are actively experimenting with AI tools, often using them for academic support such as writing, summarising, and idea generation. However, their engagement tends to be selective and surface-level, reflecting a gap between familiarity and deeper understanding of AI systems(Sharma & Shrestha, 2025). This suggests that students are not passive users but are still in the process of negotiating the role of AI in their academic work. Despite the growing importance of AI in education, there is still limited research that comprehensively examines how students’ knowledge, feelings, and behavioural intentions interact in shaping their attitudes toward AI, particularly in the Indian higher education context. Most existing studies either focus on technological adoption or general perceptions, without integrating the three core components of attitude into a unified framework. In this context, the present study seeks to address these gaps by examining the attitudes of postgraduate students toward AI in academic context, focusing on the interplay between cognitive, affective, and behavioural components. By doing so, the study aims to contribute to a deeper understanding of students’ readiness for AI-integrated education and provide insights for developing inclusive and effective educational policies. Existing studies show some clear gaps. Most of the studies looks at either students views or their use of AI, but not all three aspects together—knowledge, feelings, and behaviour. There is also less focus on postgraduate students, who use AI more in research. In India, there is limited empirical evidence on AI in education, reflecting social and educational realities. Further, not many studies explain how knowledge of AI leads to actual use through attitudes. Finally, while the digital divide is discussed in terms of access, it is still not clear whether students’ attitudes toward AI differ across social groups or are becoming similar.
2. Research Objectives. 
1. To assess the level of attitudes toward artificial intelligence among postgraduate students across cognitive, affective, and behavioural components.

2. To examine the relationships among cognitive, affective, and behavioural components of attitudes toward artificial intelligence.

3. To analyse differences in attitudes toward artificial intelligence across selected socio-demographic variables (e.g., gender, social category).

4. To determine the extent to which cognitive and affective components predict behavioural attitudes toward artificial intelligence.

3. Methods and Methodology
The study adopted cross sectional survey desing in Kuvempu university among post graduate students with descriptive and exploratory research design using simple random sampling. The data was collected from 303 respondents using ATAI scale developed by Suh, W., & Ahn, S. (2022). Responses were recorded on a Likert-type scale, allowing participants to express the extent to which they strongly agree to Strongly disagree with each statement. The reliability of the Scale was 0.92, which is well above the recommended threshold and suggests that the items are consistently measuring the intended construct (Nunnally & Bernstein, 1994; George & Mallery, 2003). The inter-item correlations ranged from 0.250 to 0.882, with a mean value of 0.488, reflecting a moderate to strong relationship among the items. This indicates that the items are meaningfully related without being redundant, thereby capturing different aspects of attitudes toward Artificial Intelligence (Briggs & Cheek, 1986). Further, corrected item–total correlations value was between 0.571 to 0.805, suggesting each item were related to the overall scale providing evidence of convergent validity (Çelikkol et al, 2022; Silva et al, 2024) , indicating that items measure the same underlying construct (Campbell & Fiske, 1959; Field, 2013). Overall, these findings provide strong evidence of reliability and offer support for convergent validity(Hair et al., 2010). The data were analysed using JAMOVI 2.36 version. Even though the data was collected from single this was mainly guided by accessibility and feasibility considerations. The institution comprises a diverse students representing various academic disciplines, socio-economic backgrounds, and gender groups, offering a relevant context for understanding the  attitudes toward artificial intelligence (AI) in higher education context.
4. Results and Discussion:
Table. No- 1   Socio-Demographic Details of the Participants (N = 303)
	Variable
	Category
	n
	%
	Cumulative %

