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Executive summary 

Generative artificial intelligence (AI) is now part of study and teaching in Cambodian universities. 
Within four years of the public release of ChatGPT, tools that draft, translate, summarise and 
explain have come into use among almost all of the students and lecturers surveyed for this 
paper. National government policy has begun to respond: the Education Strategic Plan 2024–
2028 addresses digital education, and a national AI strategy is in draft. Some institutions have 
also begun to set their own rules. What has been missing is evidence on three questions: what 
students and lecturers actually do with these tools, how well equipped they are to use them, and 
what rules they believe apply. 

This paper answers those questions with two matching online surveys that the Cambodia 
Development Resource Institute (CDRI) ran in September and October 2026, one of students and 
one of lecturers. After data cleaning, the analysis covers 1,510 students and 285 lecturers at 
more than 20 higher education institutions in Phnom Penh and six provinces. Many questions 
were asked of both groups, so their answers can be compared directly. Students also answered 
two questions that have a correct answer, so that what they know can be set beside how they 
rate their own skills. The analysis combines descriptive statistics with statistical models that 
compare students who are otherwise alike. The sample was not drawn at random: institutions 
were chosen on purpose and respondents decided for themselves whether to take part, so the 
results describe these respondents and are not national estimates. All answers are self-
reported. The draft findings were reviewed with 17 participants at a stakeholder validation 
workshop in October 2026. 

The starting point is that AI use is near-universal: 98.3 percent of students and 94.4 percent of 
lecturers have used AI for study or work. An online survey about AI is likely to attract users, so 
these figures are probably an upper bound, but earlier Cambodian studies also found that 
between 85 and 90 percent of students had used AI. The question for policy is therefore no longer 
whether AI will be used in Cambodian higher education, but whether students, lecturers and 
institutions are equipped for a practice that is already widespread. The findings below take up 
that question in turn: how AI is used, how well students can use it, what rules they and their 
lecturers believe apply, and what support both groups ask for. 

Key findings 

Use is near-universal, free and mobile. ChatGPT (89.4 percent of student users) and Google 
Gemini (83.6 percent) are the main tools. Three-quarters of students use AI mainly on a 
smartphone, and 95.1 percent rely on free versions. Lecturers use the same tools more often: 
62.1 percent use AI several times a week or daily, compared with 46.2 percent of students. Some 
30.9 percent of lecturers who use AI pay for a subscription, almost always from their own pocket. 

Where students differ is in how much they use AI, and the heaviest use goes with the best 
access. Frequent use, meaning use several times a week or daily, is reported by 51.6 percent of 
students in Phnom Penh and 35.4 percent in the provinces. It is reported by 65.7 percent of those 
whose main device for AI is not a smartphone (mostly a laptop) and 39.9 percent of those who 
rely on a smartphone, and by 57.0 percent of those who prompt mostly in English against 33.5 
percent of those who prompt mostly in Khmer. These gaps remain when students who are 
otherwise alike are compared: location, main device, length of experience and prompt language 
each stay linked to frequent use, as does a paid plan, although that link is less certain. Whether 
the institution is public or private makes no clear difference. The disadvantages also tend to fall 
on the same students. Among students with none of four disadvantages (a provincial campus, a 
smartphone as main device, prompting mostly in Khmer, no laptop), 70.5 percent are frequent 
users; among those with all four, 22.8 percent are, although this simple comparison does not 
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allow for differences in experience. Women are as likely as men to be frequent users despite 
weaker access to devices, and more likely among students with the same access. 

Skills are rated as moderate, and data privacy appears to be a gap. On a five-point scale, the 
average self-rating is 3.61 for students and 3.74 for lecturers, and nine in ten students rate 
themselves between 3 and 4.5. Most students say they check, and most know what checking a 
reference involves: 82.2 percent say they check an AI answer before using it, and 75.1 percent 
know that the first step with a reference supplied by AI is to check that it exists. This knowledge 
differs little by location, device or language. Whether students act on it is a separate question: 
the survey observed checking only through students’ own reports, and participants at the 
validation workshop doubted that many do it in practice. Privacy appears to be less well 
understood, although this rests on a single question. Only 45.9 percent know that the company 
running a tool can see text pasted into it, and 35.2 percent believe that only they can see it; half 
of the students who say they pay attention to privacy risks get this question wrong. Students are 
also unsure of their own judgement: only 40.4 percent agree that they can tell whether 
information from an AI tool is accurate, and 54.1 percent neither agree nor disagree. 

Students and lecturers draw the line in different places. On low-stakes uses, such as 
explaining a concept or translating, the two groups agree. They differ on assessed work. Asked 
whether it is acceptable for a student to use AI to answer a take-home exam or online quiz, 47.4 
percent of lecturers say it is not, compared with 24.5 percent of students; for writing large parts 
of an assignment, the figures are 41.8 and 29.5 percent. Lecturers judged students’ use while 
students judged their own, so part of the gap may reflect the different wording. 

The rules are unclear to the people they apply to. Only 21.5 percent of students and 17.2 
percent of lecturers say their university has a formal written policy on AI. The survey recorded 
what respondents know of their university’s rules; it did not check institutions’ own policy 
documents. Students at the same university give different answers: in none of the twelve 
institutions with enough respondents is any single answer given by more than two-thirds of 
students. On the two contested uses, take-home exams and writing large parts of assignments, 
nearly half of students (47.4 percent) and more than half of lecturers (55.8 percent) see no clear 
rule for at least one. Uncertainty differs little between universities, but it is lower where lecturers 
explain the rules in class and where students know of a written policy. Both links rest on students’ 
own reports, and the second is partly to be expected, since students who know of a policy are 
likely to find the rules clearer. 

Lecturers appear to be adapting largely on their own. Some 85.9 percent of lecturers who use 
AI say colleagues or department heads encourage or expect them to use it, yet seven in ten are 
encouraged or expected to do so without knowing of a written policy. Their own use of AI also 
goes with their views on students’ use: among lecturers who often use AI to mark or give 
feedback, 23.8 percent consider it acceptable for students to write substantial parts of an 
assignment with AI, against 4.4 percent of those who rarely or never do. This result rests on small 
groups and is tentative, but where rules are set course by course, the standard a student meets 
may depend partly on each lecturer’s own views and practice. 

Demand for support is high and specific. Some 80.4 percent of lecturers and 56.1 percent of 
students want training, and both groups rank writing effective prompts first and checking 
accuracy second. Half of the lecturers who are open to training are both willing and ready to train 
their colleagues. The cost of paid tools is the barrier mentioned most often (59.7 percent of 
students, 71.6 percent of lecturers), followed by tools that do not work well enough in Khmer 
(51.9 and 45.6 percent). 
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Policy recommendations 

These findings point to a small set of measures, most of which build on what institutions and 
lecturers already do. Participants at the validation workshop judged a short written policy, a 
statement of permitted AI use in every course, and teaching data privacy and accuracy to be the 
most urgent. 

Write the rules down and say them aloud. Each institution should adopt a short written policy 
that states what use of AI is allowed, restricted and prohibited in assessment, and should require 
lecturers to state the rule for each course and explain it in class. Students who know of a written 
policy, and those whose lecturers explain the rules in almost all classes, are clearly less likely to 
be uncertain. 

Agree on what is acceptable before enforcing rules. Students and lecturers disagree most on 
take-home exams and on drafting large parts of assignments. Institutions should settle these two 
cases clearly, with students involved, before applying sanctions, and should review how such 
work is assessed where an agreed rule cannot be upheld. Sanctions should not rest on AI-
detection scores alone, since independent tests have found such tools inaccurate and biased 
against writers of English as a foreign language (Liang et al. 2023; Weber-Wulff et al. 2023). 

Teach data privacy and how to judge accuracy. Training should cover what happens to text 
pasted into a tool and how to judge whether an AI answer is accurate, the two points on which 
students are least informed or least sure. Lecturers need the same attention: one in seven have 
entered sensitive student data into an AI tool. Because few people ask for training on privacy, it 
is best built into training on prompting and checking accuracy, the topics both groups want first, 
and tested with questions that have right answers rather than by self-rating. 

Design for the phone and for Khmer. Guidance, training and any institutional tools should work 
for students whose only device is a smartphone and who work mainly in Khmer, since these are 
the students who currently use AI least intensively. 

Treat cost as a fairness issue. Paid plans are bought privately, and four in ten students say they 
cannot afford them. In the authors’ judgement, access provided or negotiated by institutions 
could narrow the gap between those who can pay and those who cannot, if access for students 
is directed first at those with the weakest access. The link between a paid plan and frequent use 
is tentative and may partly reflect frequent users choosing to pay, and the cost of such access 
has not been estimated. 

Build on lecturers’ readiness. A programme that starts with lecturers who are willing and ready 
to train colleagues, prepares those who are willing but not yet ready, and uses the hands-on 
workshops lecturers prefer would build on capacity that already exists. Together, these 
measures would help institutions catch up with a practice that students and lecturers have 
already adopted on their own. 
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1. Introduction 

The Royal Government of Cambodia has committed the country to a digital transformation of its 
economy and public institutions. The Digital Economy and Society Policy Framework 2021–2035 
sets the direction (RGC 2021), and the Education Strategic Plan 2024–2028 applies it to 
education under the heading of digital education (MOEYS 2024). Artificial intelligence has moved 
quickly up this agenda. A draft National Artificial Intelligence Strategy 2025–2030, dated June 
2025, puts human resource development first among its priorities (MPTC 2025). 

These national policies respond to a change that has already happened on university campuses, 
in Cambodia and worldwide. Generative AI tools became freely available at the end of 2022 and 
spread among students within two academic years. In the United Kingdom, the share of 
undergraduates using AI rose from 66 percent in 2024 to 92 percent in 2025 (Freeman 2025). A 
survey of 3,839 students in 16 countries found that 86 percent used AI in their studies (Digital 
Education Council 2024). Institutions have been slower. A UNESCO survey of more than 450 
schools and universities in May 2023 found that fewer than 10 percent had formal guidance on 
generative AI (UNESCO 2023). In a 2025 survey of respondents from UNESCO Chairs and 
UNITWIN Networks in 90 countries, 19 percent said their institution had a formal AI policy, and a 
further 42 percent said guidance was being developed (UNESCO 2025b). 

Two wider debates give this change its weight. The first is about who gains from a new technology. 
Generative AI could narrow gaps: in a study of 5,172 customer-support agents, AI assistance 
raised productivity by 15 percent on average, with the largest gains for less experienced and 
lower-skilled workers (Brynjolfsson, Li, and Raymond 2025). But gains are shared only if adoption 
is. Among workers in Denmark, women were 16 percentage points less likely than men to have 
used ChatGPT for work, and those who adopted it already earned slightly more (Humlum and 
Vestergaard 2025). Who benefits from a new technology has historically depended on 
institutions and choices, not on the technology alone (Acemoglu and Johnson 2023). The second 
debate is about what AI does to learning. In a field experiment with nearly 1,000 high school 
students in Turkey, unrestricted access to a standard GPT-4 interface raised scores during 
practice, but once access was removed these students did worse than those who never had it; a 
version designed to tutor rather than give answers largely avoided this harm (Bastani et al. 2025). 
Both debates raise the same questions for universities: whether every student has the same 
chance to use AI well, and whether it is used under rules and with skills that build learning rather 
than replace it. Cambodia, a lower-middle-income country whose national language appears to 
be less well served by current models than English, is a useful setting in which to ask them. 

For Cambodia, the evidence is thin. The published studies are recent and small. They include a 
survey of 370 undergraduates at three universities in Battambang (Hoeurng et al. 2024); two 
studies applying technology-acceptance models to 256 and 421 students (Be, Tep, and Long 
2026; Lork et al. 2026); a survey of 301 students relating AI adoption to perceived learning 
outcomes (Huy et al. 2026); a qualitative study of English majors (Pum 2025); a review of 16 
documents that called for empirical research and ethical guidelines (Pum and Sok 2024); and an 
online survey of 150 lecturers on their use of AI tools and the challenges and opportunities they 
see (Heng et al. 2026). A larger survey by the Cambodia Academy of Digital Technology (CADT) 
covered 476 lecturers and 921 students at 20 universities, but as far as we could find it has been 
published only as a short summary, in the national AI readiness assessment (UNESCO 2025a). 
None of the peer-reviewed studies we identified asks students and lecturers the same questions. 
None tests what students know, as distinct from what they say they can do, and none examines 
how institutional rules are perceived. 

This paper addresses that gap and aims to provide evidence for institutional and national policy 
on AI in higher education. It reports two matching surveys, one of students and one of lecturers, 
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that CDRI ran in September and October 2026 at more than 20 higher education institutions in 
Phnom Penh and six provinces. 

1.1. Research objectives 

Earlier Cambodian studies found that most students already use AI (Hoeurng et al. 2024; Sol, 
Heng, and Sok 2025). The paper therefore does not set out to explain why people adopt AI. It asks 
whether students, lecturers and institutions are equipped for a practice that is already 
widespread. The paper has three objectives, one for each of the conditions on which beneficial 
use depends. 

1. Use. To describe how students and lecturers use AI and to identify who uses it in depth. 

2. Skill. To assess how students and lecturers rate their own AI skills, and to compare 
students’ ratings with what they know on two points: verifying a reference and data privacy. 

3. Rules. To establish where students and lecturers draw the line on acceptable use, and how 
clear institutional rules seem to them. 

Throughout, students and lecturers are compared on questions asked of both groups. For 
lecturers, the paper also describes how they are adapting teaching and assessment and how 
ready they are to train colleagues. The support that both groups say they want is reported as the 
basis for the policy recommendations. 

1.2. Research questions 

1. How do students and lecturers in Cambodian higher education use AI, and which students 
use it most intensively? 

2. How do students and lecturers rate their AI skills, and what do students know about 
checking AI output and about data privacy? 

3. How do students and lecturers differ on what counts as acceptable use of AI, and how clear 
and consistent do institutional rules seem to them? 

4. What do these patterns mean for institutional and national policy on AI in higher 
education? 

1.3. Significance of the study 

The study contributes to research in three ways. First, to our knowledge, it provides the largest 
body of survey evidence so far on generative AI in Cambodian higher education by number of 
respondents, covering institutions in both the capital and the provinces, and the first study in 
Cambodia to report in full a comparison of students and lecturers on matching questions. 
Second, it brings together three bodies of research that are usually separate: work on digital 
divides in use and skill, work on AI literacy, and work on academic integrity and institutional AI 
policy. Third, it adds two measurement features that are uncommon in the studies reviewed here. 
It pairs self-rated skill with knowledge questions that have a correct answer. It also asks students 
and lecturers about the same four scenarios twice: once for their own view and once for what 
they believe their university allows. 

For policy, the timing matters. Institutions are drafting AI policies, and the national strategy is not 
yet final. Evidence on where students and lecturers already agree, where they do not, and what 
they do not know can make those documents more precise. 

1.4. Key terms used in this paper 

These terms are used throughout the paper. 
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Depth of use. How much a person uses AI: how often (frequency) and for how many purposes 
(breadth). The paper measures it in two ways, as frequent use and as the three intensity groups 
below. 

Frequent use. Using AI several times a week or daily. 

Intensity of use. Three groups of student users: occasional (monthly or less), focused (weekly 
or more, with at most two purposes used often or always) and intensive (weekly or more, with 
three or more purposes used often or always). 

Digital divide. Differences between groups of people in how they relate to a digital technology. 
Research separates three levels: access (whether people have the technology), use and skills 
(what they do with it and how well), and outcomes (who benefits). This paper is mainly about the 
second level. 

AI literacy. The knowledge and skills needed to use AI tools well and responsibly, including 
judging whether their output is correct. Here it is measured in two ways: by respondents’ ratings 
of themselves and, for students, by two questions with a correct answer. 

Prompt. The instruction or question that a user types into an AI tool. Prompt language is the 
language in which a student mostly writes prompts. 

Data privacy. Control over personal or confidential information, including who can see, store or 
use the text that a person enters into an AI tool. 

No clear rule. A respondent answers "there is no clear rule" or "don’t know" when asked whether 
their university allows a given use of AI. 

Comparing like with like. Many characteristics go together; for example, provincial students are 
also more likely to rely on a phone and to prompt in Khmer. The statistical models in this paper 
(regressions) compare students who are alike in all the other characteristics measured. In this 
way, a difference linked to one characteristic is not simply another characteristic in disguise. The 
models show associations, not causes. 

Percentage points. The difference between two percentages. A rise from 40 to 50 percent is a 
rise of 10 percentage points. 

Statistical significance. Stars in the tables (*, **, ***) mark differences that are unlikely to be 
due to chance in samples of this size. They say nothing about whether a difference is large or 
important. 

Standard deviation. A measure of how widely answers are spread around the average. On the 
overall self-rating score for students, it is 0.44 points on a five-point scale. 

Average marginal effect. The difference, in percentage points, in the chance of an outcome that 
goes with one characteristic among otherwise similar students. The percentage-point 
differences reported for otherwise similar students (for example in Section 4.2.2) are of this kind. 

R² and pseudo R². The share of the differences between respondents that a model explains, from 
0 (none) to 1 (all). Pseudo R² is a rough equivalent for yes-or-no outcomes. Low values mean that 
most of the differences lie in things the survey did not measure. 

