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Introduction: This study explores impactful research fronts within the digital 
educational ecosystem using an extended Clarivate approach with a newly formulated 
Impact Factor (IF) metric. The research addresses limitations of the original Clarivate 
Citation Production Trajectory (CPT) by integrating a broader IF metric.

Methods: The IF metric expands evaluation by incorporating publication count, 
growth rate, core paper presence, and citation behavior. It also measures the 
publication gap between core and citing articles to track developmental shifts. 
Scopus data from 2019–2023 serve as the analysis base.

Results: The analysis reveals key research fronts such as online learning, artificial 
intelligence, virtual reality, hybrid learning, and digital assessment. Online learning 
and AI emerge as the most influential.

Discussion: The IF metric enhances precision in detecting impactful fronts over 
CPT and maps global research activities, highlighting growing contributions 
from developing regions. This refined approach helps assess both short-term 
relevance and long-term influence in digital education. The findings emphasize 
a more inclusive landscape of impactful research across institutions and nations.

KEYWORDS

research fronts, digital educational ecosystem, impact factor metric, Clarivate analysis 
approach, bibliometric method

Introduction

Research fronts are dynamic, knowledge-driven clusters of scholarly activity that emerge 
in response to pressing problems, innovative methodologies, or groundbreaking discoveries. 
These clusters represent interconnected networks of researchers and their work, unified by 
shared citations or thematic keywords. The concept of research fronts was first articulated by 
Garfield (1955) in his seminal work on citation indexing, which demonstrated how citation 
patterns reveal precise and objective connections within the scientific literature. This approach 
offers a clear representation of research themes, free from subjective interpretation.

Price (1965) further developed the concept by introducing the notion of an “immediacy 
factor” in scientific communication. He emphasized that research fronts are characterized by 
tightly interconnected networks of recent publications, with dense citation links marking them 
as hubs of current scientific exploration and rapid discovery. This framework provides a 
powerful lens for identifying and understanding emerging trends and transformative shifts in 
the landscape of scientific knowledge.

The structure of research fronts is defined by two core components: highly cited core 
papers, which establish the foundational knowledge, and citing papers, which expand and 
build upon these core ideas (Small and Griffith, 1974). This dual structure facilitates tracking 
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both the established knowledge base and the evolving boundaries of 
research innovation. Zheng et al. (2016) highlighted the importance 
of keyword co-occurrence analysis in systematically identifying 
research fronts, demonstrating the value of bibliometric methods in 
capturing their evolution. Advanced techniques such as co-citation 
analysis and co-word analysis are crucial for identifying and analyzing 
these domains (Li and Chu, 2017). Mazov et al. (2020) further refined 
the definition, describing research fronts as groups of recently 
published articles with a shared topical focus, characterized by strong 
internal citation networks and relatively weak external connections.

According to Clarivate Analytics (Research Fronts, 2017, 2024), 
research fronts are not merely reflections of prevailing trends but are 
also predictive of future developments, providing insights into 
emerging scientific priorities. This definition emphasizes the structural 
characteristics that distinguish research fronts from broader research 
trends. Over the last 10 years, Clarivate’s analysis has identified 110 
especially active or “hot” research fronts, as well as 15 emerging fronts, 
with the latter selected based on notably recent core literature from 
each year.

Clarivate Analytics bases its methodology on the so-called 
Citation Productivity and Trajectory CPT metric, which primarily 
focuses on highly cited papers, citing articles, and their average 
publication age. However, this metric has limitations, particularly in 
terms of capturing the dynamic and evolving nature of research fronts. 
To achieve a more comprehensive assessment of impact, it is essential 
to consider additional factors such as publication productivity and the 
diachronic growth rate of research fronts. Furthermore, relying solely 
on the age of citing articles can be insufficient for understanding the 
temporal evolution of knowledge. Therefore, this study proposes an 
enhanced formulation by evaluating the gap between the average 
publication years of core papers and their citing papers, thereby 
offering a more nuanced perspective on the temporal progression 
of research.

The digital educational ecosystem encompasses the interconnected 
platforms, tools, and stakeholders that support learning, teaching, and 
educational management in a technology-driven environment. This 
ecosystem includes various digital education tools or technologies 
such as online learning platforms, learning management systems, 
educational analytics, and gamification strategies. The rapid evolution 
of digital education, especially in the wake of global disruptions like 
the COVID-19 pandemic, has intensified the need for innovative 
pedagogical approaches and advanced technological solutions. 
Investigating research fronts within this domain is essential for 
uncovering cutting-edge advancements, addressing global educational 
challenges, and driving pedagogical innovation.

Identifying research fronts in the digital educational ecosystem is 
particularly relevant given the increasing reliance on technology in 
education. This field presents an ideal case for testing any 
modifications to Clarivate’s existing formulation, as it combines both 
technological and educational innovations that evolve rapidly over 
time. Additionally, examining the geographical distribution of 
research in this domain can highlight disparities in contributions, 
access, and engagement across different countries and regions. Such 
an analysis can provide insights into how various national and 
institutional policies shape research priorities and how global trends 
influence local research outputs.

