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Abstract
The interaction of soil with plant roots in the rhizosphere plays an important role in various ecosystem
services and food production, and it has been the focus of numerous studies. In turn, statistical modeling
can aid in a more comprehensive understanding of this interaction, such as the application of regression
models to rhizosphere data. Thus, the main objective of this work was to develop the first bibliometric
analysis on regression models applied to rhizosphere data. Bibliometric data were obtained from Web
of Science and Scopus databases. We use the topic retrival as ((“Rhizosphere”) AND (“Regression mod-
els” OR “Regression model” OR “Generalized Linear Models” OR “Generalized Linear Model”)) to search for
scientific articles that contain these keywords in their title, abstract, or keywords. The search encom-
passed articles published from 1900 to 2022, resulting in 34 articles, with the earliest record dating back
to 1985. While studies of the rhizosphere are increasing, few studies apply regression models to their
data. The use of more advanced techniques, such as Generalized Linear Models (MLG), Artificial Neu-
ral Network (ANN), Random Forest Model (RFM), Support Vector Machines (SVM), and Generalized
Boosted Regression Modeling (GBM), became evident from 2016 onwards, which was associated with
the computational advances and the development of artificial intelligence. Some articles demonstrated
that the use of more robust models can provide more meaningful results to the researcher. Only one
article was published in a journal dedicated to statistics, highlighting the diffusion of regression models
into various fields. Collaborations involving co-authorship between researchers from different countries
have led to higher citation rates, increasing the importance of the research to the scientific community.
Perhaps one of the most notable limitations to increasing research using regression models is the absence
of a statistician or researcher within the research groups who is well versed in statistical models and pro-
cedures.
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1. Introduction
Soil, and in particular its interaction with plant roots, which has been the focus of many studies,

plays a fundamental role in diverse ecosystem services and food production (van Veelen et al., 2018).
The region around the roots, called the rhizosphere, is the most active portion of the soil, where
biogeochemical processes influence a range of landscape and global scale processes (McNear Jr.,
2013). The rhizosphere was first defined as the soil volume adjacent to the plant roots (Hiltner,
1904). Currently, it is known that the rhizosphere is a dynamic system in which several processes
occur that change the properties of the soil around the roots. Therefore, the changes promoted by
plants in the rhizosphere are due to the root-soil interaction and occur mainly due to the organic
compounds released by the root (Echer et al., 2020).

Addressing the global challenges of climate change and population growth with a better un-
derstanding and control of rhizosphere processes is one of the most important scientific challenges
today (McNear Jr., 2013). Rhizosphere management is useful for numerous processes that pro-
mote plant growth and health, such as improving nutrient efficiency and water uptake, mitigation
drought stress, and suppressing disease (Ahmed et al., 2014; Ayangbenro et al., 2022; Fasusi et al.,
2021; Raaijmakers & Mazzola, 2016; Zia et al., 2021). Thus, understanding interactions and pro-
cesses that occur in the rhizosphere is fundamental to increasing our capacity address with relevant
global challenges related to food production.

In this sense, statistical models can help to better understand these interactions and processes, such
as regression models applied to rhizosphere data. Regression models can be used to investigate the
relationship between a dependent variable and one or more independent (or explanatory) variables.
It is often used to predict values of the dependent variable based on known or predicted values of
the independent variables. The choice of model to be used depends on the nature of the data and
the purpose of the analysis.

In general, analysis of variance (ANOVA) and simple or multiple linear regression are used,
assuming normality and homogeneity of variance (based on adjusted model residuals), assumptions
that are sometimes biased. In some situations where the assumptions are not met, transformations
are used, such as the Box-Cox transformation. However, a simple interpretation transformation is
not always obtained.

Identifying the statistical models applied to rhizosphere data is fundamental to support the devel-
opment and improvement of current methodologies for modeling rhizosphere data. In this context,
bibliometric analyses play an important role in generating knowledge for future practical applica-
tions.

