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Abstract 

Artificial intelligence and digital technology now reshape postgraduate education across the world. This study 
measures how these tools affect education quality and economic outcomes for graduate students. A survey 
collected responses from 91 postgraduate students. The instrument captured awareness usage and ten 
quantitative constructs on a ten point scale. Descriptive statistics correlation analysis and multiple regression 
were applied. The internet was the leading information source at 81.3 percent. Digital platform use scored highest 
among all constructs at 7.34. Artificial intelligence usage frequency and digital platform use together explained 
61.3 percent of variance in perceived quality improvement. Perceived quality improvement was the strongest 
predictor of economic benefit and explained 77.0 percent of its variance. Students with high usage reported 
quality scores of 8.05 against 5.32 for low usage students. All ten constructs achieved high internal reliability 
above 0.93. The findings confirm that disciplined artificial intelligence adoption raises both academic quality and 
economic value in postgraduate study. 

Keywords: Artificial intelligence. Postgraduate education. Quality improvement. Economic implications. 
Digital technology. Higher education. 

I. INTRODUCTION 
Artificial intelligence has become a central force in modern education. It now supports teaching 
learning and assessment across higher education [1] [7]. Postgraduate study depends on deep research 
skills and independent thought. Digital technology helps graduate students reach these goals with 
greater speed [8] [10]. The rise of generative tools has widened access to knowledge for learners 
everywhere [2]. Many universities now treat artificial intelligence as a core part of their academic 
strategy [9]. 

Digital technology forms the wider platform on which artificial intelligence operates. Cloud services 
online libraries and virtual classrooms now reach students in every region. These platforms remove 
many limits of time and place. Graduate students can study and collaborate from any location. The 
combination of artificial intelligence and digital infrastructure creates a powerful learning 
environment [21]. This environment is now central to research training in many institutions [23]. 

Postgraduate education differs from undergraduate study in important ways. Graduate students 
produce original research and write at an advanced level [4]. They use AI tools to help them draft 
literature search and data analysis [22]. Expert systems can also monitor academic performance and 
direct improvement [4]. The quality of the graduate work is raised by these functions [6]. They also 
change the cost structure of higher education [37]. 

One of the most evident advantages of AI in education is personalized learning [12] [16]. Adaptive 
systems make adaptations to the content based on the need of each learner [13] [17]. These systems 
boost participation and minimize the amount of redundant work [18] [20]. There are a number of 
countries that have provided evidence of the positive impact of personalisation on learning outcomes 
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[12] [14]. This is further extended to large groups of students with cloud based platforms [21]. 
Personalized education models are currently being actively researched for sustainable use [24] [26]. 

Much less attention has been paid to the economic aspect of AI in education. The cost of tutoring and 
feedback can be reduced through the use of digital tools [5] [37]. They can also enhance the 
employability through developing practical skills [16]. However, there are worries regarding quality 
control and fairness in adoption [28] [31]. This study focuses on the economic impact of AI in 
postgraduate education as well as the quality improvement. It directly quantifies these effects through 
survey data. It then provides a report of the strength of each relationship, backed up with clear 
statistical evidence. 

These tools are now being rapidly adopted by many universities in the developing world. Digital 
platforms are used by public institutions to increase access and to regulate cost [5]. In these 
environments, graduate programs have high expectations for research productivity [4]. These 
programmes can be taken to global standards with the help of artificial intelligence [9]. This study is 
based on data that represents such a context. It therefore adds evidence from a context that the 
literature rarely covers [16]. 

II. LITERATURE REVIEW 
The field of Artificial Intelligence in Education (AIED) has experienced rapid expansion in the past 30 
years. In the early work, the use of artificial intelligence in tutoring and classroom support was 
studied [10] [11]. Recent reviews have outlined a wide area of research including teaching learning 
and evaluation [6] [7]. Kamalov et al. talk about a sustainable and multifaceted revolution in this area 
[9]. Tahiru discusses numerous instances in which AI is enhancing teaching practice [8]. These studies 
concur that AI has become an integral part of education[1]. 