	Gender
	Female
	208
	68.6
	68.6

	
	Male
	95
	31.4
	100.0

	Age
	20–22 years
	151
	49.8
	49.8

	
	23–25 years
	128
	42.2
	92.1

	
	25–27 years
	6
	2.0
	94.1

	
	28–30 years
	6
	2.0
	96.0

	
	30+ years
	12
	4.0
	100.0

	Category
	General
	48
	15.8
	15.8

	
	OBC
	152
	50.2
	66.0

	
	SC
	73
	24.1
	90.1

	
	ST
	30
	9.9
	100.0

	Family Income (Yearly)
	Below ₹1 lakh
	233
	76.9
	76.9

	
	₹1–2 lakhs
	24
	7.9
	7.9

	
	₹2–3 lakhs
	6
	2.0
	9.9

	
	₹3–4 lakhs
	16
	5.3
	15.2

	
	₹4–5 lakhs
	6
	2.0
	17.2

	
	₹5–6 lakhs
	6
	2.0
	19.1

	
	₹6–7 lakhs
	6
	2.0
	21.1

	
	More than ₹8 lakhs
	6
	2.0
	100.0

	Area of Residence
	Rural
	223
	73.6
	73.6

	
	Urban
	80
	26.4
	100.0

	Department
	Commerce
	32
	10.6
	10.6

	
	Languages
	4
	1.3
	11.9

	
	Management
	29
	9.6
	21.5

	
	Science
	84
	27.7
	49.2

	
	Social Sciences
	154
	50.8
	100.0



The demographic profile of the respondents provides a meaningful picture when we look in the context of higher education in Karnataka. Majority of the respondents compared to male(31.4%) are female (68.6%), reflecting an increasing participation of women in higher education, particularly in social sciences disciplines(AISHE, 2020). The age distribution shows that most of the respondents belong to the 20–25 years category (92.1%), representing typical student population in universities which makes the study relevant to understand youth opinions and attitude towards emerging areas like Artificial Intelligence. In terms of social background, a significant proportion of respondents belong to OBC (50.2%) and SC/ST categories (34%), indicating representation from socially disadvantaged sections. This is important because, in the Indian context, access to education and technology is often influenced by social inequalities (Desai & Vanneman, 2015). Majority (76.9%) of the respondents who are enrolled in higher education come from families earning below ₹1 lakh rupees annually, highlighting many students belong to economically weaker sections. Such conditions may limit their access to digital resources and advanced technologies like AI (Singh, S.,2012)). Further, the majority of respondents are from rural areas (73.6%), which may indicate additional challenges related to digital infrastructure and exposure when compared to urban students With regard to discipline in which students are studying, majority are from Social Sciences (50.8%), followed by Science (27.7%), showing that awareness and interest in Artificial Intelligence is not confined only to technical fields but is gradually spreading across disciplines. Overall, these findings suggest that while there is increased inclusion in higher education, demographic factors like social background, income, and area of residence influence students opportunity to access and engagement with Artificial Intelligence (Sharma et al., 2021).
Table no-2 Descriptive Statistics for Cognitive Component
	Item
	N
	Missing
	M
	SE
	Median
	SD

	Learning about artificial intelligence should be included as part of University education.
	303
	0
	4.04
	0.050
	4.00
	0.870

	Studying AI can contribute positively to students’ academic success.
	303
	0
	3.86
	0.051
	4.00
	0.894

	AI-related topics need to be incorporated into regular classroom teaching.
	303
	0
	3.90
	0.046
	4.00
	0.798

	All students should be given the opportunity to learn about AI in university.
	303
	0
	3.98
	0.048
	4.00
	0.836

	Cognitive Component (Overall)
	303
	0
	3.95
	0.040
	4.00
	0.694


The descriptive findings show that students generally have a positive and accepting view of Artificial Intelligence in education (Katsantonis & Katsantonis, 2024; Jajoo, 2025). Most responses are close to “agree,” with mean scores ranging from 3.86 to 4.04 and a consistent median of 4, which clearly indicates that students are not hesitant about AI but are gradually welcoming it into their learning space(Kairu, C,2020). What stands out here is not just agreement, but a quiet confidence—students seem to recognise that AI is becoming important, even if they are still figuring out how it fits into their academic journey. The highest agreement for the idea that AI should be learned in university reflects a growing awareness among students that future learning and careers will be closely linked with technology. This aligns with findings from Indian studies where a majority of students expressed favourable attitudes toward AI and viewed it as essential for academic growth and future readiness (Jagadish et al., 2025) . At the same time, slightly lower scores for AI’s role in academic achievement suggest a gap—students value AI, but may not yet fully see how it directly improves their current performance. This kind of gap between awareness and practical understanding has also been observed in recent research, where students showed enthusiasm for AI but lacked deeper clarity on how to use it effectively in learning (Bhattarai et al., 2024) . Another important insight comes from the relatively low standard deviation values, which indicate that students are thinking in a fairly similar way. This shared perspective may reflect the influence of common experiences—such as increased exposure to digital tools, online learning after COVID-19, and widespread discussions about AI in society. Indian research has similarly shown that students today generally hold positive but balanced views of AI, seeing it as helpful for learning while also being aware of its limitations, especially in replacing human teachers or critical thinking processes (Biswal et al., 2026). International studies also support this pattern, suggesting that students often show strong cognitive acceptance of AI (they believe it is useful), but their behavioural engagement (actually using it effectively) develops more gradually (Chan & Zhou, 2023).Taken together, these findings reflect a transitional stage in students’ thinking. There is clear acceptance and interest, but also a need for direction and meaningful integration. In the Indian context especially, this becomes important because students are ready to learn AI, but the education system still needs to catch up in terms of structured curriculum, practical exposure, and skill-based learning. The results therefore do not just describe student attitudes—they quietly point toward a larger shift, where awareness is already present, and the next step is to turn that awareness into real understanding and capability.
	Table. No- 3    Descriptive score of Affective Component