Intraclass correlation. The share of the differences between respondents that lies between 
institutions rather than within them. A value of 0.06 means that 6 percent of the differences are 
between institutions. 
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1.5. Organisation of the paper 

The rest of the paper has five chapters. Chapter 2 introduces the Cambodian context, reviews 
the literature and sets out the analytical framework. Chapter 3 describes the surveys, the 
variables, how the data were analysed and how the draft findings were discussed with 
stakeholders at a validation workshop. Chapter 4 presents the findings in the order of the three 
objectives, followed by the support respondents ask for and a set of robustness checks. Chapter 
5 discusses the findings, the limitations of the study and directions for future research. Chapter 
6 concludes and sets out policy recommendations. 

2. Literature review and analytical framework 

2.1. The Cambodian context 

Cambodian higher education has grown quickly from a small base. The number of higher 
education institutions rose from 8 in 1997 to 128 in 2021 (Bhatta et al. 2024) and to 194 in 2023–
24, 79 public and 115 private, overseen by 17 ministries and institutions. In that year, 316,105 
students were enrolled, 82 percent of them in bachelor’s programmes, and the gross enrolment 
ratio for those aged 18 to 22 was 19.1 percent (MOEYS 2025). Enrolment is much lower in rural 
areas: in 2019, the ratio was 10 percent in rural areas against 30 percent in urban areas (Bhatta 
et al. 2024). Business and law account for almost half of associate and bachelor’s students (46.9 
percent), and only one in nine staff at institutions under the Ministry of Education, Youth and 
Sport (MOEYS) hold a doctorate (11.1 percent) (MOEYS 2025). 

Access to higher education and to digital technology is uneven along lines that matter for this 
study, though not always in the expected direction. Women now make up just over half of higher 
education students (52.5 percent in 2023–24), and their gross enrolment ratio is higher than 
men’s (20.8 against 17.4 percent) (MOEYS 2025). Household survey data for 2019 still showed 
men ahead (16.5 against 13.8 percent; Bhatta et al. 2024). Women remain a minority in 
postgraduate study (36 percent of master’s and 10 percent of doctoral students) and in science, 
technology, engineering and mathematics (STEM): 23.3 percent of women in associate and 
bachelor’s programmes study a STEM major, against 47.9 percent of men (MOEYS 2025), so that 
about twice as many men as women choose one (Chea et al. 2026). Internet connections have 
grown quickly, but not evenly. By October 2025, there were an estimated 12.0 million internet 
users, 67.3 percent of the population, and mobile connections equal to 121 percent of the 
population (Kemp 2025). Yet only 10 percent of households own a computer, and men are more 
likely than women to own a mobile phone (91 against 85 percent) and to have used the internet 
(NIS, MoH, and ICF 2023). 

Cambodia’s digital policies are recent. The Digital Economy and Society Policy Framework 2021–
2035 rests on two foundations, digital infrastructure and trust, and three pillars: digital citizens, 
digital government and digital businesses (RGC 2021). Policy on AI itself is still taking shape. 
Nationally, the draft National Artificial Intelligence Strategy 2025–2030 names education first 
among its priority sectors for adopting AI, but at the time of writing it had not been adopted (MPTC 
2025). The ministry’s review of the 2023–24 academic year reports progress on digital learning in 
higher education, including an online course network joined by 17 institutions and six new majors 
in digital technology, but does not mention guidance on the use of AI in teaching or assessment 
(MOEYS 2025). A national AI readiness assessment, led by CADT with UNESCO and MPTC, 
recommended investing in teacher training and bringing digital skills into the curriculum. It also 
reported that 12 of 18 public universities actively encouraged lecturers to use AI tools in their 
teaching (UNESCO 2025a). In public administration, a World Bank survey of 60 governments 
found that Cambodia was one of five economies whose self-reported AI adoption was above the 
sample median while their self-reported governance and institutional readiness was below it; the 
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study’s authors present this grouping as approximate (Lundy et al. 2026). Internationally, 
UNESCO’s Recommendation on the Ethics of Artificial Intelligence, adopted by its member 
states in 2021, asks governments to provide AI literacy education at all levels to reduce digital 
divides (UNESCO 2021). None of these documents sets rules for the use of AI in university 
teaching and assessment. They set priorities and principles and leave rules on teaching, 
assessment and academic integrity to each institution. 

This context allows some expectations to be set out before the findings. If generative AI follows 
earlier technologies, its use should be lower in the provinces than in Phnom Penh, lower among 
students without a computer and, given the gender gaps in phone ownership, internet use and 
fields of study, lower among women. Students who work mainly in Khmer may also be at a 
disadvantage, since current models appear to serve Khmer less well than English (Section 2.2). 
Chapter 5 compares the findings with these expectations. 

2.2. Use: from access to depth 

Research on digital inequality separates several levels of divide. The first level concerns access 
to the technology itself (van Deursen and van Dijk 2019). The second, named by Hargittai (2002), 
concerns skills: among people who are all online, some are much better able than others to find 
what they need. Later work extended this second level to differences in what people do online. 
Evidence from the Netherlands showed that once nearly everyone was connected, differences 
reappeared in what people did online, following familiar lines of education and social position 
(van Deursen and van Dijk 2014). A third level concerns outcomes: who gains real benefits from 
use (van Deursen and Helsper 2015). 

Two further points from this research matter directly for Cambodia. The first is about devices. 
Even where nearly everyone has access, material access remains unequal: the range of devices 
a person has shapes skills, uses and outcomes (van Deursen and van Dijk 2019). In Chile, people 
who go online only by mobile phone have lower skills and use the internet in fewer ways than 
those who also have a computer (Correa, Pavez, and Contreras 2020). 

The second point is about language. Large language models work better in languages with plenty 
of training data. An evaluation of ChatGPT on seven tasks in 37 languages, from high-resource to 
extremely low-resource (languages with much or very little digital text), found that it generally did 
worse than models built for each task (Lai et al. 2023). Developers of a model for Southeast Asian 
languages reported that, under the system used by ChatGPT, Khmer text needed many times 
more tokens (the units in which models process text) than English. They also reported that their 
model did much better than ChatGPT-3.5 in Khmer, Lao and Burmese (Nguyen et al. 2023). This 
review found no dedicated test of chatbot quality in Khmer, so the size of the gap is uncertain. 
Still, a student who works mainly in Khmer is plausibly using a weaker tool than one who works 
in English. 

Large surveys now show how widely students use generative AI. A study of 23,218 students in 109 
countries and territories found that, between late 2023 and early 2024, they used ChatGPT 
mainly to brainstorm, summarise texts and find research articles (Ravšelj et al. 2025). A survey 
of more than 8,000 students at four Australian universities found that over 80 percent had used 
generative AI for study tasks and nearly half used it regularly. Most had learned to use it 
informally, not through their institution, and they had little trust in its factual accuracy (Chung et 
al. 2026). 

Evidence from Southeast Asia is growing, but mostly models the intention to use AI rather than 
how much or how well it is used. In a survey of 1,117 students in Indonesia, facilitating 
conditions, such as access to resources and support, were the strongest determinant of the 
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intention to use ChatGPT, and intention in turn predicted use (Habibi et al. 2023). That emphasis 
on the conditions of access is close to the approach taken in this study. 

Recent studies have begun to apply the idea of digital divides to generative AI. Beckman et al. 
(2025) describe a "GenAI divide" among university students and identify novice, cautious and 
enthusiastic users. Among 1,001 college students in the United States, gender, age, field of study 
and type of institution were linked to use. Non-native speakers of English were more likely than 
native speakers to use ChatGPT often for writing (Baek, Tate, and Warschauer 2024). There is less 
evidence on devices and language. In a convenience sample (people chosen because they were 
easy to reach) of 128 students in Uganda, those who used only a smartphone reported lower 
adoption of AI tools than those with a laptop. Internet access added little once device ownership 
was taken into account (Kakooza, Walugada, and Alege 2026). A plausible reason, discussed in 
Section 5.1, is that a phone is less suited than a laptop to sustained reading and writing. This 
review found no study that relates the language in which individual students write their prompts 
to how much they use AI. 

Gender is a commonly reported line of difference, but the evidence is mixed. A survey of 1,041 
undergraduates in the United Kingdom found that men and wealthier students used AI more 
often, and that STEM students were more familiar with AI than those in the arts and humanities 
(Freeman 2025). Among 2,692 students at a Norwegian university college, men reported more 
frequent use and a wider range of uses (Møgelvang et al. 2024). Among 5,894 students in Sweden, 
male students and those in technology and engineering reported higher use (Stöhr, Ou, and 
Malmström 2024). A systematic review of 30 studies concluded that male students generally 
report more frequent use and greater confidence, while female students approach the tools 
more cautiously. However, only a minority of the 30 studies measured how often students used 
AI (Matobobo 2026). The World Development Report 2026 cites a review of 76 studies that put 
the adoption of generative AI tools about 16 percent higher among men than among women in 
2025. It also notes that in low- and middle-income countries, women are 13 percent less likely 
than men to own a smartphone (World Bank 2026). 

Cambodian studies so far report widespread but not always intensive use. About 90 percent of 
370 undergraduates in Battambang said they used AI tools for academic work, but only a third 
did so often (Hoeurng et al. 2024). About 90 percent of 328 university students of English had 
used AI tools, including translation and grammar tools, and some 70 percent had received no 
training in using them (Sol, Heng, and Sok 2025). A survey of 301 students found a moderate level 
of adoption (Huy et al. 2026). Other studies model students’ intention to adopt AI and to keep 
using it. They measure this with agreement scales, not by how often or how widely students use 
AI (Be, Tep, and Long 2026; Lork et al. 2026). 

For this study, the review suggests three choices. Because adoption is already high in Cambodia, 
use should be measured by its depth, combining frequency with breadth, rather than by whether 
students use AI at all. Because devices and language are the least studied lines of difference, 
both should be measured directly, including the language in which students write prompts. And 
because the evidence on gender is mixed and seldom allows for differences in access, gender 
should be examined both in the raw figures and among students with the same access. 

2.3. Skill: AI literacy and the limits of self-report 

Long and Magerko (2020) defined AI literacy as a set of competencies that lets people evaluate 
AI technologies critically, communicate and work effectively with AI, and use AI as a tool. Ng et 
al. (2021), reviewing 30 articles, proposed four aspects: know and understand, use and apply, 
evaluate and create, and ethical issues. International bodies have since issued frameworks. The 
Organisation for Economic Co-operation and Development (OECD) and the European Union 
published an AI literacy framework for schools in 2026, built around four domains: engaging with 
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AI, creating with AI, managing AI and shaping AI. One of its competences is to judge whether AI 
outputs should be accepted, revised or rejected (OECD and European Union 2026). 

Measurement has lagged behind definition. A widely cited questionnaire is the Artificial 
Intelligence Literacy Scale (AILS) of Wang, Rau, and Yuan (2023). It is a twelve-item self-rating 
questionnaire covering four areas: awareness, usage, evaluation and ethics. Others followed, 
among them the Scale for the Assessment of Non-Experts’ AI Literacy, with 31 items on technical 
understanding, critical appraisal and practical application (Laupichler et al. 2023). Most rely on 
self-report. A systematic review of 22 studies that tested 16 scales found thirteen self-report 
scales and only three performance-based ones, which test what people can do. None had been 
tested for validity across cultures (Lintner 2024). Performance tests now exist. One, a test of 
generative AI literacy, predicted performance on AI-supported tasks better than self-reported 
skill did (Jin et al. 2025). 

Confidence and competence can therefore differ. In two samples of undergraduates in the 
United States, many students overestimated what chatbots can do, and those with more 
conceptual knowledge overestimated less (Rismanchian, Babar, and Doroudi 2026). Self-ratings 
also differ by gender: among 377 medical students in Germany, women rated their overall AI 
literacy lower than men did (Laupichler et al. 2024). 

This gap matters in a particular way for generative AI. Chatbots produce fluent text that can be 
wrong. In one test, 55 percent of the citations generated by GPT-3.5 and 18 percent of those 
generated by GPT-4 were fabricated (Walters and Wilder 2023). A user who does not know this 
cannot guard against it, however confident they feel. Checking can be taught. In an experiment 
with 1,368 students in 65 course sections assigned at random, a 90-minute set of online modules 
improved knowledge of generative AI, of prompting and of checking facts and sources. It did not 
improve the evaluation of bias in output (Connell Pensky et al. 2026). 

Two lessons follow for this study. Self-ratings alone cannot show what students know, so they 
should be paired with questions that have a correct answer, focused on errors that matter for 
generative AI, such as fabricated references and the handling of pasted text. And because many 
tested scales are long (31 items in one case) and none has been validated in Khmer, a short 
adapted scale is a practical choice, provided its limits are acknowledged. 

2.4. Rules: academic integrity and institutional policy 

Much of the early debate on generative AI in higher education was about academic integrity (Ying 
2026). International guidance followed. UNESCO’s guidance for generative AI in education and 
research called for a human-centred, age-appropriate approach and for the protection of data 
privacy (Miao and Holmes 2023). Practice in institutions has been uneven: a systematic review 
of 30 studies of university teachers found that general guidelines were lacking (Baggia, Tratnik, 
and Brezavšček 2026). By June 2023, 23 of the world’s 50 top-ranking universities had published 
guidelines on generative AI and assessment. These covered academic integrity, the design of 
assessment and communication with students (Moorhouse, Yeo, and Wan 2023). Drawing on a 
survey of 457 students and 180 teachers and staff in Hong Kong, Chan (2023) proposed that an 
institutional AI policy should cover three dimensions: pedagogy (teaching and learning), 
governance (including privacy and accountability) and operations (including infrastructure and 
training). 

Where policies exist, they are often not understood. Students at two universities in the United 
States recognised the policies set for their own classes but found institutional guidelines unclear 
(Jiang, Xie, and Cao 2025). In a survey of 200 students at a university in Singapore, those who 
understood the guidelines better were more likely to follow them and to declare their use 
honestly (Tan, Qu, and Wang 2025). A scoping review of 38 studies describes students as finding 
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their way through an ethical "grey zone", with notable gaps between their awareness of ethics 
and their actual practice (Ying 2026). The AI Assessment Scale was proposed precisely so that 
lecturers could state the permitted level of AI use for each task (Perkins et al. 2024). 

Students and teachers do not necessarily share the same norms. Barrett and Pack (2023) 
compared 158 students at a university in the United States with 68 teachers from several 
countries. They found only minor disagreement overall, with students more accepting than 
teachers of submitting AI-generated work. About 94 percent of the teachers said their institution 
had no AI policy. A survey of 680 students and 87 educators at universities in Australia, Cyprus 
and the United States found that educators strongly preferred assessments adapted on the 
assumption that AI will be used, while students’ reactions were mixed (Kizilcec et al. 2024). 
Lecturers themselves report being under-prepared. In a survey of 122 faculty members in 
Germany, lack of AI literacy among students and staff was named among the greatest 
challenges, and most wanted professional development (Mah and Groß 2024). A systematic 
review of 30 studies of university teachers found that they use generative AI mainly to prepare 
lessons, give feedback and carry out assessment used to support learning rather than to grade it 
(Baggia, Tratnik, and Brezavšček 2026). Technical enforcement offers no shortcut. In tests in 
2023, tools that claim to detect AI-generated text were neither accurate nor reliable (Weber-
Wulff et al. 2023). In another study, seven detectors wrongly classed essays by non-native 
English writers as AI-generated at an average rate of 61 percent (Liang et al. 2023). The second 
finding is a particular concern where students write in English as a foreign language, as many 
Cambodian students do. 

For this study, the review points to measuring rules from both sides: what students and lecturers 
think is acceptable, and what they believe their institution allows. Asking both groups the same 
questions, as Barrett and Pack (2023) and Kizilcec et al. (2024) did, allows their norms to be 
compared directly. 

2.5. The gap this study addresses 

Three limitations run through the studies reviewed here. Most come from high-income settings, 
many of them English-speaking, and many rely on a single institution or a convenience sample. 
Most study one group, usually students. Most also rely on self-report to measure skill, and ask 
about attitudes to rules without asking what respondents believe the rules are. The Cambodian 
studies share these limits and are small. 

Methods used elsewhere also suggest what to adopt and what to avoid. Studies built on 
technology-acceptance models explain the intention to use AI well but say little about how much 
or how well students use it, so this study measures reported behaviour rather than intention. 
Single-institution and convenience samples limit comparison, so this study draws on many 
institutions, while acknowledging that its sample, too, was not drawn at random. 

The present study covers students and lecturers at more than 20 institutions in a country whose 
national language appears to be less well served by current models than English (Section 2.2). It 
measures use in enough detail to separate depth of use from simple adoption, and pairs self-
rated literacy with tested knowledge. For the same scenarios, it records what both groups find 
acceptable and the rules as they understand them. 

2.6. Analytical framework 

The framework draws on the literature reviewed above and adapts it to the Cambodian context. 
It describes and organises: it shows where differences cluster, not what causes them. It groups 
the characteristics that might explain differences into three layers, each drawn from a strand of 
the review, and links them to three outcomes, one for each objective. 
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• Structural position: location (Phnom Penh or province), institution type, field of study, year 
of study, sex and whether the student is the first in the family to attend university. Research 
on digital divides links use to social position and, less consistently, to gender (Section 2.2); 
in Cambodia, gaps between urban and rural areas and between men and women (Section 
2.1) make location and sex the first to examine. 

• Access quality: the devices available and the main device used for AI, internet reliability, 
affordability and paid subscription, academic English, the language of prompts and the 
length of experience with AI (how long a student has been using it). These follow work on 
material access and mobile-only use (van Deursen and van Dijk 2019; Correa, Pavez, and 
Contreras 2020) and on how well models handle languages with little digital text, such as 
Khmer (Lai et al. 2023; Nguyen et al. 2023). 