Bibliometric reviews allow quantitative analysis of numerous criteria of a research topic or field
(Mokhnacheva & Tsvetkova, 2020). This type of study is a good methodological tool for providing
answers and evaluating or validating a given theory (Snyder, 2019). It consists of examining the
production of articles on a given subject, mapping research institutions and identifying networks
of researchers and their motivations (Chueke & Amatucci, 2015). This technique systematizes the
bibliometric data to present the intellectual state of the research already carried out and the emerging
trends of a subject, identifying problems to be investigated in future research (Chueke & Amatucci,
2015; Donthu et al., 2021).

Considering the current relevance of rhizosphere studies and the importance of statistical mod-
eling to identify relationships between variables, the main objective of this work was developed
the first bibliometric analysis on statistical modeling used for rhizosphere data. Thus, a bibliometric
analysis was carried out to investigate different types of regression models applied to the rhizosphere
considering the period of 1900 - 2022. The results of this work will be useful for future research,
pointing the out most used and new possibilities of statistical approaches for this study area, helping
the development of important future studies.

The article is organized as follows: Section 2 presents material and methods. The results and



Brazilian Journal of Biometrics 247

discussion on the main findings are presented in Section 3. Finally, Section 4 addresses some con-
cluding remarks.

2. Material and methods
The methodological procedure adopted in this article was a systematic literature review, which

analyzed international literature research related to studies of regression models applied to data from
the rhizosphere, whose objective was to study or compare the modeling of the variables involved
for this type of data.

Data were obtained from the database of Web of Science (WoS) and Scopus, as both provide lists
of high-quality peer-reviewed articles. We use the topic retrival as ((“Rhizosphere”) AND (“Regres-
sion models” OR “Regression model” OR “Generalized Linear Models” OR “Generalized Linear Model”))
to search scientific articles with these words in their title, abstract or keywords, published since 1900
to 2022. We also applied a data cleaning filter that limited the sample to articles published in English.
This search resulted in 81 articles, with the first register published in 1985.

These 81 articles were reviewed by the authors and some exclusion criteria were applied: (i)
articles that did not focus on the topic under discussion (42 articles); (ii) exclusion of all languages
other than English (3 articles); and (iii) duplicate articles (2 articles). Thus, our final sample included
34 articles. Table 1 provides a description of the final sample selected.

Table 1. Descriptive analysis: Main information regarding the collection

Description

Articles 34
Period 1985-2022
Annual percentage growth rate 8.77
Average citations per article 13.59
Authors 155
Author appearances 170
Authors of single authored articles 0
Authors of multi authored articles 160
Articles per author 0.219
Authors per article 4.56
Co-authors per articles 5.00
Collaboration index 4.56

Data from the 34 articles were further processed using of the Bibliometrix package of the R
software, which includes the graphical interface Biblioshiny (Aria & Cuccurullo, 2017). The fol-
lowing analyses were performed: (i) bibliometric analysis of citations, (ii) bibliometric analysis of
co-citations by journals, (iii) analysis of the most cited articles, (iv) analysis of authors and countries
of the articles, and (v) analysis of publications over time. In addition, the 34 articles were completely
revised to analyze the types of regression models used in them.

3. Results and discussion
This section presents the main results of our analysis on regression models applied to rhizosphere

data in the considered period.
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3.1 Temporal distribution of publications
The evolution of the distribution of the number of publications over the period considered in

the search was evaluated (Figure 1). A gradual increase in the number of articles was observed over
the years, starting around the year 2000. The temporal distribution of publications reflects scientific
trends and advances. As new techniques and technologies are developed, it is common to observe
an increase in the number of publications related to specific areas. In particular, the use of more
advanced techniques such as generalized linear models (MLG), artificial neural networks (ANN),
random forest models (RFM), support vector machines (SVM), and generalized boosted regression
modeling (GBM) became evident from 2016.

