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Abstract. The integration of artificial intelligence (AI) with plant ecology provides a 
powerful supplementary toolkit for analyzing complex environmental data, yet the 
structure of this rapidly growing field remains unmapped. This study employs a 
comprehensive bibliometric analysis of 1055 Scopus documents (1968-2025) to chart its 
conceptual, intellectual, and social landscape. Our analysis reveals a distinct three-phase 
evolution from foundational Artificial Neural Networks (ANNs) to a broad machine 
learning expansion, and a current surge in deep learning for applications like precision 
agriculture. The field’s conceptual core is built on predictive modeling, particularly for 
species distribution, and advanced image analytics. We highlight that this evolution has 
been largely driven by the increasing availability of open-source programming libraries 
(e.g., in R and Python) and accessible software platforms, rather than just the theoretical 
advancement of AI itself. The global collaboration network is multi-polar, with the USA 
and China acting as prominent hubs. This research maps the trajectory of AI applications 
in ecology and emphasizes the emerging frontier of Explainable AI (XAI), which is 
essential for moving beyond "black-box" predictions toward interpretable ecological 
insights and fundamental scientific discovery. 
 
Keywords: bibliometrics, science mapping, species distribution modeling, random 
forests, precision agriculture 
 
Abbreviations: 
AI: Artificial Intelligence 
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IPBES: Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem 
Services 
ML: Machine Learning 
RF: Random Forest 
SDM: Species Distribution Modeling 
SVM: Support Vector Machine 
TSS: True Skill Statistic 
XAI: Explainable Artificial Intelligence. 
 

1. Introduction 

The planet is at a critical juncture, facing unprecedented challenges of biodiversity loss 

and climate change, with plant ecosystems at the epicenter of these crises (IPBES, 2019). 

Plant ecology, the discipline dedicated to understanding the distribution, abundance, and 

interactions of plants and their environments, plays a vital role in informing strategies for 

a sustainable future. Ecological systems are characterized by intricate patterns across 

multiple scales (Levin, 1992). While ecology has a long history of being a quantitative, 

data-driven science exemplified by large-scale initiatives like the International Biological 

Program (IBP) long before the ubiquitous use of modern computing the modern deluge 

of multi-source data from remote sensing, genomic sequencing, and sensor networks has 

significantly pushed the limits of traditional analytical methods (Reichstein et al., 2019). 

To navigate this complexity, ecologists are increasingly adopting tools associated with 

the "Fourth Paradigm" of scientific discovery (Hey et al., 2009). 

This shift has been significantly catalyzed not merely by the theoretical rise of artificial 

intelligence (AI) and machine learning (ML) (Jordan & Mitchell, 2015), but 

fundamentally by the increasing availability and accessibility of open-source 

programming libraries (e.g., in R and Python), user-friendly GIS software (e.g., QGIS), 

specific modeling packages (e.g., MaxEnt), and cloud-based computing platforms like 

Google Earth Engine. These accessible tools offer ecologists a powerful toolkit to uncover 

complex, non-linear patterns in vast datasets and build highly accurate predictive models 

(Thessen, 2016). From forecasting species distribution under future climate scenarios to 

automating plant identification from images, the application of these computational tools 

has unlocked new frontiers of research. 

While the increasing application of these software-driven AI/ML tools in plant ecology 

has been highly productive, it has resulted in a vast, rapidly expanding, and 

multidisciplinary body of literature. (Jones et al., 2006). For researchers, especially those 

new to the field, navigating this extensive literature can be daunting. Key questions 
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remain: What are the foundational concepts and dominant research themes? Who are the 

leading researchers and institutions shaping its trajectory? How have the core ideas and 

software tools evolved over time? 