This study investigates the most active and emerging research 
fronts within the digital educational ecosystem by analyzing 

bibliometric data and relevant literature. Specifically, it addresses the 
following research questions:

 i. How can the Clarivate formulation be further developed to 
better identify impactful research fronts, and what are the 
advantages of this new approach?

 ii. What are the prominent research fronts identified through the 
application of this extended Clarivate formulation to the digital 
educational ecosystem?

 iii. What is the geographical distribution of the observed research 
fronts in terms of nations and higher education systems?

Literature review

Most influential research fronts notion

Research fronts are typically grouped into three primary 
categories: (i) emerging research fronts, which signal novel areas 
of investigation driven by innovative methodologies or unresolved 
issues; (ii) hot research fronts, characterized by heightened 
academic engagement and rapidly increasing citations and 
outputs; and (iii) impactful research fronts, which have a lasting 
impact on scholarly discourse, policy decisions, and industry  
practices.

Recognizing emerging, hot, and impactful research fronts 
provides valuable insights into the evolution of knowledge within 
various scientific disciplines. These classifications help researchers 
differentiate between early-stage ideas and well-established concepts 
with broader academic and practical relevance (Research Fronts, 
2024). Additionally, the use of bibliometric indicators to measure the 
intensity or influence of a research front underscores their importance 
in facilitating cross-domain comparisons.

Formulation of most influential research 
fronts

The methodology for identifying and characterizing research 
fronts involves advanced bibliometric techniques coupled with 
qualitative insights. Besides traditional qualitative validation, key 
approaches include: keyword co-occurrence and enhanced co-word 
analysis (Zheng et  al., 2016; Li and Chu, 2017), Co-Citation and 
Bibliographic Coupling (Research Fronts, 2017), and Trend Analysis 
(Research Fronts, 2024).

Among them, the methodology for identifying and analyzing 
research fronts combines bibliometric analysis with advanced 
statistical metrics, emphasizing the evaluation of core papers and 
citation trends is introduced in the Research Fronts reports (e.g., 
Research Fronts, 2017, 2024). There, refined indicators, such as the 
number of core papers (Pcore) and the CPT index, are integral to 
capturing the dynamics of impactful research fronts. In such study, the 
CPT indicator, which is defined as the ratio of the average citation 
impact of a research front to the age/occurrence of its citing papers 
and is calculated as follows:
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Where:
- Pcore is the number of foundational core papers, i.e., the highly 

cited papers;
- Pciting represents the number of citing articles, i.e., the total of 

articles citing the core papers;
- Tciting indicates the age of citing articles, which is the 

number of citing years, from the earliest year of a citing paper to the 
latest one.

In this case, the higher the CPT number, the hotter or the more 
impactful the topic.

CPT is the ratio of the average citation impact (Pciting/Pcore) of a 
research front to the age/occurrence of its citing papers (Tciting), 
meaning the higher the number avergare citation, the hotter or the 
more impactful the topic. It measures how extensive and immediate a 
research front is and can be used to explore the developing aspects of 
research fronts and to forecast future possibilities. The degree of 
citation impact can also be seen from CPT, while it also takes the 
average publication years Tciting of citing papers into account and 
demonstrates the trend and extent of attention on certain research 
fronts across years.

This CPT approach emphasizes the core number of published 
articles (Pcore) and their citations (Pciting). It does not account for the 
growth rate (R) and the interaction between published (or core) and 
citing publications. Notably, the growth rate (R) of both published and 
citing articles is absent, which is crucial for understanding extensive 
and immediate trends. To identify impactful research trends, it is 
essential to also consider publication productivity (S). Specifically, 
examining the gap between the average publication years of published 
and citing papers, Tpub and Tciting, respectively, can offer valuable 
insights. A narrower gap (ΔT = Tciting – Tpub) indicates emerging trends 
and suggests stronger alignment with global research directions. 
Taking these issues into account, Tran Ai Cam (2025) 
initially developed the Emerging Factor (EF) of emeriging research 
fronts by incorporating the growth rate (Rpub) and Rciting of 
published publications and Rciting of citing articles using the following  
formula:

 

×
=

∆
pub citingR R
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As a results, emerging research fronts identified include Digital 
Assessment, Blockchain, Artificial Intelligence, Lifelong Learning, and 
Online Learning, each demonstrating significant growth and influence 
on digital education practices. In addition, the geographical analysis 
highlights substantial contributions from leading institutions in the 
United States, China, and Europe, underscoring the global nature of 
research in the digital educational ecosystem. This study provides 
critical insights for educators, policymakers, and researchers, offering 
a comprehensive overview of the current landscape and future 
directions in digital education research.

The development of the Clarivate formulation to better identify 
impactful research fronts remains an open challenge. This study aims 
to address this gap by proposing an enhanced approach.

