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Abstract:

This study investigates the impact of publication age on citation counts
and employs forecasting models to predict future publication trends.
Citation dynamics are critical in bibliometric studies because they
influence research visibility and academic recognition. Using a dataset of
505 academic publications from Scopus, this study applies correlation
analysis, time-series forecasting (ARIMA), and multi-criteria decision-
making (MCDM) techniques, particularly the Analytic Hierarchy Process
(AHP). Pearson’s correlation analysis revealed a weak negative
correlation ((r = -0.154)) between publication year and citation count,
indicating that older publications tended to have more citations, but other
factors significantly influenced citation accumulation. Time-series
forecasting using ARIMA (1,1,1) and Holt’s Exponential Smoothing
Model evaluated future publication trends, with ARIMA demonstrating
higher short-term accuracy. The AHP model ranks research papers based
on citation count, publication year, and relevance to MCDM, assigning
higher weights to the citation count (63.3%)). This study highlights the
evolving role of artificial intelligence and big data analytics in
bibliometric analysis and underscores the need for hybrid models that

https://internationalpubls.com

313



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 10s (2025)

integrate machine learning techniques with traditional decision-support
frameworks. Future research should incorporate journal impact factors,
author reputation, and open-access status to refine the citation prediction
models. The findings contribute to a data-driven understanding of
academic influence, providing insights for researchers, policymakers, and
institutions aiming to enhance research visibility and scholarly impact.

Keywords: enhance, reputation, policymakers

Introduction

Publication Age and Citation Count Publication age significantly affects citation counts,
making it a vital consideration in bibliometric studies, impacting wherein research is visible,
scholars are recognized, and scholarly contributions remain relevant. [1]. Citation counts are
considered a common metric of research impact [1], but the relationship between the age of
publication and citation counts has been described as complex and influenced by many
factors, both academic and otherwise [2].By analyzing citation accumulation over time, we
can better understand the relationship between publication year and citation accumulation [3].
Historically, the primary use of bibliometric analysis has been to measure and describe
patterns in citation behavior, typically using statistical approaches to measure the relationship
between certain characteristics of publications and the impact of those publications [4]. We
address this issue in this study by using correlation analysis, time-series forecasting
(ARIMA), and multi-criteria decision-making techniques, especially known as the Analytic
Hierarchy Process, in combination as a multi-faceted methodology to assess and predict
publication trends and influence over citations systematically[5].This study is based on a
dataset extracted from Scopus, which consists of 505 academic publications (including
journal papers and conference proceedings) published in English[6]. The criteria were
selected for MCDM topics related to Al, ML, and big data analytics, and they were focused
on hybrid decision-support models [7]. This dataset enables a rich exploration of how
research relevance, citation frequency, and publication year interact to define scholarly
impact [8]. Considering the dynamic nature of academic research and the increasing
emphasis on data-driven methods for decision-making, the goals of this study are as follows:
to analyze the relationship between the year of publication and citation count to determine
whether older publications have a tendency to attain more citations than newer publications;
to use time series forecasting (ARIMA and Holt’s Exponential Smoothing) to determine
trends of future publications and study the performance of different forecasting techniques;
to use the Analytic Hierarchy Process (AHP) to rank research publications in terms of their
citation count, year of publication, and relevancy to MCDM, providing a systematic multi-
criteria decision-making approach for the evaluation of academic impact[9].Using a blend of
bibliometric techniques and decision-support models, this study provides a comprehensive
examination of citation dynamics and insights into a wider understanding of how academic
research is assessed and valued over time[10]. The focus will be especially fruitful for
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researchers, policymakers, and academic institutions that could benefit from data-driven
approaches to make informed decisions to improve research visibility and scholarly impact.

Literature Review

The citation effect refers to the phenomenon in which highly cited papers continue to receive
citations over time [11]. Citation patterns and publication trends indicate that older papers
tend to accumulate more citations because of their cumulative impact. Bibliometric analysis
is essential for understanding academic impact by examining these trends. Consequently,
older publications accrue significant benefits. Recent studies suggest that characteristics such
as journal impact factors, open-access status, and digital dissemination considerably affect
citation counts. Multiple methodologies have been used to study citation dynamics, including
Pearson’s correlation coefficient for quantifying the association between publication year and
citation count [12]. Earlier publications tend to have a higher number of citations on average,
which are affected by factors including the relevance of the research performed and how
citations are handled in each field, showing weak to moderate correlations in studies on the
matter [13].