• Institutional environment: awareness of a university policy, whether lecturers explain the 
rules, and training received. These follow studies that link understanding of guidelines to 
following them (Tan, Qu, and Wang 2025) and that stress stating the permitted use of AI for 
each task (Perkins et al. 2024). 

The three outcomes are intensity of use (how often and how widely AI is used), AI literacy (self-
rated and tested) and views on acceptable use and the rules. They are treated as linked. Use is 
only as valuable as the skill behind it, and skill is used responsibly only within rules that users 
understand. The framework therefore expects access quality to matter most for use, both access 
quality and use to matter for literacy, and the institutional environment to matter most for clarity 
of rules. Figure 1 summarises the structure. The support that respondents ask for is reported 
alongside the three outcomes but is not analysed with statistical models. 

Figure 1: Analytical framework of the study 

 
Source: Authors. 
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3. Research methodology 

3.1. Research design 

The study is a cross-sectional survey (each person answered once, at one point in time) of two 
groups: students at higher education institutions in Cambodia, and lecturers who teach or have 
taught at such institutions in the past twelve months. The two questionnaires were built side by 
side so that core questions could be compared across groups. The design is quantitative, with 
no interviews. The findings were reviewed at a stakeholder validation workshop (Section 3.6). 
Open comments left at the end of each questionnaire are available but are not analysed in this 
paper. 

3.2. Survey design and administration 

The questionnaires were developed in English and Khmer and revised after two pilot rounds in 
August 2026. The pilots led to a reworded eligibility question for lecturers, symmetrical scales on 
the effects of AI, rephrased skill items, revised knowledge questions and checks on the quality of 
answers, such as a pledge to answer carefully and a fictitious tool in the list of tools; pilot 
answers are not analysed. Both questionnaires cover background, use of AI, skills, views on 
academic integrity, and support and barriers, and the lecturer questionnaire adds sections on 
teaching and assessment and on readiness to train colleagues. 

Institutions were chosen on purpose (purposive selection) to cover public and private institutions 
in Phnom Penh and five provinces (Battambang, Siem Reap, Svay Rieng, Prey Veng and Kampong 
Cham); a few students from Tbong Khmum also responded. The surveys were run online through 
KoboToolbox, from 3 September to 6 October 2026 for students and from 4 September to 1 
October 2026 for lecturers, using an open link sent out through contacts at each institution. 
Respondents may therefore be drawn more from students and staff who are engaged with their 
institution or with digital tools, which may raise the levels of use reported. 

The student survey received 1,796 submissions and the lecturer survey 484. Cleaning removed 
those who did not consent, lecturer-survey respondents who did not teach in higher education, 
one duplicate and students under 18, leaving 1,707 students and 299 lecturers. The analytical 
sample also leaves out those who took under five minutes or gave the same answer to all fifteen 
skill items. It has 1,510 students and 285 lecturers, 93 and 71 percent of the study’s targets, of 
whom 1,485 and 269 had used AI. Twenty-five lecturers resemble those removed as non-
teachers but are kept; leaving them out changes no reported figure by more than about four 
percentage points. 

Tables 1 and 2 describe the analytical samples. Students come from 22 institutions, 12 of which 
contribute 50 or more respondents, and lecturers from 17, 7 of which contribute 20 or more. Two-
thirds of both samples are in Phnom Penh. 
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Table 1: Profile of the analytical sample: students (n = 1,510) 

Characteristic n % 
Sex 
Women 839 55.6 
Men 636 42.1 
Prefer not to say 35 2.3 
Age 
19 or younger 450 29.8 
20-21 708 46.9 
22-23 236 15.6 
24 or older 116 7.7 
Year of study 
Year 1 156 10.3 
Year 2 359 23.8 
Year 3 440 29.1 
Year 4 459 30.4 
Year 5 or above 41 2.7 
Postgraduate 55 3.6 
Field (derived) 
STEM 760 50.3 
Non-STEM 738 48.9 
Not classifiable 12 0.8 
Location 
Phnom Penh 1,011 67.0 
Provinces 499 33.0 
Institution type 
Public 1,220 80.8 
Private 274 18.1 
Not listed 16 1.1 
First in family at university 
Yes 879 58.2 
No 619 41.0 
Unsure 12 0.8 
Academic English 
Very limited or basic 398 26.4 
Intermediate 929 61.5 
Advanced or fluent 183 12.1 
Devices available 
Own smartphone 1,406 93.1 
Own laptop 935 61.9 

Note: "Devices available" allows more than one answer. STEM is based on the reported field of study (IT, engineering, 
mathematics and science, health, agriculture). 
Source: Authors’ survey data, 2026. 
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Table 2: Profile of the analytical sample: lecturers (n = 285) 

Characteristic n % 
Sex 
Women 75 26.3 
Men 209 73.3 
Age 
Under 30 79 27.7 
30-39 100 35.1 
40-49 81 28.4 
50 or older 25 8.8 
Position 
Teaching assistant 28 9.8 
Lecturer 225 78.9 
Senior lecturer or professor 16 5.6 
Other academic or management role 16 5.6 
Highest qualification 
Bachelor’s 52 18.2 
Master’s 203 71.2 
PhD 30 10.5 
Years teaching 
Less than 2 48 16.8 
2-5 69 24.2 
6-10 68 23.9 
11-20 76 26.7 
More than 20 24 8.4 
Discipline (derived) 
STEM 173 60.7 
Non-STEM 111 38.9 
Location 
Phnom Penh 191 67.0 
Provinces 94 33.0 
Institution type 
Public 231 81.1 
Private 47 16.5 
Not listed 7 2.5 
Employment 
Full-time 210 73.7 
Part-time or hourly 75 26.3 
Academic English 
Very limited or basic 21 7.4 
Intermediate 177 62.1 
Advanced or fluent 87 30.5 
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Source: Authors’ survey data, 2026. Note: One lecturer who preferred not to state their sex and one whose discipline could 
not be classified are not shown in those rows. 

The sample is not a probability (random) sample. Institutions were chosen, not drawn, and the 
number of people invited is unknown, so response rates cannot be calculated and no weights 
are applied. National figures for 2023–24 give a rough check. Women make up 55.6 percent of 
the students, close to their national share (52.5 percent), and 10.5 percent of the lecturers hold 
a doctorate, against 11.1 percent of staff at institutions under MOEYS. Students in STEM fields 
(50.3 against 33.8 percent, although definitions may differ) and full-time lecturers (73.7 percent, 
against about a third) are over-represented (MOEYS 2025). 

3.3. What was measured and how 

Appendix A gives the wording of the survey items (Appendix Table A1), and Appendix Table C3 
gives the two knowledge items in full. 

Three measurement decisions need explanation. First, the intensity grouping combines 
frequency of use with breadth (the number of purposes). The nine purposes of use rise and fall 
together closely (Cronbach’s alpha 0.81, a measure of how consistently items move together), 
so their number serves as a summary of breadth. Differences in particular purposes, such as 
coding among IT students, are reported where relevant. Weekly use marks a habit, and three 
purposes is the first value above the median (middle) breadth of two. The grouping is a descriptive 
tool, and the models are also run on the simpler yes/no measure. 

Second, the fifteen self-rated literacy items come from two sources. Ten were adapted from AILS 
(Wang, Rau, and Yuan 2023). This scale was chosen because it is short, written for general users 
rather than specialists, and covers four areas: awareness (D1–D3), usage (D4–D5), evaluation 
(D7–D8) and ethics (D9–D11). Two of the twelve AILS items were not used: one on using AI to work 
more efficiently (US_5) and one on choosing among the solutions offered by a smart agent (EV_3). 
The wording was adapted to study and teaching, and the response scale was shortened from 
seven points to five. After the pilots, the three negatively worded AILS items were rephrased 
positively in the student questionnaire. AILS was written before generative AI became widely 
available and has no items on checking output or on prompting. Five items were therefore written 
for this study: judging the accuracy of AI information (D6), checking AI answers against other 
sources and before use (D12, D13), giving an AI tool enough context and clear instructions (D14), 
and deciding when an answer should be accepted, improved or rejected (D15). They follow the 
competences on evaluating and guiding AI output in the OECD and European Union framework 
(OECD and European Union 2026). Among students, the ten adapted items and the five new ones 
each hang together well (alpha 0.82 and 0.78). The two sets are linked (correlation 0.62) and are 
combined in one index. In the lecturer questionnaire, two AILS items (D3, D5) and one new item 
(D13) were still negatively worded. Two of these are reverse-scored in the index, so that a higher 
score always means more skill. The third (accepting AI output that cannot be verified) was only 
weakly linked to the other items (item-rest correlation 0.13) and is left out. Neither AILS nor the 
adapted version has been validated in Khmer. 

Third, two knowledge items were written for this study to test points that the self-rating items 
cover: checking a reference supplied by AI (D16) and knowing who can see text pasted into a tool 
(D18). Only students were asked them. The two items are almost unrelated to each other 
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(correlation 0.05), so they are reported one by one rather than added into a score. Two items 
cannot measure AI literacy as a whole; they show what students know on two specific points. 
D18 treats "me and the company that operates the AI tool" as the correct answer. Whether and 
how a company stores or reviews pasted text depends on the provider and on the user’s settings. 
The item is therefore best read as a measure of awareness that pasted text leaves the user’s 
control. 

3.4. Analytical strategy 

The analysis has four stages. The first describes use, skill, norms and perceived rules and 
compares students with lecturers on the questions asked of both (two-sample tests of 
proportions). The second asks which students are frequent and intensive users. It compares 
students who are alike in every other characteristic measured, using a logistic regression (a 
model for a yes/no outcome) for frequent use and a multinomial logistic regression for the three 
intensity groups. The third does the same for self-rated literacy (an ordinary least squares 
regression) and the two knowledge items. The fourth sets own views against perceived rules, 
measures agreement within institutions on whether a policy exists, and asks what goes with 
seeing no clear rule. 

The models use the 1,193 student AI users who answered every question they include (Appendix 
Tables B1–B4). Most of those left out were unsure whether they had received training; treating 
"unsure" as a separate category leads to the same conclusions (Section 4.7). Standard errors are 
clustered by institution and were also recalculated leaving out one institution at a time. No 
conclusion about frequent use or the clarity of rules changes, but three other results lose 
statistical significance (private institution in Table B2; year 2 in the self-rating model and 
experience in the privacy-knowledge model in Table B3) and are treated as tentative, as are 
results significant only at the 5 percent level. Results describe associations among otherwise 
similar students, not causes. Lecturers are too few for such models and are reported 
descriptively. Analyses were run in Python. 

3.5. Ethics and data protection 

Taking part was voluntary. Each questionnaire began with information about the study, its 
purpose and how the data would be used, followed by a consent question. The introduction told 
respondents that taking part was voluntary and that they could stop at any time; that their 
answers were confidential and that their university, lecturers, colleagues or classmates would 
never see individual answers; and that results would be published only as group totals, with no 
individual named. The lecturer questionnaire added that no institution would be identified in the 
results. Respondents who did not consent were taken to the end of the form.  

Names, telephone numbers, device identifiers, timestamps and "please specify" answers were 
removed before analysis. The analysis files are held by CDRI, and only the research team has 
access to them. Institutions are not named in this paper. Results for individual institutions are 
shown only for institutions with at least 50 student or 15 lecturer respondents, without the 
number of respondents at each. No result is shown for a subgroup of fewer than five lecturers.  
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3.6. Stakeholder validation 

The draft findings and recommendations were reviewed at a validation workshop on 16 October 
2026 with 17 participants from public and private universities and institutes. After a presentation 
of the findings, participants rated their agreement with each finding from 1 to 10 in an anonymous 
online poll, discussed the findings with the lowest or most divided scores, and chose the three 
recommendations they considered most urgent. The finding that drew most doubt was that most 
students know to check a reference supplied by AI (mean agreement 3.8 out of 10); demand for 
training and the barriers of cost and Khmer drew most agreement (8.4 and 8.2). The workshop 
was a check on how the findings read to people who work in the institutions concerned, not a test 
of them: where participants doubted a finding, the paper reports their view beside it, and no 
estimate was revised. 

 

4. Key findings 

The findings follow the three objectives. Section 4.1 describes how AI is used, and Section 4.2 
examines who uses it in depth. Section 4.3 compares self-rated literacy with tested knowledge. 
Section 4.4 compares what students and lecturers find acceptable, and Section 4.5 examines 
how clear the rules appear. Section 4.6 reports the support that both groups ask for, and Section 
4.7 the robustness checks. 

4.1. How AI is used 

4.1.1. Adoption, tools and plans 

Among respondents, almost everyone uses AI. Of the students in the analytical sample, 98.3 
percent have used an AI tool for their studies. Of the lecturers, 94.4 percent have used one for 
academic or professional work. Only 25 students and 16 lecturers have not. More than half of 
student users (55.0 percent) have used AI for over a year, and 92.1 percent of them believe that 
most or almost all of their classmates use it. 

Two products are used far more than any others (Figure 2; Appendix Table C1 gives the full 
comparison). ChatGPT is used by 89.4 percent of student users and 90.0 percent of lecturer 
users, and Google Gemini by 83.6 and 90.0 percent. Translation tools come third (44.6 and 56.1 
percent). Lecturers use a wider range of tools: 3.94 on average, against 3.13 for students. They 
are also about twice as likely to use Microsoft Copilot or Grammarly.  
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Figure 2: Selected indicators of AI use, students and lecturers (AI users) 

 
Source: Authors’ survey data, 2026. Note: The quality item asked students about their academic work and lecturers about 
their teaching materials. Full comparison in Appendix Table C1. 

The largest difference between the groups is in payment. Among students, 95.1 percent use free 
versions only. In addition, 41.6 percent say they cannot afford paid versions and a further 22.7 
percent do not know what they cost. Among lecturers who use AI, 30.9 percent have a paid plan, 
and of those 83 lecturers, 95.2 percent pay from their own pocket. A quarter of students (24.8 
percent) say the free versions are not enough for their study needs. Access has thus come largely 
through free tools and personal spending rather than through institutions. 

4.1.2. Frequency, devices and language 

Lecturers use AI more often than students (Figure 3). Among users, 32.0 percent of lecturers and 
19.7 percent of students use it daily, and 62.1 and 46.2 percent use it several times a week or 
more. At the other end, 17.3 percent of students use it rarely or never, against 3.7 percent of 
lecturers. 
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Figure 3: Frequency of AI use among students and lecturers (AI users) 

 
Source: Authors’ survey data, 2026. Note: A few student users (0.7 percent) chose "never" for their current frequency of use. 

For students, AI is used mainly on the phone. Of all 1,510 students in the sample, almost all own 
a smartphone (93.1 percent) and 61.9 percent own a laptop. Yet among student AI users, 75.5 
percent name the smartphone as their main device for AI, and only 21.3 percent the laptop. 
Among all students, most connect through mobile data (83.7 percent); 54.4 percent use campus 
Wi-Fi and 37.2 percent home Wi-Fi. Just over half (54.4 percent) say their internet access is 
usually or very reliable. 

Students divide almost evenly by language. About a third prompt mostly in Khmer (34.5 percent), 
a third mostly in English (34.1 percent) and a third in both (30.8 percent). Lecturers lean towards 
English: 48.0 percent prompt mostly in English and 22.3 percent mostly in Khmer. This matches 
English ability: 30.5 percent of lecturers and 12.1 percent of students rate their academic English 
as advanced or fluent. Because students rely so heavily on phones and many work in Khmer, 
what they can do with AI may depend on how well the tools work on a small screen and in Khmer. 

4.1.3. Purposes 

Students use AI mainly to understand and to translate (Figure 4). More than half (55.6 percent) 
often or always use it to search for or explain information, and 47.5 percent to translate between 
Khmer and English. Editing their own text comes next (36.7 percent). Uses that come closer to 
producing assessed work are less frequent but far from rare: 28.7 percent often or always use AI 
to draft parts of an assignment, and 29.6 percent to prepare for quizzes or exams. Coding or data 
analysis is the least common purpose (17.6 percent), and 30.9 percent never use AI for it. The 
drafting figure is students’ own report of a use that bears on academic integrity, and it is likely to 
understate it. Participants at the validation workshop also described a practice that the survey 
did not ask about separately: pasting AI output into assignments with little change. 
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Figure 4: Purposes for which students use AI often or always (n = 1,485) 

 
Source: Authors’ survey data, 2026. 

Lecturers were asked about five work tasks. Weekly or more often, 63.2 percent use AI for 
research or academic writing, 59.9 percent for preparing lectures or teaching materials, 50.2 
percent for translation, 34.6 percent for administrative work and 23.8 percent for coding or data 
analysis. For both groups, most use supports understanding, preparation and translation; using 
AI to draft assessed work is less common but not rare, and it is where questions about rules arise 
(Section 4.4). 

4.1.4. Perceived benefits, outlook and barriers 

Both groups report clear benefits. Among student users, 94.1 percent say AI helps them finish 
coursework faster and 83.7 percent say it has improved the quality of their work. However, only 
18.2 percent describe the improvement as "significant". Lecturers are more strongly positive: 
92.6 percent say AI has reduced their workload and 38.3 percent that it has significantly improved 
their teaching materials. In each group, about seven in ten say that getting a useful result takes 
"some trial and error". 

Lecturers are positive about AI but not relaxed. Asked how they feel about the pace of AI 
development, 43.5 percent say they are excited and well prepared, and 54.3 percent interested 
but overwhelmed. Six in ten (60.2 percent) expect AI to make teachers more valuable over the 
next five years, while 21.6 percent expect it to reduce the value of, or need for, human teachers. 
Asked whether AI is helping student learning more than harming it, lecturers divide between 
agreement (47.0 percent) and neutrality (47.7 percent). Most notice errors: 66.5 percent 
occasionally spot factual errors or hallucinations in AI output, and 23.8 percent do so frequently 
or almost always. 