The emergence and popularization of high-performance computing and the advent of artifi-
cial intelligence (AI) have spurred research on more complex mathematical and statistical modeling
(Basili et al., 2008; Chi et al., 2016; Jordan & Mitchell, 2015; Sarker, 2021). Nowadays, with the
advancement and popularization of AI and its application to science, further use of advanced statis-
tical methods is expected, as has been noted in some fields (Davenport & Kalakota, 2019; Raza et al.,
2022).

Figure 1. Publications per year 1985-2022. The line in the year 2016 indicates the moment when the use of more advanced
techniques such as MLG, ANN, RFM, SVM, and GBM becomes evident.

The computational advancement plays a fundamental role in this context, because with the in-
crease in processing power and the development of more sophisticated algorithms, researchers have
been able to explore more complex mathematical and statistical models to analyze and interpret data
in a more precise and comprehensive manner. This computational evolution has enabled the use of
more advanced approaches, such as the utilization of machine learning algorithms and ANN, which
allow for the processing of large amounts of data and the discovery of subtle and non-linear pat-
terns. In summary, the temporal distribution of scientific publications reflects not only the growth
of academic production but also scientific trends and advancements.

3.2 Types of regression models used
Univariate regression models are statistical techniques that can be used to investigate the rela-

tionship between a dependent variable, (Y), and one or more independent (or explanatory) variables,
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(X). In general, the functional form of the regression is given by:

Y = f (X). (1)

The choice of the model to be used depends on the nature of the data and the objective of the
analysis. In this regard, we conducted a detailed study of the types of regression models that were
employed in the selected articles.

It is worth noting that a single article may employ more than one data analysis technique, such
as multivariate analysis (principal components, cluster analysis, among others), ANOVA, multiple
comparison tests, correlation analysis, etc. However, our focus was solely on the types of regression
models.

Table 2 shows the authors, the abbreviation for the type of regression model used in the study, an
indicator for the presence of data transformations, the journals in which the articles were published,
the Journal’s Impact Factor (IF) - based on 2022 Journal Impact Factor, Journal Citation Reports (Clar-
ivate, 2023) -, and the field and quartile of the International Classification in which the publication
is located. A brief description of the types of regression models used in the articles is given below.

Simple Linear Regression (SLR): is used when there is only one independent variable and the
relationship with the dependent variable is linear.

Multiple Linear Regression (MLR): is used when there are several independent variables and the
relationship with the dependent variable is linear.

Stepwise Multiple Linear Regression (SMLR): is a statistical method used to select the most rel-
evant variables in a predictive model. It involves building a model by adding or removing variables
one at a time, based on a set of predetermined criteria.

Polynomial Regression Model (PRM): is a type of regression analysis used to model the rela-
tionship between a dependent variable and one or more independent variables. It is an extension of
simple linear regression, in which the relationship between the variables is modeled as an nth degree
polynomial function.

Ridge Regression Model (RRM): is a type of linear regression used to handle multicollinearity,
which occurs when independent variables in a regression model are highly correlated with each
other.

Generalized Linear Models (GLMs): are a class of statistical models that extend the linear re-
gression model to handle non-normally distributed response variables. They are used to model
relationships between a dependent variable (response) and one or more independent variables (pre-
dictors) by specifying a probability distribution for the response variable.

Logistic Regression Model (LRM): is used when the dependent variable is categorical (for exam-
ple, binary or nominal) and the independent variables are continuous or categorical.

Location-Scale Regressions (LSRs): are models in which the regression structure can be consid-
ered in both position and scale parameter, such as the gamma distribution in which the regressors
can be considered in the parameter that represents the mean and also in the parameter that repre-
sents the dispersion.

Generalized Boosted Regressions Modeling (GBMs): are a popular machine learning technique
used for regression problems. GBMs are an extension of the boosting algorithm, which iteratively
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combines weak learners to create a strong learner.

Bayesian Dirichlet-Multinomial Regression Model (DMBVs): is a probabilistic model used to
analyze count data in the context of multiple predictor variables. It is an extension of the standard
multinomial logistic regression model, which assumes that the response variable follows a multino-
mial distribution.

