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Abstract: Getting published in globally indexed journals is still a major hurdle, especially for those scholars
working in the still-developing academic systems. This study seeks to understand these barriers at the underlying
level by surveying 120 researchers from Hue University and Times Higher Education (THE) and Quacquarelli
Symonds (QS)-ranked universities. Deploying quantitative analysis and machine learning (ML) techniques, such
as Random Forest (RF), Decision Tree (DT), and Gradient Boosting (GB), showed that financial burdens, institu-
tional constraints, and limited collaboration opportunities were the three biggest obstacles. RF was found to have
the highest classification accuracy among all models in predicting role and discipline barrier levels. Main
recommendations highlight the calls for targeted interventions: subsidy for publication costs and enforce
transparent article processing charges (APCs) waiver practices (Q1. High Publication Fees) Encourage trans-
national collaboration through exchange programs and conference sponsorship (Q7. Language/Cultural barriers)
Role-sensitive funding models to address inequities within and between disciplines and academic ranks (Q12.
Lack of Metadata Knowledge) Improving access to centralized data repositories and offering more technical/
analytical training (Q6. Insufficient Funding, Q10. Lack of Access to Trending Data), as well as improving
mentorship frameworks for early-career researchers (Q5. Lack of International Networks, Q12. Lack of Metadata
Knowledge), are key structural fixes to inequitable disadvantages. Together, these strategies lower barriers while
encouraging larger and more diverse participation in global higher education. The main purpose of the present
study is to identify the problems encountered by the researchers in publishing their articles in the Web of Science
(WoS) and Scopus-indexed journals. Above all, this study is to lay out how the major barriers, their intermingling
and working opposition to one another, and what institutional action is needed to realize improved rates of
successful publication. To do this, a combination of quantitative analysis and ML is used to help inform and tell a
more robust narrative around the effect of the researchers’ published work in high-impact publications. These
quantitative methods and ML techniques are developed based on an empirical survey of 120 scholars from Hue
University and globally ranked institutions. To collect data, a structured questionnaire on 12 factors affecting
academic performance was used. Descriptive statistics, correlation matrix, ANOVA, and Structural Equa-
tion Modeling (SEM) were used to analyze the data. At the same time, RF, DT, and GB models were trained to
classify and predict barrier levels. The biggest obstacles noted were the high cost of publishing in science,
technology, engineering, and math (STEM) fields, the lack of global coordination and collaboration, and unequal
access to resources. The RF model performed best in classification accuracy compared to the DT and GB models.
Recommendations included subsidizing conference fees, developing mentorship programs, expanding access to
industry data, and role-based funding. Together, these efforts would eliminate existing publication inequities.
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Novelty: This study was groundbreaking in ML with quantitative analysis methods of combination to proactively
identify and address these publication barriers. These findings provide additional ammunition for our policy-
makers, research administrators, and scholars, who all need to be armed with enough knowledge to work toward
an equitable scholarly publishing environment.
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1 Introduction

Technical publishing remains a key part of the scientific ecosystem, connecting the scientific community to
society and gaining recognition for the contributions scholars make to humanity. However, despite its focus on
disseminating knowledge and validating research, the publication and citation system remains subject to class
bias, regional disparities, and herd instincts. Furthermore, these barriers particularly negatively impact on
researchers from developing countries and lesser-known engineering schools, making their work appear to be
overlooked, even when it is valuable. In response to these limitations, strategic mechanisms like metadata
optimization have emerged as essential tools for increasing citation visibility and navigating the rigid standards
of indexing platforms such as WoS and Scopus (Bornmann and Haunschild 2023).

Meanwhile, scholars working within resource-constrained settings often experience less access to funding,
collaborative networks, and high-impact journals. Moreover, indexing systems that reward citation impact,
international co-authorship, and journal prestige only serve to worsen these inequities (Samala et al. 2024).
Consequently, this has the disastrous effect of excluding valuable research born from the Global South and other
underrepresented contexts from academic publishing (Arunachalam et al. 2024; Buagayan et al. 2024).

In order to tackle these systemic barriers, careful and strategic solutions need to be implemented. Specif-
ically, these solutions include promoting policies within academia, such as supporting publication, building
equitable partnerships, improving research, training, and practices around academic principles, and sharing and
developing a research culture rooted in integrity and critical thinking (Abayeva et al. 2024). As a result, by
proactively identifying and addressing these barriers, the academic community can gradually make strides
towards a more equitable and representative international publishing environment (Ahmad et al. 2022).

In the case of Vietnam, these barriers are often interconnected and interact with each other, forming a
complex network of factors that affect the ability to publish internationally. Nevertheless, despite many efforts to
improve research policies and investment in science and technology, the lack of systematic quantitative analysis
to clearly identify the relative role of each barrier makes it difficult to develop effective support policies.