	Items
	N
	Missing
	Mean
	SE
	Median
	SD

	Artificial intelligence plays a key role in shaping the progress of society.
	303
	
	0
	
	3.83
	
	0.0514
	
	4
	
	0.895
	

	The use of AI makes daily tasks easier and more efficient.
	303
	
	0
	
	3.69
	
	0.0503
	
	4
	
	0.875
	

	AI is connected to many aspects of my everyday life.
	303
	
	0
	
	3.38
	
	0.0514
	
	4
	
	0.894
	

	I am open to using AI tools to handle everyday challenges.
	303
	
	0
	
	3.36
	
	0.0587
	
	4
	
	1.022
	

	AI can be useful in dealing with practical, real-world situations.
	303
	
	0
	
	3.33
	
	0.0574
	
	4
	
	0.998
	

	I expect that AI will become important in my future.
	303
	
	0
	
	3.71
	
	0.0464
	
	4
	
	0.807
	

	In today’s world, AI is becoming necessary for most people.
	303
	
	0
	
	3.73
	
	0.0514
	
	4
	
	0.894
	

	AI brings more advantages than disadvantages.
	303
	
	0
	
	3.51
	
	0.0559
	
	4
	
	0.973
	

	Gaining knowledge about AI is valuable for me.
	303
	
	0
	
	3.89
	
	0.0401
	
	4
	
	0.699
	

	In the future, many careers will require some understanding of AI. 
	303
	
	0
	
	4.05
	
	0.0421
	
	4
	
	0.733
	

	Affective Component
	303
	
	0
	
	3.65
	
	0.0373
	
	3.80
	
	0.650
	

	


The descriptive results for the affective component give a more nuanced and realistic picture of how students feel about Artificial Intelligence in their everyday lives. At a general level, the mean score of 3.65 suggests a moderately positive orientation, with most responses clustering around “agree.” Students clearly recognise the broader importance of AI—this is reflected in relatively higher mean scores for statements such as AI being important for societal development (M = 3.83) and its relevance for future jobs (M = 4.05). This indicates that students are quite aware of the larger role AI is beginning to play in shaping economies and careers. Similar patterns have been observed in both Indian and international studies, where students tend to acknowledge the macro-level importance of AI even when their personal engagement with it is still developing (Suh & Ahn, 2022; Ahuja et al., 2022).However, when we move from this broader understanding to more personal and practical aspects, a slight drop in mean scores becomes visible. Statements such as AI being related to one’s own life (M = 3.38), using AI in daily problem-solving (M = 3.36), and AI helping in real-life situations (M = 3.33) reflect comparatively lower agreement. This gap is quite meaningful. It suggests that while students intellectually accept the importance of AI, they may not yet fully experience its relevance in their day-to-day lives. In the Indian context, this could be linked to uneven access, limited hands-on exposure, or lack of structured opportunities to apply AI tools in meaningful ways. Earlier research on the digital divide in India has also pointed out that awareness of technology often grows faster than actual usage, especially among students from diverse socio-economic backgrounds (Singh, 2012; Sharma et al., 2021). Another interesting aspect is the relatively stronger agreement with future-oriented statements, such as the need for AI in life (M = 3.71) and its necessity for everyone (M = 3.73). This reflects a forward-looking mindset—students may not be fully using AI today, but they clearly anticipate its importance in the near future. This kind of thinking has been noted in international research as well, where students often display positive expectations about AI’s role in future careers even when their current interaction remains limited (Long & Magerko, 2020). At the same time, the belief that AI produces more good than harm (M = 3.51) shows cautious optimism rather than blind acceptance, suggesting that students are forming balanced opinions rather than simply following technological hype. The standard deviation values, which are mostly below 1, indicate a reasonable level of agreement among respondents, though slightly higher variation in some items (especially those related to practical use) suggests that students’ experiences with AI are not uniform. This again reflects the diverse realities within the Indian educational landscape, where exposure to technology can vary significantly across regions and institutions. Taken together, these findings reflect an important transition. Students are emotionally and intellectually open to AI, and they recognise its growing importance, especially for the future. However, there is still a gap between perception and lived experience. They believe in AI, but are not yet fully interacting with it in their daily academic or personal lives. This gap highlights the need for more practical integration of AI into teaching and learning, so that students can move from simply understanding AI to actually using it in meaningful ways.
	Table. No- 4   Descriptive score of Behavioural Component

	Items
	N
	Missing
	Mean
	SE
	Median
	SD

	I am interested in pursuing a career related to artificial intelligence.
	