Artificial Neural Network (ANN): is a machine learning model inspired by the structure and
function of the human brain. It consists of a large number of interconnected processing nodes or
neurons that work together to solve complex problems. Each neuron is connected to other neurons
through pathways known as synapses, and these connections allow information to be transmitted
throughout the network.

Support Vector Machines (SVMs): are types of machine learning algorithms that can be used for
classification, regression, and outlier detection.

Random Forest Model (RFM): is a powerful machine learning algorithm used for both classifica-
tion and regression tasks. It is an ensemble method that combines multiple decision trees to make
predictions.

Based on the results presented in Table 2, we find that 34.3% of the articles employed some form
of transformation, with the logarithmic transformation being the most common. Transformations
were primarily applied in cases where the models used were SLR, MLR, and SMLR, which are part
of the classical regression models. While it is not necessary to assume a probability distribution
to obtain estimates in these models, it is observed that in many studies, data transformations were
employed to meet the assumptions of the residuals. Furthermore, these models assume that the
relationship between the response variable and the explanatory variable is linear, which is not always
the case, as demonstrated in a previous study (Batista et al., 2022).

We used the terms ("Generalized Linear Models" OR "Generalized Linear Model") in our search
because we were interested in determining the extent to which research has used more robust tech-
niques compared to classical regression models. From this perspective, it is evident that only one
article used exclusively GLMs (Moreira et al., 2020), while two others used GLMs in combination
with other techniques, such as SVMs (Srivastava et al., 2016), as well as SLR and RFM (Table 2).

The application of predictive machine learning models, such as RFM, ANN, and SVMs, to
rhizosphere data has increased (Table 2). The use of machine learning models has gained popularity
in recent years (Sarker, 2021). This can be explained by computational advances, the acquisition of
large databases, and improvements in algorithms (Schmidt et al., 2019).

3.3 Cited sources
The main sources cited by the fully reviewed articles were organized into three main clusters,

where they are basically related to microbiology, soil science, and global challenges topics, as shown
in Figure 2. These journals are consistent with the fact that the majority of articles resulting from
our search were not published in journals with a focus on publishing statistical models or statistical
advances (Table 2). Only one of the articles was published in a journal focused on statistical models
(Prataviera et al., 2022), as shown in Table 2. The application of these regression models to different
topics is very interesting for their diffusion. For example, the first article published shared evidence
that the ridge regression model was the best option for their data analysis (Leath & Carroll, 1985). It
was published in the Canadian Journal of Plant Pathology because of its application to pathological
data, but it basically consisted of comparing different statistical models to predict yield reduction by
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Table 2. Descriptive analysis of the 35 selected articles, including authors (in citation format), models used, whether there
was any transformation applied to the study variables, publication journal, impact factor (IF), and quantile-based area

Authors Models used Transformation Sources IF SJR Subject Area

(JCR Quartile)

DeWolf et al., 2022 DMBVS No Mol. Ecol. 6.622 Ecol., Evol., Behav. and System. (Q1)

Schmidt et al., 2022 SMLR Yes Agronomy-Basel 3.949 Agronomy and Crop Science (Q1)

Wu et al., 2022 SLR No J. Trop. Ecol. 1.800 Ecol., Evol., Behav. and System. (Q2)

Prataviera et al., 2022 LSRs No J. Appl. Stat. 1.416 Statistics and Probability (Q2)

Rezakhani et al., 2022 SLR No Plant Soil 4.993 Plant and Science (Q1)

Li et al., 2022b MLR No Eur. J. Soil Sci. 4.178 Soil Science (Q1)

Beschoren da Costa et al., 2022 GLMs, SLR and RFM Yes MBIO 7.786 Microbiology (Q1)

Ma et al., 2022 MLR and ANN Yes Chemosphere 8.943 Chemistry (Q1)

Li et al., 2022a SMLR and ANN Yes Environ. Pollut. 9.988 Health, Toxic. and Mutagenesis (Q1)