A large body of work studies personalized learning through artificial intelligence [12] [15]. Bhutoria 
compares personalization across the United States China and India [12]. Maghsudi and colleagues 
outline what graduate learners can expect next from these systems [17]. Murtaza and colleagues 
review the issues and challenges of personalized electronic learning [19]. Hashim and colleagues 
confirm strong trends toward artificial intelligence for personalized learning [20]. Pratama and 
colleagues report clear gains from adaptive content [14]. Riaz presents a working personalized 
learning system built on artificial intelligence [27]. Zavalevskyi and colleagues show how artificial 
intelligence builds individual study programs [26]. Rad and colleagues add a cloud based design for 
the same purpose [21]. 

Higher education forms a special case for artificial intelligence research. Bates and colleagues ask 
whether artificial intelligence can transform higher education [23]. Kokku and colleagues augment 
classrooms with artificial intelligence for personalized study [18]. Chaudhry and Kazim give a high 
level academic and industry note on the field [28]. Van der Vorst and Jelicic discuss the full potential 
of personalized learning [15]. Raza and Iqbal link artificial intelligence to adaptive assessment [25]. 
Dandachi connects artificial intelligence to sustainable education [24]. Kolchenko warns that artificial 
intelligence cannot fully replace teachers [13]. 

The pros and cons of AI in education have been hot topics of discussion. A lot of authors consider both 
sides of the question [29] [30]. There are clear advantages and disadvantages as listed by Al Tkhayneh 
et al. [31]. Chaushi et al. come to similar conclusions on the advantages and disadvantages [33]. These 
are corroborated by several practitioner sources [32] [34]. Some authors emphasize negative impacts 
like overdependence and diminished thinking [35] [36]. Qin and Wang investigate the advantages, the 
difficulties, and the remedies as a whole [37]. 

Two patterns are clearly evident in the work reviewed. The first pattern is that, in general, there is a 
consensus that AI enhances the quality of teaching and learning [6] [16]. The second pattern is the lack 
of direct evidence of economic outcomes [37]. Cost and value are only generally discussed in most 
studies [5]. There is limited research that uses survey data to measure economic benefit at the 
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postgraduate level [4]. The present study aims to remedy this lack. It sees quality and economic value 
as quantifiable. It is then quantitatively tested for relationship between them. 

Another thread of work is related to artificial intelligence and assessment and feedback. Neha and 
Sidiq have studied the academic performance using expert systems [4]. Early use of AI in education is 
described by Beck and colleagues [10]. Garito charts the long history of the shift in the 
teaching/learning dynamic [11]. Harry reviews the present role of artificial intelligence in education 
[22]. Baker et al. discuss the future of AI in schools and colleges [2]. The progression of these studies 
has been from simple tools to full learning systems. [1]. 

III. RESEARCH PROBLEM 
AI is now prevalent in postgraduate studies. Its impact on the quality of education remains mixed [7] 
[28]. The majority of studies are conducted at the school or undergraduate level [10] [18]. Graduate 
students have different expectations in terms of research and writing [4]. For this group, the economic 
value of AI is hardly ever measured [37]. There is significant investment in digital platforms by 
universities with little evidence of return [5]. Students also find both advantages and disadvantages in 
these tools [31] [35]. 

The problem thus can be divided into two parts. The first is the weak post-graduate level quality 
measurement. The second part is the missing link between quality and economic value. A clear model 
of this linkage would direct students and institutions. It would also facilitate the investment in digital 
infrastructure [23]. The present study is an attempt to construct and validate such a model using real 
data. 

This gap poses four research questions. In the first question, students are asked about the frequency of 
their use of AI and digital platforms. The second question is about whether this use enhances the 
quality of education perceived. The third question is whether the improvement in quality has an 
economic impact. The fourth question is if these outcomes change with the level of usage. Survey 
results collected from 91 postgraduate students provide answers to these questions. It provides a 
common scale measure of the quality of usage and economic constructs. It then correlates and 
regresses the relationships between them. The goal is to give clear quantitative data to decision 
makers in higher education. 

IV. METHODOLOGY 
This study used a quantitative survey design. The target group was postgraduate students who use 
artificial intelligence and digital tools. The final sample held 91 valid responses. The dataset was 
drawn from a public Kaggle repository. The instrument recorded background variables and study 
constructs. Background variables covered gender year of study major and grade point average. The 
study did not apply the thematic coding approach of qualitative research [3]. It applied numeric 
analysis to every item instead. 