Asked to name up to three barriers, both groups put cost first and Khmer second (Figure 5). The 
cost of paid tools is named by 59.7 percent of students and 71.6 percent of lecturers, and tools 
that do not work well enough in Khmer by 51.9 and 45.6 percent. Third for students is the cost 
and reliability of the internet (40.4 percent), and third for lecturers is a lack of technical skills 
(34.4 percent). Few respondents see no need for AI (4.4 percent of students and 1.1 percent of 
lecturers). Few students name a device that is not powerful enough (8.2 percent) or a lack of clear 
university guidance (10.4 percent) as a barrier. Among students, cost is named most often by 
those who already use AI most: 76.3 percent of those whose main device for AI is a laptop and 
67.6 percent of frequent users. For them, cost appears to limit how deeply they use AI rather than 
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whether they use it, although heavy users may also simply know more about what paid versions 
offer. Respondents thus see cost and the performance of tools in Khmer, more than devices or 
unclear rules, as what holds them back. 

Figure 5: Biggest barriers to using AI, students and lecturers 

 
Source: Authors’ survey data, 2026. Note: Respondents could select up to three barriers. Wording differed slightly between 
the two questionnaires; lecturers were asked about barriers to using AI in teaching. 

4.2. Depth of use: who uses AI most 

If nearly everyone uses AI, the differences that matter are in how much they use it. Using the 
groups defined in Sections 1.4 and 3.3, 29.2 percent of student users are occasional users, 27.3 
percent focused and 43.5 percent intensive. The groups differ in what they bring to the tool. 
Among intensive users, 72.0 percent own a laptop and 23.1 percent prompt mostly in Khmer; 
among occasional users the figures are 51.2 and 46.5 percent. Intensive users are also the most 
likely to draft with AI: 51.1 percent often or always use it to draft parts of an assignment, against 
14.7 percent of occasional users. This is partly built into the grouping, since drafting is one of the 
purposes counted. Frequent or intensive use is not in itself a good outcome, and the survey 
cannot show whether it improves learning. The concern in this section is that the chance to use 
AI intensively is unevenly spread. 

4.2.1. Differences between subgroups 

Figure 6 shows frequent use for different groups of students. Four patterns stand out. Frequent 
use differs by location: 51.6 percent of students in Phnom Penh are frequent users, against 35.4 
percent in the provinces. It differs more by device: 65.7 percent of students whose main device 
for AI is not a smartphone (mostly a laptop) are frequent users, against 39.9 percent of those who 
rely on a smartphone. It differs by language: frequent use is 57.0 percent among students who 
prompt mostly in English, 47.9 percent among those who use both languages and 33.5 percent 
among those who prompt mostly in Khmer. And it differs most of all by experience: 17.6 percent 
of those who started within the past six months are frequent users, against 69.3 percent of those 
with more than two years of use. 
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Some expected differences do not appear. Students at public and private institutions use AI 
equally often (46.1 and 45.8 percent). Women and men differ little in the raw figures (45.2 and 
47.4 percent). Lecturers show no gap by location: 62.1 percent of lecturer users in Phnom Penh 
and the same share in the provinces use AI several times a week or more, although the provincial 
group is small (87 lecturers who use AI). 

Figure 6: Frequent AI use among students by subgroup (student AI users, n = 1,485) 

 
Source: Authors’ survey data, 2026. Note: Frequent use = several times a week or daily. The vertical line marks the average 
for all student users. 

Field of study shows the same pattern more sharply (Figure 7). Almost every student has used AI, 
whatever their field (96 to 100 percent). But frequent use ranges from 66.3 percent in IT and 
computer science to 25.4 percent in law and public administration. The figure for medicine and 
health (63.0 percent) is close to that for IT, but rests on 27 students and should be treated with 
caution. The usual split between STEM and other fields (52.3 against 40.0 percent) is largely due 
to IT. Students of engineering and architecture (39.6 percent) and of mathematics and the 
sciences (39.8 percent) are no more likely to be frequent users than students of business (41.3 
percent) or of languages and the humanities (44.6 percent). Different kinds of students study 
different fields. Nine in ten IT students own a laptop, and 14.8 percent prompt mostly in Khmer. 
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Among law students, most of whom study outside Phnom Penh, 41.2 percent own a laptop and 
64.0 percent prompt mostly in Khmer. When students who are alike in location, device, prompt 
language, experience and the other characteristics are compared, the differences between fields 
become smaller. IT’s lead over business falls from 25 to about 9 points, and none of the 
differences can be clearly told apart from chance (Appendix Table C5). Device and prompt 
language may themselves partly follow from field, so this comparison may understate what field 
contributes. Field matters more for what students use AI for. Half of IT students (50.4 percent) 
often use it for coding or data analysis, against 26.1 percent in mathematics and the sciences 
and 12.3 percent or less in every other field. 

Figure 7: Frequent AI use by field of study, and the access of students in each field (student AI 
users) 

 
Source: Authors’ survey data, 2026. Note: Numbers of student AI users in brackets. The vertical line marks the average for 
all student users (46.2 percent). Education, social sciences and other fields are combined because each is small. See 
Appendix Table C5. 

Location and device add to each other (Figure 8). Among students in Phnom Penh who own a 
laptop, 57.6 percent are frequent users. Among provincial students without one, the figure is 25.9 
percent. The disadvantages also tend to occur together (Figure 9). Four of them were counted: a 
provincial campus, a smartphone as the main device for AI, prompting mostly in Khmer and no 
laptop. Of the 237 students with none, 70.5 percent are frequent users. The share falls to 55.9 
percent with one (n = 383), 42.4 percent with two (n = 417), 30.8 percent with three (n = 321) and 
22.8 percent with all four (n = 127). Three in ten students have three or four of these 
disadvantages. This count is a raw comparison: it does not take experience into account, and 
two of the four markers concern devices and overlap. 
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Figure 8: Frequent AI use among students by location, laptop ownership and prompt language 
(n = 1,485) 

 
Source: Authors’ survey data, 2026. 

Figure 9: Frequent AI use by number of disadvantages (student AI users) 

 
Source: Authors’ survey data, 2026. Note: Disadvantages counted are a provincial campus, a smartphone as main device 
for AI, prompting mostly in Khmer and not owning a laptop. Two of the four concern devices and partly overlap. 

4.2.2. Comparing like with like: what goes with frequent use 

The characteristics in Figure 6 overlap. For example, students in the provinces are more likely 
than those in Phnom Penh to rely on a smartphone (85.8 against 70.3 percent) and to prompt 
mostly in Khmer (45.5 against 29.1 percent). Figure 10 therefore compares students who are alike 
in all the other characteristics measured. It uses a statistical model of the 1,193 students with 
complete answers (the full model is in Appendix Table B1). Among otherwise similar students, 
those studying in Phnom Penh are 10.1 percentage points more likely to be frequent users than 
those studying in a province. Relying on a smartphone as the main device for AI goes with a 
chance 11.6 points lower, and owning a laptop with a chance 5.2 points higher. Each step up the 
five bands of experience goes with a chance 13.3 points higher. A paid plan goes with a chance 
16.6 points higher, although few students have one and this result is tentative. Prompting mostly 
in Khmer goes with a chance 5.6 points lower. Each of these differences remains after the others 



Research Report, October 2026 

23 

are taken into account, although the laptop difference holds up least well in the checks (Section 
4.7). Institutions account for only about 6 percent of the variation in frequent use (intraclass 
correlation 0.06). 

Two results differ from the raw comparisons. In the raw figures, women are as likely as men to be 
frequent users, but women have weaker access. Among women, 82.3 percent mainly use a 
smartphone for AI, against 66.5 percent of men, and 58.4 percent own a laptop, against 67.9 
percent of men. Among students who are alike in device, experience and the other 
characteristics, women are more likely than men to be frequent users, by 6.6 percentage points. 
This is a difference at equal access, not a higher rate of use among women overall. Nor is it 
explained by field of study. A smaller share of women than of men study a STEM field (39.5 against 
65.6 percent), but within each group the shares of frequent users are close: 53.8 percent of 
women and 50.7 percent of men in STEM fields, and 39.6 and 41.5 percent in other fields. The 
difference at equal access remains (5.4 percentage points) when the ten field categories of 
Appendix Table C5 replace the STEM indicator. On daily use, men are ahead in the raw figures 
(23.2 against 16.7 percent). Among students with the same access, the difference is less than 
one percentage point (not shown in the tables). 

Self-rated English is strongly linked to frequent use when looked at alone. Yet it makes no 
difference of its own once device, location, experience and prompt language are taken into 
account. The language of prompts explains part of this, and access and experience the rest. 
Institution type, field, year of study, being the first in the family at university, internet reliability 
and university training make no clear difference. 

Figure 10: Differences in the chance of frequent use among otherwise similar students 
(average marginal effects) 

 
Source: Authors’ calculation. Note: Logistic regression, N = 1,193; standard errors clustered by institution. Lines show 95 
percent intervals; filled markers show differences unlikely to have arisen by chance. Year of study is included in the model 
but not shown. Full results in Appendix Table B1. 
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4.2.3. From occasional to intensive use 

Appendix Table B2 applies the same comparison to the three intensity groups, using a model 
designed for more than two groups. It separates two steps: from occasional to focused use, and 
from occasional to intensive use. Length of experience matters for both. Relying on a smartphone 
and prompting mostly in Khmer go with a lower chance of intensive use, but make no clear 
difference to focused use. A paid plan and more reliable internet point towards intensive use, but 
these differences are small enough to have arisen by chance. Apart from experience, only 
institution type separates focused from occasional users: students at private institutions are less 
often focused users. This result rests on few private institutions and can no longer be clearly told 
apart from chance when the margins of error are recalculated leaving out one institution at a 
time, so it is given little weight here. Among students with the same experience, broad, intensive 
use goes with better access. Because the survey was conducted once, these are differences 
between students, not paths that individual students follow. 

Figure 11 uses the models to give predicted chances for a few typical students. For an otherwise 
typical third-year student in Phnom Penh who has a laptop and prompts in English or both 
languages, the predicted chance of being a frequent user is 63.5 percent. For the same student 
in a province, without a laptop and prompting mostly in Khmer, it is 37.9 percent. If that student 
had also been using AI for only three to six months, it falls to 13.9 percent. All five profiles are 
women who use a smartphone as their main device for AI. For an otherwise identical man with 
the same access, the predicted chances are about 4 to 8 percentage points lower. 

Figure 11: Predicted chance of frequent use for illustrative students 

 
Source: Authors’ calculation. Note: Third-year woman in a non-STEM field at a public institution, first generation at 
university, intermediate English, usually reliable internet, free plan, smartphone as main device for AI, one to two years of AI 
use and no university AI training, unless stated otherwise. 

4.3. Skill: self-rated literacy and tested knowledge 

4.3.1. How students and lecturers rate themselves 

Figure 12 shows the share agreeing with each item; Appendix Table C2 groups the items by what 
they measure and by source, and gives the average scores. On a five-point scale, students’ 
average self-rated literacy is 3.61 (standard deviation 0.44) and lecturers’ is 3.74 (0.39). Students 
rate themselves highest on checking and caution. Some 82.6 percent agree that they are alert to 
the misuse of AI, 82.2 percent that they check whether an AI answer is correct before using it, 
and 77.4 percent that they check answers against other sources. They are less sure of their own 
judgement: 40.4 percent agree that they can judge whether information from an AI tool is 
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accurate, and 54.1 percent neither agree nor disagree. Answers to the two items on recognising 
AI in products were mostly neutral, so they are not interpreted. 

Lecturers rate themselves higher than students on almost every item that can be compared. The 
gap is clearest on following ethical principles (91.8 percent agree, against 67.9 percent of 
students) and on confidence in checking accuracy (62.1 percent of lecturers on a similarly 
worded item, against 40.4 percent of students). The two groups rate themselves equally on 
writing prompts that give enough context (66.2 and 66.4 percent). 

Figure 12: Agreement with the self-rated AI literacy items, students and lecturers (AI users) 

 
Source: Authors’ survey data, 2026. Note: Lecturer items D3, D5 and D13 were negatively worded and are not comparable. 
Full wording and means in Appendix Table C2. 

4.3.2. What students know 

Students were then asked two questions that have a correct answer (Figure 13; Appendix Table 
C3). Three-quarters (75.1 percent) know that the first thing to do with a reference supplied by an 
AI tool is to check that it exists; 15.2 percent would ask the same AI tool whether it is correct. 
Fewer than half (45.9 percent) know that the company that runs an AI tool can see text pasted 
into it; 35.2 percent believe only they can see it. 
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Across the two items, 35.5 percent of students answer both correctly, 50.0 percent one and 14.5 
percent neither. The contrast suggests that students are better informed about what they can 
see go wrong, such as a reference that does not exist, than about what stays hidden, such as 
where pasted text goes; the privacy result rests on a single question. Knowing the right first step 
is not the same as taking it: the reference question asked what students should do, not what they 
did (Section 5.2). 

Figure 13: Answers to the two knowledge questions (student AI users) 

 
Source: Authors’ survey data, 2026. Note: Incorrect combines the two wrong options for each question. Full distribution in 
Appendix Table C3. 

4.3.3. Self-rating and knowledge compared 

Figure 14 places two self-rating items beside the knowledge item on the same topic. On checking 
sources, the two measures agree: 77.4 percent say they check AI answers against other sources 
and 75.1 percent know that the first step with an AI-supplied reference is to check that it exists. 
On privacy, they do not: 69.1 percent say they pay attention to privacy and data-security risks, 
but 45.9 percent know who can see pasted text. Among those who say they pay attention, 50.3 
percent answer correctly, against 35.9 percent of the others. 

Figure 14: Self-rated practice and tested knowledge on two matched topics (student AI users, n 
= 1,485) 

 
Source: Authors’ survey data, 2026. 

Self-ratings do carry real information. The share of students who answer both items correctly 
rises from 18.8 percent in the quarter with the lowest self-ratings to 49.3 percent in the quarter 
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with the highest. The share who know who can see pasted text rises from 30.6 to 56.7 percent. 
Even so, the link is modest. The correlation between the overall self-rating score and the number 
of correct answers is 0.21, and even in the highest quarter more than four in ten students do not 
know that the company running a tool can see what they paste. 

Self-rated skill also goes with the benefits that students report. From the lowest to the highest 
quarter of self-ratings, the share who say AI helps them finish coursework much faster rises from 
39.8 to 76.3 percent (57.2 percent of all student users), and the share who report a significant 
improvement in the quality of their work from 13.1 to 29.5 percent. The lowest quarter is also the 
most likely to say that AI has made their work worse (13.1 percent, against 3.9 to 5.3 percent in 
the other three quarters). Both measures are students’ own reports, and the survey cannot say 
which comes first: students who gain more from AI may grow more confident, or more skilled 
students may gain more. These are not measures of learning, the third-level question of who 
benefits that the survey cannot answer (Section 2.2). They do suggest that, in students’ own eyes, 
AI gives most to those who are most confident in using it. 

4.3.4. Who rates themselves higher, and who knows more 

Appendix Table B3 compares like with like for self-rated literacy and for each of the two 
knowledge items. Self-ratings are higher among students who use AI more often and for longer, 
who rate their academic English higher and who have reliable internet. They are lower among 
students who prompt mostly in Khmer. Together, these characteristics explain about a fifth of 
the differences between students (R² = 0.222). Women rate themselves 0.07 points lower than 
men on the five-point scale, although, as Section 4.2 showed, they are as likely as men to be 
frequent users. Students in years 3 and 4 rate themselves 0.11 to 0.14 points lower than first-year 
students (the year-2 difference is tentative). 

Knowledge is much harder to explain from the characteristics measured, which account for 
almost none of the differences between students (pseudo R² of 0.028 and 0.049). For both items, 
there is a clear link with self-rating. A student whose self-rating is one standard deviation higher 
(0.44 points on the five-point scale) is about 4 percentage points more likely to answer the 
reference question correctly and about 7 points more likely to answer the privacy question 
correctly. Reliable internet goes with knowing to check a reference, and longer experience of AI 
goes with knowing who can see pasted text, although this last result is tentative (Section 3.4). 
Sex, location, institution type, field and English make no clear difference to either item. Nor does 
frequency of use, among students with the same self-rating. Knowing to check a reference varies 
little by location, device or language. Privacy knowledge is less even in the raw figures: 55.2 
percent of students whose main device is not a smartphone answer correctly, against 42.8 
percent of those who mainly use a phone. Among otherwise similar students, however, the 
difference is small enough to have arisen by chance. Students who report formal university 
training on AI do not rate their skills higher and are no more likely to answer either item correctly 
(Section 4.6). 

4.4. Norms: where students and lecturers draw the line 

Both questionnaires described four uses of AI by a student. They asked, first, how acceptable 
each use is as academic practice and, second, whether the university currently allows it. 
Appendix Table C4 gives the full results for both groups. Students were asked about their own 
use and lecturers about use by students; this may explain part of the differences reported below. 

