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A B S T R A C T   A R T I C L E   I N F O 

This study compares direct and indirect technology diffusion 
in higher education, focusing on plagiarism detection 
software in Indian doctoral education. Using a quantitative 
survey of research scholars, the study finds that direct 
diffusion significantly improves outcomes. Similarity levels 
decreased substantially under direct diffusion, indicating 
more accurate application of plagiarism rules. Additionally, 
direct diffusion reduced the time required and lowered costs 
considerably. The findings suggest that direct access 
empowers users, minimizes intermediary-related 
inefficiencies, and enhances both effectiveness and 
efficiency. The study highlights cost-effectiveness as a key 
enabler and recommends that policymakers and institutions 
promote direct technology diffusion to improve adoption 
and strengthen academic integrity in higher education. 
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1. INTRODUCTION 

Technology diffusion in higher education has attracted sustained scholarly attention, 
particularly in areas such as information technology, e-learning, and artificial intelligence 
adoption [1-3]. Prior research has extensively examined the determinants of technology 
adoption using theoretical frameworks such as the Technology Acceptance Model and 
Rogers’ diffusion of innovations theory, highlighting factors such as perceived usefulness, 
ease of use, and social influence [4]. These studies have contributed significantly to 
understanding why individuals and institutions adopt technology. However, they largely focus 
on adoption outcomes and behavioral intentions, with limited attention to the structural 
pathways through which technology reaches end users. 

Despite the richness of the technology adoption literature, the distinction between direct 
and indirect modes of technology diffusion remains underexplored in the context of higher 
education. Existing research tends to examine direct and indirect effects of technology 
diffusion rather than the modes of diffusion themselves, thereby overlooking the role of 
intermediaries in shaping user experience and outcomes. Evidence from other domains, such 
as e-government and international trade, suggests that direct diffusion mechanisms produce 
stronger, faster, and more efficient impacts compared to indirect ones mediated through 
institutional layers [5]. This gap is particularly relevant in higher education, where institutional 
structures often mediate access to critical technologies. 

This study addresses this gap by examining the diffusion of plagiarism detection software 
in Indian doctoral education, a context characterized by both scale and regulatory complexity. 
Traditionally, plagiarism detection tools were made available indirectly through institutions, 
with research scholars relying on intermediaries such as librarians to access similarity reports. 
This indirect diffusion model limited user control, created delays, and often resulted in 
misapplication of academic integrity regulations due to inconsistent implementation 
practices [6, 7]. Recent developments, however, have enabled direct access to low-cost 
plagiarism detection tools, allowing research scholars to independently evaluate similarity, 
apply regulatory exclusions, and manage their own compliance processes. 

Drawing on this context, this study conceptualizes two distinct modes of technology 
diffusion: direct diffusion, where technology is accessible to end users without 
intermediaries, and indirect diffusion, where access is mediated through institutional actors. 
The conceptual model illustrating these two modes and their pathways is presented in Figure 
1. By comparing these two modes, this study seeks to examine not only differences in 
outcomes but also the underlying mechanisms that drive effectiveness and efficiency in 
technology adoption. Specifically, the study evaluates how direct diffusion influences 
similarity outcomes, time efficiency, and cost efficiency in the plagiarism checking process. 

The novelty of this study lies in several key contributions. First, it introduces and empirically 
examines the concept of diffusion mode (direct versus indirect) in higher education, a 
dimension that has received limited attention in existing literature. Second, it shifts the 
analytical focus from adoption determinants to diffusion structure, thereby extending 
traditional technology adoption frameworks such as TAM and Rogers’ diffusion theory. Third, 
the study provides large-scale empirical evidence from doctoral education, linking diffusion 
mode to measurable outcomes such as accuracy, time, and cost, which are rarely analyzed 
together in prior research. Fourth, it offers a novel conceptual parallel between direct 
technology diffusion and direct benefit transfer systems, highlighting how eliminating 
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intermediaries can enhance transparency, efficiency, and user empowerment. Finally, the 
study contributes practical insights by demonstrating that cost-effective technologies can 
enable scalable direct diffusion, with implications for policy design and institutional practices 
in higher education globally. Accordingly, this study addresses the following research 
questions: how and why direct technology diffusion is advantageous compared to indirect 
diffusion in higher education.  