Time-series forecasting is a common technique for estimating publication dynamics in
bibliometric analysis [14]. The Autoregressive Integrated Moving Average (ARIMA) model
has been widely utilized for research output prediction, providing a formal framework for
modeling publication growth patterns. Studies indicate that while the ARIMA model shows
more promise for short-term fluctuations, Holt’s Exponential Smoothing Model provides a
more stable long-term projection[15].1t is also well established in the existing literature that
time-series forecasting accuracy is highly dependent on the selection of the model, and
evaluation is generally done using the Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), and Akaike Information Criterion (AIC)[15]. Previous studies have shown that
ARIMA methods generally perform better than simpler forecasting methods in terms of
short-term publication trends but have the drawback of needing careful parameter tuning to
avoid overfitting [16].MCDM techniques, especially AHP, have been extensively used to
assess academic impact. The AHP helps compare publications based on multiple weight-
adjusted criteria, allowing a more structured way of measuring publication impact than raw
citations [17]. Another approach using AHP as a methodology for bibliometric evaluations
includes metrics such as citation count, publication year, and topic relevance[18].The
approach consists of building pairwise comparison matrices and assigning weights according
to expert judgment, then carrying out criteria normalization to obtain ranking scores[19].The
results suggest that citation count is the leading factor affecting research impact, followed by
publication recency and subject relevance.Recent developments in artificial intelligence (Al)
and big data analysis have generated opportunities for both automated citation analyses and
predictive modeling in bibliometric research[20].For example, machine learning algorithms
such as neural networks and natural language processing (NLP) continue to gain momentum
for extracting insights from large-scale academic datasets, as studies show that Al-driven
approaches can provide significant improvements for support-decision systems for academic
evaluation, especially when combined with conventional MCDM methods[21].Hybrid
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models combining Al with AHP and ARIMA have shown potential in refining citation
predictions and ranking influential publications, highlighting the evolving role of
computational techniques in bibliometrics[22].

Despite extensive studies on citation dynamics, forecasting, and MCDM methodologies,
some gaps persist: (i) a limited intersection of hybrid models, which combine methodologies
from bibliometric analysis, Al, and MCDM,; (ii) open-access policies and digital visibility as
underexplored drivers of citation trends, especially in early-stage publications; and (iii) a
lack of cross-validation of forecasting models with various academic datasets. Future studies
can introduce a bibliometric framework that is enhanced by Al, which can not only obtain the
weight of the best indicators but also include citation predictions based on machine learning
methods, combined with the MCDM methods described in this paper. Citation trends could
be predicted better by generalizing our findings to other disciplines through further
validation of forecasting models. Filling these gaps will improve future studies to provide a
more accurate assessment of academic impact and a more data-driven approach to research
evaluation.

Research Methodology

This study employs a quantitative research design to systematically investigate how
publication age affects citation counts and to predict overall trends in the academic
publishing arena [23]. To accomplish these goals, this study combines several methods, such
as Pearson’s correlation analysis, time-series forecasting based on the Autoregressive
Integrated Moving Average (ARIMA)[23], and Multi-Criteria Decision-Making (MCDM)
approaches, that is, Analytic Hierarchy Process (AHP)[24].Data Collection and Preprocessing
This study used a dataset obtained from searching the Scopus database with the search
query: (“Multi-Criteria Decision Making” OR “MCDM”) AND (“artificial intelligence” OR
“machine learning” OR “big data analytics”) AND (“hybrid models” OR “decision support
systems” OR “automated decision-making”).This process resulted in 505 academic
publications, including peer-reviewed journal articles and conference proceedings, all written
in English from Scopus database.. We ensured that the studies were relevant to the MCDM
area, focusing on Al and decision support systems. Two dependent variables were derived
to test the hypotheses. Year of Publication (X): The year in which the research article was
published. Citation Count (Y): The total number of citations received by a publication, as
indexed by Scopus. Before conducting the analysis, the dataset was pre-processed to
eliminate entries with missing values or incomplete citation metadata. This step ensured data
reliability and enhanced the validity of the subsequent statistical analyses.