Within these contexts, barriers to academic research according to WoS and Scopus criteria consist of several
factors as follows:

Q1 High Publication Fees:

Despite open-access publishing making research much more visible, this visibility comes at a cost, as APCs place a
heavy financial burden on researchers. As a result, most high-impact or even moderately high-impact journals
indexed in WoS and Scopus become inaccessible, with APCs often exceeding $3,000 per article, thereby excluding
underfunded researchers from publishing in them. To illustrate this further, depending on the relative quality of
the journals, Elsevier’s APCs range from approximately $200 to $10,400. Moreover, a recent review found that the
average APC across open-access journals was $906, with significant variation by discipline (Borrego 2023).
Consequently, these prohibitive costs further widen inequities between campuses in affluent and less affluent
regions (Jain et al. 2021).

Q2 Meeting Journal Standards:

The editorial policies of both Scopus and WoS indexed journals place a strong emphasis on methodological rigor,
originality or novelty, and the potential for a high citation count (Piran and Tran 2024). Consequently, for the
majority of early-career researchers, this leads to a very discouraging rejection rate for reasons including
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insufficient detailed statistical analysis, inadequate thoroughness in the literature review, or lack of alignment
with the journal’s scope. In fact, the top reasons for manuscript rejection are often a lack of originality, weak
methodological quality, or incompatibility with the journal’s aims and scope. In addition, not good study design,
not being transparent about findings, and not following journals’ standards are common rejection reasons
(Bhende et al. 2024).

Q3 Limited Collaboration:

International and interinstitutional collaboration raises the visibility of WoS/Scopus-indexed journals (Miao et al.
2024). However, many public health and transportation professionals still point to long-standing barriers to
successful and meaningful collaboration (Deli et al. 2021). Moreover, scholars from resource-barriered developing
nations may face even greater obstacles in building such international networks (Gaye et al. 2024). So it is in this
context that international partnerships matter. Now universally assumed to be off the charts in terms of its power
to increase citations and scholarly impact, research collaboration has become the indisputable if not unim-
peachable research variable. While efforts are growing to bridge global partnerships, nonetheless, structural
inequities still act as one of the largest barriers to equitable, collaborative spaces. Consequently, strengthening
inclusive collaborative infrastructures is key not only for building more impactful research but also for tackling
global inequities in resources and capacity through funded global partnerships (Faure et al. 2021).

Q4 Lack of Access to Data:

Transparency and reproducibility are crucial in Scopus-indexed journals. However, the inability to access pro-
prietary datasets makes it difficult to conduct vital validation and replication studies. In response, open science
movements are working to change these practices. Nevertheless, data-sharing practices vary drastically across
industries (Adams et al. 2018; Fassnacht et al. 2024). As a result, the cumulative inequities regarding access to data
create significant barriers to reproducibility, and data-sharing practices are certainly not standardized across the
field. Consequently, without standardized data-sharing protocols, reproducibility is further hampered, thereby
hindering greater research and innovation advancement particularly in historically underfunded fields. Ulti-
mately, unclear data-sharing policies continue to be among the biggest obstacles to improving scientific rigor and
collaboration across and within disciplines (Cunha-Oliveira et al. 2024).

Q5 Lack of International Networks:

Creative output developed in collaboration with international authors greatly enhances visibility and reach.
Nonetheless, many early-career researchers remain excluded from such global partnerships due to persistent
geographic inequalities, visa restrictions, and limited funding opportunities (Yao 2021). Additionally, co-
authorship networks, whether seen as evidence of fragmentation or growing inequality, tend to reflect a hier-
archical structure dominated by a central, high-prestige core, while marginalizing numerous lower-prestige or
peripheral groups. This dynamic risks reinforcing existing disparities within the research landscape (Khan et al.
2024). Confronting these structural obstacles demands urgent policy changes and the construction of inclusive
infrastructure to facilitate equitable and persistent global research collaboration.

Q6 Insufficient Funding:

Research funding is a critical factor in determining both the academic impact and public visibility of scientific
work (Hussinger and Carvalho 2022). Arguably, the most immediate danger to equity in global science is the
glaring disparity in funding opportunities between countries and regions. This ongoing gap restricts the scope of
researchers, especially from low- and middle-income countries, to participate in international efforts and be
acknowledged by the global community (Petersen 2021). Indeed, small research grants meaningfully increase the
long-term research output of university faculty (Ou et al. 2024). As a result, for many scholars in low- and middle-
income countries, such funding imbalances present substantial obstacles to participating in global collaborations
and gaining broader academic and intellectual recognition (Ou et al. 2024).
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Q7 Language/Cultural barriers:

English language supremacy of WoS- and Scopus-indexed journals spells huge obstacles for non-native speakers.
Linguistic bias in peer review, combined with the high cost of professional language editing services, greatly
limits the chances of otherwise high-quality research being accepted for publication (Silver et al. 2023). Many non-
Anglophone researchers experience repeated rejections not due to scientific flaws, but because of perceived
deficiencies in language use (Mirhosseini et al. 2024). These barriers often result in delayed publication, extensive
revision cycles, or outright rejection based on language proficiency rather than scholarly merit (Tenzer et al.
2021). Researchers from under-resourced regions are doubly disadvantaged, though, as academic publishing
grows more and more English-centric, the lingua franca of the field. This cycle compounds inequality in the
international research community. Moreover, recent studies show that language barriers affect not only sub-
mission and peer review but also citation practices and the overall visibility of published work (Marsden and
Morgan-Short 2023). To combat these inequities, inclusive editorial policies, accessible or subsidized language
support, and increased awareness of implicit language bias among editors and reviewers are urgently needed.
Q8 Limited Institutional Support:

Universities with old research offices have a full suite of support services—grant-writing, statisticians, publication
gurus—that make their faculty research more successful. By contrast, without this infrastructure, organizations
rarely support an environment for long-term research productivity in the organization. Experience and research
strongly suggest that healthy institutional research ecosystems correlate strongly with high levels of output
(Owan et al. 2024). Although such support structures impact individual faculty success directly, they are just as
crucial for cultivating and maintaining research-rich environments that can maintain long-term academic
productivity (Bashir et al. 2022). Institutional characteristics, like open research repositories and mentorship
programs, also buffer some of the typical barriers to research engagement, increasing research involvement. At
the end of the day, universities willing to make serious investments in both human capital and intangible
research infrastructure, along with a developmental approach to academic culture that emphasizes scholarly
excellence, will be best equipped to increase their global research presence and push open science forward.
Q9 Limited Funding for Research Topics:

Research relying on WoS data, particularly from those fields left out by its author-centric lens, inequitable
funding distribution, such as the over 80 % of funding going to STEM fields versus the humanities and social
sciences, which still are fields of study deserving of infinitely more funding. The ideological dispositions and
preferences of fund arbiters can further bias research priorities by forcing researchers to shape their work
around the aims of top funders, usually at the fiscal expense of a much broader intellectual plurality. This
disparity, in turn, limits the advancement and societal impact of the humanities and social sciences by continually
undervaluing them (Heyard and Hottenrott 2021). And just as funding landscapes have historically shaped the
geography of innovation, the compounding and cumulative nature of binding inequities in funding present also
as inequalities in institutional research capacity across geographies, resulting in persistent and embedded
inequalities in research capacity across geographic boundaries (Graves Jr et al. 2022).

Q10 Lack of Access to Trending Data:

As with all academic pursuits, research’s disruptive potential is a matter of timing, especially in young, fast-
moving sectors that are extremely dynamic and innovative. However, timely access to knowledge continues to be
an issue. In much of the Global South; however, paywalled databases and access-restricted journals make it
difficult for researchers to keep up with recent work. While open-access efforts have done a lot to close this gap by
granting free access to the scholarly literature, great inequality remains. Multiple studies have emphasized the
institutional and financial obstacles that prevent academics from reading recent work or publishing in high-
impact venues (Cortés-Sanchez et al. 2024). The irritation numerous academics feel when these paywalls get in
their way is compounded by the divisive rise of Sci-Hub-like sites that provide illicit entry to millions of articles.
Although digital tools like Digital Object Identifiers (DOIs) have greatly increased the discoverability of work, the
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benefits are still unevenly distributed across disciplines and regions, deepening existing global disparities in
research participation and impact (Turki et al. 2023).
Q11 Insufficient Collaboration with Experts:

Engaging with more experienced, senior researchers who are later in their careers is very important for junior
researchers, particularly those interested in fast-tracking the improvement and expedited delivery of high-
caliber science publications. Early career scientists who want to broaden and hone their research should actively
pursue opportunities to be connected to and mentored by these more experienced scholars, for these relation-
ships can provide a rich resource to help young scholars navigate the sometimes turbulent seas of academic
writing, the sometimes harsh peer review process, and the inscrutable world of scientific research itself (Silver
et al. 2023). Cultivating this next generation of early career researchers requires deep, integrated mentorship that
helps them to imagine new and different ways of conceptualizing innovative, novel ideas, producing better
research designs, and disseminating their findings in a broader, more impactful way. In addition, co-authors are
almost always well-known, well-respected, and widely published researchers from across the continent; their
very presence on papers helps these emerging scholars build thick academic portfolios, which then catapults
them into the highly sought-after professional networks, along with greater fidelity and deference from academic
gatekeepers.

Q12 Lack of Metadata Knowledge:

And for research outputs to be discoverable and accessible, strong metadata practices are key. Metadata, which
includes titles, abstracts, keywords, and citation formats, is the digital fingerprint of scholarly work, connecting it
to worldwide indexing services such as WoS and Scopus. When these components are carefully and strategically
crafted, they significantly improve a publication’s discoverability, meaning its chances of being found by other
researchers and, therefore, cited and making an academic impression. Yet its importance for research publishing
notwithstanding, effective metadata creation is a skill gap for many academics—especially those at under-
resourced institutions or at the beginning of their careers. The absence of adequate training or institutional
support in this area often leads to suboptimal metadata quality, which not only diminishes the reach of individual
research outputs but also contributes to systemic inequities in global knowledge exchange (Aydin Colak and
Eroglu 2025).