 

Figure 1. Conceptual model of direct and indirect technology diffusion in higher 
education. 

2. METHODS 

Technology adoption and diffusion in higher education have been widely studied through 
multiple theoretical and empirical perspectives. A substantial body of literature identifies key 
determinants influencing technology adoption, including performance expectancy, effort 
expectancy, social influence, and facilitating conditions [8]. These factors emphasize that 
perceived usefulness, ease of use, and institutional support play critical roles in shaping 
adoption behavior among students and faculty. Similarly, structural enablers such as 
infrastructure and technical assistance have been highlighted as essential for the successful 
implementation of educational technologies [9]. Despite these insights, challenges such as 
digital inequality, institutional resistance, and inadequate support systems continue to affect 
the effectiveness of technology adoption in higher education [8]. 

The Technology Acceptance Model has been extensively applied to explain technology 
adoption in educational settings, emphasizing the roles of perceived usefulness, perceived 
ease of use, and self-efficacy in shaping user attitudes and intentions [10-12]. These 
constructs are often influenced by contextual factors such as infrastructure, accessibility, and 
cultural norms, particularly in developing countries where resource constraints play a 
significant role [12]. Complementing this perspective, the Unified Theory of Acceptance and 
Use of Technology highlights effort expectancy and social influence as critical drivers of 
adoption intentions, while also recognizing the importance of users’ technological capabilities 
[13, 14]. Together, these models provide a robust framework for understanding individual-
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level adoption behavior but offer limited insights into how the structure of technology 
diffusion influences outcomes. 

Rogers’ diffusion of innovations theory further enriches this understanding by emphasizing 
the role of adopter characteristics such as self-efficacy, compatibility, and prior experience in 
shaping adoption decisions [15, 16]. The theory suggests that the positioning of adopters 
within the diffusion process significantly affects adoption outcomes. However, most 
applications of Rogers’ framework in higher education focus on attributes of innovations and 
adopters rather than the pathways through which technology is delivered. As a result, the 
distinction between direct and indirect diffusion remains largely implicit in existing studies. 

Although prior research acknowledges the existence of direct and indirect effects of 
technology diffusion, explicit examination of diffusion modes is limited. Evidence from other 
domains provides important insights into this distinction. Studies on e-government adoption 
show that factors such as resource availability, perceived ease of use, and compatibility have 
stronger positive associations with direct adoption compared to indirect adoption mediated 
by intermediaries [17]. Similarly, research on international technology diffusion indicates that 
direct diffusion mechanisms produce larger and faster impacts compared to indirect diffusion 
processes. These findings suggest that the mode of diffusion plays a critical role in shaping 
both efficiency and effectiveness, yet this dimension remains underexplored in higher 
education contexts. 

To further understand the implications of direct versus indirect mechanisms, parallels can 
be drawn from the Direct Benefit Transfer system in India, which represents a large-scale shift 
from intermediary-based delivery to direct user access. The literature highlights that direct 
transfers improve efficiency by reducing delays, eliminating leakages, and enhancing 
transparency [18, 19]. Direct systems also increase inclusion and empower beneficiaries by 
giving them greater control over resources and lead to enhanced student performance, 
innovative thinking, and research efficiency [20, 21]. By contrast, intermediary-based systems 
are often associated with inefficiencies, corruption, and misallocation of benefits. These 
characteristics closely resemble the challenges observed in indirect technology diffusion in 
higher education, where multiple layers of intermediation can distort outcomes and reduce 
user autonomy. 