Methodology

Search strings

To address the research questions, bibliometric data was collected 
from Scopus database, covering all publication types (journal articles 
and conference papers) from 2019 to 2023. In this study, the selection 
of high-frequency keywords was informed by a triangulated approach 
comprising: (i) a review of previous systematic reviews and 
bibliometric studies in the field of digital education; (ii) expert 
consultation with scholars and practitioners specializing in 
educational technology, instructional design, and digital pedagogy; 
and (iii) a pilot keyword frequency analysis using preliminary Scopus 
data from 2018 to 2023 to identify terms with consistently high 
relevance and citation linkage. This multifaceted process ensured that 
the selected keywords reflect both influential and emerging themes 
within the digital educational ecosystem, aligning with historical 
research trends and forward-looking innovations. Ultimately, 17 
keywords were selected for analysis based on the criteria that each had 
either a total publication count exceeding 1,000 or a growth rate >1.25 
(see Table 1). These keywords reflect key themes and technological 
trends shaping modern education, including Artificial Intelligence, 
Blockchain, Cloud Computing, Collaborative Learning, Digital 
Assessment, Digital Literacy, Educational Technology, Gamification, 
Hybrid Learning, Learning Analytics, Learning Management Systems, 
Lifelong Learning, Massive Open Online Courses (MOOCs), Mobile 
Learning, Online Learning, Personalized Learning, and Virtual Reality 
(see Table 1). Each keyword represents a distinct domain within the 
digital educational landscape, contributing to the formation of 
research fronts by addressing critical challenges and advancements.

The search syntax was defined as follows: TITLE-ABS-KEY 
[(“synonyms keyword terms”) AND (“higher education” OR 
“universit*” OR “college*”)]. This search string was designed to ensure 
the validity and reliability of the data collection. The results, including 
all available bibliometric information, were exported in CSV format 
after a thorough manual check.

Key metrics analysis

Figure 1 illustrates the search string and analysis process, outlining 
the various steps involved. The source data consists of Scopus’s annual 
number of published papers at year y [Spub (y)]. At the first output level 
(Output 1), the total published production (S) and its growth rate (R) 
are calculated according to the following equations:

 ( )=∑2023
2019 pubS S y  (3)
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(4)

To determine the number of highly-cited core papers (Pcore), 
articles are ordered in descending order of citations, and the Hirsch 
score (H-index) (Hirsch, 2005) is computed. The H-index represents 
both the productivity and impact of a scholar or group, and it is used 
here to identify Pcore.
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At the second output level (Output 2), the step involves 
determining the annual number of core articles at year y [Score(y)] and 
the annual number of citing articles at year y [Sciting(y)], i.e., the 
number of articles citing the core published papers. From that, the 
average core publised year (Tcore), total citing papers (Pciting) and the 
average citation year (Tciting) using following formulas, respectively:
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Impact factor formulation of the research 
fronts

Regarding impact aspects, the immediacy of the published 
papers is a priority, and that is why it is characterized as “impact.” 
To identify impact specialties, the total published productivity S, 
growth rate of R, Pcore and Pciting are key metrics. Additionally, the 
average year of the core published papers (Tcore) and citing papers 
(Tciting) offer valuable insights. The closer T is to the present, the 
more it reflects emerging trends. In particular, the narrower gap 
between the publication years of published and citing papers (ΔT) 
suggests a stronger resonance with global research trends. In this 
case, ΔT is evaluated as a consequence from the first and second 
output levels, determined by the time distribution of their 
publications (Figure 1):

 ∆ = citing coreT –TT  (8)

For the introduction of the concept of the Impact Factor (IF), the 
development of the Clarivate Analysis should take into acount these 
key metrics. The approach reflects both the extent and immediacy of 
a research front. Therefore, we  introduce a new indicator for the 
impact factor (IF) of research fronts as follows:

TABLE 1 Research fronts and keywords using synonyms in the search string.

No. Research front Keyword and synonyms terms

1 Artificial intelligence (“Artificial Intelligence” OR “Machine Learning”)

2 Blockchain “Blockchain”

3 Cloud computing (“Cloud Computing” OR “Internet-based computing” OR “Network-based computing”)

4 Collaborative learning (“Collaborative Learning” OR “Cooperative Learning”)

5 Digital assessment (“Digital Assessment” OR “Online Assessment”)

6 Digital literacy (“Digital Literacy” OR “Digital Competence” OR “Digital Skill”)

7 Educational technology (“Learning technology” OR “Educational technology”)

8 Gamification “Gamification”

9 Hybrid learning (“Hybrid Learning” OR “Blended Learning” OR “Hyflex learning”)

10 Learning analytics (“Learning Analytics” OR “Academic Analytics” OR “Learning Data Analysis”)

11 Learning management systems (“Learning Management Systems” OR “LMS”)

12 Lifelong learning (“Lifelong Learning” OR “Lifelong education”)

13 Massive open online courses (“Massive Open Online Courses” OR “MOOC”)

14 Mobile learning (“Mobile Learning” OR “M-learning”)

15 Online learning (“Online Learning” OR “E-learning” OR “Distance Education”)

16 Personalized learning (“Personalized Learning” OR “Individualized Learning”)

17 Virtual reality “Virtual Reality”

FIGURE 1

The search string and analysis process development from Chung 
and Cam (2024).
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Here, besides the Pcore and Pciting - the indicators mentioned above 
in the Citation Productivity and Trajectory CPT indicator, the total 
articles S published in the investigated period times, the growth rate 
R, and the gap between the average (mean) years of the core and citing 
papers ΔT are introduced.