	303
	
	0
	
	3.51
	
	0.0535
	
	4
	
	0.931
	

	I would consider choosing a profession that involves AI.
	
	303
	
	0
	
	3.44
	
	0.0554
	
	4
	
	0.964
	

	I would join an AI-related club or group if it were available
	
	303
	
	0
	
	3.59
	
	0.0512
	
	4
	
	0.890
	

	I enjoy interacting with tools or technologies that use AI.
	
	303
	
	0
	
	3.56
	
	0.0487
	
	4
	
	0.847
	

	Learning about AI is enjoyable for me.
	
	303
	
	0
	
	3.79
	
	0.0469
	
	4
	
	0.816
	

	I would like to keep improving my knowledge of AI in the future.
	
	303
	
	0
	
	3.80
	
	0.0471
	
	4
	
	0.819
	

	I find content about AI, such as videos or programs, engaging.
	
	303
	
	0
	
	3.55
	
	0.0530
	
	4
	
	0.923
	

	I am motivated to create solutions using AI that can improve people’s lives. 
	
	303
	
	0
	
	3.63
	
	0.0482
	
	4
	
	0.840
	

	I am curious about how AI is developing and evolving.
	
	303
	
	0
	
	3.68
	
	0.0495
	
	4
	
	0.861
	

	Using AI technologies is interesting to me.
	
	303
	
	0
	
	3.73
	
	0.0450
	
	4
	
	0.783
	

	I feel that more time should be given to AI topics in the curriculum.
	
	303
	
	0
	
	3.48
	
	0.0551
	
	4
	
	0.959
	

	I am confident in my ability to understand and use AI effectively.
	
	303
	
	0
	
	3.61
	
	0.0515
	
	4
	
	0.896
	

	Behavioural Component
	
	303
	
	0
	
	3.61
	
	0.0388
	
	3.75
	
	0.675
	

	


 The behavioural component of the findings reflects a thoughtful and somewhat cautious engagement with Artificial Intelligence among students. The behavioural component of the findings show that students are interested in Artificial Intelligence, but they are still a bit careful and not fully confident as to how actively use or engage with it (Yüzbaşıoğlu .,2021). With an overall mean of 3.61, the responses suggest that students are generally positive, but not strongly committed in their actions yet. What stands out clearly is that students enjoy learning about AI—this is reflected in higher scores for statements like finding AI fun (M = 3.79) and wanting to continue learning it (M = 3.80). This kind of interest is important because it shows that students are not forced into engaging with AI; rather, there is a natural curiosity developing around it. Similar findings have been reported in both Indian and international studies, where students show enthusiasm toward AI as a learning tool, especially when it is perceived as engaging and relevant (Biswal et al., 2025; Suh & Ahn, 2022). However, when this interest moves toward more serious decisions—like choosing AI as a career (M = 3.44) or wanting to work in the field (M = 3.51)—the responses become more moderate. This gap is quite meaningful. It suggests that students are still in an exploratory stage: they like AI, but are not fully ready to build their future around it. Research in the Indian context supports this pattern, showing that while students recognise AI as important for career growth, their actual career commitment is often shaped by uncertainty, lack of structured training, and socio-economic considerations (Sharma et al., 2021; Rukadikar & Khandelwal, 2025). Another important observation is related to participation and engagement. Students show moderate willingness to join AI-related clubs (M = 3.59) or consume AI-related content like videos (M = 3.55). This indicates that their interaction with AI is extending beyond the classroom, but is still developing gradually. This aligns with broader technology adoption theories, where behavioural engagement typically follows a step-by-step process—from awareness to interest and then to active involvement (Venkatesh et al., 2003). At a global level too, large-scale studies have shown that although AI use is increasing rapidly, people are still in a phase of learning how to use it meaningfully and responsibly (KPMG, 2025). 
Students also appear reasonably confident in their ability to handle AI (M = 3.61), which is encouraging. Confidence plays a key role in whether interest turns into actual use. At the same time, the slightly lower score for wanting more AI-focused class time (M = 3.48) may reflect a practical hesitation—students might be unsure about how AI fits into their existing academic load or how it should be taught effectively. Research has pointed out that while students appreciate AI’s benefits, they also have concerns about over-reliance, lack of clarity, and the need for proper guidance (Jajoo, 2025; Palmer et al., 2023; Wang et al., 2024 ). The consistency in responses (with standard deviations mostly below 1) suggests that students share broadly similar views, although some variation exists—especially in areas related to actual usage and career decisions. This variation is important in the Indian context, where access to technology, institutional support, and exposure to AI can differ widely across students. Previous studies have highlighted that such differences often influence how confidently students engage with emerging technologies (Singh, 2012; Sharma et al., 2021).Taken together, these findings show that students are at a promising but transitional stage. They are interested, curious, and somewhat confident about AI, but still exploring how deeply they want to engage with it. The gap between enjoyment and career commitment is particularly important—it shows that interest alone is not enough. With better exposure, practical training, and clearer academic pathways, this early curiosity can gradually turn into stronger and more meaningful engagement. In that sense, the findings do not just describe behaviour—they quietly highlight the next direction that education needs to take.
	Table. No- 5   : Awareness about Artificial Intelligence (AI) Tools 