4.4.1. Agreement on low-stakes uses, disagreement on assessed work 

Two uses are not in dispute. Fewer than 5 percent of either group consider it "not acceptable" to 
use AI to explain a difficult concept, or to translate sources or one’s own writing. Most 
respondents choose "acceptable" or "depends", and lecturers lean more towards "depends". 
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The groups differ on the two uses that involve assessed work (Figure 15). Using AI to write 
substantial parts of an assignment submitted as one’s own is not acceptable to 41.8 percent of 
lecturers and 29.5 percent of students. Using AI to answer questions in a take-home exam or 
online quiz is not acceptable to 47.4 percent of lecturers and 24.5 percent of students, a gap of 
23 percentage points. One in five students (20.5 percent) considers the exam use clearly 
acceptable, against 7.4 percent of lecturers. 

Figure 15: Share saying each use of AI by students is "not acceptable" (students n = 1,510; 
lecturers n = 285) 

 
Source: Authors’ survey data, 2026. 

Lecturers do not agree among themselves either. On both contested uses, about four in ten 
lecturers answer "depends". "Depends" is also the most common student answer for every 
scenario except translation. For the uses that matter most to academic integrity, neither group 
has a settled shared view. Disagreement is therefore concentrated on assessed work, which is 
where rules most need to be agreed rather than assumed. 

4.4.2. Views, perceived rules and behaviour 

Views on what is acceptable and beliefs about the rules are related, but far from identical. Among 
students who believe their university does not allow AI to write substantial parts of an 
assignment, 43.7 percent consider the practice not acceptable; among those who believe it is 
allowed, 8.2 percent do. At the same time, 21.6 percent of all students consider this practice 
acceptable, or acceptable depending on circumstances, while believing that their university 
forbids it. For take-home exams, the share is 27.2 percent. For these students, the rule as they 
understand it and their own view diverge. 

Views are also linked to reported behaviour. Among students who consider AI-written 
assignments acceptable, 40.1 percent often or always use AI to draft parts of an assignment, 
compared with 21.2 percent of those who consider it not acceptable. The survey cannot show 
which way this link runs, but where many students do not share a rule, enforcement alone may 
be hard. 

4.4.3. How lecturers are responding 

Lecturers report that they have adapted. Among lecturers who use AI, 69.9 percent agree that 
they have set clear ground rules with their students, 85.5 percent that they encourage 
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appropriate use, and 50.6 percent that they have changed how they design assessments 
because of student AI use. What they allow varies: explaining concepts (72.5 percent), 
brainstorming or outlining (56.1 percent), translation (55.8 percent), drafting content (39.0 
percent) and grammar or editing (38.3 percent); 15.6 percent have no set rule. Grammar or 
editing is allowed about as often as drafting, although it is the more limited use; some lecturers 
may see it as needing no permission. Two-thirds of all lecturers (66.0 percent) are confident that 
they can recognise AI-generated student work, and 49.4 percent of lecturers who use AI (n = 269) 
use AI-detection tools at least sometimes. Lecturers also use AI in assessment themselves: 75.5 
percent use it at least sometimes to create assessments and 49.8 percent to help mark or give 
feedback. Some 14.9 percent have entered sensitive student data into an AI tool at least 
sometimes, and a few more say they did not realise this was a privacy risk. 

Most lecturers also work under an expectation that they will use AI. Of lecturer users, 39.8 
percent say colleagues or department heads officially encourage it and 46.1 percent that it is 
informally expected; 1.1 percent say it is discouraged. Seven in ten (70.3 percent) are 
encouraged or expected to use AI but know of no formal written policy on it, and even among 
those whose use is officially encouraged, only 28.0 percent know of one. 

Lecturers’ own use of AI goes with how they judge students’ use. Among lecturers who often use 
AI to help mark or give feedback (n = 42), 23.8 percent consider it acceptable for a student to write 
substantial parts of an assignment with AI, against 4.4 percent of those who rarely or never do so 
(n = 135). Fewer of them consider AI use in a take-home exam not acceptable (31.0 against 53.3 
percent). How often lecturers use AI overall makes no clear difference to whether they consider 
take-home exam use not acceptable (46.7 percent of frequent users and 48.0 percent of others). 
Lecturers who agree that they tend to accept AI output they cannot verify (20.1 percent; this item 
is left out of the literacy index, Section 3.3) are similarly more lenient: 31.5 percent of them 
consider AI use in a take-home exam not acceptable, against 57.8 percent of those who disagree. 
These differences are statistically significant, but the groups are small and the paper makes 
many comparisons, so they should be read as tentative. The survey also cannot show which 
comes first. 

Students and lecturers agree on how common problematic use is. One in five in each group (20.0 
percent of students, 20.7 percent of lecturers) say it is common or very common for students in 
their programme to use AI in ways lecturers would not approve of. 

4.5. Rules: how clear they appear 

4.5.1. Awareness of a policy 

Few respondents know of a written policy. Asked whether their university has issued clear, 
official rules on student AI use, 21.5 percent of students say there is a formal written policy, 52.0 
percent informal verbal guidance, 11.7 percent nothing at all, and 14.8 percent do not know. 
Lecturers answer in a similar way: 17.2 percent report a formal written policy, 41.1 percent 
informal guidance, 14.4 percent a policy in preparation, 11.2 percent nothing at all, and 16.1 
percent do not know. In the classroom, 33.2 percent of students say lecturers have explained 
what is and is not acceptable in almost all their classes, 57.6 percent in only a few, and 9.1 
percent rarely or never. 

4.5.2. Disagreement within institutions 

Whether a university has a formal written policy is a matter of fact, so students at the same 
university should give the same answer. They do not (Figure 16). Across the 12 institutions with 
at least 50 student respondents, the share reporting a formal written policy ranges from 10.3 to 
42.9 percent, and it does not reach half in any institution. In every one, a sizeable group says the 
guidance is only verbal and some say there is nothing at all; between 8 and 22 percent do not 
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know. The most common answer in each institution is given by between 42 and 66 percent of its 
students. The institution a student attends explains only about 6 percent of the variation in 
whether they report a formal policy (intraclass correlation 0.06). 

Figure 16: Whether the university has rules on AI use, as reported by students at twelve 
institutions 

 
Source: Authors’ survey data, 2026. Note: Institutions with 50 or more student respondents (between 55 and 165 each), 
ordered by the share reporting a formal written policy. Institutions are not named and their sizes are not shown. 

Lecturers at the same institutions are no more consistent. In the institutions with at least 15 
lecturer respondents, between none and 29 percent report a formal written policy. If a written 
policy exists at any of these universities, most of the people it applies to do not know about it. 
The survey cannot tell whether such policies exist but have not reached students and staff, or do 
not exist (Section 5.6). 

4.5.3. Uncertainty about specific uses 

The second set of scenario questions shows what this means in practice (Figure 17). For the two 
low-stakes uses, most students believe the university allows them (63.7 and 66.3 percent). For 
the two contested uses, beliefs split three ways. For writing substantial parts of an assignment, 
42.3 percent of students think it is not allowed, 19.3 percent think it is allowed, and 38.4 percent 
say there is no clear rule or that they do not know. For take-home exams, the figures are 48.5, 
17.0 and 34.5 percent. In all, 47.4 percent of students see no clear rule on at least one of the two 
contested uses, and 60.0 percent on at least one of the four. 
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Figure 17: What respondents believe their university allows, for four uses of AI by students 

 
Source: Authors’ survey data, 2026. Note: Full results, including respondents’ own views, in Appendix Table C4. 

Lecturers are more uncertain than students. For every scenario, they are more likely to say that 
there is no clear rule or that they do not know, by between 6 and 15 percentage points. In all, 55.8 
percent see no clear rule on at least one contested use. Lecturers are presumably better placed 
than students to know whether a rule exists; their answers may mean that in many cases it does 
not, or that the rules have not reached staff. The survey cannot tell these apart. 

4.5.4. What goes with clearer rules 

Appendix Table B4 compares otherwise similar students to see which characteristics go with 
seeing no clear rule on at least one contested use. Only two characteristics do, both institutional. 
Students who know of a formal written policy are 13.9 percentage points less likely to see no 
clear rule, and students whose lecturers explain the rules in almost all classes are 11.5 points 
less likely. In the raw figures (Figure 18), uncertainty is 33.8 percent among students who know 
of a written policy and 63.7 percent among those who do not know whether there is one. It is 38.0 
percent where lecturers explain the rules in almost all classes and 55.1 percent where they rarely 
or never do. No personal characteristic (sex, field, year, location, device, language or experience) 
makes a clear difference. The institution a student attends explains almost none of it (intraclass 
correlation 0.01). Even the two institutional characteristics explain only a small part of who is 
uncertain. 
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Figure 18: Share of students seeing no clear rule on a contested use, by what they know of the 
rules 

 
Source: Authors’ survey data, 2026. Note: No clear rule = "no clear rule" or "don’t know" for writing substantial parts of an 
assignment or for take-home exams. Numbers of students in brackets. 

4.6. The support students and lecturers ask for 

Training has reached some respondents. Among students, 43.3 percent say they have received 
formal training from their university on using AI for study, 40.6 percent have not, and 16.1 percent 
are unsure. Among lecturers, 64.2 percent say their university offered one or two optional 
sessions in the past academic year, 12.3 percent report regular or mandatory training, and 23.5 
percent none. Training goes with awareness of the rules rather than with use or knowledge. 
Students who report training are more than twice as likely as those who do not to know of a formal 
written policy (31.8 against 13.4 percent), and much more likely to say that lecturers explain the 
rules in almost all classes (45.0 against 23.8 percent). They are no more likely to be frequent 
users (47.4 and 47.7 percent) or to answer either knowledge question correctly (74.2 and 76.9 
percent for the reference question; 45.2 and 48.6 percent for privacy). Students who pay 
attention to rules may also be more likely to notice and report training, so the link may run either 
way. The survey did not record what the training covered, but these results are consistent with 
training that has dealt more with rules than with how to use and check AI tools. 

Demand is still high, especially among lecturers: 80.4 percent agree that they are interested in 
training, against 56.1 percent of students. About half of students (48.7 percent) agree that 
knowing how to use AI will be important for their future career, and 40.5 percent are neutral. Both 
interest and perceived career value rise with use. Among students who use AI monthly or less, 
38.2 percent want training and 28.6 percent think AI skills will matter for their career, against 67.8 
and 62.7 percent of frequent users. Optional training may therefore reach mainly those who 
already use AI most. 

Figure 19 shows the topics chosen by those who did not reject training. Both groups put writing 
effective prompts first, checking accuracy second, and AI for research and data analysis third. 
After that, students want AI applied to their own field, while lecturers want to learn how to teach 
students responsible use. Ethics and academic integrity is chosen by 18.7 percent of students 
and 28.5 percent of lecturers, and designing assessments that are resilient to AI by 22.5 percent 
of lecturers. Privacy and data safety is chosen by 20.0 percent of students and 10.5 percent of 
lecturers, the lowest share among the lecturers’ options. Lecturers strongly prefer hands-on 
workshops (74.2 percent); students prefer short online modules (56.6 percent) and workshops 
(49.8 percent). About a fifth of students (18.8 percent) and a quarter of lecturers (27.7 percent) 
would use a printed or Khmer-language guide. 



Research Report, October 2026 

33 

Students who want training would look first to a dedicated university unit (51.8 percent), then to 
their lecturers (36.9 percent), external experts (35.8 percent) and the government or ministry 
(31.0 percent). Lecturers are a resource not yet used. Of the 267 lecturers open to training (those 
who did not disagree that they want it), 65.5 percent would be willing to help train colleagues and 
55.8 percent feel ready and confident to do so. Half (50.9 percent) are both willing and ready, and 
14.6 percent are willing but do not yet feel ready. Women lecturers are less likely than men to feel 
ready to train others (43.1 percent of 72 women against 60.3 percent of 194 men), although their 
self-rated literacy is the same (3.73 and 3.75 on the five-point scale). Demand is practical, and 
the capacity for peer training appears to exist within institutions, although readiness here is self-
reported. 

Figure 19: Training topics wanted by students and lecturers who did not reject training 
(students n = 1,332; lecturers n = 267) 

 
Source: Authors’ survey data, 2026. Note: Up to three topics could be chosen. 

4.7. Robustness analyses 

Appendix B repeats the main results using three other definitions of the sample: a stricter rule 
that also requires a pledge to answer carefully and at least eight minutes spent on the survey (n 
= 1,408 students); only those who completed the form themselves; and all respondents in the 
cleaned file. In each, every main figure is within about two percentage points of the main result 
(Table B5). 

Model results are also stable across samples (full results are available from the authors). The 
links between frequent use and location, main device and experience keep the same direction 
and about the same size in every model. Laptop ownership is the least stable result: it is 
statistically significant in only two of the four samples, and the paper gives it little weight. In the 
models of the two knowledge items, the self-rated index has a positive and statistically 
significant link with knowledge in every sample. 

Two further checks support the results. First, keeping students who were unsure whether they 
had received training as a separate group, instead of leaving them out, raises the model sample 
to 1,416. The differences linked to studying in Phnom Penh (+9.1 points), a smartphone as main 
device (−12.0), a laptop (+6.1), prompting mostly in Khmer (−6.5), each band of experience 
(+13.0), a paid plan (+16.3) and being a woman (+5.3) are all close to the main results. The two 
institutional links with seeing no clear rule also remain (−12.7 and −9.8 points). Second, the gaps 
between students and lecturers hold within the ten institutions with at least 15 lecturer 
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respondents. When students are weighted to match the lecturers’ mix of institutions, 50.7 
percent of students and 58.7 percent of lecturers see no clear rule on a contested use, and 23.9 
and 45.5 percent consider take-home exam use not acceptable. 

 

5. Discussion 

This chapter interprets the findings in light of the Cambodian context (Section 2.1), the 
framework in Section 2.6 and the wider literature. Three findings carry the argument. First, depth 
of use goes with the quality of access. Second, skills are rated as moderate, and a single 
knowledge question points to a gap on data privacy. Third, few respondents know of written rules 
for acceptable use, and views on what is acceptable are not shared. Lecturers are both the 
heaviest users and the people who, in practice, explain the rules in class, so Section 5.3 
discusses them separately. Section 5.5 draws the findings together, and Section 5.6 sets out the 
limits of the study and directions for future research. One thread runs through all of them: 
adoption has rested on individuals’ own resources, and the findings are consistent with the view 
that use has spread faster than the institutional rules and support that make it productive and 
safe. 

5.1. After access: differences in how AI is used 

The findings follow the pattern that research on the digital divide predicts. Once nearly everyone 
has access, the differences lie in what people do with it: the "second-level" divide. Among these 
respondents, access to generative AI is close to universal, and access has come mainly through 
free plans, mobile data and personal phones. What differs is the depth of use. It differs by the 
devices people have, as research on internet use has found (van Deursen and van Dijk 2019), and 
by where students study and the language they work in. That research stresses education and 
social position (van Deursen and van Dijk 2014). Here, by contrast, depth of use does not differ 
clearly by whether a student is the first in the family at university or by year of study. Lecturers 
offer a useful contrast. Those in the provinces use AI as often as those in Phnom Penh (Section 
4.2.1), so the provincial gap among students does not appear to be a condition of provincial 
campuses that affects everyone alike. It may lie partly in students’ own resources, including 
some that the survey did not measure, since studying in a province still goes with less frequent 
use among students with the same measured access (Section 4.2.2). Lecturers differ from 
students in many ways, however, not least in that almost all of them own a laptop (95.8 percent 
of all lecturers surveyed, against 61.9 percent of all students), and the provincial lecturer group 
is small (87 lecturers who use AI). 

The share of these respondents who have used AI is as high as the highest figures reported 
elsewhere: 86 percent of students in a survey across 16 countries (Digital Education Council 
2024) and 92 percent of undergraduates in the United Kingdom in 2025 (Freeman 2025). Earlier 
Cambodian studies found similar levels in single samples (Hoeurng et al. 2024; Sol, Heng, and 
Sok 2025). A survey by CADT reported lower shares: 85.3 percent of students had used generative 
AI for their studies and 74.5 percent of lecturers to assist their teaching (UNESCO 2025a). Its date 
and methods are not reported, so the difference may reflect when and how each survey was 
carried out and what it asked. In an online survey of 150 lecturers, 92.7 percent had used AI tools 
for teaching and learning, counting translation and grammar tools (Heng et al. 2026). In this 
survey, the level is similar across the public and private institutions and the provinces covered. 
An online survey about AI is likely to attract users, so the level is probably an upper bound. 

The device finding is the clearest. Students who rely on a smartphone are less likely to be 
frequent and intensive users, even when compared with students who are alike in location, 
English and experience. This matches evidence that people who use the internet only on a mobile 
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phone use it in narrower ways and have lower skills (Correa, Pavez, and Contreras 2020), and it 
extends that evidence to generative AI. A small study in Uganda points the same way for AI tools 
(Kakooza, Walugada, and Alege 2026). One plausible reason, which the survey did not test, is 
that reading long documents, comparing sources and working with data are harder on a small 
screen. The finding concerns the main device used for AI, which is partly a matter of choice: two-
thirds of laptop owners (66.3 percent) still use a phone as their main device for AI. The link may 
also run the other way, since heavier users may switch to a laptop. 

Language is the finding most specific to Cambodia. Students who prompt mostly in Khmer use 
AI less intensively and rate their skills lower, and half of all students name poor performance in 
Khmer as a barrier. The data cannot show whether this reflects the tools, the students or both. 
However, computer science research gives reason to think that the tools are part of it (Lai et al. 
2023; Nguyen et al. 2023). Consistent with this, prompting mostly in Khmer is still linked to less 
frequent use among students who are alike in English ability, device and experience. The 
direction of the link is uncertain, however: heavy users may also have switched to prompting in 
English. Governments report the same barrier. In a World Bank survey, most respondents from 
low- and lower-middle-income economies named limited AI support for local languages; the 
base is small, and the authors treat the result as indicative (Lundy et al. 2026). A divide that 
follows language would be hard to close through training alone. 