Unlike the CPT metric, which primarily focuses on citation 
volume and the age of citing articles, the proposed Impact Factor (IF) 
metric provides a more holistic view by integrating five key 
dimensions: total publication output (S), growth rate (R), the number 
of core papers (Pcore), citing papers (Pciting), and the temporal gap 
(ΔT) between core and citing publications. This composite view 
addresses the limitation of CPT in capturing only static citation 
dynamics and overlooks emerging trends with smaller yet rapidly 
growing scholarly attention. From a practical standpoint, the IF metric 
offers actionable insights for policymakers and research funding 
agencies. By identifying not only historically cited areas but also 
rapidly expanding fronts with high immediacy and scholarly 
momentum, IF enables early detection of research domains that are 
gaining strategic relevance. This supports more responsive decision-
making in research investment, priority setting, and national 
innovation planning.

To enable comparative analysis, the above-mentioned Impact 
Factor (IF) values were normalized using the maximum IF observed 
across all research fronts under investigation. This normalization 
transforms the values into a unitless [0, 1] scale and is defined as:

 
=

max

i
i

IFNIF
IF  

(10)

Where IFi is the raw impact factor of research front i, and the 
denominator represents the maximum IF value among the (n = 17) 
investigated research fronts.

This approach allows direct comparison of impact levels across 
research fronts with varying publication scales and citation volumes. 
It also provides a consistent basis for benchmarking against alternative 
metrics, such as the normalized CPT (NCPT). By standardizing the 
units, the NIF facilitates clearer visualization, ranking, and 
identification of strategic priorities  - an essential benefit for 
policymakers, funding agencies, and institutional decision-makers.

The analysis process presents the values of the Impact Factor (IF), 
Normalized Impact Factor (NIF), and Citation Productivity and 
Trajectory (CPT) indicators, along with Scientific and 
Geographical Mapping.

Results and discussion

Impactful research fronts in the digital 
educational ecosystem

Besides Equation 2, which is mentioned for literature purposes 
only, Equations 3–10 are used to determine the total number of 
publications (S) and the growth rate (R), the average core publication 
year (Tcore), the number of citing papers (Pciting), the average 

citation year (Tciting), the time gap (ΔT), the Impactful IF, and the 
normalized NIF, respectively. Table 2 presents the results of the data 
collection for the total (S) number of articles published from 2019 to 
2023 for the 17 research fronts mentioned above. The results show that 
the topics most frequently researched and published are: Online 
Learning (with a total of 17,675 articles over 5 years), Artificial 
Intelligence (11,572 articles), Virtual Reality (3,221 articles), Hybrid 
Learning (2,499 articles), Educational Technology (2,135 articles), 
Collaborative Learning (1,933 articles), Learning Management 
Systems (1,372 articles) and Gamification (1,347 articles), etc.

The growth rate (R) of publications over the past 5 years was 
estimated using formula the ratio S(2019)/S(2023). Accordingly, the 
eight topics with the highest R ratios are: Digital Assessment (R = 4.0), 
Blockchain (R = 3.31), Artificial Intelligence (R = 2.71), Digital 
Literacy (R = 2.43), Online Learning (R = 1.95), Gamification 
(R = 1.80), Virtual Reality (R = 1.78) and Lifelong Learning (R = 1.67). 
Notably, for the first two research fronts, in 2019, only a few dozen 
scientific articles were published globally each year, but by 2023, the 
number had risen to several hundred, even close more than 1,000 
articles published annually for the third front. As shown in Table 2, 
Digital Assessment, Blockchain, Artificial Intelligence are truly 
emerging research topics in the digital educational ecosystem, 
followed by topics like Digital Literacy, Online Learning, 
and Gamification.

It is observed that some research fronts have a high number of 
annual publications and are still quite relevant, but globally, they have 
almost reached saturation over the past decade. These research topics 
include Learning Management Systems, Collaborative Learning, 
Mobile Learning, Cloud Computing, Educational Technology and 
Massive Open Online Courses. Even, for the three latte fronts, R is 
smaller than one, e.g., a negative trend is observed.

The gap ΔT between the average years of the core and citing 
papers ranges from 1.177 to 2.152 years (see Table  1). As already 
mentioned above, the smaller ΔT the more immediate respond of the 
citing papers. In this case, a notable observation is that the small ΔT 
is corresponding to the high growth rate R for three research fronts: 
Online Learning (R = 1.95 and ΔT = 1.177), Digital Assessment 
(R = 4 and ΔT = 1,535), Artificial Intelligence (R = 2,715 and 
ΔT = 1.67).