Due to the above-mentioned substantial obstacles, it is necessary to process the accumulated data compu-
tationally. In particular, one must integrate quantitative analysis tools with ML approaches in order to investigate
and simulate elements influencing Vietnamese researchers’ international publishability. Moreover, the ML
approach not only supports processing large and complex data sets but also helps to uncover nonlinear rela-
tionship patterns between input and output variables that are frequently missed by traditional statistical
methods. Accordingly, the main ML models utilized in this study are DT, RF, and GB. The choice of these models is
grounded in three basic reasons. First, these models are proficient at modeling nonlinear relationships and
effectively managing complex structured data. Specifically, DT supplies a simple and intuitive logic platform for
classification and causal explanation, which aligns with the original goal of discovering the key factors leading to
publication or non-publication. Second, RF enhances the accuracy and stability of DT by combining multiple trees
and using majority voting techniques. This, in turn, helps reduce overfitting and increase the robustness of the
model on real-world datasets. Third, GB is a computationally efficient model, which is especially suitable for
imbalanced datasets (e.g., the number of internationally published researchers is much smaller than the un-
published group). Furthermore, this model is often highly regarded for its accuracy in prediction and ability to
learn deeply from small data samples. In particular, all three models are well integrated with the SHAP (SHapley
Additive exPlanations) method, a vital tool in interpreting and justifying the outputs of ML models.

This study intends to use an integrated approach of ML and quantitative analysis to identify and evaluate the
key obstacles faced by Vietnamese researchers in publishing in high-impact scientific journals such as WoS and
Scopus. By interpreting survey data with the assistance of ML models, the study doesn’t just pinpoint barriers; it
elucidates their consequences, connections, and interplay. The findings attempt to offer actionable insights in
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order to suggest institutional fixes to increase the rate of successful international publications and Vietnam’s
academic prestige on the global stage.

The study steps include as bellows: Section 2 mentions literature review. Section 3 presents the methodology,
providing the experimental design and modeling techniques. Section 4 displays the results and discusses the
experimental performance and key impact factors. Finally, Section 5 provides concluding remarks, summarizing
the main results and their implications for scholars.

2 Literature Review

Numerous initiatives have been first to recalibrate the difficulty that researchers face when attempting to get
papers published in WoS and Scopus-indexed journals. As a result, these inquiries leverage a diverse range of ML
techniques in tandem with quantitative analysis to resolve the barriers, such as below:

Hazra et al. (2020) took a data-driven approach to forecasting journal submission outcomes by training
classifiers of authors based on their probability of having their work accepted using authors’ hierarchical
structure with the performance of ML based classification techniques such as RF and GB algorithms. Their results
show that authors with higher acceptance rates are indeed more successful, more so because they have better
academic profiles, such as a larger collaborative network, larger citation rate, and h-index. Additionally, authors
from these backgrounds are further still forced into reviews that are less rigorous and/or critical through the peer
review system. The predictive models performed well in classifying manuscripts into the accepted and rejected
classes. Though these models were originally developed to explain model predictions, these feature importance
explanations were still very useful in explaining the distinguishing structural and academic-related variables
that increased the likelihood of a manuscript being accepted.

Alohali et al. (2022) used DT Regression to predict the eventual total cumulative citation counts for research
articles across the thesis segment of otology. The barrier provided a baseline of 10 ML models, from a basic
Support Vector Regression (SVR) through to an Artificial Intelligence (AI) enabled Artificial Neural Network, that
have each been shown to effectively model human choices, against a dataset that encompassed journal impact
scores, author reputations, and publication metadata. The highest R* determination coefficient value (R* = 0.87)
indicates an extremely high predictive capability; hence, among others, the DT model performed better than
other models.

Zhang and Wu (2024) proposed early citation data as predictors to estimate the future paper’s citation impact,
and applied this work to non-English papers from all research fields using different ML models, RF, GB, and SVR.
Because of the strength of ML models, the study generated the best-performing, domain-specific ensemble
models, which outperformed general-purpose models, yielding the greatest (86 %) overall forecasting accuracy in
each study area. This all greatly illustrates the gist of our argument here, reiterating the broader need for deeper
contextual and field-specific modeling to make citation impact predictions as precise, accurate, and useful.

Hoang and Dang (2021) called for the development of an analytical framework to identify the barriers that
local researchers need to navigate in order to engage with the international academic community as a whole.
Three major barriers include financial constraints, lack of institutional support/guidance, and lack of English
language proficiency. Ultimately, 65 % of respondents to our survey perceived language to be the biggest hurdle,
followed by 54 % not having qualified research mentors, and 49 % not being able to afford attending international
conferences or paying publication fees. These burdens show to large effect on international publishing rates of
early-career scholars in Vietnam.