Synthesizing the above literature reveals a clear research gap. While existing studies 
provide extensive insights into the determinants of technology adoption and the outcomes 
of diffusion, they largely overlook the structural dimension of diffusion modes. In particular, 
there is limited empirical evidence on how direct and indirect diffusion influence effectiveness 
and efficiency in higher education settings. Addressing this gap is important, as the mode of 
diffusion may shape not only adoption outcomes but also user empowerment, transparency, 
and overall system performance. 

3. METHODS 

This study adopted a mixed-methods approach to examine the effectiveness of direct and 
indirect technology diffusion in higher education. The quantitative component tested the 
impact of diffusion modes on similarity outcomes, time efficiency, and cost efficiency, while 
the qualitative component explored the underlying reasons for the observed differences. 
Based on the research objectives, the study tested two hypotheses: direct technology 
diffusion leads to more effective outcomes and results in savings in time and cost. 
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For the quantitative analysis, a survey method was employed targeting doctoral research 
scholars who had completed the similarity checking process for their theses. Participants 
were selected using a combination of convenience, purposive, and snowball sampling 
techniques. A total of 422 research scholars participated in the study, which was considered 
adequate based on standard sample size guidelines [22]. Data were collected through an 
online questionnaire administered via Google Forms. Respondents were required to report 
similarity levels, time taken, and costs incurred under both indirect and direct diffusion 
modes. The survey instrument included demographic variables such as region, gender, and 
field of study, along with key variables related to similarity outcomes, time, and cost. Time 
was defined as the duration from initial submission to final acceptance after reducing 
similarity to acceptable levels, while cost included expenses related to paraphrasing services 
and software access. Responses were captured using categorized ranges to ensure 
consistency and comparability. 

To test the hypotheses, a two-sample t-test was applied to compare differences between 
the two diffusion modes across similarity, time, and cost variables. The analysis was 
conducted at a standard confidence level to determine statistical significance. The qualitative 
component employed expert interviews to gain deeper insights into the advantages of direct 
technology diffusion. A purposive sample of academic experts was selected. The experts were 
provided with a summary of the quantitative findings and were asked to explain the 
advantages of direct diffusion. Responses were collected via email and were analyzed using 
thematic analysis [23]. 

Ethical considerations were addressed throughout the study. Informed consent was 
obtained from all participants, and confidentiality was maintained. The study received 
institutional ethics approval and was conducted in accordance with established ethical 
guidelines. 

4. RESULTS AND DISCUSSION 

The results of the study are presented in two parts, beginning with the quantitative 
findings, followed by interpretive discussion. The demographic profile of the respondents is 
summarized in Tables 1-3, which provides an overview of the distribution of participants 
across regions, gender, and fields of study. 

Table 1. Demographic profile of survey participants : Zone. 

Category Count Percentage 
North 101 24% 
East 110 26% 
West 120 28% 
South 91 22% 

 

Table 2. Demographic profile of survey participants: Gender. 

Category Count Percentage 
Male 211 50% 
Female 206 49% 
Prefer not to say 5 1% 

 



Kumar et al., Direct Technology Diffusion in Higher Education… | 84 
 

p- ISSN: 2828-4887 e- ISSN: 2828-4860 

Table 3. Demographic profile of survey participants: Field. 

Category Count Percentage 
STEM 216 51% 
Humanities & Social Sciences 206 49% 

 

The demographic distribution shows a relatively balanced representation across different 
regions of India, including North, East, West, and South zones. Similarly, gender distribution 
is nearly equal, with a marginal difference between male and female participants, while a very 
small proportion preferred not to disclose their gender. The sample also reflects a balanced 
representation of academic disciplines, with nearly equal participation from STEM, 
Humanities, and Social Sciences. This balanced distribution strengthens the reliability of the 
findings by ensuring that the results are not biased toward a specific group, thereby 
enhancing the generalizability within the studied context. 