The following statistical methodologies were employed to evaluate the relationship between
the age of publication and citation impact: Pearson’s Correlation Coefficient was utilized to
determine the strength and direction of the linear relationship between the year of publication
and citation count. Covariance Analysis was conducted to examine whether citation counts
increase or decrease with publication age. The standard Deviation was used to assess the
dispersion of values in both the year of publication and the number of citations, indicating the
extent to which these two variables deviate from the dataset.
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Time Series Forecasting
To predict future publication trends, this study applies an ARIMA (1,1,1) model, defined as

where:

AR (1): One autoregressive term,

| (1): First-order differencing to achieve stationarity,

MA (1): One moving average term.
The model was evaluated using the following metrics:
Root Mean Squared Error (RMSE): measures the average magnitude of the forecast errors.

Mean Absolute Error (MAE): Quantifies the average absolute difference between predicted
and actual values.

Akaike Information Criterion (AIC): Balances the model fit and complexity.

A comparative analysis with Holt’s Exponential Smoothing Model was conducted to
determine the most suitable forecasting approach [25].

Multi-Criteria Decision-Making: Analytic Hierarchy Process (AHP)

The Analytic Hierarchy Process (AHP) was used to find and rank impactful research
publications according to the subsequent decision criteria:

C1: Citation Count: 63.3%, measures academic impact of the publication.
C2 :Year of Publication (26.0%, considering recency and possible visibility)

C3 : Relevant to MCDM (Weighted 10.6%): The number of times each respective keyword
appears in the title or abstract, designated by the authors.

A pairwise comparison matrix was developed using Saaty’s basic 1-9 scale. The matrix was
normalized, and weight priorities were calculated to evolve the sensitivity of the criteria [26].
The overall AHP score for each paper was computed as the weighted sum of individual
normalized scores across all criteria.

The analytical framework used in this study can be summarized as follows:

Correlation Analysis: How relationships between publication age and citation frequencies
are quantified.

Forecasting Comparison: A Comparative Analysis of the ARIMA and Holt's Exponential
Smoothing Models. The Analytic Hierarchy Process (AHP) was employed to rank academic
publications based on weighted criteria, thereby identifying those with the greatest scholarly
influence. This integrated methodological framework, characterized by statistical rigor and
structured decision-making, facilitates comprehensive analyses of citation dynamics and the
forecasting of academic trends.

Results and Discussion

https://internationalpubls.com 317



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 10s (2025)

(). Correlation Analysis Between Year of Publication and Citation Count

The inherent nature of bibliometrics is characterized by the aging of publications.
Understanding this relationship elucidates citation dynamics, research visibility, and the
lifespan of academic contributions. [27]. This study examined the publication year (X) to
number of citations (YY) correlation to determine whether older papers accumulate more
citations than new ones. One basic bibliometric aspect of papers is their citation count,
which is affected by the age of the publication. The relationship between paper production
and citation rates helps reveal citation dynamics, academic visibility, and citation
persistence. To do so, this study seeks to assess the relationship between the year of
publication (X) and the number of citations (), testing whether older publications receive
more citations than more recent ones. There are two main numeric

variables in the dataset used in this study. The dataset used in this study includes two
primary numerical variables:

X: Year of publication
Y: Citation count

Prior to analysis, missing values in either X or Y were removed to ensure data integrity. The
statistical analysis was performed using Pearson’s correlation coefficient, which quantifies
the strength and direction of the linear relationship between these variables.

The mean values of Year of Publication (X) and Citation Count (Y) were computed as
follows:

X =(1/n)YXi

Y = (1/n) Y Yi
N represents the total number of papers analyzed, while Xi and Yi denote the individual
values of publication year and citation count, respectively

Results:

X = 2016.69,Y = 26.49

These values indicate that the average publication inh the dataset is approximately 2016,
while the mean citation count per paper is 26.49

Covariance measures the extent to which two variables change together and is given by:
Cov(X,Y)=(1/n) Y (Xi-X) (Yi-Y)

Computed Result:
Cov(X,Y)=-53.24

The negative covariance value suggests that citation counts tend to be higher for older
publications.
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The standard deviation of each variable is calculated as follows:

oX =V((1/n) ¥ (Xi - X) 2)
oY =V((1/n) Y (Yi-Y)?)
Results:
6X =6.73,6Y = 51.40

These values indicate that while publication years are relatively clustered, citation counts
exhibit significant variation.