Nicholas et al. (2024) examined how early-career researchers (ECRs) remain burdened by economic barriers,
especially when facing the increasing push for open access publishing. ECRs, broadly defined as those researchers
within 10 years of their doctor of philosophy, are suffering a triple whammy of financial precarity, institutional
disillusionment, and a crisis of available advancement opportunities. The research illustrates the ways in which
APC-related concerns and pressures affect ECRS’ publishing practices, creating a two-tiered academic environ-
ment where the ability to pay positions scholars to share their research more widely.
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These studies focus on publication success and citation impact but underscore the numerous hurdles to
publishing in elite venues. Furthermore, these problems should give researchers a sense of the tactics they can
employ to satisfy journals.

3 Methodology
3.1 Quantitative Analysis
3.1.1 Descriptive Statistics (Exploratory Data Analysis - EDA)

This task draws on the principle of interpreting and understanding what has been gathered through the creation
of wide-reaching, overarching key stats to identify broad trends and trends. Measurement of central tendency
(mean and standard deviation), and frequency distributions were deployed for exploratory data analysis to
describe the dataset (Tennant 2018). Univariate and bivariate statistical techniques supply a first look at central
tendency, variability, and distribution, laying the groundwork for more complex inferential analyses to
next steps.

3.1.2 Pearson Correlation Regression Analysis

Applying Pearson’s correlation coefficient, a statistical measure that expresses the strength and direction of
linear relationships between pairs of variables. By analyzing correlation coefficients, this method supports
determining whether specific research barriers are interrelated, thereby offering insights into potential un-
derlying patterns (Dufera et al. 2023).

3.1.3 One-Way ANOVA (Comparative Statistical Test/Analysis)

This analysis skill makes it possible to an examination of mean values between three or more groups. One-way
ANOVA tests whether the differences that we see between our groups are statistically significant using infor-
mation on variance within groups and between groups. The F-statistic and associated p-values are calculated to
evaluate if observed differences are the result of random variation or represent significant differences (Aksnes
and Sivertsen 2023). This methodological approach proves an effective strategy for engaging new voices, and it
shines an important light on how varying professional and disciplinary backgrounds shape perspectives on
institutional and systemic barriers to research publication.

3.1.4 Structural Equation Modeling

SEM is used to analyze complex interrelationships between sets of variables related to research publication
obstacles. While needing additional practical and accessible implementation, this approach enables the eluci-
dation of causal pathways and latent interactions, providing greater insight into how various barriers impact one
another. To establish the validity of the model, indices of model goodness of fit were inspected, including the Chi-
Square Test, Comparative Fit Index (CFI), and Root Mean Square Error of Approximation (RMSEA) (Whittaker and
Schumacker 2022). This application improves the understanding of structural dependencies in research obstacles,
creating a strong foundation for predictive modeling.



8 — VV.leetal DE GRUYTER

3.2 Structural Machine Learning Models
3.2.1 Random Forest

RF is a bagging ensemble learning algorithm that builds many DTs on training sets constructed through boot-
strapping and combines their outcomes through majority voting for classification or averaging for regression. Its
robustness is great, because it does not overfit and generalizes much better due to the aggregation of uncorrelated
DTs. RF has become one of the most popular ML algorithms in applied fields, from finance to education and
artificial intelligence, because of its high predictive accuracy and high interpretability (Oluchukwu Njoku et al.
2023).

ift ) W

N

y=

tth

where, y, T, and f;(x) are final forecasting, total number of DTs, and forecasting from the t™ DT for input x,

respectively.

3.2.2 Decision Tree

DTs are powerful, yet intuitive and interpretable ML models commonly used for classification and regression.
They work by recursively splitting the dataset into subsets based on input feature values, with the goal of
minimizing a cost function like Gini impurity. Its simplicity and transparency make it especially useful for
structured data analysis and initial exploratory modeling (Chen et al. 2025).

Gini =1- yp? 2

where, p; is proportion of samples of class i at a node

3.2.3 Gradient Boosting

GB sequentially builds models, each new model trying to fix the issues of the models before it. By applying
gradient descent optimization, it iteratively minimizes a chosen loss function, which makes it very powerful for
classification and regression problems. Its strength as a data wrapper for structured datasets has continued to
spread its application across myriad domains, including geosciences and broad-scale predictive modeling, fueled
by the eventual release of public domain API keyless access (Rizkallah 2025).

M
F OO =00+ % fn(0) ®

where, f{x) is final model prediction, fy(x) is initial prediction (commonly the mean of the target variable), n is
learning rate, M is total number of boosting iterations fy(x): Initial, and f;,,(x) is output of the mth weak learner.