	Do you know about these Artificial Intelligence (AI) Tools and
	Counts
	% of Total
	Cumulative %

	Nova AI
	
	2
	
	0.7 %
	
	0.7 %
	

	Chat gpt
	
	3
	
	1.0 %
	
	1.7 %
	

	Fotor
	
	4
	
	1.3 %
	
	3.0 %
	

	Google gemini, chat gpt
	
	2
	
	0.7 %
	
	3.7 %
	

	Goole board
	
	2
	
	0.7 %
	
	4.3 %
	

	Meta AI
	
	4
	
	1.3 %
	
	5.6 %
	

	Meta AI in whats app
	
	2
	
	0.7 %
	
	6.3 %
	

	No
	
	8
	
	2.7 %
	
	9.0 %
	

	Quill bot
	
	2
	
	0.7 %
	
	9.6 %
	

	Socratic
	
	4
	
	1.3 %
	
	11.0 %
	

	Summarizer
	
	4
	
	1.3 %
	
	12.3 %
	

	Tutorly.ai
	
	6
	
	2.0 %
	
	14.3 %
	

	chatgpt
	
	192
	
	63.8 %
	
	78.1 %
	

	co-pilot
	
	4
	
	1.3 %
	
	79.4 %
	

	google bard
	
	56
	
	18.6 %
	
	98.0 %
	

	grammerly
	
	4
	
	1.3 %
	
	99.3 %
	

	otter.ai
	
	2
	
	0.7 %
	
	100.0 %
	

	


The frequency distribution clearly shows that awareness of AI tools among students is highly uneven, with a strong concentration around a few popular platforms. A large majority of respondents identified ChatGPT (63.8%) and Google Bard (18.6%), while awareness of other tools such as QuillBot, Grammarly, and Otter.ai remained very limited. This suggests that students’ exposure to AI is largely shaped by widely accessible and trending tools rather than a broad understanding of the AI ecosystem. Such patterns are consistent with recent research indicating that students tend to rely on a narrow set of AI applications that are easily available and frequently discussed in academic and social contexts (Katsantonis & Katsantonis, 2024; Zawacki-Richter et al., 2019). Studies in the Indian context also highlight that digital awareness is often selective, with students showing familiarity with popular technologies while lacking deeper or diversified technological literacy (Srivastava, 2022; Khokhar, 2016; Bhattacharya & Sharma, 2020). The small proportion of students reporting no awareness (2.7%) further indicates that AI has reached most learners, but the depth of knowledge remains limited. This aligns with global findings that while AI visibility has increased rapidly, comprehensive understanding and usage diversity are still evolving among students (Crompton & Burke, 2023). Overall, the findings reflect a surface-level engagement with AI tools, where familiarity is driven by popularity rather than informed or educational use. This highlights the need for structured academic exposure to a wider range of AI tools to enhance meaningful learning and digital competence.
Table. No- 6  Comparison of Means Between Two Independent Groups (Gender Differences in AI Components)
	Variable
	Group
	N
	M
	SD
	t
	df
	p
	Cohen’s d
	Levene’s F
	p (Levene’s)

	Cognitive Component
	Female
	208
	3.95
	0.678
	0.03
	301
	.980
	0.003
	2.197
	.139

	
	Male
	95
	3.95
	0.731
	
	
	
	
	
	

	Affective Component
	Female
	208
	3.64
	0.651
	-0.45
	301
	.655
	-0.055
	0.231
	.631

	
	Male
	95
	3.67
	0.649
	
	
	
	
	
	

	Behavioural Component
	Female
	208
	3.59
	0.718
	-0.83
	301
	.408
	-0.103
	1.989
	.159

	
	Male
	95
	3.66
	0.568
	
	
	
	
	
	