The descriptive statistics for the key variables (similarity percentage, time, and cost) under 
both indirect and direct technology diffusion modes are presented in Table 4. The results 
indicate a substantial difference between the two diffusion modes across all three variables. 
Under the indirect diffusion mode, the average similarity percentage is significantly higher 
compared to the direct diffusion mode. In contrast, direct diffusion results in considerably 
lower similarity levels, indicating a more accurate and appropriate application of plagiarism 
detection mechanisms. This finding is particularly important in the context of academic 
integrity, where inflated similarity scores under indirect systems may not necessarily reflect 
actual plagiarism but rather the misapplication of regulatory provisions [6, 7]. 

Table 4. Descriptive statistics of similarity, time, and cost under indirect and direct 
diffusion modes.  

Variable Diffusion Mode Mean Standard Deviation 
Similarity (%) Indirect 35.60% 0.085  

Direct 8.00% 0.042 
Time (days) Indirect 71 56.190  

Direct 7 5.938 
Cost (INR) Indirect 12,808 (USD 142) 6871.22  

Direct 1,770 (USD 20) 2181.66 

 

A similar pattern is observed in terms of time efficiency. The time required under indirect 
diffusion is considerably higher, reflecting delays associated with intermediary involvement 
such as institutional processing and dependence on third-party services. By contrast, direct 
diffusion significantly reduces the time required for similarity checking and revision processes, 
as users are able to independently access and apply the technology without waiting for 
institutional intervention. This aligns with broader findings in technology diffusion literature, 
where reduced intermediation is associated with faster adoption and implementation. In 
terms of cost, the difference between the two modes is equally pronounced. Indirect diffusion 
is associated with higher costs, primarily due to the reliance on external paraphrasing services 
and institutional processes. Direct diffusion, on the other hand, significantly reduces costs, as 
users can perform similarity checks independently using low-cost tools and require minimal 
external assistance. This finding highlights the importance of affordability as a critical enabler 
of direct technology diffusion, consistent with prior research emphasizing the role of cost in 
technology adoption [24, 25]. 
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To statistically validate these differences, hypothesis testing was conducted using a two-
sample t-test, and the results are presented in Table 5. The results of the hypothesis testing 
strongly support both proposed hypotheses. The difference in similarity levels between the 
two diffusion modes is statistically significant, indicating that direct technology diffusion leads 
to more effective outcomes in terms of accurate similarity assessment. Similarly, the 
differences in time and cost are also statistically significant, confirming that direct diffusion 
leads to substantial efficiency gains. The very low p-values indicate a high level of confidence 
in these findings, reinforcing the robustness of the results. 

Table 5. Results of hypothesis testing using a two-sample t-test. 

Parameter H1 (Similarity) H2a (Time) H2b (Cost) 
Difference 0.276 (27.6%) 63.813 days 11037.915 (USD 122) 

t (Observed value) 59.981 23.200 31.452  
t (Critical value) 1.963 

DF 842 842 842 
p-value (Two-tailed) <0.0001 <0.0001 <0.0001 

 

To further illustrate the differences in similarity outcomes, Figure 2 presents a comparative 
visualization of similarity percentages under indirect and direct diffusion modes. The figure 
clearly demonstrates a shift from higher similarity levels under indirect diffusion to 
significantly lower levels under direct diffusion. This shift can be interpreted as a correction 
effect, where direct access enables users to apply plagiarism detection rules more accurately. 
Under indirect diffusion, the involvement of intermediaries often leads to the inclusion of 
attributed text and other exempted content in similarity calculations, resulting in inflated 
similarity scores. In contrast, direct diffusion allows users to apply regulatory exclusions 
correctly, leading to more realistic and acceptable similarity outcomes. 

 

Figure 2. Comparison of similarity percentages under indirect and direct technology 
diffusion. 