Xia et al., 2021 SMLR No Biol. Fertil. Soils 6.605 Agronomy and Crop Science (Q1)

Tang et al., 2021 PRM and LRM No Plant Soil Environ. 2.328 Soil Science (Q2)

Wang et al., 2021 MLR No Sci. Total Environ. 10.754 Environmental Chemistry (Q1)

Shimamura et al., 2021 MLR No Soil Sci. Plant Nutr. 1.929 Plant Science (Q2)

Yao et al., 2020 SLR and GBMs Yes Front. Microbiol. 6.064 Microbiology (Q1)

Moreira et al., 2020 GLMs No J. Environ. Manage. 8.910 Environmental Engineering (Q1)

Monreal et al., 2018 SLR and PRM Yes Rhizosphere 3.437 Agronomy and Crop Science (Q1)

Tian et al., 2018 SLR No Environ. Sci. Pollut. Res. 5.190 Health, Toxic. and Mutagenesis (Q1)

Pan et al., 2018 SLR and MLR No Forests 3.282 Forestry (Q1)

Chen et al., 2016 SLR and SMLR No J. Plant Nutr. Soil Sci. 2.566 Plant Science (Q2)

Srivastava et al., 2016 GLMs and SVMs No Environ. Earth Sci. 3.119 Earth-Surface Processes (Q2)

Fox et al., 2016 SMLR Yes Pedobiologia 2.128 Ecol., Evol., Behav. and System. (Q2)

Mohanty et al., 2015 SLR Yes Environ. Earth Sci. 3.119 Earth-Surface Processes (Q2)

Cloutier-Hurteau et al., 2014 SLR and MLR Yes Environ. Sci. Pollut. Res. 5.190 Health, Toxic. and Mutagenesis (Q1)

Cloutier-Hurteau et al., 2011 SLR and MLR No Can. J. For. Res. 2.331 Forestry (Q1)

Guo et al., 2010 MLR No J. Environ. Radioact. 2.655 Environmental Chemistry (Q2)

Ma et al., 2010b MLR No Environ. Pollut. 9.988 Health, Toxic. and Mutagenesis (Q1)

Ma et al., 2010a MLR No J. Soils Sed. 3.536 Earth-Surface Processes (Q1)

Ibekwe et al., 2007 SLR Yes Can. J. Microbiol. 3.226 Appl. Microbiol. and Biotechnol. (Q2)

Wang et al., 2006 SLR and PRM Yes Soil Biol. Biochem. 8.546 Microbiology (Q1)

Guzmán-Plazola et al., 2006 LRM No Nematropica 0.347 Agronomy and Crop Science (Q4)

Edge & Wyndham, 2002 SMLR Yes Can. J. Microbiol. 3.226 Appl. Microbiol. and Biotechnol. (Q2)

Duncan et al., 1993 MLR No Phytopathology 4.010 Agronomy and Crop Science (Q1)

Manjunath & Habte, 1991 SMLR No Can. J. Bot.-Rev. Can. Bot. 1.397 NA

Leath & Carroll, 1985 RRM No Can. J. Plant Pathol. 2.074 Agronomy and Crop Science (Q2)

Fusarium sp. in soybean, including infection by Fusarium spp. from the rhizosphere.
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Figure 2. Co-citation network. Size of circles indicates the number of citations, links between the circles represent cita-
tions of different academic journals in the same publication, and a shorter distance between two circles indicates a higher
number of co-occurrences between two citations. Clusters were labeled using different colors.

Table 3 shows the top 10 academic journals (sources) cited by fully revised articles. These journals
aim to publish studies related to agriculture and/or the environmental sciences, i.e., relevant studies
aimed at understanding the soil-plant relationship (rhizosphere). None of the journals have their
scope focused on the publication of statistical models or statistical advances. However, there are
records in the literature of articles published in journals with this scope that used regression analysis
applied to soil science (Ibrahim et al., 2023; Prataviera et al., 2022; Prataviera et al., 2021). Therefore,
as the number of studies on the rhizosphere using regression models increases, it is expected that
studies will be published in such journals.