Pearson’s correlation coefficient (r) is defined as:

r=Cov(X,Y)/(cX *cY)
Substituting the computed values:
r=-53.24/(6.73 * 51.40)
r=-0.154

Since r is negative, this confirms a weak negative correlation between the Year of Publication
and Citation Count. The correlation coefficient (r = -0.154) indicates that, although older
publications generally receive more citations, the strength of this relationship is weak and not
significant. Several factors may account for this trend: 1. Cumulative Citation Effect: Older
publications have a longer duration to accumulate citations, resulting in a higher citation
count. 2. Field-Specific Citation Practices: Certain academic disciplines may prioritize older
foundational papers over more recent ones. 3. Impact of Open Access and Digital Visibility:
Newer papers may benefit from enhanced digital dissemination, which can counterbalance
the temporal advantages of older papers. The weak correlation also suggests that additional
variables, such as journal impact factor, author reputation, and research topic relevance, may
have a more significant influence on citation counts.

(ii). Application of ARIMA for Forecasting Publication Trends

The Autoregressive Integrated Moving Average (ARIMA) model is a widely used statistical
method for time-series forecasting, combining autoregressive (AR), differencing (I), and

moving average (MA) components. Mathematically, the ARIMA (p, d, ) model is expressed
as:

p q
Yt =C +Z¢)I Yt—i ‘I‘Zﬁj Et—j + €t
i=1 j=1

where:
¥; represents the observed time-series value at time t,

c IS a constant term,
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p denotes the number of autoregressive (AR) terms,

¢; are the AR coefficients,

d is the degree of differencing applied to ensure stationarity,

g represents the number of moving average (MA) terms,

g; are the MA coefficients, and

€, 1S the error term (white noise).

For this study, an ARIMA (1,1,1) model was employed, where:

p = 1 (indicating one prior value is considered in the AR component),

d = 1 (indicating first-order differencing to remove trends and achieve stationarity), and
g = 1 (indicating one prior error term is included in the MA component).
Forecasting Results Using ARIMA

The ARIMA model was applied to the publication count per year, and the resulting forecast
for the next five years is as follows:

?2025 = 55?1
?2026 = 63':'0
?202? = 5659

?2028 = 6223
?2029 = 5727

The results indicate a fluctuating trend in the predicted number of publications, in contrast to
the steady upward trajectory forecasted by Holt’s Exponential Smoothing model. This
suggests that publication growth may be influenced by external factors such as research
funding, policy changes, or global academic trends.

(iii).Quantitative Evaluation of Forecasting Models
(i).Methodology for Model Evaluation

To assess the forecasting accuracy of the selected time-series models, the dataset was
partitioned into two subsets:

Training Set: Comprising publication counts from 2015 to 2022.

Test Set: Containing data for the years 2023 and 2024, reserved for out-of-sample validation.
Two models were estimated using the training data:

Holt’s Exponential Smoothing Model, incorporating an additive trend.

An ARIMA (1,1,1) Model, which includes autoregressive, differencing, and moving average
components.
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The accuracy of each forecasting approach was assessed based on key statistical metrics.
Evaluation Metrics

The performance of each model was evaluated using the following statistical measures:
Root Mean Squared Error (RMSE):

RMSE measures the average magnitude of forecast errors, penalizing larger deviations more
heavily:

mn

RMSE = %Z(Yt — %)

t=1

where Y, represents the observed values, and ¥; denotes the model’s forecasted values.

Mean Absolute Error (MAE):

MAE quantifies the average absolute differences between predicted and actual values:

TL
1 .
MAE:EZm—m
t=1

Akaike Information Criterion (AIC):

AIC evaluates the trade-off between model fit and complexity, with lower values indicating a
more optimal balance:

AIC = —2In(L) + 2k

where L is the model’s likelihood function and k represents the number of estimated
parameters.

Mean Absolute Percentage Error (MAPE):

MAPE assesses forecast accuracy in relative percentage terms; however, due to indexing
limitations in the dataset, this metric was unavailable for computation.