The normalized impact factor (NIF) for each research front was 
determined using Equation 9 and listed in Table 2. The five research 
fronts with the highest IF are: Online Learning (NIF = 1.0), 
Artificial Intelligence (NIF = 0.640), Virtual Reality (NIF = 0.055), 
Hybrid Learning (NIF = 0.032), Digital Assessment (NIF = 0.023). 
It is observable from Table 2 that, the IF values dominated by S and 
Pciting values. It means that the impactful research fronts are 
characterized by a mass research productivity and high number of 
citing papers.

For a clearer visualization, Figure 2 presents an analysis of various 
research fronts within the digital educational ecosystem across 
multiple normalized bibliometric indicators, revealing significant 
trends in research impact, productivity, and the gap between the 
average years of the core and citing papers of these fronts. Notably, the 
Impact Factor (IF) decreases very rapidly and approaches near-zero 
after the first two research fronts, namely Online Learning and 
Artificial Intelligence. This steep decline indicates that the 
concentration of highly impactful research is limited to a small 
number of leading topics. After these two dominant areas, subsequent 
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research fronts demonstrate much lower impact values, suggesting 
that they have less influence in high-impact journals.

Similar trends are observed in the metrics of productivity (S) and 
citing papers (Pciting). These metrics show a gradual decline across the 
research fronts, with Online Learning and Artificial Intelligence 
maintaining the highest levels of productivity and citation influence. This 
decline in citing papers indicates that fewer research articles from the 
later-listed fronts are referenced by other works, which reduces their 
overall visibility and influence in the academic community. The 
diminishing values of productivity and citing papers across most research 
fronts suggest a concentration of research efforts and recognition in a few 
key areas while other fronts remain underexplored or less recognized.

In contrast, the indicators of core papers (Pcore) and the average 
publication gap (ΔT) display more scattered and inconsistent 
patterns. Pcore, representing the number of essential publications 
within each research front, does not follow a clear increasing or 
decreasing trend across the fronts. Instead, it varies considerably 
from one front to another, implying that the number of core 
publications is not directly tied to either the productivity or 
impact of a given topic. This variability indicates that some 
research fronts have produced a substantial number of core 
papers, while others have not, regardless of their impact or 
recognition in high-impact journals.

The average publication gap (ΔT) also shows a scattered 
distribution, suggesting diverse patterns of research development 
across different topics. Some research fronts exhibit more sustained 
and consistent growth over time, while others experience sporadic 
bursts of activity. This indicates that the temporal dynamics of research 

are not uniform across these fronts, reflecting differences in the pace 
and consistency of scholarly contributions.

Another key observation is that the IF metric is largely governed 
by productivity (S) and citing papers (Pciting). The figure shows that the 
two most impactful research fronts, Online Learning and Artificial 
Intelligence, also have the highest values for both productivity and 
citing papers. This suggests that the ability of a research front to 
achieve a high impact factor depends heavily on the volume of 
publications produced within the front and the extent to which these 
publications are cited by other works. In contrast, research fronts with 
lower productivity and fewer citing papers tend to have minimal IF 
values, indicating that research visibility and recognition are critical 
factors in determining impact. Therefore, boosting both the quantity 
of research output and the number of citations received appears 
essential for any research front seeking to achieve higher levels of 
impact within the academic landscape.

Overall, the figure highlights the dominance of Online Learning 
and Artificial Intelligence in terms of impact and productivity within 
the digital educational ecosystem. These two research fronts lead in all 
key metrics, underscoring their importance in current educational 
research. However, the sharp decline in IF, S, and Pciting after these 
leading fronts suggests that many other areas struggle to achieve 
significant impact and visibility. The scattered patterns of Pcore and ΔT 
further emphasize the uneven development of research across these 
topics, reflecting differences in both the number of core contributions 
and the temporal evolution of research outputs. These findings suggest 
that while some areas are well-established and influential, others 
remain fragmented and inconsistent in their scholarly contributions.

TABLE 2 The total number of the publications (S) and the growth rate (R) core papers (Pcore), citing papers (Pciting), time gap (ΔT), normalized NIF and 
NCPT of research fronts.