Overall, in this supervised ML process, such as first import and preprocess the original dataset. Since
categorical features and target labels are used, Label encoder is used to encode the categorical features and target
labels. This dataset is subsequently organized into training and testing sets, which allows for evaluation on how
well the model will perform. Then training RF, DT, and GB models. Subsequent to training, each model is then
evaluated with metrics of accuracy, a confusion matrix, and a classification report. The output of the variable
importance of all models combined, used to determine important variables. Lastly, policy recommendations are
suggested, informed by the most powerful features as measured by feature importance. At the same time, the data
in Table 1 illustrates an overview of three commonly used ML models in terms of structure, operation, config-
uration, and symmetry. It discusses how each model creates decision logic.
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Table 1: Optimum performance summary table.

Aspect Decision tree classifier Random forest classifier Gradient boosting classifier
Model type Single decision tree Ensemble of multiple decision trees Ensemble of trees in sequential boosting
(bagging) manner

Operating Splits data at each node using Trains each tree on a random subset of Each tree learns from the residual errors of

principle optimal criteria (gini) to reduce data, aggregates results via majority  the previous one, minimizing a loss function
impurity voting step by step

Code Decision tree classifier Random forest classifier (random_- Gradient boosting classifier (random_-

configuration  (random_state = 42) state = 42, n_estimators = 100) state = 42, n_estimators = 100)

Structural Root node (decision) — Sub- Parallel trees — Individual predictions Treel — Tree2 (fix Tree1) — Tree3 (fix

symmetry decisions — Leaves — Majority vote Tree2) — ... — Tree100

3.3 Evaluation Metrics

In survey analysis, especially when using classification models (e.g., predicting a respondent’s primary research
area or behavior category), evaluation metrics like Kappa, Precision, Recall, and F1-score help performing in
assigning the correct labels to survey responses.

Recall = 4

TP
TP + FN
where, TP (True Positives), and FN (False Negatives) call actual cracks correctly predicted as cracks, and actual
cracks incorrectly predicted as non-cracks.

. TP
Precision = TP~ FP (5)

where, FP (False Positives) is Non-cracks incorrectly predicted as cracks.

Precision + Recall
Fl-score=2x——————— ©)
Precision x Recall

where, Fl-score is the harmonic mean of precision and recall.

PO +Pe

K =
appa = - — P,

(7

where, Py: Observed accuracy or agreement between predictions and true labels, P,: Expected agreement by
chance.

3.4 Structure of Survey Questionnaire

The final survey questionnaire sought to determine what primary barriers scholars at Hue University and other
Vietnamese universities ranked within QS and THE university rankings were facing. It was aimed specifically at
these 120 researchers (whose at least two of papers were published on WoS or Scopus), and they were divided into
three parts: Position/Role included lecturers, researchers, and associate professors; Years of Experience was
divided less than 5 years, 6-10 years, 11-20 years, and more than 20 years; Primary Research Area (PRA) consisted
of Agriculture, Biology & Environmental Sciences (ABES), Artificial Intelligence and Data Science (AIDS), Engi-
neering, Computing & Technology (ECT), Environmental and Climate Studies (ECS), Social And Behavioral Sci-
ences (SBS), Electronics & Telecommunications Collection (ETC). 12 factors are mentioned in the introduction
section. The factors were measured using a five-point Likert scale, ranging from ‘strongly disagree’ to ‘strongly
agree’.
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3.5 Sampler Selection

Determining a proper sample size is an important part of designing a survey to make sure the results reflect the
larger population. Beyond the sample size, if the sample is small, there is a risk that the findings won’t be
dependable, painting a picture in which conclusions are drawn from unreliable data. Too large a sample is both
unnecessary and expensive, taking up more time and resources than necessary. To find the minimum size of
sample size, researchers usually borrow Slovin’s formula method, which is a widely practiced method that helps
them determine how many observations are needed, depending on the total population and the acceptable
margin of error.
Slovin’s formula can be stated mathematically as:

N

Ll ®)

where, n explains the sampling design, i.e., the number of individuals drawn for the survey; N denotes the
observed population size; e is the margin of error, or how much error the study can tolerate, or how precise the
study needs to be.

Furthermore, with respect to the ML sample, the collected data is separated into two stages: the training and
testing phases use 96 samples (equivalent 80 %), 24 samples (equivalent to 20 %), respectively. In addition, a
construct for in-depth analysis serves as the foundation for the usage of the PRA variable.

This formula offers researchers the freedom to set their own sample size by deciding how much uncertainty
they’re willing to accept in their findings. An increased margin of error will lead to a smaller sample size, but the
trade-off is the higher uncertainty level of the surfaced results, and vice versa.

4 Results and Discussions

Publishing research in WoS and Scopus-indexed journals entails a number of formidable barriers. To examine
these barriers systematically, a simple random sampling procedure was employed to select participants from a
larger population of 600 scholars who had published at least two journal articles indexed in WoS or Scopus over
the past two years. The final sample was evenly divided, with half of the participants affiliated with Hue
University and the other half drawn from universities listed in the 2025 Times Higher Education (THE) and QS
World University Rankings.