To address this knowledge gap, bibliometric analysis offers a rigorous and objective 

methodology for mapping the structure and dynamics of a scientific field (Zupic &  Čater, 

2015). By quantitatively analyzing the patterns within a large body of literature, it is 

possible to identify the intellectual and social structures that define a research domain 

(Donthu et al., 2021). Therefore, the objective of this study is to conduct a comprehensive 

bibliometric analysis of the global research on artificial intelligence in plant ecology. We 

aim to map its conceptual, intellectual, and social structures, identify its historical 

evolution and key contributors, and outline its emerging frontiers to provide a definitive 

guide for researchers navigating this vibrant and critically important field. 

2. Material and Methods 

To ensure transparency and reproducibility, the research methodology followed a 

structured, multi-step workflow. As illustrated in the roadmap (Figure 1), the process was 

divided into four key phases: (1) Data Identification, involving a comprehensive search 

strategy in the Scopus database; (2) Screening and Selection, where strict 

inclusion/exclusion criteria were applied to refine the corpus; (3) Bibliometric Analysis, 

utilizing the bibliometrix R-package for performance analysis; and (4) Science Mapping, 

employing VOSviewer and R to visualize conceptual and social networks.\ 
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Figure 1. Roadmap of the bibliometric methodology illustrating the four-step 

workflow: Data Identification, Screening and Selection, Bibliometric Analysis, and 

Science Mapping. 
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2.1 Data Collection and Search Strategy 

To construct a comprehensive bibliographic dataset, the Scopus database was selected as 

the sole data source due to its extensive coverage of peer-reviewed scientific literature. 

All data were retrieved on a single day, June 24, 2025, to ensure the consistency of the 

dataset and establish a fixed point for the analysis. The search query was meticulously 

designed to be exhaustive, incorporating a wide range of synonyms and common 

abbreviations to retrieve all relevant documents addressing the application of artificial 

intelligence (AI) and its subfields within the context of plant ecology. The final query, 

executed within the title, abstract, and keyword fields (TITLE-ABS-KEY), was as 

follows: 

( ( "artificial intelligence" OR ai OR "machine learning" OR ml OR "deep learning" OR 

dl OR "neural networks" OR "NN" OR "AI-based models" OR "intelligent systems" OR 

"data-driven models" OR "computational intelligence" ) AND ( "plant ecology" OR 

"vegetation ecology" OR "plant-environment interactions" OR "plant biodiversity" OR 

"plant distribution" OR "ecological modeling" OR "species distribution modeling" OR 

"vegetation analysis" OR "functional ecology" OR "remote sensing vegetation" ) ) 

The search included all publication years available in the database, resulting in a dataset 

spanning from the earliest document found in 1968 to those published up to our search 

date in mid-2025. The results were subsequently filtered using Scopus limiters to adhere 

to the following inclusion criteria: (a) documents published only in the English language; 

(b) document types limited to articles (ar), conference papers (cp), reviews (re), or books 

(bk); (c) documents in their "final" publication stage; and (d) documents from the subject 

areas of Environmental Science (ENVI), Agricultural and Biological Sciences (AGRI), 

or Earth and Planetary Sciences (EART). The initial exported dataset was further refined 

to remove duplicates and irrelevant entries, resulting in a final corpus of 1055 documents 

for analysis. All bibliographic data, including abstracts and cited references, were 

exported in Comma-Separated Values (CSV) format. 

2.2 Data Analysis 

All bibliometric analyses were performed using the bibliometrix R-package (Aria & 

Cuccurullo, 2017), an R-tool designed for comprehensive science mapping analysis. The 

analysis was structured into two primary stages: performance analysis and science 

mapping. 

Science mapping was employed to visualize the intellectual structure and thematic 

evolution of the research field. This involved co-occurrence analysis of Author's 



6 
 

Keywords to identify key research themes and a thematic evolution analysis to track their 

development over time. To ensure the clarity of the thematic evolution diagram (Figure 

3), synonymous keywords (e.g., "SDM" and "Species Distribution Modeling") were 

merged using a thesaurus file to avoid redundancy. The underlying network data for co-

occurrence and collaboration analyses were generated using VOSviewer software (van 

Eck & Waltman, 2010). However, the final network figures presented in this paper were 

rendered using the R environment for statistical computing (R Core Team, 2023) and its 

associated graphical packages, specifically ggplot2 (Wickham, 2016) and igraph (Csardi 

& Nepusz, 2006), to achieve the highest visual quality for publication. 