Research 
fronts

S R Pcore Pciting ΔT NIF NCPT

Online learning 17,675 1.949 122 17,350 1.177 1.000 0.982

Artificial intelligence 11,572 2.715 112 15,848 1.67 0.640 1.000

Virtual reality 3,221 1.775 61 4,752 1.953 0.055 0.550

Hybrid learning 2,499 1.429 56 3,819 1.847 0.032 0.467

Digital assessment 557 4.000 33 2,192 1.535 0.023 0.464

Digital literacy 1,447 2.430 49 2,356 1.906 0.021 0.341

Collaborative learning 1933 1.053 47 3,571 1.93 0.019 0.541

Educational 

technology

2,135 0.821 55

4,541 2.079

0.017

0.604

Gamification 1,347 1.801 43 2,105 1.933 0.015 0.365

Blockchain 737 3.314 36 1883 2.137 0.014 0.362

Learning management 

systems

1,372 1.120 50

2,604 1.797

0.011

0.371

Learning analytics 1,094 1.326 52 3,045 2.011 0.010 0.431

Mobile learning 1,081 0.924 54 3,117 2.022 0.007 0.412

Lifelong learning 555 1.670 25 1,420 2.152 0.006 0.394

Massive open online 

courses

1,109 0.804 38

1907 1.832

0.006

0.355

Cloud computing 1,020 0.834 36 1880 2.070 0.005 0.391

Personalized learning 310 1.462 24 945 1.464 0.003 0.269
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IF and CPT benchmarking

For comparison, the obtained hot research fronts are checked with 
the Equation 1 of the Citation Productivity and Trajectory CPT 
indicator. The findings are normalized and presented also in Table 2. 
The five research fronts with the highest NCPT are: Artificial 
Intelligence (CPT = 1.0), Online Learning (CPT = 0.982), Educational 
Technology (CPT = 0.604), Virtual Reality (CPT = 0.550), 
Collaborative Learning (CPT = 0.541). In comparison to the IF 
indicator, the Hybrid Learning and Digital Assessment research fronts 
drop out of the top five rankings, while Educational Technology and 
Collaborative Learning take their place. Notably, the Educational 
Technology front has a relatively low total publication count of 2,135, 
and its growth rate is 0.821. However, it includes 55 core papers and 
4,541 citing papers, resulting in a rather high ratio of average citing 
papers to core papers Pciting/Pcore.

Similarly, the Collaborative Learning front exhibits a low total 
publication count of 1,933 and a modest growth rate of 1.053. Despite 

these figures, it comprises 47 core papers and 3,571 citing papers. This 
high number of core and citing papers again leads to a high ratio of 
Pciting/Pcore, indicating that both research fronts, despite their lower 
overall productivity and growth, attract significant attention from 
subsequent publications.

To provide a more direct representation, Figure 3 illustrates the 
variations of two metrics across various research fronts in the 
digital educational ecosystem: NIF (Normalized Impact Factor) and 
NCPT (Normalized CPT indicator), along with their respective 
power curves.

As already mentioned above, the NIF curve demonstrates a steep 
decline, particularly after the leading research fronts, Online Learning 
and Artificial Intelligence. This rapid drop indicates that NIF 
effectively highlights the most impactful research fronts by 
distinguishing a few topics with significant influence from the 
majority with lower impact. Specifically, NIF identifies a clear 
concentration of impactful research in only a few key fronts, with very 
low values for most of the other topics. This allows researchers to 

FIGURE 2

The total number of the publications (S) and the growth rate (S), core papers (Pcore), citing papers (Pciting), publication gap (ΔT) and normalized NIF of 
research fronts.
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pinpoint the most influential areas within the digital 
educational ecosystem.

In contrast, the NCPT metric shows a more gradual and dispersed 
pattern, without a clear differentiation between research fronts in 
terms of their core paper thresholds. The NCPT values remain 
relatively uniform across various research fronts, indicating that this 
metric is less effective at identifying the most impactful research areas. 
The corresponding Power (NCPT) curve also reflects a more scattered 
trend, further suggesting that NCPT lacks the precision needed to 
clearly distinguish high-impact research fronts from less 
impactful ones.

This comparison illustrates that NIF is a more reliable metric for 
identifying highly impactful research fronts, as it shows a clear 
differentiation between leading and less influential topics. In contrast, 
NCPT does not provide a clear-cut identification of impactful fronts, 
instead showing a more uniform distribution across research areas. 
Therefore, NIF proves more valuable for accurately recognizing 
research fronts with the highest academic influence, while NCPT 
offers limited insight into the relative impact of different fronts.

Scientific and geographical mapping

Scientific and Geographical Mapping is presented and discussed 
for the two most impactful research fronts in the digital 
educational ecosystem.

Online learning
The research front on online learning emphasizes the significant 

role of online learning, e-learning, and distance education in higher 

education, particularly in response to global disruptions like the 
COVID-19 pandemic. These studies, which have garnered substantial 
citations, highlight both the benefits and challenges associated with 
these modes of education, underscoring the need for strategic 
planning and support to maximize their potential (Hodges 
et al., 2020).

For student engagement and motivation in E-learning, a major 
area of research focuses on the factors that influence student 
engagement and motivation in online learning environments. Studies 
highlight the importance of interaction, instructor presence, and 
multimedia content in maintaining student interest (Bao, 2020).

Regarding the impact of E-learning on academic performance, 
several studies have examined how e-learning affects student academic 
performance. Research indicates that while e-learning can be  as 
effective as traditional classroom instruction, it requires students to 
possess strong self-regulation and time management skills (Bernard 
et al., 2014).