Experience is more strongly linked to frequent use than any other single characteristic, which 
might suggest that the gaps will close with time. The data give reason for caution. Students with 
longer experience are more often focused or intensive users. But among students with the same 
experience, relying on a smartphone and prompting mostly in Khmer go with a lower chance of 
intensive use, though not of focused use. If this pattern reflects how students progress, which a 
single survey cannot show, students who study on a phone and in Khmer may become focused 
users without becoming intensive ones, and time alone would not close the gap. 

Field of study tells the same story. At first sight, it is a major dividing line: frequent use ranges 
from two-thirds of IT students to a quarter of law students. But fields differ in who studies them. 
When students with the same location, device, language and experience are compared, the 
differences between fields narrow, and none can be clearly told apart from chance, although IT 
keeps a lead of about nine points over business. Much of what separates fields appears to be the 
resources their students bring. Because devices and language may themselves partly follow from 
field, this is an interpretation, not a finding. Field matters more for the purpose of use: half of IT 
students often use AI for coding or data analysis, against 26.1 percent in mathematics and the 
sciences and 12.3 percent or less elsewhere. In Sweden, students in technology and engineering 
have been found to use chatbots more (Stöhr, Ou, and Malmström 2024); here such differences 
appear to reflect access at least in part. 

Two absences are worth noting. Public and private institutions do not differ, suggesting that 
institution type is not what separates frequent from occasional users among the institutions 
surveyed. And the gender gap reported elsewhere (Møgelvang et al. 2024; Stöhr, Ou, and 
Malmström 2024; Freeman 2025; Matobobo 2026; World Bank 2026) does not appear in frequent 
use. This is not what the Cambodian context would lead one to expect: women are less likely 
than men to own a mobile phone, to have used the internet and to study a STEM field (Section 
2.1), and in this sample they are less likely to own a laptop. Women are as likely as men to be 
frequent users, even though more of them rely on a smartphone. Among students with the same 
access, they are more likely to be frequent users. Participants at the validation workshop were 
divided on this finding. Some recognised it from their own classes; one explanation offered was 
that women who are less willing to speak up in class may take their questions to AI, which would 
help explain why they use it as often as men despite weaker access. Others doubted it, pointing 
to the larger share of men in STEM fields and to differences in income and language. The field 
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explanation does not fit the data (Section 4.2.2), and the survey cannot test the others. None of 
this means higher use among women overall. Women nonetheless rate their own skills slightly 
lower (by 0.07 points on the five-point scale), a pattern also reported among medical students in 
Germany (Laupichler et al. 2024). Yet they are no less likely than men to answer the knowledge 
questions correctly, so the gap may lie partly in self-assessment rather than in knowledge of the 
two points tested. 

5.2. Moderate self-rated skills and a privacy gap 

The second finding concerns what students can do with the tools they use. They describe 
themselves as moderately skilled and careful: most say they check AI output, and three-quarters 
know that the first step with an AI-supplied reference is to check that it exists. Their self-ratings 
carry some meaning, since students who rate themselves higher are more likely to answer the 
knowledge questions correctly. But the link is modest. Elsewhere, a test of generative AI literacy 
predicted performance on tasks done with AI better than self-reported skill did (Jin et al. 2025). 
Undergraduates in the United States have been found to overestimate what chatbots can do 
(Rismanchian, Babar, and Doroudi 2026). With only two knowledge items, this study cannot 
measure overestimation, and it makes no claim about it. 

The contrast between the two questions is informative. Knowing to check a reference may be 
common because made-up references are a widely reported failure of chatbots (Walters and 
Wilder 2023). This knowledge varies little across locations, devices and languages. Knowing it 
does not mean that students act on it. Participants at the validation workshop reported that many 
students copy AI output into their work without checking it, and some doubted that lecturers 
always check either. The survey cannot settle this, since it recorded what students know and 
report, not what they do. Far fewer know what happens to text they paste into a tool. A third 
believe that no one else can see it, and half of those who say they pay attention to privacy risks 
answer wrongly. On privacy, the care students report contrasts with what they know. This is a 
contrast between two different measures, not evidence of over-confidence. 

The survey does not show how students learned these points. Knowing to check a reference is 
unrelated to how long a student has used AI, while privacy knowledge is modestly higher among 
students with longer experience (a tentative result). Even so, among the most confident quarter 
of students, more than four in ten do not know that the company running a tool can see what they 
paste. This suggests that the point needs to be taught explicitly. 

Students are also least sure of a skill central to study. Only four in ten agree that they can judge 
whether information from an AI tool is accurate. Both students and lecturers place checking 
accuracy among the first things they want training on. Students who report university training on 
AI do not rate themselves higher or answer better, but the study cannot say what that training 
contained. One large experiment in the United States found that short, structured teaching 
improved the checking of facts and sources (Connell Pensky et al. 2026). This suggests that what 
training contains matters as much as whether it took place. 

5.3. Lecturers: heavier users, uncertain rule-makers 

Lecturers are in a double position. They are the heaviest users: they use AI more often than 
students, use more tools and rate their skills higher. At the same time, they are the people who, 
in practice, explain the rules in class, and in that role the data show strain. Lecturers are more 
uncertain than students about what their university allows, on every scenario. More than half 
(54.3 percent) describe themselves as interested but overwhelmed by the pace of AI 
development. 
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Their own practice raises questions that institutional policy may not yet have addressed. Three-
quarters use AI at least sometimes to create assessments, and half use it to help mark or give 
feedback. A review of 30 studies found that university teachers elsewhere use generative AI 
mainly for lesson preparation, feedback and assessment used to support learning rather than to 
grade it, but keep traditional methods for assessing key student work (Baggia, Tratnik, and 
Brezavšček 2026). One in seven lecturers here has entered sensitive student data into an AI tool. 
As far as these data show, lecturers are making decisions about students’ data and grades 
largely without written institutional guidance that they know of (only 17.2 percent report a formal 
written policy). Yet most work under an expectation to use AI (Section 4.4.3). 

Lecturers’ own habits may also be reflected in the rules that students meet. Those who often use 
AI to mark are more accepting of substantial AI drafting by students, and those who accept AI 
output they cannot verify are more lenient on take-home exams (Section 4.4.3). Lecturers as a 
group remain stricter than students on the contested uses, as Barrett and Pack (2023) also found. 
But where rules are set course by course, the standard a student meets may depend partly on 
each lecturer’s own practice. These results are tentative and the direction of the link is unknown, 
but they add to the case for a shared institutional framework (Recommendation 1). 

Lecturers have not stood still. Half have changed how they design assessments because of 
student AI use. This is in line with educators elsewhere, who prefer to adapt assessment on the 
assumption that AI will be used (Kizilcec et al. 2024). But these are individual responses. In a 
survey of 122 faculty members in Germany, lack of AI literacy among students and staff was 
named among the greatest challenges, and most wanted professional development (Mah and 
Groß 2024). Cambodian lecturers in another recent survey also named a lack of proper training 
and technical support among their concerns (Heng et al. 2026). Here, four in five lecturers want 
training, while most have been offered only one or two optional sessions. Their self-reported 
readiness to train colleagues (Section 4.6) suggests that an institutional framework could help 
turn individual adaptation into shared practice. 

5.4. Unwritten rules and unshared norms 

The third finding is that few respondents know of written rules on AI use, and views on what is 
acceptable are not shared. This is not unusual internationally. An early UNESCO survey found 
that fewer than 10 percent of schools and universities had formal guidance (UNESCO 2023), and 
students elsewhere report confusion about what is permitted (Ying 2026), even where policies 
exist (Jiang, Xie, and Cao 2025). What these data add is a view of the problem from inside 
institutions. Students at the same university do not agree on whether a policy exists. And the 
university a student attends makes almost no difference to how clear the rules seem. Guidance 
in these institutions appears to be largely oral and given classroom by classroom. 

Universities are not alone in combining widespread use with few written rules. A World Bank 
survey of 60 governments found that nearly two-thirds give public servants access to generative 
AI tools. Yet only 39 percent have formal guidelines for the whole ministry, and a further 38 
percent are drafting them. The authors warn of "shadow AI", meaning use without oversight 
(Lundy et al. 2026). The parallel is partial: those governments supply the tools, whereas students 
and lecturers here supply their own. But the institutions surveyed show a similar pattern: use is 
widespread, while the rules, as respondents report them, are mostly oral, local and unevenly 
known. Beckman et al. (2025) describe students elsewhere as working through a "policy 
vacuum"; for most respondents here, the description appears to fit. 

The gap between students and lecturers on assessed work is of the kind Barrett and Pack (2023) 
reported. Here it is large on exactly the cases where integrity is at stake. It would be a mistake to 
read it only as students being permissive. Part of the gap may reflect the questions themselves: 
students judged their own use, while lecturers judged students’ use. As Section 4.4.1 showed, 
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about four in ten lecturers also answer "depends"; and, as Section 4.4.2 showed, between a fifth 
and more than a quarter of students hold a view that differs from the rule as they understand it. 
The two groups agree on how common disapproved use is, about one in five. Seven in ten 
lecturers say they have set ground rules with their students, although only a third of students hear 
the rules explained in almost all their classes. These two figures come from different respondents 
and use different thresholds, so they cannot be compared directly. They leave open the 
possibility that the gap is partly one of communication as well as of values. The Cambodian 
setting may add to this. Higher education has expanded quickly and few academic staff hold a 
doctorate (Section 2.1); with national AI policy still in draft, institutions have had little time or 
guidance to agree rules, and individual lecturers may be filling the gap. 

The distance between students’ own views and the rules as they see them matters for whether 
rules are followed. Views go with behaviour: students who find AI-written assignments 
acceptable are almost twice as likely as those who do not to draft parts of assignments with AI 
often (40.1 against 21.2 percent). The survey did not measure compliance, the students whose 
view differs from the rule include those who answered "depends", and the direction of the link 
between views and behaviour is unknown. Even so, a rule that many students do not fully share 
may be hard to uphold by enforcement alone. This is one reason to settle the contested cases 
with students, and not only announce them. 

Lecturers’ confidence in their own enforcement deserves attention. Two-thirds of lecturers 
believe they can recognise AI-generated work, and half of those who use AI use detection tools. 
As Section 2.4 showed, such tools have been found neither accurate nor reliable, and biased 
against writers of English as a foreign language, as many Cambodian students are. Where there 
is no clear rule, enforcement that rests on detection risks unfair outcomes. 

The more hopeful result is that clarity goes with simple measures. Among otherwise similar 
students, two things each go with uncertainty more than ten percentage points lower: knowing 
of a written policy, and having lecturers who explain the rules. Nothing else measured makes a 
clear difference. The link with a written policy is partly built in, since students who know of a 
policy are likely also to find the rules clear. The link with lecturers’ explanations is the more telling 
of the two. Both links rest on students’ own reports and may partly reflect how attentive a student 
is to rules. Together they explain only a small part of who is uncertain. Still, they point to the 
classroom as the place where rules become clear. This is the logic of stating the permitted level 
of AI use for each assessment (Perkins et al. 2024). It also matches evidence from Singapore that 
students who understand the guidelines are more likely to follow them (Tan, Qu, and Wang 2025). 
Participants at the validation workshop made a related point from experience: where an 
institution has no written policy, students take their lecturer’s instructions as the rule, and they 
cannot be expected to know a policy better than their lecturers do. 

5.5. Adoption ahead of institutions 

The three findings are connected. Depth of use goes with the quality of access. Skill is rated as 
moderate, with a gap on privacy. And skill can be used responsibly only where the rules are 
known. On these data, a student in a provincial institution who works on a phone in Khmer is 
much less likely to use AI frequently, rates their own skill lower in the raw figures, and is often 
unsure of the rules: 50.2 percent of such students see no clear rule on a contested use. A student 
in Phnom Penh who has a laptop and works in English uses AI far more and with more confidence. 
Yet uncertainty about the rules is common among these students too: 40.5 percent see no clear 
rule on a contested use. Among otherwise similar students, personal characteristics make no 
clear difference once awareness of a written policy and lecturers’ explanations are taken into 
account. 
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These results can be compared with the expectations in Section 2.6. As expected, access quality 
and structural position go with use: device, location, prompt language and experience go with 
frequent use, and device, prompt language and experience also go with intensive use. Among 
otherwise similar students, academic English, internet reliability, prompt language, frequency of 
use and experience also go with self-rated literacy; location and main device do not, once other 
characteristics are taken into account. These characteristics say little about tested knowledge, 
which is only weakly linked to any characteristic measured. The second expectation therefore 
holds for confidence but not for knowledge. Clarity about the rules goes with the institutional 
environment as students report it, but with none of their personal characteristics. Training 
received, the third institutional characteristic, shows no clear link of its own with use, self-rated 
literacy, knowledge or the clarity of rules among otherwise similar students. 

A wider view may help to explain why the three findings go together. The World Development 
Report 2026 argues that AI works best where reliable infrastructure, good education systems and 
strong institutions are in place, and that adopting AI is not enough without these supporting 
conditions (World Bank 2026). A background paper to the report applies the same logic to 
governments (Lundy et al. 2026). A similar logic may apply to universities, although this study has 
no measure of the value of AI. Students and lecturers have supplied the tools themselves: on 
their own phones and, for lecturers on paid plans, at their own expense. What they cannot supply 
is what only institutions can provide: reliable access on campus, training that teaches points that 
can be checked, and rules that are written down and explained. In this sample, frequent use goes 
with private resources, such as a device other than a phone or a paid plan, and with working in 
English; whether institutional provision weakens this link was not studied. Without such 
provision, individuals must work out for themselves what is allowed and what is safe. 

None of this means that use is going badly. Respondents see clear benefits, mainly in speed and 
workload, although few students report a significant gain in the quality of their work (Section 
4.1.4). Lecturers are adapting their teaching, and many are ready to help colleagues. The task for 
institutions is to build on this practice. 

Policy that addresses only one of the three is unlikely to be enough on its own, although the 
surveys cannot test this. Providing tools without teaching privacy and how to judge accuracy 
would leave users exposed to error. Teaching skills without settling the rules leaves students 
unsure whether they may use what they have learned. Rules enforced with detection tools may 
penalise those whom the tools misjudge most often, such as students writing in English as a 
foreign language. The surveys cannot show whether intensive use is improving learning, the third-
level question of who benefits (van Deursen and Helsper 2015). They do show the conditions 
under which that question will be answered. 

5.6. Limitations and directions for future research 

The findings should be read with the limits of the study in mind. Several limits were noted earlier 
where they affect particular results; they are brought together here. 

The sample is not representative. Institutions were chosen deliberately, not at random, and 
respondents decided for themselves whether to take part, through an open link. Students who 
use AI, who are comfortable with online forms or who are more engaged with their institution may 
be over-represented. Two-thirds of respondents are in Phnom Penh, and private institutions 
contribute fewer than one in five. Percentages describe respondents only. 

The lecturer sample is small. There are 285 lecturers, three-quarters of them men and most in a 
handful of institutions. Lecturer results are therefore descriptive, and differences between 
groups of lecturers could not be examined. 
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The data are self-reported. Answers about academic integrity are likely to be shaped by a wish to 
give socially acceptable answers. Participants at the validation workshop judged the reported 
level of AI drafting to be low against what they see in submitted work. The surveys measure 
opinions and views on what is acceptable, not how common misconduct is. Whether a university 
actually has a policy was not checked against documents. Most characteristics and outcomes 
come from the same questionnaire, so some links may be inflated by the way individual 
respondents tend to answer questions in general. 

The data come from a single point in time. Links, for example between device and frequent use 
or between a written policy and clarity, are associations, not causes. 

Finally, some topics in the original study design were not measured: the use of AI in research 
beyond one question on how often lecturers use it for research or academic writing, the views of 
university administrators, and learning outcomes. 

Several lines of research would address these limits and the questions this study leaves open: 

• A random sample of students and lecturers, drawn from enrolment and staff lists, would 
allow national estimates and show whether the patterns found here hold more widely. 

• Collecting and analysing the AI policies of the surveyed institutions would show whether 
students and lecturers are unaware of rules that exist or are correctly reporting that there 
are none. 

• A fuller, validated test of AI literacy, given to both students and lecturers, would replace 
the items used here and allow self-rating and knowledge to be compared for lecturers as 
well. 

• Studying how closely students and lecturers follow written rules where they exist, for 
example by comparing institutions’ policies with practice in selected courses, would show 
whether clearer rules change behaviour. 

• Examining why women in this sample are as likely as men to be frequent users despite 
weaker access, unlike in most studies elsewhere, for example by field, income and 
language, would test the explanations offered at the validation workshop. 

• Tracing how students learn what happens to text they paste into AI tools, whether from 
lecturers, peers or the tools themselves, would show where teaching on privacy should 
start. 

• Qualitative work with students, lecturers and administrators would explain how rules are 
communicated in class and why the two groups judge the contested cases differently. 

• Linking AI use to assessed learning outcomes, ideally over time, would address the 
question this study cannot answer: who benefits, and whether heavy use weakens critical 
thinking, a concern raised at the validation workshop. 

 

6. Conclusion and policy recommendations 

6.1. Conclusions 

This paper set out to assess whether students, lecturers and institutions in Cambodian higher 
education are equipped for a practice that, among those surveyed, is already almost universal. 
The answer is different for each of the three conditions examined. 