The impact of these differences extends beyond similarity scores to influence the time 
required for completing the plagiarism checking process. Figure 3 illustrates the comparison 
of the time required under the two diffusion modes. The figure shows a significant reduction 
in time when moving from indirect to direct diffusion. Under indirect diffusion, the process 
involves multiple stages, including submission to institutional authorities, waiting for 
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processing, and engaging external paraphrasing services. Each of these stages introduces 
delays, contributing to the overall time burden. In contrast, direct diffusion streamlines the 
process by eliminating these intermediaries, allowing users to perform similarity checks and 
make revisions in a much shorter timeframe. 

 

Figure 3. Comparison of the time required under indirect and direct technology diffusion. 

Similarly, Figure 4 presents a comparison of the costs incurred under the two diffusion 
modes. The cost comparison highlights the substantial financial burden associated with 
indirect diffusion, primarily driven by the need for external paraphrasing services. In many 
cases, users incur significant expenses to reduce similarity scores that may have been 
incorrectly inflated in the first place. Direct diffusion, by enabling accurate similarity 
assessment and reducing dependence on third-party services, leads to a significant reduction 
in costs. This finding underscores the economic benefits of direct technology diffusion, 
particularly for research scholars who often operate under limited financial resources. 

 

Figure 4. Comparison of costs under indirect and direct technology diffusion. 

Taken together, the quantitative results provide strong evidence that direct technology 
diffusion outperforms indirect diffusion across key dimensions of effectiveness and efficiency. 
These findings not only validate the proposed hypotheses but also highlight the broader 
implications of diffusion structure in shaping technology outcomes. The consistent pattern 
across similarity, time, and cost suggests that the advantages of direct diffusion are systemic 
rather than incidental, pointing to the critical role of user-level access in technology adoption 
processes. 
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While the quantitative results clearly establish the superiority of direct technology 
diffusion in terms of effectiveness and efficiency, a deeper understanding of the underlying 
mechanisms requires further interpretation. The observed reduction in similarity levels under 
direct diffusion, as illustrated in Figure 2, is not merely a statistical outcome but reflects a 
fundamental shift in how technology is applied in practice. 

Under indirect diffusion, users rely on intermediaries who may not fully adhere to 
regulatory provisions, particularly those related to exclusions in similarity calculations. As 
highlighted in prior studies, misapplication of plagiarism regulations often results in inflated 
similarity scores that do not accurately represent academic misconduct [6, 7]. In contrast, 
direct diffusion places the responsibility in the hands of users, enabling them to apply 
exclusion rules more accurately. This aligns with the principles of the Technology Acceptance 
Model, where perceived usefulness and perceived control significantly influence effective 
technology use [10, 11]. 

The improvement in similarity outcomes also reflects a shift in user engagement. Under 
indirect systems, research scholars act as passive recipients of similarity reports, with a 
limited understanding of how results are generated. Direct diffusion transforms them into 
active users who interact with the technology, interpret results, and make informed decisions. 
This transition is consistent with Rogers’ diffusion of innovations theory, which emphasizes 
the role of user characteristics such as self-efficacy and experience in successful adoption [15, 
16]. By enabling direct interaction with the technology, the diffusion process enhances these 
attributes, leading to more effective outcomes. 

The significant reduction in time, as shown in Figure 3, further reinforces the advantages 
of direct diffusion. The delays associated with indirect diffusion are largely attributable to the 
involvement of multiple intermediaries, including institutional authorities and external 
service providers. Each layer introduces waiting time, coordination challenges, and 
inefficiencies. Direct diffusion eliminates these layers, enabling immediate access to the 
technology and faster decision-making. This finding is consistent with broader evidence from 
technology diffusion research, which shows that reducing intermediation accelerates 
adoption and implementation processes. 

From a theoretical perspective, the reduction in time can also be linked to facilitating 
conditions, a key construct in the Unified Theory of Acceptance and Use of Technology. When 
users have direct access to tools and resources, the barriers to usage are significantly reduced, 
leading to faster and more efficient outcomes [13, 14]. In this context, direct diffusion can be 
seen as an enabling condition that enhances both accessibility and usability. 