To determine an appropriate sample size, Slovin’s formula was applied. Based on this calculation, a target of

600-120
600+120

120 respondents yielded a margin of error of 8.17 % (e =817% = ) This margin of error was deemed

acceptable for ensuring broad representativeness across the original pool. Importantly, the stratified sampling
approach ensured proportional representation between scholars from Hue University and those affiliated with
globally ranked institutions.

As depicted in Figure 1, the reliability of survey items was assessed using Cronbach’s Alpha, with an overall
value of 0.68 indicating moderate internal consistency. In Figure 2, twelve histograms display survey responses
regarding the most pressing barriers in academic publishing. Prominent barriers included excessive publication
fees, limited funding availability, and insufficient interinstitutional collaboration. The observed bimodal distri-
butions suggest varying levels of respondent awareness, emphasizing the need for targeted capacity-building
interventions. These visualizations not only highlight the scale and nature of key barriers but also serve as a
foundation for subsequent policy development.

Furthermore, Figure 3 presents descriptive statistics (minimum, maximum, mean, and standard deviation)
for each of the twelve survey items (Q1-Q12). Notably, the minimum scores (denoted by red dots) cluster around
3.0, while maximum scores (green dots) consistently reach the upper limit of 5.0. Mean scores range from 3.76
(Q12) to 3.94 (Q2), reflecting generally favorable responses. Questions such as Q1, Q3, Q5, Q6, and Q9 all exhibit
mean values above 3.85, indicating strong agreement among respondents. The standard deviations, ranging from
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Figure 2: Histograms for 12 factors.

+0.42 (Q6) to +0.60 (Q4), suggest relatively low variability overall, although higher dispersion in Q4 and Q10 points
to more diverse respondent perspectives on those items.

Inrelation to inter-item relationships, Figure 4 displays the correlation matrix for Q1-Q12. Here, the intensity
of red shading represents the strength of the correlation, with darker hues denoting stronger positive associa-
tions. While most correlations were modest (ranging from 0.2 to 0.6), certain item pairs exhibited notable
associations. For instance, Q2 and Q7 showed Figure 4 highest correlation (r = 0.59), suggesting that those who
reported barriers in collaboration also lacked global research networks. Moderate correlations between Q5 and
Q6 (r = 0.49), and between Q6 and Q7 (r = 0.45), further underscore thematic interlinkages in the barriers
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Survey Factor Ratings (Vertical View with Min/Max)
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experienced. Taken together, these findings justify the need for more integrated support mechanisms, such as
enhanced networking opportunities and collaborative funding platforms.

Transitioning to structural analysis, Figure 5 visualizes the SEM that maps the interdependencies among key
barriers. The model’s goodness-of-fit indices, which include Chi-Square (40.7), p-value (0.0), Comparative Fit Index
(CFI = 0.95), and Root Mean Square Error of Approximation (RMSEA = 0.01), demonstrate a strong, statistically
valid model. Key relationships include the strong links between Q5 and both Q4 (0.69) and Q6 (0.66), indicating
that poor collaboration undermines funding access and data availability. Similarly, Q2 (0.94) and Q3 (0.84) are
tightly linked to Q1, highlighting the cost burdens associated with compliance and international visibility. Other
critical pathways involve Q9 influencing Q4 (0.62) and Q10 influencing Q8 (0.88), while Q7 connects to Q1 (0.61),
possibly reflecting costs related to translation and editing services. These insights point to the necessity of
multifaceted institutional responses, such as promoting collaboration (Q5, Q8), supporting international outreach
(Q2), and improving access to data and technical tools (Q6, Q10).
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Figure 6: ANOVA analyze a different categorical factors with position/role, years of experience, and primary research area.

Expanding further, Figure 6 provides ANOVA results that investigate the effects of Position/Role, Years of
Experience, and PRA on perceived barriers. In the first panel, Position/Role reveals two statistically significant
differences: Q6 (p = 0.02) and Q12 (p = 0.05), suggesting that roles influence perceptions of data access and funding
distribution. In the second panel, Years of Experience affects Q5 (p = 0.04) and again Q12 (p = 0.04), indicating that
perceptions of collaboration and funding shift with career stage. In the final panel, PRA yields significant effects
for three barriers, suggesting disciplinary disparities in how institutional and funding constraints are perceived.
These findings underscore the importance of nuanced, role-specific, and discipline-sensitive policies to mitigate
inequities in the publishing landscape.

Although traditional statistical approaches such as SEM and ANOVA provided insight into relationships and
group-level differences, they lacked predictive depth. Therefore, to address this limitation and anticipate future
barriers, the study also employed ML models to forecast and assess key predictors.