On use, the question is no longer whether students and lecturers use AI but how much they use 
it. Lecturers use it more often than students: 62.1 percent use it several times a week or more, 
compared with 46.2 percent of students. Among students, how much they use AI goes with the 
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quality of their access: where they study, the device they rely on, the language they prompt in and 
how long they have used AI. These disadvantages tend to occur together. The share of frequent 
users falls from 70.5 percent among students with none of four disadvantages to 22.8 percent 
among those with all four (a raw comparison; see Section 4.2.1). Other expected differences are 
absent or small. Public and private institutions do not differ. Women are as likely as men to be 
frequent users despite weaker access, and more likely among students with the same access. 
Differences between fields narrow once location, device, language and experience are taken into 
account, which suggests that they partly reflect who studies each field. 

On skill, students and lecturers rate themselves as moderately able. The two knowledge 
questions allow self-ratings to be set beside tested knowledge on two specific points; these are 
different measures, so a contrast between them is not by itself evidence of over-confidence. 
Three-quarters of students know to check a reference supplied by AI. But fewer than half (45.9 
percent) know that text pasted into a tool can be seen by the company that runs it. Self-ratings 
carry some information, but they are only modestly related to knowledge (correlation 0.21). The 
university training that students report goes with knowing of a written policy but is linked to 
neither self-rated skill nor knowledge, although the survey did not record what the training 
covered. 

On rules, students and lecturers agree on low-stakes uses but not on assessed work: 47.4 
percent of lecturers and 24.5 percent of students say that using AI to answer a take-home exam 
is not acceptable. Few know of a written policy (21.5 percent of students and 17.2 percent of 
lecturers). Students at the same institution disagree about whether one exists, so any policy that 
does exist has not reached many of them, and lecturers are less sure than students about what 
is allowed. Clarity goes with two things that institutions control: students knowing of a written 
policy, and lecturers who explain the rules in class. Both links rest on students’ own reports. 

Taken together, the findings are consistent with the view that use has spread faster than 
institutional rules and support: adoption appears to be ahead of institutions. Students and 
lecturers have supplied the tools themselves. What remains for institutions and policy makers is 
what individuals cannot supply: rules that are written down and explained; training that teaches 
points that can be checked, starting with data privacy and judging accuracy; and access that 
does not depend on owning a laptop or working in English. 

These results speak to the two wider debates set out in Chapter 1. On who gains, they give little 
support to the hope that a free tool will by itself level the field. Access to AI is near-universal 
among respondents, but depth of use follows devices, place and language, the lines along which 
earlier digital divides ran. Unlike in studies of workers and students elsewhere, however, women 
here are as likely as men to be frequent users despite weaker access, so the technology alone 
does not decide who uses it most. On learning, the study cannot show whether intensive use 
builds or replaces skill. It does show that many students lack two conditions for using AI to learn 
rather than to avoid learning: knowing what is allowed, and knowing how far to trust what AI tells 
them and where their data go. The findings that participants at the validation workshop 
questioned, and the limits of a single self-reported survey, set the next steps for research 
(Section 5.6): whether the patterns hold beyond these respondents, why women here do not lag 
behind men, how students learn about privacy, and how closely students and lecturers follow 
written rules. 

The paper also adds to the evidence and to research methods. It is, to our knowledge, the largest 
survey so far of generative AI use in Cambodian higher education by number of respondents, and 
the first study in Cambodia to report in full a comparison of students and lecturers on matching 
questions. It pairs self-ratings with tested knowledge, and personal views with the rules as 
respondents understand them. This shows gaps that a single measure would hide. The scenario 
questions are short and can be reused in other settings and in later surveys. The knowledge items 
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show the value of the approach but should be extended and validated before reuse. The 
recommendations that follow address the needs identified in this chapter. 

6.2. Policy recommendations 

The recommendations follow from the findings in Chapter 4. Judgements about cost and about 
who should lead are the authors’ suggestions. Together the recommendations broadly cover the 
three areas that Chan (2023) proposes for institutional AI policy: teaching and assessment 
(Recommendations 2 and 3); governance, including fair access (Recommendations 1 and 6); and 
operations, including infrastructure and training (Recommendations 4, 5 and 7). In the authors’ 
judgement, the first two cost little and could start at once, while the others would take longer and 
involve the ministries; these costs have not been estimated. Participants at the validation 
workshop ranked a short written policy (Recommendation 1), teaching data privacy and accuracy 
(Recommendation 4) and a statement of permitted use in every course (Recommendation 2) as 
the three most urgent steps. 

Recommendation 1: Give every institution a short written policy, and make sure it is seen. 
Fewer than one in four respondents know of a written policy, and students at the same institution 
disagree about whether one exists. Uncertainty about the rules depends little on who the student 
is or which university they attend. It is lower among students who know of a written policy. Each 
institution should adopt a short policy in Khmer and English that sorts common uses of AI into 
allowed, allowed with acknowledgement, or prohibited. It should share the policy through 
channels that students actually use. The Ministry of Education, Youth and Sport could issue a 
model text, and the Accreditation Committee of Cambodia could ask institutions to show their 
policy during accreditation. 

A model text would give institutions a shared starting point, and it need not be long. It could set 
out: the scope (students and staff; coursework, assessment and research); for each common 
use, whether it is allowed, allowed with acknowledgement or prohibited, with lecturers free to 
set a stricter rule for a given task; how to acknowledge use of AI; which student and institutional 
data must not be entered into AI tools; how assessment will be designed and checked; that a 
detection score is never the only evidence of misconduct; how the policy will be shared with 
students and staff; and a date for review. 

Recommendation 2: Require a statement of permitted AI use in every course. Uncertainty is 
much lower where lecturers explain the rules in almost all classes, but only a third of students 
report this. What the survey measured is explanation in class. A short statement in each syllabus 
and assessment brief, saying what use of AI is allowed for that task and explained in class, is a 
simple way to put this into practice. 

Recommendation 3: Settle the contested cases with students and lecturers together. 
Students and lecturers agree on low-stakes uses, such as explaining a concept or translating, 
and institutions can allow these openly. They disagree most about take-home exams and 
substantial drafting, and neither group has a settled view. Institutions should decide these cases 
explicitly. They should agree the rules with student representatives before applying any 
sanctions, and review assessment formats where the agreed rule cannot be upheld in practice, 
for example by asking students to present or explain their work in person, as some institutions 
represented at the validation workshop have begun to do. Sanctions should not rest on AI-
detection scores alone: the tools tested so far have been found inaccurate and biased against 
writers of English as a foreign language (Section 2.4), so a score should at most prompt a 
conversation with the student. 

Recommendation 4: Teach data privacy and the judgement of accuracy, to students and 
lecturers. Fewer than half of students know that pasted text can be seen by the company that 
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runs a tool. Only four in ten feel able to judge whether information from AI is accurate, and more 
than half are unsure. Lecturers need the same attention: one in seven have entered sensitive 
student data into an AI tool. Training should cover both points, together with checking references, 
which most students already understand. It should be assessed with questions that have right 
answers, not by self-rating. Few of those open to training choose privacy as a topic (20.0 percent 
of students, 10.5 percent of lecturers). Privacy should therefore be built into training on 
prompting and checking accuracy rather than offered as a separate module. The same applies 
to ethics and academic integrity, chosen by only 18.7 percent of students and 28.5 percent of 
lecturers. Because students who use AI least are also the least interested in training, it should be 
built into existing courses, such as first-year study skills or research methods, rather than offered 
only as optional sessions. Institutional policies should state what student data may not be 
entered into AI tools. The OECD and European Union framework discussed in Section 2.3 
provides a structure (OECD and European Union 2026). 

Recommendation 5: Design for smartphones and for Khmer. Among respondents, access to 
AI is not the main problem; the quality of that access is. The students who use AI least intensively 
study in the provinces, work on phones, prompt in Khmer and have no laptop. Three in ten 
students combine three or four of these disadvantages. Guidance and training should work on a 
phone and be available in Khmer. Institutions could also consider wider access to shared 
computers and campus Wi-Fi: four in ten students name the cost or reliability of internet access 
as a barrier, although internet reliability is not clearly linked to frequency of use (Appendix Table 
B1). Among fields, law students have the weakest access in this sample: they most often study 
outside Phnom Penh, lack a laptop and prompt in Khmer. In the authors’ view, IT students could 
be considered as peer helpers. National investment in Khmer-language AI resources could help 
address a barrier that half of respondents report. 

Recommendation 6: Address cost. Cost is the barrier both groups name most often. Almost all 
lecturers who use paid tools pay for them personally, and among students, cost is named most 
often by those who already use AI most, for whom it appears to limit how deeply they use AI rather 
than whether they use it. Institutions and the ministry should explore institutional licences or 
negotiated educational access. They should start with lecturers, who use paid tools most, and 
extend access to students as resources allow, since four in ten students say they cannot afford 
paid versions. Access for students should be directed first at those with the weakest access, 
such as students who rely on a phone, so that it narrows gaps rather than widens them. The link 
between a paid plan and frequent use is tentative and may partly reflect heavy users choosing to 
pay. This paper has not estimated the cost of such access. 

Recommendation 7: Use lecturers as trainers, and prepare them first. Four in five lecturers 
want training, and half of those open to training are both willing and ready to train colleagues; a 
further 14.6 percent are willing but do not yet feel ready. A train-the-trainer programme can start 
with those who are willing and ready, and should prepare the others before they teach. Training 
should begin with prompting and checking accuracy, the topics both groups ask for first. Hands-
on workshops for lecturers and short online modules for students, supported by a dedicated unit 
in each institution, match the formats each group prefers. Because women lecturers are less 
likely than men to feel ready to train others, although they rate their skills the same, the 
programme should actively invite women rather than rely on volunteers. 
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Appendices 

Appendix A: Survey items and measurement 

Table A1: Survey items used in the analysis 

Construct Survey item (English) Response scale and 
source 

Ever used AI Have you ever used an AI tool for your studies, 
coursework, or learning activities? (Lecturers: for 
your academic or professional work?) 

Yes / No. Developed by 
the authors 

Tools used Which AI tools have you used for your studies? 
(Lecturers: for your work?) 

Multiple response, 13 
options including one 
fictitious tool. Developed 
by the authors 

Plan What AI subscription plan do you use? Free / Paid. Lecturers on 
a paid plan: who pays 

Frequency of use Overall, how often do you use AI tools for your 
studies? (Lecturers: for your work?) 

Never, rarely, monthly, 
weekly, several times a 
week, daily 

Length of use How long have you been using AI tools for study? Five bands from under 3 
months to over 2 years. 
Students only 

Purposes (students) How often do you use AI for each of the following? 
Nine purposes, from searching for or explaining 
information to generating or formatting references 

Never, rarely, sometimes, 
often, always 

Purposes (lecturers) How often do you use AI for each of the following? 
Five tasks: preparing lectures, research or 
academic writing, administration, translation, 
coding or data analysis 

Never to daily 

Prompt language; 
main device 

Which language do you mainly use when 
prompting AI tools? Which device do you mainly 
use for AI tools? 

Mostly Khmer, mostly 
English, both, other; 
device asked of students 
only 

Self-rated AI literacy: 
awareness 

D1 I can recognise when a product or service I use 
relies on AI. D2 I can identify which AI features are 
used in the apps and products I use. D3 I can 
explain to someone else how AI tools could help 
with their studies (lecturers: I do not really 
understand how AI can be useful to me, reversed) 

Five-point agreement. 
Adapted from AILS items 
AW_1, AW_9 and AW_8 
(Wang, Rau, and Yuan 
2023) 

Self-rated AI literacy: 
usage 

D4 I can use AI applications to help me with my 
academic work. D5 I can work out how to use an 
AI tool I have never used before (lecturers: I find it 
hard to learn how to use a new AI tool, reversed) 

Adapted from AILS items 
US_1 and US_3 

Self-rated AI literacy: 
evaluation 

D6 I can judge whether the information an AI tool 
gives me is accurate. D7 After using an AI tool for a 
while, I can judge what it is good and bad at. D8 
When several AI tools could do a task, I can 
choose the most suitable one 

D6 developed by the 
authors; D7 and D8 
adapted from AILS items 
EV_2 and EV_6 

Self-rated AI literacy: 
ethics 

D9 I try to follow ethical principles when I use AI 
tools. D10 I pay attention to privacy and data-

Adapted from AILS items 
ET_1, ET_2 (reworded 
positively) and ET_5 
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Construct Survey item (English) Response scale and 
source 

security risks when I use AI tools. D11 I am alert to 
the misuse of AI 

Self-rated AI literacy: 
verification and 
prompting 

D12 I check AI answers against other sources 
before I use them. D13 Before I use an AI answer, I 
check whether it is correct (lecturers: I tend to 
accept AI outputs even when I cannot verify 
whether they are correct, reversed; excluded). 
D14 I can give an AI tool enough context and clear 
instructions to get a useful result. D15 I can 
decide when an AI’s answer should be accepted, 
improved, or rejected 

Developed by the 
authors, following the 
competences on 
evaluating and guiding AI 
output in OECD and 
European Union (2026) 

Tested knowledge D16 (checking an AI-supplied reference), D18 
(who can see pasted text) 

Multiple choice with one 
correct answer and "don’t 
know". Developed by the 
authors. Students only 

Perceived benefits How has using AI tools affected the speed at 
which you complete your coursework? How has AI 
impacted the overall quality of your academic 
work or grades? (Lecturers: daily workload; quality 
of teaching materials) 

Five-point scales from 
strong improvement to 
strong worsening 

Own view on four uses In your opinion, how acceptable is each of the 
following as academic practice? Explaining a 
concept; translating; writing substantial parts of 
an assignment submitted as one’s own; 
answering questions in a take-home exam or 
online quiz 

Acceptable, depends, not 
acceptable, unsure. 
Developed by the authors 

Perceived rule on four 
uses 

For each of the same situations, does your 
university currently allow it? 

Yes, allowed; no, not 
allowed; there is no clear 
rule; don’t know 

Policy awareness Has your university issued clear, official rules 
regarding student AI use? (Lecturers: official rules 
or guidance for lecturers and students?) 

Formal written policy; 
informal verbal guidance; 
(lecturers: being worked 
on); nothing at all; don’t 
know 

Lecturers explain Have your lecturers explicitly explained what is 
and is not acceptable AI use in their classes? 

Almost all classes; only a 
few; rarely or never. 
Students only 

Barriers Which of these are the biggest barriers limiting 
your use of AI for study? (Lecturers: in teaching?) 

Select up to three from 10 
(students) or 11 
(lecturers) options 

Training Training received; interest in training; topics 
wanted (up to three); preferred format; preferred 
provider (students); willingness and readiness to 
train peers (lecturers) 

Mixed formats. 
Developed by the authors 

Lecturer practice and 
outlook 

Use of AI to create assessments, mark and detect; 
changes to assessment; ground rules; what 
students are permitted; feeling about the pace of 
AI; expected impact on the profession 

Frequency and 
agreement scales. 
Lecturers only 

Note: Both questionnaires were administered in Khmer with English available. The complete instruments are available from 
the authors. 
Source: Authors. 
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Appendix B: Robustness analyses and full model results 

Table B1: Binary logistic regression: frequent AI use (several times a week or daily) 

Predictor Coefficient Std. error p-value Marginal 
effect 

Woman (ref: man) 0.329 0.107 0.002 ** +6.6 pp 
Phnom Penh (ref: provinces) 0.507 0.098 <0.001 *** +10.1 pp 
Private institution (ref: public) -0.075 0.093 0.419  -1.5 pp 
STEM field (ref: non-STEM) 0.226 0.125 0.071  +4.5 pp 
Year 2 (ref: Year 1) -0.160 0.202 0.429  -3.2 pp 
Year 3 -0.273 0.214 0.202  -5.5 pp 
Year 4 -0.409 0.216 0.058  -8.2 pp 
Year 5 or above, postgraduate -0.199 0.282 0.481  -4.0 pp 
First generation at university 0.237 0.155 0.127  +4.7 pp 
Academic English (1-5) -0.001 0.106 0.994  -0.0 pp 
Owns a laptop 0.259 0.099 0.009 ** +5.2 pp 
Smartphone is main device for AI -0.582 0.137 <0.001 *** -11.6 pp 
Internet reliability (1-5) 0.113 0.096 0.241  +2.3 pp 
On a paid plan 0.832 0.357 0.020 * +16.6 pp 
Prompts mostly in Khmer -0.279 0.104 0.007 ** -5.6 pp 
Length of AI use (1-5) 0.666 0.075 <0.001 *** +13.3 pp 
Received university AI training 0.052 0.165 0.752  +1.0 pp 

Note: N = 1,193; McFadden pseudo R² = 0.157; log-likelihood = -696.4. Standard errors clustered by institution. Marginal 
effects are average marginal effects in percentage points. *** p<0.001; ** p<0.01; * p<0.05. 
Source: Authors’ calculation. 