The cost advantages observed under direct diffusion, as illustrated in Figure 4, provide 
further evidence of the benefits of eliminating intermediaries. Under indirect diffusion, high 
costs are primarily driven by the need for external paraphrasing services, which are often 
required to reduce inflated similarity scores. This creates a paradox where users incur 
additional expenses to correct inaccuracies introduced by the system itself. Direct diffusion 
resolves this issue by enabling accurate similarity assessment at the outset, thereby reducing 
or eliminating the need for costly interventions. This finding highlights the importance of 
affordability as a driver of technology adoption, consistent with prior studies emphasizing 
cost as a critical factor influencing user behaviour [24, 25]. 
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The qualitative findings provide deeper insights into these quantitative patterns by 
identifying key themes that explain why direct diffusion is more advantageous. One of the 
most prominent themes is the elimination of intermediation-related anomalies. Experts 
highlighted that indirect diffusion often leads to misinterpretation of regulations, 
unnecessary paraphrasing, and even opportunities for unethical practices. These issues arise 
from the lack of transparency and accountability in intermediary-driven systems. 

The elimination of intermediaries under direct diffusion addresses these challenges by 
simplifying the process and reducing opportunities for distortion. This observation closely 
parallels findings from the Direct Benefit Transfer system, where direct delivery mechanisms 
have been shown to reduce inefficiencies, leakages, and corruption [18, 19]. The similarity 
between these contexts underscores the broader applicability of direct systems in improving 
efficiency and transparency across different domains. 

Another key theme identified in the qualitative analysis is the shift of control to users. 
Under direct diffusion, research scholars gain greater autonomy over the similarity checking 
process, allowing them to make informed decisions and take responsibility for their work. This 
shift enhances user empowerment and aligns with the concept of self-efficacy, which is a 
critical determinant of technology adoption and effective use [10, 15]. 

User control also improves the accuracy of outcomes by ensuring that regulatory 
provisions are correctly applied. As experts noted, direct users are more likely to understand 
and implement exclusion rules, leading to more accurate similarity assessments. This finding 
reinforces the importance of user involvement in maintaining academic integrity, as 
highlighted in prior research [1]. 

The combined quantitative and qualitative findings suggest that the advantages of direct 
technology diffusion are not limited to individual outcomes but extend to systemic 
improvements. By eliminating intermediaries and empowering users, direct diffusion 
enhances transparency, efficiency, and effectiveness across the entire process. This supports 
the broader argument that diffusion structure plays a critical role in shaping technology 
outcomes, an aspect that has been largely overlooked in existing literature. 

Furthermore, the findings provide empirical support for the conceptual link between direct 
technology diffusion and direct benefit transfer systems. In both cases, the removal of 
intermediaries leads to improved outcomes by reducing inefficiencies and increasing user 
control. This parallel offers a novel perspective on technology diffusion, suggesting that 
principles from public policy can be effectively applied to educational technology contexts. 

Taken together, the results of this study highlight the importance of rethinking technology 
diffusion strategies in higher education. While traditional approaches have focused on 
institutional control and mediated access, the evidence presented here suggests that direct 
user access can lead to significantly better outcomes. This has important implications for 
policymakers, institutions, and technology providers, who must consider not only the 
adoption of technology but also the mechanisms through which it is delivered. 

The findings of this study offer important implications for both theory and practice in the 
domain of technology diffusion in higher education. From a theoretical perspective, the study 
extends existing technology adoption frameworks by introducing diffusion mode as a critical 
dimension influencing outcomes. While prior models such as the Technology Acceptance 
Model and Rogers’ diffusion of innovations theory primarily focus on individual perceptions 
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and adopter characteristics, this study highlights the importance of structural pathways 
through which technology is delivered. By demonstrating that direct diffusion leads to 
significantly better outcomes compared to indirect diffusion, the study emphasizes that 
adoption effectiveness is not solely determined by user attitudes but also by the configuration 
of the diffusion process itself. 