The results shows that there is no meaningful gender difference in students’ attitudes toward AI across cognitive, affective, and behavioural components. The results indicate that the cognitive scores of females (M = 3.95, SD = 0.678) and males (M = 3.95, SD = 0.731) are exactly the same, with no statistical difference (t = 0.025, p = .980). Similarly, the affective component shows very close values between females (M = 3.64, SD = 0.651) and males (M = 3.67, SD = 0.649), which is also not significant (t = -0.447, p = .655). The behavioural component follows the same pattern, where females (M = 3.59, SD = 0.718) and males (M = 3.66, SD = 0.568) differ only slightly, but not significantly (t = -0.829, p = .408). The effect sizes are extremely small (d ≈ 0.00 to -0.10), showing that these differences are practically negligible. Since the Levene’s test values are all non-significant (p > .05), the assumption of equal variance is satisfied, making the results reliable. The findings reveal that attitudes toward AI do not differ meaningfully between male and female participants, as cognitive (Female M = 3.95; Male M = 3.95, p = .980), affective (3.64 vs 3.67, p = .655), and behavioural (3.59 vs 3.66, p = .408) scores are almost equal with negligible effect sizes. This means male and female students think, feel, and use AI in a similar way, indicating that gender does not influence AI adoption in this study (Chatterjee & Bhattacharjee, 2020; Dwivedi et al., 2021; Sharma & Shrestha, 2025).
 Table. No- 7 .Independent Samples t-Test Comparing Rural and Urban Groups on AI Components
	Variable
	Group
	N
	M
	SD
	t
	df
	p
	Cohen’s d
	Levene’s F
	p (Levene’s)

	Cognitive Component
	Rural
	223
	3.66
	0.735
	-1.903
	301
	.058
	-0.2479
	0.663
	.416

	
	Urban
	80
	3.85
	0.797
	
	
	
	
	
	

	Affective Component
	Rural
	223
	3.24
	0.719
	1.250
	301
	.212
	0.1629
	0.537
	.464

	
	Urban
	80
	3.13
	0.718
	
	
	
	
	
	

	Behavioural Component
	Rural
	223
	3.22
	0.796
	0.738
	301
	.461
	0.0962
	2.735
	.099

	
	Urban
	80
	3.15
	0.695
	
	
	
	
	
	


The t-test results show no significant rural–urban difference in AI attitudes, as cognitive (Rural M = 3.66; Urban M = 3.85, p = .058), affective (3.24 vs 3.13, p = .212), and behavioural (3.22 vs 3.15, p = .461) components are statistically non-significant with small effect sizes. This means that students from rural and urban areas have almost similar understanding, feelings, and usage of AI, though urban students show slightly higher cognitive scores.
Table. No- 8 .One-Way ANOVA for Cognitive Component Across Social Categories
	Category
	N
	M
	SD
	Fisher’s
	df1
	df2
	p
	Levene’s F
	p (Levene’s)

	General
	48
	4.03
	0.870
	
	
	
	
	
	

	OBC
	152
	3.88
	0.616
	
	
	
	
	
	

	SC
	73
	4.02
	0.718
	
	
	
	
	
	

	ST
	30
	4.02
	0.685
	
	
	
	
	
	

	ANOVA Result
	
	
	
	1.16
	3
	299
	.326
	0.127
	.944


List 1-Tukey HSD Post Hoc Comparisons for Cognitive Component
	Comparison
	MD
	p

	General – OBC
	0.156
	.525

	General – SC
	0.0107
	1.000

	General – ST
	0.01458
	1.000

	OBC – SC
	-0.1455
	.454

	OBC – ST
	-0.14167
	.736

	SC – ST
	0.00388
	1.000


The One-Way ANOVA results indicate that there is no statistically significant difference in the cognitive component across social categories (General, OBC, SC, ST), as reflected in both Welch’s F(3, 90.3) = 1.15, p = .335 and Fisher’s F(3, 299) = 1.16, p = .326. The mean scores are relatively close, with General (M = 4.03, SD = 0.87), OBC (M = 3.88, SD = 0.62), SC (M = 4.02, SD = 0.72), and ST (M = 4.02, SD = 0.69), suggesting only minor variations in students’ cognitive understanding of AI. The Levene’s test (p = .944) confirms that the assumption of homogeneity of variance is met, ensuring that the ANOVA results are statistically reliable. Furthermore, the Tukey post-hoc test shows that none of the pairwise differences are significant (all p > .05), indicating that no specific group differs meaningfully from another. The study suggests that technology acceptance and digital knowledge are increasingly shaped by access, exposure, and institutional support rather than social category differences. 