Empirical Results and Interpretation

The computed error metrics for each model are summarized in the table below:

Model RMSE | MAE | AIC Forecast (Test Period)
Exponential Smoothing | 18.45 | 16.62 | 125.65 | 2023: 37.40, 2024: 39.36
ARIMA (1,1,1) 16.75 | 13.43 | 205.34 | 2023: 42.58, 2024: 40.56
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Model Accuracy

The ARIMA (1,1,1) model demonstrated superior forecast accuracy, as evidenced by its
lower RMSE (16.75) and MAE (13.43) compared to the Exponential Smoothing model
(RMSE = 18.45, MAE = 16.62). This suggests that ARIMA more effectively captures
variations in publication trends.

Model Fit and Complexity

While ARIMA yielded more precise forecasts, the Exponential Smoothing model exhibited a
significantly lower AIC (125.65 vs. 205.34), indicating a more parsimonious fit. This
suggests that while ARIMA accounts for short-term fluctuations, Exponential Smoothing
provides a more stable long-term trend projection. The results indicate a balance between the
complexity of the models and their ability to predict the future. While both the ARIMA
(1,1,1) and Exponential Smoothing models show good predictive accuracy, the ARIMA
(1,1,1) provides better results than the Exponential Smoothing (in terms of RMSE and MAE)
for the short term. Alternatively, Exponential Smoothing appears to fit the data in a less
parameter-intensive manner (lower AIC), which may lend itself more favorably to
performing long-term trending analysis. These results lead to the conclusion that model
selection should be adjusted to the context of the forecasting goals. The ARIMA model is
useful if the goal is primarily to anticipate year-over-year changes in publications. However,
for estimating long-term growth, a simple forecasting model Exponential Smoothing is
appropriate. Further studies may explore hybrid forecasting methods that combine the
fluctuation adaptation ability of the ARIMA model with the stability mechanism of
Exponential Smoothing on a smaller scale. The model may be improved with cross-
validation and alternative ARIMA specifications such as ARIMA (2,1,2).

Analytic Hierarchy Process (AHP) Analysis of Research Papers

The AHP (Analytic Hierarchy Process) is a structured multi-criteria decision-making
(MCDM) method that allows comparison and ranking of the alternatives based on multiple
weighted criteria (Saaty, 1980). In this work, AHP is used to evaluate and rank academic
research papers based on three input factors: citation count, publication year and AHP-
related content. Specifically, we aim to weigh each criterion to derive a global ranking score
for each paper in AHP.The dataset consists of research papers from various sources. The
evaluation criteria are defined as follows:

Citations (C1) — Represents the academic impact of a paper; higher citations indicate greater
influence.

Publication Year (C2) — More recent papers may provide updated methodologies and
insights.

Relevance (C3) — Defined by the presence of keywords related to AHP in the title, abstract,
or keywords section.

Each research paper is treated as an alternative in the AHP framework.
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Pairwise Comparison Matrix Construction

The pairwise comparison matrix for the three criteria is constructed based on expert judgment
using Saaty’s fundamental scale (1-9). The assumed relative importance of each criterion is
given below:

1 3 5
113
A=13
111
5 3

where:

Citations (C1) is strongly preferred over Publication Year (C2) (value 3) and Relevance (C3)
(value 5).

Publication Year (C2) is moderately preferred over Relevance (C3) (value 3).
Normalization and Criteria Weights Calculation

Each element of the matrix is normalized by dividing by the column sum, yielding the
normalized comparison matrix:

=10.211 0.231 0.375

0.633 0.692 0.625
Anurm
0.126 0.077 0.125

The priority weights (w) for the criteria are obtained by computing the mean of each row:

0.633
w = [G.Zﬁﬂ‘
0.106
Thus, the computed importance weights are:
Citations (C1): 63.3%
Publication Year (C2): 26.0%
Relevance (C3): 10.6%
AHP Score Calculation

Each paper is scored using the following formula:

Si :Wl'C1+W2'Cz+W3'C3
where:
S; is the AHP score of paper i.

C,, C4, C5 are the normalized values of citations, publication year, and relevance, respectively.
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wy, w3, ws are the corresponding criteria weights.
The final AHP scores are computed, and the papers are ranked accordingly.
The top-ranked papers based on the computed AHP scores are presented in Table 1.