The instrument measured awareness through self rated artificial intelligence knowledge. It recorded 
the main information sources for each student. It also captured ten study constructs. These constructs 
were artificial intelligence usage frequency digital platform use perceived quality improvement 
research productivity learning effectiveness economic benefit cost savings employability impact 
student satisfaction and behavioral intention to use artificial intelligence. Most constructs used a ten 
point scale where a higher value means stronger agreement. The constructs split into one quality 
group and one economic group for analysis. Overview of methodology are shown in figure 1 
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Figure 1 Methodology 

The quality group held perceived quality improvement research productivity and employability 
impact. The economic group held economic benefit and cost savings. Artificial intelligence usage 
frequency and digital platform use acted as the main input variables. This structure matched the two 
themes of the study. It allowed a direct test of the path from usage to quality and from quality to 
economic value. 

Analysis followed three stages. The first stage produced descriptive statistics for all variables. It 
reported means standard deviations and frequencies. The second stage tested internal reliability with 
the Cronbach alpha coefficient. The third stage examined the relationships among constructs. Pearson 
correlation measured the strength of each link. One multiple linear regression tested how usage and 
platform use predict quality. A second regression tested how usage platform use and quality predict 
economic benefit. Group comparison used the independent samples t test and one way analysis of 
variance. 

The data cleaning step removed incomplete records before analysis. The final file held no missing 
values across the 91 cases. Each construct was checked for range and for scale. The analysis treated the 
ten point constructs as interval data. This treatment is standard for survey research of this type. It 
supports the use of correlation and regression on the construct scores. 

All tests used a significance threshold of 0.05. Statistical computation used standard scientific 
software. Tables and figures were produced from the same dataset. The grade point average ranged 
from 5.2 to 9.7 with a mean of 7.80. The sample therefore represented capable graduate students. Table 
I reports the full profile of the sample. 

V. RESULTS 
This section reports the quantitative findings. It moves from the sample profile to the tested 
relationships among the constructs. Each subsection links a table or a figure to a clear numeric result. 

The sample profile appears in Table I. Men formed 64.8 percent of the sample and women formed 35.2 
percent. Second year students formed 62.6 percent of the group. The largest major group held 41.8 
percent of respondents. The mean grade point average reached 7.80. The mean artificial intelligence 
knowledge score reached 5.91 on the ten point scale. Awareness was therefore moderate to high across 
the group. Figure 2 shows the information sources used by students. The internet led all sources at 
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81.3 percent. Social media followed at 44.0 percent. Books and scientific papers reached 35.2 percent. 
Group discussion reached 19.8 percent. Only 6.6 percent of students felt not informed about artificial 
intelligence. 

Table I.  Profile of the sample 
Characteristic Category n (%) 

Gender Male 59 (64.8) 
 Female 32 (35.2) 

Year of study First year 34 (37.4) 
 Second year 57 (62.6) 

Major Group 1 30 (33.0) 
 Group 2 38 (41.8) 
 Group 3 23 (25.3) 

GPA Mean (SD) 7.80 (0.98) 
AI knowledge Mean (SD) 5.91 (1.97) 

 
Fig. 2. Information sources reported by postgraduate students. 

The awareness pattern carries a clear meaning. Students rely most on open digital sources for artificial 
intelligence knowledge. Formal sources such as books and papers play a smaller role. This pattern fits 
the high score for digital platform use reported below. It also shows a need for structured guidance 
inside graduate programs [19]. 

Table II reports the descriptive statistics for the ten constructs. Digital platform use recorded the 
highest mean at 7.34. Research productivity followed at 6.69. Perceived quality improvement reached 
6.64. Economic benefit reached 6.60 and cost savings reached 6.47. Employability impact reached 6.22. 
Artificial intelligence usage frequency was lower at 5.77. Figure 3 displays these means with their 
spread. The pattern shows strong agreement on quality and on economic value. It also shows that 
digital platform use is already widespread among graduate students. The input variables and the 
outcome variables sit at clearly different levels. 