Table. No- 9  One-Way ANOVA for Affective Component Across Social Categories
	Category
	N
	M
	SD
	F
	df1
	df2
	p
	Levene’s F
	p (Levene’s)

	General
	48
	3.68
	0.770
	
	
	
	
	
	

	OBC
	152
	3.60
	0.561
	
	
	
	
	
	

	SC
	73
	3.76
	0.751
	
	
	
	
	
	

	ST
	30
	3.54
	0.578
	
	
	
	
	
	

	ANOVA Result
	
	
	
	1.36
	3
	299
	.255
	0.796
	.497



List 2-Tukey HSD Post Hoc Comparisons for Affective Component
	Comparison
	Mean Difference (ΔM)
	p

	General vs OBC
	0.078
	.887

	General vs SC
	-0.085
	.894

	General vs ST
	0.139
	.793

	OBC vs SC
	-0.163
	.292

	OBC vs ST
	0.061
	.965

	SC vs ST
	0.224
	.383


The ANOVA results show that there is no statistically significant difference in the affective component (feelings and attitudes toward AI) among students from different social categories, as indicated by F(3, 299) = 1.36, p = .255. Although there are small variations in mean scores—SC students reporting slightly higher affective responses (M = 3.76) and ST students slightly lower (M = 3.54)—these differences are not strong enough to be considered meaningful. The relatively similar standard deviations across groups further suggest a consistent pattern of responses, while the non-significant Levene’s test confirms that the results are statistically reliable. Students from all social categories show similar feelings toward AI, indicating equal emotional acceptance.
This suggests that digital exposure is reducing traditional social differences in attitudes. Overall, AI acceptance is becoming more inclusive and uniform among students. with attitudes shaped more by access and experience than social background (Tarhini et al., 2015).
Table. No- 10  Behavioural Component Across Social Categories
	Category
	N
	M
	SD
	F
	df1
	df2
	p
	Levene’s F
	p (Levene’s)

	General
	48
	3.56
	0.756
	
	
	
	
	
	

	OBC
	152
	3.55
	0.597
	
	
	
	
	
	

	SC
	73
	3.74
	0.795
	
	
	
	
	
	

	ST
	30
	3.69
	0.562
	
	
	
	
	
	

	ANOVA Result
	
	
	
	1.55
	3
	299
	.202
	0.692
	.558



List 3--Tukey HSD Post Hoc Comparisons for Behavioural Component
	Comparison
	ΔM
	p

	General – OBC
	0.00530
	1.000

	General – SC
	-0.185
	.450

	General – ST
	-0.1299
	.841

	OBC – SC
	-0.191
	.194

	OBC – ST
	-0.1352
	.746

	SC – ST
	0.0554
	.981


The ANOVA results indicate that there is no statistically significant difference in the behavioural use of AI across social categories, as shown by F(3, 299) = 1.55, p = .202. Although there are small variations in mean scores—SC students reporting the highest behavioural use (M = 3.74, SD = 0.80) followed by ST (M = 3.69, SD = 0.56), General (M = 3.56, SD = 0.76), and OBC (M = 3.55, SD = 0.60)—these differences are not strong enough to be considered meaningful. The Levene’s test (p = .558) confirms that the data meets the assumption of equal variance, and the Tukey post-hoc results (all p > .05) further show that no specific group differs significantly from another. In simple terms, this means that students from different social backgrounds are using AI tools in almost the same way.
Fig. No- 1   [image: ]
The correlation analysis reveals strong and statistically significant relationships among the cognitive, affective, and behavioural components of students’ attitudes toward AI. The results show that the cognitive and affective components are positively correlated (r = 0.612, p < .001, df = 301), indicating that students who have a better understanding of AI technologies are more likely to develop positive feelings, trust, and confidence toward them(Khlaif et al.,2025). This suggests that knowledge plays a key role in shaping students’ emotional responses. Similarly, the cognitive and behavioural components also show a strong positive relationship (r = 0.602, p < .001, df = 301), which implies that students who are more knowledgeable about AI are more likely to actively use and engage with AI tools in their academic work. This highlights that understanding AI is not just theoretical but directly influences practical usage. The strongest relationship is observed between the affective and behavioural components (r = 0.746, p < .001, df = 301), suggesting that students’ emotions and attitudes toward AI have a powerful influence on their actual behaviour. In simple terms, when students feel confident, interested, and comfortable using AI, they are much more likely to use it regularly and creatively. These findings are consistent with established theoretical models such as the Technology Acceptance Model, which emphasizes that cognitive beliefs influence attitudes and behavioural intentions (Davis, 1989), and the Theory of Planned Behavior, which highlights the role of attitudes in shaping behaviour (Ajzen, 1991). Recent research further supports these relationships. Khoso et al. (2026) and Srilekha et al. (2026) found that digital literacy (cognitive) enhances trust and positive attitudes (affective), which in turn drive behavioural intention and creative use of AI. Similarly, Indian studies have shown that perceived usefulness, digital skills, and social influence significantly affect students’ attitudes and actual usage of AI technologies (Sharma & Singh, 2024; Bera et al., 2026). Overall, the data clearly indicate that the three components of attitude—cognitive, affective, and behavioural—are strongly interconnected and mutually reinforcing (Asio et al., 2025). This indicates that students are not only aware of AI but are also emotionally receptive and actively inclined to use it, which reflects a moderate to high level of readiness for AI-integrated education in modern higher education contexts. Improving students’ knowledge of AI can lead to more positive emotions, which ultimately results in increased and meaningful use of AI tools in education. 
Table. No- 11   Linear Regression
	Model Fit Measures