Figure 7 presents the test-phase predictions across 402 sample indices. RF predictions (green line) closely
align with actual class values (black line), particularly around indices 5, 17, and 34. In contrast, DT (orange dashed
line) and GB (blue dashed line) display larger deviations, with DT misclassifying several labels between indices
10-15 and GB performing erratically between indices 30—-40. These results suggest RF’s superior consistency in
label prediction.
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Figure 8 displays the confusion matrices across five academic categories (ABES, AIDS, ECS, ECT, and SBS). RF
exhibited the best performance, achieving perfect classification for ABES (8/8) and AIDS (7/7), and correctly
identifying 5 of 6 ECS cases. However, it struggled with ECT (2/6 correct) and SBS (3/6 correct). DT also achieved
perfect accuracy in ABES and AIDS but dropped to 4/6 in ECS. GB matched RF’s accuracy in ABES and AIDS but
underperformed in ECT and SBS. Misclassification patterns, particularly in ECT and SBS, may stem from limited
training data and overlapping feature semantics. These insights highlight the need for better feature engineering
and more balanced datasets. In terms of overall performance, Figure 9 summarizes five evaluation metrics across
the models. RF achieved the highest accuracy (0.68), outperforming DT (0.61) and GB (0.60). RF also led in Kappa
(0.60), Precision (0.68), Recall (0.68), and F1-Score (0.67), demonstrating its consistent superiority across all
measures.

Figure 10 further examines feature importance across the models. Q1 and Q7 consistently emerged as the
most influential predictors. RF ranked Q1 (0.11), Q7 (0.10), and Q12 (0.10) as its top contributors. DT emphasized Q1
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Model Figure 9: Model evaluation metrics.
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Figure 11: SHAP for three models.

(0.17), Q6 (0.11), and Q7 (0.10), while GB ranked Q7 (0.13), Q1 (0.12), and Q11 (0.11) highest. The divergence in third-
ranking features suggests different learning behaviors among models.

Figure 11 presents SHAP interaction values among Q1-Q5 features. RF exhibited high variation (+2.5), indi-
cating complex feature interactions. GB showed tighter bounds (+0.25), suggesting more stable relationships. DT
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oscillated within +0.5, indicating nominal feature interaction effects. The strongest SHAP interactions occurred
between Q1-Q2, Q3-Q5, and Q4-Q1, underlining how RF excels in capturing nonlinear dynamics.

To truly address these barriers, institutions and policymakers must implement equity-driven strategies. First,
subsidizing publication fees (Q1) and standardizing APC waiver policies can expand participation among scholars
in under-resourced contexts. Second, fostering global research connectivity (Q7) through international exchange,
collaborative digital platforms, and conference sponsorships enhances impactful academic partnerships. Third,
funding formulas should be adjusted to prioritize underrepresented disciplines and positions (Q12). Fourth,
improving access to research tools and datasets (Q6, Q10) via centralized repositories and technical training will
empower scholars to meet rigorous publishing requirements. Finally, mentorship for early-career researchers
can help navigate institutional structures and develop collaborative competencies (Q5, Q12).

Although traditional statistical methods effectively established relationship patterns, ML provided superior
predictive power and highlighted nuanced trends. By integrating quantitative rigor with predictive modeling, this
study offers a forward-looking perspective on barriers to academic publishing. It not only identifies existing
barriers but also anticipates future ones, providing a robust foundation for institutional reform and more
inclusive research ecosystems.

5 Conclusions and Recommendations

This study offers a nuanced insight into the systemic, institutional, and disciplinary barriers that prevent re-
searchers, especially those from new research settings such as Vietnam, from publishing in WoS and Scopus-
indexed journals. Through the fusion of quantitative and ML, the research not only found the leading obstacles,
such as lack of institutional support, high publication costs, and insufficient collaboration, but also uncovered
deeper structural inequity patterns and emergent threats, such as increasing compliance and data access
restrictions.

Machine learning models, however, notably improved the study’s prediction, especially emphasizing
problems in complicated and interdisciplinary fields such as ECT and SBS. Although RF was the most consistently
predictive model, the findings also highlighted the importance of enhanced feature engineering and better
balanced datasets in order to reduce misclassification. SHAP analysis, in addition, uncovered these subtle in-
teractions between variables, providing insight into exactly how particular barriers exacerbate one another.

Crucially, the research suggests practical interventions to lower these hurdles. These are practices such as
cross-institutional and international collaboration, targeted funding mechanisms, research training, and the
equitable allocation of resources across disciplines. While not unique to Vietnam, the findings speak to wider
trends across low and middle-income countries, and provide a worldwide roadmap for inclusive academic
publishing reform.

To expand on these insights, future work should include qualitative work on researchers’ lived experiences,
as well as longitudinal studies to evaluate the long-term efficacy of policy interventions. Partnerships between
institutions, publishers, and national education agencies will be crucial in making these suggestions a reality. In
the end, cultivating a fair, open, and nurturing academic ecosystem will be key to empowering worldwide
research prominence, output, and influence, particularly for academics operating in resource-limited contexts.
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