The specific metrics analyzed include: annual scientific production; the most productive 

and impactful sources, countries, institutions, and authors; and the intellectual structure 

as revealed by keyword co-occurrence, thematic evolution across the three identified time 

periods (1968-1997, 1998-2017, 2018-present), and collaboration networks. 

3. Results 

3.1 Publication Trends and Historical Evolution 

The final dataset comprised 1055 documents published between 1968 and mid-2025. This 

body of work was authored by 4244 researchers, indicating a broad and active scientific 

community. The analysis revealed a highly collaborative research culture, with an average 

of nearly five co-authors per document, while single-authored papers constituted only 

5.3% of the collection. The dataset demonstrated a significant scientific impact, averaging 

79 citations per document. The annual growth rate of publications was approximately 8%, 

signifying a sustained and increasing scholarly interest in the topic. 

The temporal distribution of publications reveals three distinct evolutionary phases in the 

history of this research field (Figure 2). The first phase, the foundational period (1968–

1997), was characterized by sporadic and very limited publication activity, with typically 

fewer than five articles published per year. The second phase (1998–2017) marked a 

period of significant growth, although inconsistent, with annual publications generally 

ranging between 10 and 40 articles. The final and most recent phase (2018–present) 

shows a sharp, exponential increase in research output. Publications in this period 

consistently exceeded 40 articles per year, peaking at 117 articles in 2024. The apparent 

decline in 2025 is an artifact of the data collection timing, as the search was conducted 

mid-year. 
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Figure 2. Annual scientific production of articles from 1968 to 2025. The data 

illustrates three distinct growth periods in the research field. 

3.2 Thematic Evolution 

To understand the dynamic shifts in research focus over the 57-year period, a thematic 

evolution analysis was conducted based on author keywords. The dataset was divided into 

three distinct chronological periods, as identified in the annual production analysis: the 

Foundational Period (1968-2010), the Machine Learning Expansion (2011-2018), and the 

Deep Learning Surge (2019-2025). Figure 3 illustrates the evolution of research themes 

across these periods, with the flow lines indicating the lineage and strength of connection 

between topics over time. 

The first period (1968-2010) was dominated by the emergence of "Artificial Neural 

Network" and its application in "Ecological Modelling" and "Plant Ecology". These 

themes represented the core focus of the era, alongside "Species Distribution Modelling". 

The second period (2011-2018) shows a shift where "Machine Learning" emerged as a 

dominant theme, alongside the rise of specific algorithms like "Random Forest" and the 

continued relevance of "Neural Network". In the third period (2019-2025), "Deep 

Learning" appears as a major and rapidly developing theme. "Machine Learning" and 

"Random Forest" remain central, but they now connect to specialized applications such 

as "Precision Agriculture" and "Ecological Niche Modelling". 
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Figure 3. Thematic evolution of author keywords across three periods (1968-2010, 

2011-2018, 2019-2025). The diagram illustrates the flow and evolution of research 

themes, highlighting the progression from foundational concepts to advanced machine 

learning and deep learning applications. 

3.3 Performance Analysis and Leading Contributors 

To further delineate the structure of the research landscape, a performance analysis was 

conducted to identify the most productive and influential sources, countries, and authors. 

The 1055 documents in the collection were published across 331 distinct sources, 

indicating a broad and interdisciplinary interest in the topic. The analysis of publication 

sources reveals that the most impactful articles are concentrated in journals specializing 

in ecological modeling, species distribution, quantitative ecology, and conservation 

biology. Table 1 lists the top 10 most frequently cited journals in the collection, 

highlighting the core publication venues that have shaped this research field. 
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Table 1. The top 10 most influential journals, ranked by their total number of 

publications or citations within the dataset. 