Table II.  Descriptive statistics of the constructs 
Construct Mean SD Min Max 

AI usage frequency 5.77 2.12 1 10 
Digital platform use 7.34 2.12 1 10 

Perceived quality improvement 6.64 1.89 1 10 



47 / Journal of Daoist Studies 19-7s (2026) 

 
 
  
 

 

Research productivity 6.69 2.05 1 10 
Learning effectiveness 1.97 0.46 1 3 

Economic benefit 6.60 2.22 1 10 
Cost savings 6.47 2.33 1 10 

Employability impact 6.22 1.91 1 10 
Student satisfaction 4.33 0.93 2 6 
Behavioral intention 5.11 1.43 2 8 

 
Fig. 3. Mean scores of the study constructs with standard deviation bars. 

The descriptive results also show a gap between input and output. Usage frequency sat below digital 
platform use by 1.57 points. This gap points to room for higher direct artificial intelligence use. A rise 
in usage could lift quality further under the first regression model. 

Table III presents the correlation matrix for the main constructs. Every correlation was positive and 
significant at the 0.05 level. Perceived quality improvement correlated with economic benefit at 0.87. 
Economic benefit correlated with cost savings at 0.89. Digital platform use correlated with quality 
improvement at 0.71. Artificial intelligence usage correlated with employability impact at 0.73. Quality 
improvement and research productivity correlated at 0.91. Figure 4 maps the full matrix as a heat 
map. The dense block of high values confirms that quality and economic gains rise together. 

Table III.  Correlation matrix of the main constructs 
Construct 1 2 3 4 5 6 7 
1 AI usage 1.00 .38 .58 .52 .45 .42 .73 

2 Digital use .38 1.00 .71 .63 .66 .56 .56 
3 Quality .58 .71 1.00 .91 .87 .76 .88 

4 Research .52 .63 .91 1.00 .83 .74 .81 
5 Economic .45 .66 .87 .83 1.00 .89 .88 

6 Cost .42 .56 .76 .74 .89 1.00 .80 
7 Employ .73 .56 .88 .81 .88 .80 1.00 
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Fig. 4. Correlation heat map of artificial intelligence quality and economic constructs. 

Table IV reports the two regression models. The first model predicted perceived quality improvement 
from usage and platform use. This model explained 61.3 percent of the variance with an F value of 
69.79. Both predictors were significant at the 0.05 level. Digital platform use carried the larger weight 
at 0.508. Artificial intelligence usage frequency added a weight of 0.327. The second model predicted 
economic benefit from usage platform use and quality. This model explained 77.0 percent of the 
variance with an F value of 97.32. Perceived quality improvement was the only significant predictor at 
1.011. Figure 5 shows the strong linear link between quality and economic benefit. 

Table IV.  Regression results for quality and economic benefit 

Predictor 
Coefficient 

B 
p value 

Model 1. Dependent variable perceived quality 
improvement (R2 = 0.613, F = 69.79, p < 0.001) 

Constant 1.022 0.041 
AI usage frequency 0.327 < 0.001 
Digital platform use 0.508 < 0.001 

Model 2. Dependent variable economic benefit (R2 
= 0.770, F = 97.32, p < 0.001) 

Constant −0.224 0.624 
AI usage frequency −0.082 0.216 
Digital platform use 0.081 0.288 

Perceived quality 
improvement 1.011 < 0.001 
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Fig. 5. Relationship between perceived quality improvement and economic benefit. 

The regression results answer the core research questions. Usage and platform use drive quality in the 
first model. Quality then drives economic benefit in the second model. The two models together trace 
a clear path. The path runs from tool use to quality and then to economic value. This path is the 
central quantitative finding of the study. 

Usage level produced a clear gradient in the outcomes. Figure 6 groups students into low moderate 
and high usage tiers. Low usage students scored 5.32 on quality and 5.36 on economic benefit. 
Moderate usage students scored 6.68 and 6.75. High usage students scored 8.05 and 7.73. The gain 
across the tiers was large and consistent. Group comparison by gender showed no significant 
difference in quality or economic benefit. Analysis of variance by major also showed no significant 
difference. These results mean the benefits of artificial intelligence reach all subgroups in a balanced 
way. 