Challenges and opportunities in distance education have been 
analyzed with respect to issues like the digital divide, as well as the 
potential to reach a broader student population. These studies 
emphasize the need for institutional support and robust digital 
infrastructure to ensure effective distance learning (Dhawan, 2020).

Research on the adoption of e-learning Technologies has 
investigated the factors influencing the adoption of e-learning 
technologies in higher education. Critical factors include institutional 
readiness, faculty training, and student acceptance, all of which are 
essential for successful implementation (Almazova et al., 2020).

The data listed in Table 3 presents a ranking of countries and 
institutions based on their contributions to academic publications. It 
is divided into two main categories: institutions and their affiliated 

FIGURE 3

The comparison of normalized impact factor metric NIF and CPT indicator of research fronts.
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countries, and countries with the highest number of publications. Top 
Institutions by Affiliated Country includes: Tecnológico de Monterrey 
(Mexico) - 175 papers, Bina Nusantara University (Indonesia) -164 
papers, Universiti Teknologi MARA (Malaysia) - 94 papers, University 
of South Africa (South Africa) - 91 papers, and Universiti Teknologi 
Malaysia (Malaysia) - 8 papers. Top Countries by Total Number of 
Publications consists of China - 3,055 papers, USA - 1,825 papers, 
Russia - 963 papers, Indonesia - 953 papers and Malaysia - 764 papers.

This ranking highlights the influence of certain institutions and 
countries in academic research, reflecting the global distribution of 
scholarly contributions. Notably, while China, the USA, and Russia 
lead in terms of the total number of publications, none of their 
affiliated institutions appear in the top 5 for individual contributions. 
Conversely, Indonesia and Malaysia are both top contributing 
countries and home to leading institutions in the list.

Table 3 highlights the strong presence of developing countries in 
digital education research. Mexico’s Tecnológico de Monterrey ranks 
1st, with Indonesia and Malaysia also well-represented by multiple 
institutions, such as Bina Nusantara University (2nd) and Universiti 
Teknologi MARA (3rd). South Africa’s University of South Africa and 
Vietnam’s FPT University also feature prominently. These 
contributions underscore the growing influence of developing nations 
in shaping global digital education research, fueled by strategic 
investments in education and research infrastructure.

Artificial intelligence
The findings from recent publications reflect an increasing 

integration of Artificial intelligence and machine learning technologies 
in higher education, with a focus on enhancing personalized learning, 
improving administrative efficiency, and addressing ethical concerns. 
The cited studies, each with significant citation counts, underscore the 
critical and transformative role of Artificial intelligence in modern 
educational settings.

In the realm of personalized learning and adaptive systems, 
Artificial intelligence and machine learning have been increasingly 
used to create adaptive learning environments in higher education. 
These systems customize educational content based on individual 
student needs, leading to improved engagement and outcomes. 
Regarding AI-powered educational tools, the development and 

implementation of AI-powered tools, such as intelligent tutoring 
systems, automated essay scoring, and virtual teaching assistants, have 
significantly enhanced learning processes and provided valuable 
support for both students and educators (Hashim et al., 2022).

In terms of ethics and bias in artificial intelligence, significant 
attention has been given to the ethical implications of Artificial 
intelligence in higher education. Research has concentrated on the 
risks of algorithmic bias, data privacy issues, and the need for 
transparency and fairness in Artificial intelligence applications (Kaur 
et al., 2022).

Artificial intelligence and machine learning have also been 
employed in predictive analytics in higher education, particularly to 
identify at-risk students, predict academic success, and optimize 
educational pathways. These predictive models help institutions make 
data-driven decisions to enhance student retention and success. 
Finally, Artificial intelligence has been applied to streamline 
administrative Tasks in universities, such as admissions processing, 
scheduling, and student advising. AI-driven chatbots and virtual 
assistants have been widely adopted to improve operational efficiency 
and student support.

The data listed in Table 4 highlights the countries and institutions 
with the highest overall publication numbers. Top institutions by 
affiliated papers are Harvard Medical School (USA) - 102 papers, 
Ministry of Education (China) - 89 papers, Tecnológico de Monterrey 
(Mexico) - 80 papers, Sichuan University (China) - 70 papers and 
Chinese Academy of Medical Sciences (China)  - 60 papers. Top 
countries by total number of publications consist of China - 3,008 
papers, USA - 2,060 papers, India - 1,013 papers, UK - 570 papers and 
Germany - 471 papers.

This ranking indicates that Harvard Medical School leads in the 
number of papers affiliated with a specific institution, while China 
ranks as the top country in terms of total publications. India and 
Germany are also significant contributors to the global academic 
landscape, with substantial numbers of total publications.

Additionally, the ranking emphasizes the leading role of 
institutions and countries from the USA, China, the UK, and Germany 
in academic research on AI. Mexico and India are notable for their 
strong presence, with Mexico represented among the top institutions 
and India among the top countries.

TABLE 3 Top 10 countries and institutions producing publication productivity in the research front “online learning.”