Soil Biology and Biochemistry stands out with 81 citations, followed by Plant and Soil with 66
citations, while several other journals received less than 50 citations (Table 3). The number of times
that a source was cited was not related to its IF (Figure 3). For instance, although New Phytologist
has the second highest IF, it was cited only 27 times (Table 3).
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Table 3. Descriptive analysis: Top 10-Most cited journal

2[0]*Sources N◦ of 2[0]*IF SJR Subject Area
Citation (JCR Quartile)

Soil Biol. Biochem. 81 8.546 Microbiology (Q1)
Plant Soil 66 4.993 Plant Science (Q1)
Sci. Total Environ. 44 10.754 Environmental Chemistry (Q1)
Environ. Pollut. 40 9.988 Health, Toxic. and Mutagenesis (Q1)
Appl. Environ. Microb. 35 5.005 Appl. Microb. and Biotech. (Q1)
Chemosphere 27 8.943 Chemistry (Q1)
New Phytologist 27 10.323 Physiology (Q1)
Biol. Fert. Soils 24 6.605 Agronomy and Crop Science (Q1)
Environ Sci. Technol. 24 1.440 Chemistry (Q1)
FEMS Microbiol. Ecol. 20 4.519 Appl. Microbiol. and Biotechn. (Q1)

Figure 3. Number of citations in function of the Impact Factor (IF) of the academic journals on the considering the top-10
most cited journals.

3.4 Most cited articles
Table 4 shows the 10-most cited articles in absolute and relative terms (citations per year). Wang

et al., 2006 was the most cited article in absolute terms. They characterized the relationship between
pH and biological activities of rhizosphere and non-rhizosphere soils under reduced pH during
Thlaspi caerulescens phytoextraction using SLR and PRM. On the other hand, Moreira et al., 2020
was the most recent paper among them and also the most cited in relative terms. They used GLMs
to predict the effect of increasing salinity on bioinocula and rhizosphere bacterial communities.

The only two articles published in the 90’s (Figure 1) are among the most cited. A SMLR
was used to determine the extent to which rhizosphere acid production and root morphological
characteristics could explain differences in mycorrhizal dependency of host plants (Manjunath &
Habte, 1991). Two years later, Duncan et al., 1993 used MLR and a stepwise procedure to regress
the amount of Tylenchulus semipenetrans (a nematode) or Phytophthora parasitica (a oomycete) in the
soil against a parameter of root quality and environmental variables in the citrus rhizosphere to
detect seasonal patterns.

To investigate the survival of Escherichia coli O157:H7 in the non-rhizosphere and rhizosphere
of lettuce after soil fumigation, Ibekwe et al., 2007 plotted the population size of E. coli against time
after inoculation using SLR. Ma et al., 2010b investigated the role of molecular structure in deter-
mining the effect of the rhizosphere on polycyclic aromatic hydrocarbon (PAH) dissipation, i.e.,
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Table 4. Descriptive analysis: Top 10-Most cited articles

Papers Total Citations (TC) TC per Year

Wang A.S., 2006, Soil Biol. Biochem. 74 4.11
Manjunath A., 1991, Can. J Bot. 52 1.57
Moreira H., 2020, J. Environ. Manage. 49 12.25
Cloutier-Hurteau B., 2014, Environ. Sci. Pollut. R. 24 2.40
Duncan L.W., 1993, Phytopathology 24 0.77
Fox A., 2016, Pedobiologia 20 2.50
Ma B., 2010, Environ. Pollut. 20 1.43
Chen L.X., 2016, J. Plant Nutr. Soil Sc. 19 2.37
Ibekwe A.M., 2007, Can. J. Microbiol. 19 1.12
Tian K, 2018, Environ. Sci. Pollut. R. 18 3.00

bioremediation effect. They used MLR in combination with an R package for genetic algorithms
(genalg) to build datasets for Poaceae and Fabaceae plants. Another article related to PAH contami-
nation is also one of the most cited (Tian et al., 2018). The authors used SLR to investigate potential
sources and levels of PAHs in rhizosphere soils of wheat fields affected by coal combustion.