Rank Source Number of Publications 

1 Ecological Modelling 173 

2 Ecological Informatics 89 

3 Ecological Indicators 33 

4 Science of The Total Environment 23 

5 Remote Sensing 21 

6 Computers and Electronics in Agriculture 16 

7 Ecography 14 

8 Environmental Modelling and Software 14 

9 Forests 13 

10 Methods in Ecology and Evolution 13 

 

The geographical distribution of research, based on the corresponding author's affiliation, 

reveals that scientific production in this field is highly concentrated in a few key countries. 

The United States (169 articles) and China (134 articles) are the undisputed leaders in 

publication volume, establishing them as the dominant global hubs for this research 

domain. As illustrated in Figure 4, a second tier of highly active countries follows, which 

includes Germany (55 articles), Australia (43 articles), and France (42 articles). 
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Figure 4. The top 10 most productive countries based on the number of corresponding 

author publications. 

At the institutional level, the analysis pinpoints the specific academic centers driving 

research production. Ghent University (Belgium) emerges as the clear global leader with 

an exceptionally high output of 75 articles, significantly outpacing other institutions. A 

distinct group of highly productive universities follows, including the University of 

Oxford (UK) and Ocean University of China, each with 30 publications. Figure 5 

illustrates the top 10 most productive institutions, revealing a global distribution of 

expertise with key centers in Europe, China, and the United States. 
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Figure 5. The top 10 most productive institutions, ranked by their total number of 

documents in the collection. 

The analysis of the most productive authors identifies the key researchers driving the 

field's publication volume. Figure 6 presents the top 10 most prolific authors, ranked by 

their total number of publications within the collection. Sovan Lek emerges as the most 

productive author with 17 documents, followed by Sašo Džeroski (13 documents) and 

Peter L. M. Goethals (10 documents). This ranking provides a quantitative overview of 
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the central contributors to this body of literature based on output volume.

 
Figure 6. The top 10 most productive authors, ranked by their total number of 

documents in the collection. 

3.4 The Conceptual Structure and Methodological Core 

To map the intellectual core of the field, a keyword co-occurrence network was generated, 

revealing the primary research themes and their interconnections (Figure 7). The analysis 

identifies a highly structured landscape organized into three major thematic clusters, 

which represent the dominant schools of thought and application domains. The largest 

cluster (in orange), situated on the left, represents "Advanced Neural Networks and 

Image-Based Analytics". This theme is anchored by the term network, referring primarily 

to neural networks, and is strongly associated with cutting-edge techniques such as 

convolutional neural network and deep learning. The prominence of terms like image, 

detection, crop, and agriculture indicates a significant focus on applying these advanced 

AI methods to image analysis, particularly for applications in precision agriculture, such 

as crop monitoring and yield prediction. The second major cluster (in teal), occupying the 

middle and lower-right area, is focused on "Ecological Applications in Species 

Distribution and Climate Change Modeling". This application-driven theme is centered 

around core ecological challenges, with climate change, habitat suitability, and species 

distribution modeling (sdm) as its most prominent concepts. This cluster highlights the 
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extensive use of predictive models, particularly maxent (Maximum Entropy), to forecast 

the potential distribution of species under various environmental scenarios, including the 

impact of invasive species. The third cluster (in purple), located in the upper-right, 

constitutes the"Statistical Modeling and Performance Evaluation Toolkit". This theme 

comprises the diverse set of statistical and machine learning algorithms that form the 

methodological backbone for many studies in the field. Key terms include traditional 

methods like generalized linear model (glm) and generalized additive model (gam), as 

well as powerful machine learning algorithms such as support vector machine (svm) and 

rf model (Random Forest). The strong presence of evaluation metrics like auc (Area 