Ranking Institution Country

Affiliated institution Affiliated country Paper Affiliated country Paper

1 Tecnológico de Monterrey Mexico 175 China 3,055

2 Bina Nusantara University Indonesia 164 USA 1825

3 Universiti Teknologi MARA Malaysia 94 Russia 963

4 University of South Africa South Africa 91 Indonesia 953

5 Universiti Teknologi Malaysia Malaysia 81 Malaysia 764

6 Universitas Negeri Malang Indonesia 76 Spain 746

7 Universiti Malaya Malaysia 67 Germany 659

8 Kazan Federal University Russia 66 UK 644

9 FPT University Viet Nam 64 Australia 564

10
Peter the Great St. Petersburg 

Polytechnic University
Russia 63 India 506
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Concerning contributions from developing countries, four 
institutions make a significant impact: Tecnológico de Monterrey 
(Mexico) – ranked 3rd, Ministry of Education (China) – ranked 2nd, 
Sichuan University (China) – ranked 4th, and Chinese Academy of 
Medical Sciences (China)  – tied for 5th, alongside Peking Union 
Medical College (China) – ranked 6th. The presence of institutions 
from China and Mexico highlights the growing influence of 
developing countries in global digital education research. These 
contributions demonstrate how strategic investment in education and 
research allows developing nations to shape emerging global research 
trends effectively.

This study focused solely on the Scopus database to identify 
research fronts in the digital educational ecosystem. While this may 
limit generalizability, Scopus was chosen for its broader coverage of 
applied sciences, social sciences, and outputs from emerging regions. 
Its inclusion of conference papers, non-English journals, and faster 
indexing makes it well-suited for capturing interdisciplinary and 
global trends. Nonetheless, future research could incorporate other 
databases to validate and extend these findings.

Conclusion

This study presents an innovative approach to identifying 
impactful research fronts in the digital education ecosystem by 
refining the traditional Clarivate methodology with a novel Impact 
Factor (IF) metric. The newly proposed IF metric addresses key 
limitations of the Clarivate Citation Production Trajectory (CPT) 
indicator by incorporating additional dimensions such as publication 
productivity, growth rate, and the temporal gap between core and 
citing papers. These enhancements offer a more nuanced 
understanding of how research fronts evolve and gain influence 
over time.

The application of this extended formulation to bibliometric data 
from Scopus (2019–2023) identified key emerging research fronts in 
digital education, with online learning and artificial intelligence 
standing out as the most influential areas. This finding reflects the 
growing importance of these fields in shaping modern educational 
practices and policies. Furthermore, the comparative analysis shows 
that the new IF metric provides more precise insights into the impact 

and immediacy of research contributions, surpassing the traditional 
CPT indicator in identifying emerging and transformative trends.

The study also highlights the global distribution of research 
activities in the digital educational ecosystem, revealing significant 
contributions from both developed and developing regions. This 
geographical analysis underscores the increasingly global nature of 
digital education research and the importance of fostering 
international collaboration to address global educational challenges.

In conclusion, the extended Clarivate formulation proposed in 
this study offers a more comprehensive and accurate method for 
identifying impactful research fronts in digital education. By 
incorporating additional bibliometric indicators, the new IF metric 
provides a clearer picture of the evolving digital education landscape, 
enabling researchers, policymakers, and educators to better 
understand and respond to emerging trends. This approach not only 
improves the identification of influential research fronts but also 
supports more informed decision-making in the rapidly evolving field 
of digital education. Indeed, the proposed Impact Factor (IF) metric 
provides a strategic tool for identifying high-impact and rapidly 
evolving research fronts. Researchers can use it to align their work 
with emerging priorities, while institutions may leverage it to inform 
strategic planning and resource allocation. For funding agencies, the 
metric supports evidence-based decisions by highlighting research 
areas with both strong scholarly influence and growth potential, thus 
enabling more targeted and forward-looking investment strategies.

Finally, future research could explore the applicability of the 
proposed IF metric beyond digital education, including domains such 
as health technology, environmental science, and AI ethics, where 
emerging research fronts also require dynamic assessment tools. 
Moreover, integrating this metric into bibliometric platforms like 
Scopus, Dimensions, or institutional dashboards could enable real-
time monitoring of research trends, offering practical value for 
universities, funding agencies, and science policy stakeholders.
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TABLE 4 Top 10 countries and institutions producing publication productivity in the research front “artificial intelligence.”

Ranking Institution Country

Affiliated institution Affiliated country Paper Affiliated country Paper

1 Harvard Medical School USA 102 China 3,008

2 Ministry of Education China 89 USA 2060

3 Tecnológico de Monterrey Mexico 80 India 1,013

4 Sichuan University China 70 UK 570

5 Chinese Academy of Medical Sciences China 60 Germany 471

6 Peking Union Medical College China 60 Spain 399

7 Stanford University USA 59 Italy 358

8 Massachusetts General Hospital USA 58 Saudi Arabia 300

9 University of Washington USA 57 Australia 292

10 Inserm France 53 Canada 288
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