Cloutier-Hurteau et al., 2014 compared the predictions of Al, Cu, and Zn concentrations in tree
fine roots using non-rhizosphere and rhizosphere soil properties to find the best approach for as-
sessing the ecological risks of metals to trees. They used a MLR model with soil Al, Cu, and Zn
speciation data and chemical and microbial properties as explanatory variables. Predictions of root
metal concentrations were evaluated using both SLR and MLR. Fox et al., 2016 used a SMLR to
predict the effect of environmental variables on plant growth promotion in a soil with biochar.
Rhizosphere bacteria were among the predictors used in the regression analyses. Chen et al., 2016
used both SLR and SMLR to evaluate temporal variation of phosphorus fractions and phosphatase
activities in rhizosphere and non-rhizosphere soils during the tree planting. SLR was used to iden-
tify the relationships between P fractions and phosphatase activities and stand age and SMLR were
applied to correlate different P fractions and phosphatase activities with the tree growth.

None of these papers were published in a journal that focuses on statistical modeling, and pre-
sumably they were cited because of the area of research, not because of the statistical technique
performed. However, it is interesting to observe the use of regression models applied to a wide
range of topics.

3.5 Authors and countries

China was the country with the highest number of published articles (Table 5) and authors
(Figure 4), followed by the USA (Table 5, Figure 4). Relevant information from our bibliometric
data were observed: (i) the increase in the number of articles by country was positively reflected in
the number of citations by country (Figure 5a), (ii) the co-authoring between authors from different
countries reflected in a higher number of articles by country (Figure 5b), and (iii) the co-authoring
between authors from different countries also reflected in a higher number of citations by country
(Figure 5c). These observations are important because a higher number of citations of an article
increases the importance of the developed research to the scientific community (Aksnes et al., 2019).
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Table 5. Descriptive analysis: Numbers of articles and citations by countries (based on first author’s affiliation)

Country N◦ Articles % of Articles N◦ Citations

China 14 41.18 143
USA 9 26.47 183
Canada 4 11.76 43
Belgium 1 2.94 2
Brazil 1 2.94 0
India 1 2.94 12
Iran 1 2.94 4
Ireland 1 2.94 20
Mexico 1 2.94 6
Portugal 1 2.94 49

Figure 4. Collaboration network. Size of circles indicates the number of authors (including authors and co-authors) by
country, links between the circles represent co-authoring between authors from different countries in the same publica-
tion, and a shorter distance between two circles indicates a higher number of co-occurrences between two co-authoring.
Clusters were labeled using different colors.

Figure 5. Relationship between the number of articles by country and the number of citations by country (a), the number
of authors from different countries co-authoring and the number of articles by country (b), and the number of authors from
different countries co-authoring and the number of citations by country.
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4. Conclusion
Computational advances and the development of AI have enabled the utilization of more robust

models that go beyond ANOVA and simple regression, thereby yielding more meaningful results
for researchers. The reviewed articles spanned various domains, illustrating the widespread adoption
of regression models across different fields. It is anticipated that as computational power continues
to increase, regression analysis will become even more pervasive outside the realm of traditional
statistics. Our observations underscore the significance of international collaboration among au-
thors to enhance the relevance of their research within the scientific community. Our study was
confined to applications within the rhizosphere due to the current prominence of such research.
However, a more comprehensive investigation, encompassing diverse topics in soil science and po-
tentially extending into other areas of agricultural science, could broaden researchers’ perspectives
and encourage the adoption of more robust statistical methods in their work. One of the most
critical limitations hindering the utilization of the models presented in our article, as well as other
advanced statistical techniques, is the absence of a statistician or researcher with expertise in statistical
modeling within our research groups.
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