The study also contributes to diffusion theory by reinforcing the role of the adopter as an 
active agent rather than a passive recipient. Direct access to technology enhances user 
control, self-efficacy, and engagement, which are key determinants of successful adoption 
[15, 16]. This finding aligns with prior research emphasizing the importance of user 
involvement in maintaining academic integrity and effective technology utilization [1]. 
Furthermore, the conceptual parallel drawn between direct technology diffusion and direct 
benefit transfer systems provides a novel interdisciplinary perspective, suggesting that 
principles of disintermediation can be applied across domains to improve efficiency and 
transparency [18, 19]. 

From a practical perspective, the findings have significant implications for higher education 
institutions, policymakers, and technology providers. Institutions should reconsider reliance 
on intermediary-driven systems for technology deployment, particularly in areas such as 
plagiarism detection where accuracy and transparency are critical. Enabling direct access to 
technology can reduce inefficiencies, minimize delays, and enhance user satisfaction. 
Policymakers should promote frameworks that encourage direct technology diffusion, 
supported by clear guidelines and awareness programs to ensure correct usage. Technology 
providers, on the other hand, should focus on developing affordable and user-friendly 
solutions that can be directly accessed by end users. The importance of cost-effectiveness as 
an enabler of direct diffusion is particularly evident in this study, reinforcing the need for 
scalable and accessible technological solutions [24, 25]. 

Overall, the implications of this study suggest a shift in focus from merely adopting 
technology to designing effective diffusion mechanisms. By prioritizing direct access and 
minimizing unnecessary intermediation, stakeholders can significantly improve both the 
effectiveness and efficiency of technology use in higher education. 

This study has several limitations that should be considered when interpreting the findings. 
First, the study relies on non-probability sampling methods, including convenience, 
purposive, and snowball sampling, which may introduce selection bias. As a result, the 
findings may not be fully generalizable to the entire population of doctoral students. Second, 
the study is conducted within the specific context of Indian doctoral education, which may 
limit the applicability of the results to other countries with different institutional structures 
and regulatory environments. 

Third, the quantitative data are based on self-reported responses, which may be subject 
to recall bias or subjective estimation, particularly in reporting time and cost variables. 
Although efforts were made to standardize responses through structured categories, some 
degree of variation in interpretation may remain. Fourth, the study focuses on a specific type 
of technology, namely plagiarism detection software, and the findings may not directly apply 
to other types of educational technologies without further validation. 

Future research can address these limitations by employing probabilistic sampling 
techniques, expanding the study to multiple countries, and examining additional technology 
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contexts. Longitudinal studies may also provide deeper insights into the long-term impact of 
diffusion modes on technology adoption and outcomes. 

5. CONCLUSION 

This study demonstrates that direct technology diffusion is significantly more effective and 
efficient than indirect diffusion in the context of higher education. By enabling users to 
directly access and apply technology, direct diffusion improves accuracy in similarity 
assessment, reduces time delays, and lowers costs associated with the plagiarism checking 
process. These findings provide strong empirical support for the argument that diffusion 
structure plays a critical role in shaping technology outcomes. 

The study also highlights that the advantages of direct diffusion extend beyond measurable 
outcomes to include increased user empowerment, improved transparency, and enhanced 
alignment with regulatory frameworks. By eliminating intermediaries, direct diffusion 
reduces the risk of misapplication, inefficiencies, and potential misuse, thereby contributing 
to better academic integrity practices. The findings reinforce the importance of designing 
technology systems that prioritize user-level access and affordability. As demonstrated in this 
study, cost-effective solutions can serve as key enablers of large-scale direct diffusion, making 
technology more accessible to a broader population of users. This insight is particularly 
relevant in developing country contexts, where resource constraints often limit technology 
adoption. 

This study contributes to the growing body of literature on technology diffusion by 
highlighting the importance of diffusion mode as a determinant of effectiveness and 
efficiency. It provides both theoretical and practical insights that can inform future research, 
policy design, and institutional practices aimed at improving technology adoption in higher 
education. 
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