 
Fig. 6. Quality and economic outcomes across artificial intelligence usage tiers. 
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The ten constructs achieved high internal reliability. The Cronbach alpha for the quality items reached 
0.95. The alpha for the economic items reached 0.94. The combined construct set reached 0.94. These 
values confirm that the instrument measured its targets in a stable manner. The full set of results gives 
a consistent quantitative picture. 

VI. DISCUSSION 
The findings provide solid evidence of quality improvements with AI. The combination of digital 
platform use and the frequency of its use accounted for the majority of the variance in perceived 
quality [7] [16]. This is consistent with previous reviews which have correlated AI with improved 
teaching and learning [6] [8]. These tools are most effectively used frequently by graduate students 
[14] [20]. The high score on research productivity validates the use of AI to aid in advanced academic 
research [4] [22]. These results are an extension of personalized learning research in the postgraduate 
context [12] [17]. 

The most novel aspect of this study is the economic findings. The most significant factor in perceived 
economic benefit was perceived quality improvement [37]. This pattern illustrates that value is created 
in the economy based on quality and not on the quantity of use. Cost savings and economic benefit 
marched in perfect harmony and at a very high level. The use of digital tools thus reduces the actual 
expenses of advanced learning [5]. They also boost the employability with improved practical skills 
[16]. These findings provide a clear indication to the universities of their digital investment [23]. The 
economic case is not based on the number of uses, but on the quality of the use. 

The usage gradient has a practical message. There were significantly better outcomes for high usage 
students than for low usage students. The quality score increased from 5.32 at low usage to 8.05 at 
high usage. This gap indicates that training and access are critical [19] [21]. It is encouraging that there 
is no gender and major differences. It implies that the advantages are distributed equally when 
students interact with the tools [13]. Equal access can thus reduce rather than increase disparities [24] 
[26]. 

The study takes a balanced approach as well. Previous studies caution against overdependence and 
low critical thinking skills [35] [36]. Other authors emphasize fairness and quality control [28] [31]. 
These risks are not negated by the strong results here [30] [33]. Academic standards must go hand-in-
hand with adoption [29] [32]. The quality that leads to economic value is preserved by responsible use 
[34]. The evidence points towards guided adoption and not free and unmanaged use. A good policy 
can consolidate the benefits and mitigate the damages. 

The two regression models combined form a simple and powerful pathway. Quality is increased 
through the use of tools, and economic value is increased through quality. This is the route of why the 
raw use alone didn't predict economic benefit. The impact of use went through quality before it got to 
economic value. It is a significant indirect policy finding. It demonstrates that quality is the main 
objective of any digital strategy [23] [28]. 

The magnitude of the effects also should be considered. A variance explained of 77.0 percent is large 
for survey research [37]. It implies that there is a strong common basis between quality and economic 
value. This is reflected in the high reliability scores. The constructs yielded one strong factor of 
perceived benefit. This finding bolsters the arguments for assured investment. [23]. 

VII. CONCLUSION 
This study was conducted to measure the impact of AI and digital technology on postgraduate 
education. It was based on survey data from 91 graduate students. Results indicate that there is a high 
level of engagement with digital platforms and perceived quality gains. The variance in quality was 
accounted for by the use of artificial intelligence and platform use (61.3 percent). Quality accounted 
for 77.0 per cent of the variance of the economic benefit. There was a much stronger impact reported 
for high usage students than low usage students. The benefits were experienced equally by all 
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subgroups. These findings validate the fact that AI can enhance the academic quality and economic 
value in graduate studies. 

There are definite limitations to the study. There were 91 students in the sample from one data set. 
Future studies should include more and larger populations. It should also monitor outcomes over 
time, not at any particular time. The economic results would be enhanced by direct measurements of 
cost and employment. 

The results still provide valuable information. Universities need to be investing in digital platforms 
and structured training with AI. They should also safeguard academic standards in the process of 
adoption. Pupils to develop consistent and responsible use of tools. This equilibrium can provide high 
quality and economic values simultaneously. Artificial Intelligence has become an important tool in 
postgraduate education. 

This study has practical and academic contribution. It provides a proven model that connects usage 
quality and economic value. It also provides a clear number that managers can act on. The model can 
be used to inform future research in other contexts. [16]. 
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