Table 1: Ranked Research Papers Based on AHP Analysis

Rank | Research Paper Title AHP Score
1 A state-of-the-art survey & testbed of fuzzy AHP 0.829
2 Intuitionistic fuzzy Bonferroni means 0.802
3 Designing an integrated AHP-based decision support system 0.779
4 Integrated QFD-MCDM framework for green supplier selection 0.690
5 Fuzzy AHP-based decision support system for security 0.680
6 Role of multiple stakeholders and the critical success factors 0.611
7 Multi-criteria decision support system for wind energy planning 0.560
8 GIS-based comparative assessment of flood susceptibility 0.548
9 A Decision Support System methodology for selection of alternatives | 0.546
10 Generalized hesitant fuzzy sets and their applications 0.534

The highest-ranked paper, "A state-of-the-art survey & testbed of fuzzy AHP,” obtained an
AHP score of 0.829, indicating its strong academic impact based on citation count and
relevance. Similarly, other highly ranked papers demonstrate a balance between citation
influence, recent publication date, and keyword-based relevance. The empirical AHP-based
ranking of research articles showed that academic influence is most positively affected by
the number of citations, followed by the date of publication and relevance of the subject [28].
The AHP method provides a systematic method of assessment in the academic literature,
which is useful for identifying key contributions in a given area of study. Future work
includes implementing the weighting process using expert opinion and additional
considerations such as journal impact factor.

Conclusion

This study analyzed the relationship between publication age and citation counts using a
combination of Pearson's correlation analysis time-series forecasting (ARIMA) and Multi-
Criteria Decision Making, such as Analytic Hierarchy Process MCDM. The analysis
indicates the presence of a weak negative correlation (r = —0.154) between publication year
and the number of citations, which also implies that older publications have more citations,
but the strength of the said correlation is small. In addition, citation dynamics are influenced
by other variables, such as research visibility, accessibility, and field-specific citation
practices. When compared with Holt’s Exponential Smoothing model, the ARIMA model
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outperformed it in short-term forecast accuracy, which is useful in deciding on the forecasting
method. Data used for training: Data used for training: Academic research papers ranking
model based on AHP-type decision-makers in the fields of Social and Health Sciences AHP
model was used as the method for evaluating it while satisfying the multi-criteria weighing.
Through factor evaluation, it was found that the most common determining factor was
citation count as an argument that determines academic influence. In conclusion, this study
adds depth to our understanding of citation dynamics and the shift towards diverse markers
of scholarly impact. These findings highlight the need to incorporate a new lens of analysis
— a collection of statistical modeling and decision-support techniques — that provides a
more nuanced understanding of research impact and predictions of evolving academic
trends. Enhancing research analytics across academic, corporate, and research landscapes,
recognizing the myriads of attributes contributing to research outcomes, and predicting the
next big research trends. Future Research Directions Several key advances and refinements
can enhance future research on citation dynamics and academic forecasting. Inclusion of
Additional Predictors: Although study specifically examined publication age and citation
count, future research could explore the inclusion of other important variables (e.g., journal
impact factor, author reputation, and open-access status) that could further improve models
predicting citations. These factors have a profound impact on the discoverability of academic
work. Cross-disciplinary Validation: The generalizability of the findings would benefit from
the validation of the models across a wider selection of academic disciplines. Citation
behavior across different fields can be different, and the inclusion of field-specific variables
could improve the projection accuracy of citation trends. Machine Learning and Hybrid
Models: With the advent of machine learning techniques, one possible direction is the
development of hybrid models that integrate traditional statistical approaches (like the
ARIMA and AHP methods used in this study) with more modern machine learning
techniques (like neural networks or deep learning algorithms). These adaptations would
enable more robust predictions through the modeling of complex nonlinear relationships
within the datasets. Looking Through the Digital Lens: Considering that academic research
communication is becoming more reliant on digital channels, it may also be useful to analyze
how online visibility, social media activity, and digital repositories influence citation
numbers. If we choose to consider these factors, our insights into how new media and digital
tools affect the citation dynamics of academic publications may become more accurate and
realistic. This study only focused on specific years of the relationship between publication
age (time since publication) and citation count, but future studies can focus on the long-term
temporal patterns and how the relationship between publication age and citation count
changes over time. Understanding these emerging long-term trends may help us understand
how academic research develops and positions itself progressively. Future research could
help in bridging those gaps to produce improved models to predict academic impact and also
contribute towards building better bibliometric analysis tools.
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