Table B2: Multinomial logistic regression: intensity of use (reference: Occasional) 

 Focused vs. Occasional Intensive vs. Occasional 

Predictor Coef. Std. 
error 

p Coef. Std. 
error 

p 

Woman (ref: man) 0.072 0.148 0.627 0.182 0.125 0.145 
Phnom Penh (ref: provinces) -0.029 0.217 0.894 0.331 0.177 0.062 
Private institution (ref: public) -0.414 0.123 <0.001 *** -0.255 0.312 0.413 
STEM field (ref: non-STEM) 0.094 0.182 0.605 0.003 0.189 0.989 
Year 2 (ref: Year 1) -0.444 0.321 0.166 -0.280 0.322 0.385 
Year 3 -0.381 0.368 0.300 -0.020 0.409 0.960 
Year 4 -0.575 0.386 0.136 -0.319 0.396 0.420 
Year 5 or above, postgraduate -0.526 0.462 0.255 -0.749 0.513 0.144 
First generation at university -0.304 0.203 0.135 -0.093 0.196 0.634 
Academic English (1-5) 0.017 0.131 0.897 0.183 0.123 0.137 
Owns a laptop 0.047 0.161 0.772 0.089 0.178 0.617 
Smartphone is main device for AI -0.092 0.272 0.734 -0.796 0.223 <0.001 *** 
Internet reliability (1-5) 0.170 0.111 0.124 0.205 0.169 0.227 
On a paid plan 0.010 0.456 0.983 0.937 0.504 0.063 
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 Focused vs. Occasional Intensive vs. Occasional 

Predictor Coef. Std. 
error 

p Coef. Std. 
error 

p 

Prompts mostly in Khmer 0.026 0.236 0.913 -0.379 0.161 0.018 * 
Length of AI use (1-5) 0.439 0.081 <0.001 *** 0.883 0.097 <0.001 *** 
Received university AI training 0.021 0.156 0.892 0.266 0.211 0.208 

Note: N = 1,193; McFadden pseudo R² = 0.128. Standard errors clustered by institution (22 institutions). *** p<0.001; ** 
p<0.01; * p<0.05. 
Source: Authors’ calculation. 

Table B3: Correlates of self-rated literacy and of two knowledge items (student AI users) 

Predictor Self-rated literacy 
index (OLS) 

D16 correct: 
checking a 

reference (logit) 

D18 correct: who 
can see pasted 

text (logit) 
Woman (ref: man) -0.065*** (0.011) 0.054 (0.148) 0.196 (0.118) 
Phnom Penh (ref: provinces) -0.047 (0.031) 0.027 (0.216) -0.028 (0.173) 
Private institution (ref: public) -0.006 (0.023) -0.186 (0.224) -0.280 (0.169) 
STEM field (ref: non-STEM) -0.008 (0.018) 0.017 (0.128) 0.151 (0.083) 
Year 2 (ref: Year 1) -0.092* (0.041) -0.293 (0.442) -0.173 (0.247) 
Year 3 -0.139*** (0.039) -0.281 (0.391) -0.107 (0.233) 
Year 4 -0.106** (0.037) -0.273 (0.333) -0.343 (0.231) 
Year 5 or above, postgraduate 0.002 (0.041) 0.081 (0.484) -0.202 (0.323) 
First generation at university 0.060 (0.034) -0.033 (0.107) -0.093 (0.121) 
Academic English (1-5) 0.086*** (0.016) -0.074 (0.069) 0.043 (0.083) 
Owns a laptop 0.025 (0.018) 0.086 (0.194) 0.106 (0.130) 
Smartphone is main device for AI -0.036 (0.032) -0.130 (0.150) -0.216 (0.117) 
Internet reliability (1-5) 0.047*** (0.013) 0.298** (0.107) 0.140 (0.076) 
On a paid plan 0.039 (0.044) -0.133 (0.345) -0.118 (0.319) 
Prompts mostly in Khmer -0.083** (0.029) -0.179 (0.157) -0.160 (0.158) 
Length of AI use (1-5) 0.065*** (0.012) -0.075 (0.058) 0.131* (0.060) 
Received university AI training -0.022 (0.026) -0.119 (0.135) -0.111 (0.106) 
Frequency of AI use (1-6) 0.056*** (0.008) -0.051 (0.054) 0.004 (0.041) 
Self-rated AI literacy index - 0.551** (0.172) 0.726*** (0.168) 
N 1,193 1,193 1,193 
R² / pseudo R² 0.222 0.028 0.049 

Note: Column 1 reports OLS coefficients and columns 2 and 3 logit coefficients, with standard errors in parentheses, 
clustered by institution. D16 = knows that the first step with a reference supplied by AI is to check that it exists; D18 = knows 
that pasted text can be seen by the company operating the tool. *** p<0.001; ** p<0.01; * p<0.05. 
Source: Authors’ calculation. 

Table B4: Binary logistic regression: perceiving no clear rule on at least one contested scenario 

Predictor Coefficient Std. error p-value Marginal 
effect 

Woman (ref: man) 0.127 0.144 0.379  +3.0 pp 
Phnom Penh (ref: provinces) -0.061 0.193 0.750  -1.4 pp 
Private institution (ref: public) -0.049 0.188 0.794  -1.2 pp 
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Predictor Coefficient Std. error p-value Marginal 
effect 

STEM field (ref: non-STEM) -0.023 0.266 0.930  -0.6 pp 
Year 2 (ref: Year 1) -0.053 0.206 0.796  -1.3 pp 
Year 3 -0.001 0.204 0.997  -0.0 pp 
Year 4 -0.013 0.217 0.954  -0.3 pp 
Year 5 or above, postgraduate -0.243 0.327 0.457  -5.7 pp 
First generation at university 0.067 0.143 0.641  +1.6 pp 
Academic English (1-5) -0.051 0.094 0.587  -1.2 pp 
Owns a laptop -0.051 0.097 0.600  -1.2 pp 
Smartphone is main device for AI -0.067 0.160 0.674  -1.6 pp 
Internet reliability (1-5) 0.038 0.084 0.647  +0.9 pp 
On a paid plan -0.493 0.276 0.074  -11.7 pp 
Prompts mostly in Khmer -0.173 0.096 0.071  -4.1 pp 
Length of AI use (1-5) 0.002 0.042 0.964  +0.0 pp 
Received university AI training -0.125 0.130 0.337  -2.9 pp 
Reports a formal written policy -0.588 0.123 <0.001 *** -13.9 pp 
Lecturers explain rules in almost all 
classes 

-0.486 0.124 <0.001 *** -11.5 pp 

Note: N = 1,193; McFadden pseudo R² = 0.031. Outcome = answers "there is no clear rule" or "don’t know" for writing 
substantial parts of an assignment or for take-home exams. Standard errors clustered by institution. *** p<0.001; ** p<0.01; 
* p<0.05. 
Source: Authors’ calculation. 

Table B5: Headline results under alternative sample definitions 

Indicator Main Stricter Self-
completed 

All in file 

Students (n) 1,510 1,408 1,471 1,707 
Lecturers (n) 285 279 279 299 
Students using AI several times a week or 
daily (%) 

46.2 47.0 46.7 45.4 

Lecturers using AI several times a week or 
daily (%) 

62.1 62.4 62.0 60.6 

Frequent use, Phnom Penh students (%) 51.6 52.7 52.0 50.7 
Frequent use, provincial students (%) 35.4 35.0 36.1 35.2 
Frequent use, students with a laptop (%) 53.9 54.7 54.1 53.7 
Frequent use, students without a laptop (%) 33.4 33.8 34.2 32.4 
Student self-rated literacy index (mean) 3.61 3.63 3.62 3.58 
D16 correct (%) 75.1 76.1 75.9 73.0 
D18 correct (%) 45.9 46.3 45.8 44.6 
D16 and D18 both correct (%) 35.5 36.4 35.8 33.7 
Correlation of self-rating and number correct 
(D16, D18) 

0.21 0.21 0.21 0.20 

Students reporting a formal written policy (%) 21.5 20.8 20.9 23.4 
Lecturers reporting a formal written policy (%) 17.2 17.2 17.2 17.1 
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Indicator Main Stricter Self-
completed 

All in file 

Students: writing substantial parts not 
acceptable (%) 

29.5 30.2 29.7 27.5 

Lecturers: writing substantial parts not 
acceptable (%) 

41.8 42.3 42.3 40.8 

Students: take-home exam use not 
acceptable (%) 

24.5 24.9 24.3 23.3 

Lecturers: take-home exam use not 
acceptable (%) 

47.4 47.3 47.7 45.8 

Students seeing no clear rule on a contested 
scenario (%) 

47.4 47.2 47.0 46.1 

Students on a paid plan (%) 4.9 5.1 4.9 5.1 
Lecturers on a paid plan (%) 30.9 30.4 30.4 30.1 
Students wanting training (%) 56.1 57.5 56.8 54.3 
Lecturers wanting training (%) 80.4 81.0 81.0 79.9 

Note: Main = 5 minutes or more and Section D not answered with a single value. Stricter = careful-answer pledge given, 8 
minutes or more, Section D not flat. Self-completed excludes respondents who said someone else completed the form or 
that it was completed in a group. All in file = all consenting, eligible respondents after removal of duplicates, under-18s and 
non-teachers. 
Source: Authors’ calculation. 
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Appendix C: Detailed tables 

These tables give the full figures behind the charts in Chapter 4. 

Table C1: AI use among students and lecturers 

Indicator Students (%) Lecturers (%) Difference 
(pp) 

All respondents (students n = 1,510; lecturers n = 285) 
Has ever used AI 98.3 94.4 +4.0*** 
Cannot afford paid versions 41.6 21.1 +20.5*** 
Advanced or fluent academic English 12.1 30.5 -18.4*** 
AI users (students n = 1,485; lecturers n = 269) 
Uses AI several times a week or daily 46.2 62.1 -15.9*** 
Uses AI daily 19.7 32.0 -12.2*** 
On a paid plan 4.9 30.9 -25.9*** 
Uses ChatGPT 89.4 90.0 -0.5 
Uses Google Gemini 83.6 90.0 -6.4** 
Uses translation tools 44.6 56.1 -11.6*** 
Uses Claude 24.1 30.5 -6.4* 
Uses DeepSeek 18.0 27.1 -9.2*** 
Uses Microsoft Copilot 14.3 26.0 -11.7*** 
Uses Grammarly 14.3 29.4 -15.1*** 
Prompts mostly in Khmer 34.5 22.3 +12.2*** 
Prompts mostly in English 34.1 48.0 -13.8*** 
AI significantly improved quality of work 18.2 38.3 -20.0*** 
Needs very little effort to get a useful result 15.8 17.5 -1.6 

Note: Difference is students minus lecturers in percentage points. Two-sample test of proportions: *** p<0.001; ** p<0.01; * 
p<0.05. The quality item refers to academic work or grades for students and to teaching materials for lecturers. 
Source: Authors’ survey data, 2026. 

Table C2: Self-rated AI literacy items (AI users) 

 Students Lecturers 

Item (student wording) Mean Agree 
(%) 

Neither 
(%) 

Mean Agree 
(%) 

Awareness (D1-D3; adapted from AILS) 
D1. I can recognise when a product or service I 
use relies on AI. 

3.09 27.3 58.2 3.45 46.5 

D2. I can identify which AI features are used in 
the apps and products I use. 

3.12 29.8 55.6 3.22 33.5 

D3. I can explain to someone else how AI tools 
could help with their studies. 

3.54 59.1 34.3 - - 

Usage (D4-D5; adapted from AILS) 
D4. I can use AI applications to help me with my 
academic work. 

3.73 69.6 26.7 3.97 82.2 

D5. I can work out how to use an AI tool I have 
never used before. 

3.58 61.4 32.2 - - 
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 Students Lecturers 

Item (student wording) Mean Agree 
(%) 

Neither 
(%) 

Mean Agree 
(%) 

Evaluation (D6 by the authors; D7-D8 adapted from AILS) 
D6. I can judge whether the information an AI 
tool gives me is accurate. 

3.36 40.4 54.1 3.63 62.1 

D7. After using an AI tool for a while, I can judge 
what it is good and bad at. 

3.40 46.4 45.7 3.58 58.4 

D8. When several AI tools could do a task, I can 
choose the most suitable one. 

3.37 45.0 46.5 3.64 66.9 

Ethics (D9-D11; adapted from AILS) 
D9. I try to follow ethical principles when I use AI 
tools. 

3.71 67.9 26.6 4.12 91.8 

D10. I pay attention to privacy and data-security 
risks when I use AI tools. 

3.75 69.1 26.1 4.01 84.4 

D11. I am alert to the misuse of AI. 4.00 82.6 12.4 4.22 90.3 
Verification and prompting (D12-D15; by the authors, after the OECD and European Union AI 
literacy framework) 
D12. I check AI answers against other sources 
before I use them. 

3.94 77.4 19.7 4.19 87.0 

D13. Before I use an AI answer, I check whether 
it is correct. 

4.02 82.2 15.8 - - 

D14. I can give an AI tool enough context and 
clear instructions to get a useful result. 

3.71 66.4 30.8 3.70 66.2 

D15. I can decide when an AI’s answer should 
be accepted, improved, or rejected. 

3.79 71.3 26.3 3.90 78.1 

Index (mean of items) 3.61   3.74  
Note: Five-point agreement scale. Agree = agree or strongly agree. AILS = Artificial Intelligence Literacy Scale (Wang, Rau, 
and Yuan 2023). Lecturer items D3, D5 and D13 were negatively worded and are not comparable item by item; D3 and D5 
are reverse-scored in the lecturer index and D13 is excluded. Cronbach’s alpha: students 0.87 (15 items); lecturers 0.81 (14 
items). Students n = 1,485; lecturers n = 269. 
Source: Authors’ survey data, 2026. 

Table C3: Tested knowledge items (student AI users, n = 1,485) 

Item and response % 
D16. An AI tool gives you the reference of a journal for an essay. What is the first thing you should 
do? 
Check whether the reference actually exists (correct) 75.1 
Ask the same AI tool whether it is correct 15.2 
Cite it in the essay as the AI wrote it 6.0 
Don’t know 3.7 
D18. You paste a classmate’s draft into an AI tool to check the grammar. Who can see the text you 
pasted? 
Me and the company that operates the AI tool (correct) 45.9 
Only me 35.2 
Nobody - it is deleted immediately 3.3 
Don’t know 15.6 
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Item and response % 
Number of the two items (D16, D18) answered correctly 
Neither 14.5 
One 50.0 
Both 35.5 

Source: Authors’ survey data, 2026. 

Table C4: Four uses of AI by students: own view and perceived university rule (students n = 
1,510; lecturers n = 285) 

Scenario and response Students (%) Lecturers (%) Difference 
(pp) 

Explain a difficult concept 
Own view: acceptable 44.3 33.3 +11.0*** 
Own view: depends 52.8 63.5 -10.7*** 
Own view: not acceptable 1.9 1.4 +0.5 
University: allowed 63.7 48.1 +15.6*** 
University: not allowed 5.8 6.0 -0.2 
University: no clear rule or don’t know 30.5 46.0 -15.4*** 
Translate sources or own writing 
Own view: acceptable 47.7 42.8 +4.9 
Own view: depends 45.7 50.5 -4.8 
Own view: not acceptable 4.1 4.9 -0.8 
University: allowed 66.3 51.9 +14.4*** 
University: not allowed 5.3 4.2 +1.1 
University: no clear rule or don’t know 28.4 43.9 -15.4*** 
Write substantial parts of an assignment 
Own view: acceptable 14.8 9.8 +4.9* 
Own view: depends 49.8 44.6 +5.2 
Own view: not acceptable 29.5 41.8 -12.2*** 
University: allowed 19.3 14.7 +4.5 
University: not allowed 42.3 35.8 +6.5* 
University: no clear rule or don’t know 38.4 49.5 -11.1*** 
Answer questions in a take-home exam or online quiz 
Own view: acceptable 20.5 7.4 +13.2*** 
Own view: depends 48.9 40.7 +8.2* 
Own view: not acceptable 24.5 47.4 -22.9*** 
University: allowed 17.0 9.5 +7.5** 
University: not allowed 48.5 49.8 -1.3 
University: no clear rule or don’t know 34.5 40.7 -6.2* 

Note: Students were asked about their own use; lecturers about use by students. "Unsure" responses on own view (1-6 
percent) are not shown. Difference is students minus lecturers. *** p<0.001; ** p<0.01; * p<0.05. 
Source: Authors’ survey data, 2026. 
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Table C5: AI use and access by field of study (student AI users) 

Field of study n Frequent 
use (%) 

Coding or 
data 

analysis 
often (%) 

Owns a 
laptop (%) 

Prompts 
mostly in 

Khmer (%) 

IT / computer science 270 66.3 50.4 90.0 14.8 
Medicine / health 27 63.0 7.4 59.3 33.3 
Agriculture 127 52.8 5.5 66.9 40.2 
Economics 50 48.0 12.0 70.0 16.0 
Languages / humanities / arts 193 44.6 6.7 53.4 32.6 
Business / accounting / 
management 

329 41.3 10.6 54.4 36.2 

Mathematics / sciences 88 39.8 26.1 46.6 38.6 
Engineering / architecture 235 39.6 12.3 60.4 43.4 
Education, social sciences, other 52 38.5 3.8 65.4 26.9 
Law / public administration 114 25.4 7.0 41.2 64.0 
All student AI users 1,485 46.2 17.6 62.3 34.5 

Note: Frequent use = several times a week or daily. Field is the cleaned field of study; education, social sciences and other 
fields are combined. Differences in the chance of frequent use relative to business, among students alike in sex, location, 
institution type, year, academic English, laptop, main device, internet reliability, first generation, paid plan, prompt language, 
experience and training (logistic regression, N = 1,199, slightly more than in the other models because field replaces the STEM 
indicator, which is missing for a few students; standard errors clustered by institution), in percentage points: IT +9.3, 
agriculture +8.2, medicine and health +16.2, languages and humanities +6.1, mathematics and sciences +2.0, law −2.8, 
engineering −3.7, economics −5.5, education, social sciences and other −6.2. None is statistically significant at the 5 percent 
level. 
Source: Authors’ survey data and calculation, 2026. 
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