	Model
	R
	R²

	1
	
	0.768
	
	0.590
	

	


	Model Coefficients - Behavioural Component

	Predictor	
	Estimate
	SE
	t
	p

	Intercept
	
	0.247
	
	0.1522
	
	1.62
	
	0.106
	

	Cognitive Component
	
	0.239
	
	0.0477
	
	5.00
	
	< .001
	

	Affective Component
	
	0.645
	
	0.0500
	
	12.90
	
	< .001
	

	


 
 


The study conducted linear regression analysis to examine how the cognitive and affective components of students’ attitudes toward Artificial Intelligence (AI) predict their behavioural engagement. The results indicate a strong model fit (R = 0.768, R² = 0.590), suggesting that approximately 59% of the variance in the behavioural component is explained by cognitive and affective factors. The regression coefficients further reveal that both predictors are statistically significant. The cognitive component (β = 0.239, p < .001) shows a positive and meaningful influence on behavioural engagement, indicating that students who have better knowledge and understanding of AI are more likely to use it in their academic work. However, the affective component (β = 0.645, p < .001) emerges as a much stronger predictor, indicating that students’ behaviour toward AI is largely shaped by what they know and how they feel about it (Khoso et al., 2026; Mansoor et al., 2026).

Conclusion
This study examined how postgraduate students perceive and use Artificial Intelligence (AI) in their academic work, focusing on knowledge, feelings, and actual usage. Results indicate that students generally hold moderately positive attitudes toward AI, and these attitudes are similar across social categories, reflecting more equal exposure to digital tools in higher education. Analyses revealed a clear pattern: students who understand AI tend to feel more positively about it, and these positive feelings strongly influence their likelihood of using AI. Emotional factors—such as confidence, interest, and readiness—proved more important than knowledge alone in predicting engagement. These findings echo research highlighting that effective technology adoption relies on motivation and emotional engagement rather than mere access (Holmes et al). In sum, adopting AI in higher education is a behavioural and psychological process: knowledge shapes attitudes, and attitudes guide actual use. Based on the findings, institutions should promote meaningful AI adoption by combining student training, curriculum integration, faculty support, accessible learning systems, and clear ethical guidelines, as effective engagement with AI depends more on students’ confidence, attitudes, and responsible use than on access to technology alone (Khaled & Elborai, 2024).
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Exploring the Attitudes of Postgraduate Students Toward Artificial  Intelligence in Academic  Context :   A Cognitive – Affective – Behavioral  Analysis   and  Implications for Modern Education     Abstract    This study examines postgraduate students’ attitudes toward Arti ficial Intelligence (AI) in  academic contexts through a  cognitive – affective – behavioural framework . With the rapid  integration of AI in higher education, understanding how students perceive and engage  with these technologies has become increasingly importan t. The study is grounded in the  Theory of Planned Behavior (TPB)   and the  Technology Acceptance Model (TAM) ,  which explain how knowledge and perceptions influence attitudes and subsequent  behaviour.   A quantitative research design was adopted, and data were  collected from  postgraduate students using a structured questionnaire   with sample of 303 . The analysis  included  descriptive statistics, one - way ANOVA, correlation, and regression techniques .  The findings revealed that students generally exhibit  moderately  positive attitudes toward  AI   across cognitive, affective, and behavioural dimensions   with mean ranging from  3.95,3.65 and 3.61 . The ANOVA results indicated  no significant differences in attitudes  across social categories , suggesting  relatively consistence   attitude   among students.  Further analysis showed  significant positive relationships between cognitive, affective,  and behavioural components , confirming that students’ knowledge of AI influences their  attitudes and usage patterns. Regression results demons trated that  cognitive and affective  factors significantly predict behavioural engagement with AI , highlighting the importance  of awareness and percep tion in shaping technology use.   Th e   study  enhances  understanding by using a  CAB   approach — looking at students’ thoughts, feelings, and  actions together — to better explain their attitudes to ward AI, unlike models like the  Technology Acceptance Model   and  Theory of Planned Behavior , which focus on fewer  aspects   rather than all three aspects  contributing   to the growing literature on AI in  education . It also offers important implications for policymakers and educators in  promoti ng  inclusive and effective AI - integrated learning environments .  