Under the Curve) and tss (True Skill Statistic) underscores a rigorous focus on assessing 

model performance and accuracy. Notably, a small but critical group of terms (in pink) 

acts as a conceptual bridge, linking the major clusters. Terms like vegetation index, 

remote sensing data, and biodiversity conservation are central to the entire research 

domain, demonstrating how remote sensing data is a key resource used by advanced AI 

techniques (the orange cluster) to address large-scale ecological and conservation 

challenges (the teal cluster). Overall, the network illustrates the structural links between 

AI methodologies, data sources, and their specific ecological applications. 
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Figure 7. Conceptual structure of the research field based on keyword co-occurrence 

analysis. The network visualizes the main thematic clusters: Advanced Neural Networks 

and Image-Based Analytics (orange), Ecological Applications in SDM and Climate 

Change (teal), Statistical Modeling and Performance Evaluation (purple), and bridging 

concepts (pink). 

3.5 Social Structure and Collaboration Patterns 

To investigate the social structure of the field, collaboration networks were analyzed at 

both the author and country levels. 

3.5.1 Author Collaboration Network 

The author collaboration network reveals a clustered structure, characterized by several 

distinct, densely connected research groups with relatively few links between them 

(Figure 8). The analysis identifies one major, central component that is itself a super-

cluster of several distinct groups. This includes a prominent group centered on Sovan Lek 

(teal, cluster 4), which is strongly connected to another highly active group featuring Peter 

L. M. Goethals (gold, cluster 2) and Niels De Pauw (light blue, cluster 5). The strong 

links between these authors form the collaborative backbone of the network. In addition 

to this central super-cluster, the network includes several smaller and more isolated 
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groups. A notable example is the cluster led by Young-Seuk Park (red, cluster 1) at the 

periphery of the network. Overall, the network illustrates a research landscape organized 

around distinct collaborative circles. 

 
Figure 8. The author collaboration network based on the bibliometric dataset. The 

network displays a fragmented structure, characterized by several distinct research 

clusters with dense internal connections and sparse links between them. 

3.5.2 Country Collaboration Network 

The social structure at the international level reveals a highly connected yet multi-polar 

research landscape. The country collaboration network consists of the 35 most productive 

countries, each with a minimum of 9 documents. This core group of nations is 

interconnected by 308 distinct collaboration links, with a total link strength of 690. The 

network is dominated by the United States, which serves as the central hub, participating 

in the four strongest collaborative links: with China (total link strength: 33), the United 

Kingdom (18), Germany (17), and Canada (17). The analysis identified seven distinct 

research clusters, indicating a complex web of regional and intercontinental partnerships 

(Figure 9). The largest cluster is a global hub led by the United States (Cluster 1), which 

includes a diverse set of partners such as New Zealand and Iran. Two major European 

consortiums are evident: a Western European cluster centered around the United 

Kingdom and France (Cluster 4), and a North-Central European cluster led by Germany 
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(Cluster 3). Another significant group connects partners across the Atlantic and the 

Americas, including Canada and Spain (Cluster 2). A notable finding is that China forms 

an independent cluster of its own (Cluster 7). This multi-polar structure defines the global 

collaborative dynamics of the dataset. 

 
Figure 9. International research collaboration network among the 35 most productive 

countries. The size of each country's arc on the outer ring is proportional to its total 

number of documents. The internal chords represent co-authorship links, with their 

thickness indicating the strength of collaboration. 

4. Discussion 

4.1. The Software-Driven Evolution of the Intellectual Core 

The bibliometric trajectory revealed in this study confirms that the fusion of AI and plant 

ecology has matured through three distinct phases, mirroring broader advancements in 

computational science (Michalski et al., 1983). As noted previously, ecology has a long 
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history of being a data-driven science. The initial foundational period was characterized 

by nascent explorations where early computational models, particularly Artificial Neural 

Networks, were applied to predict ecological patterns and habitat distributions (Lek et al., 

1996; Recknagel, 2001), laying the conceptual groundwork for the field (Guisan & 

Zimmermann, 2000). However, this era was marked by sporadic output as the ecological 

community began to grapple with these new, often complex paradigms (Fielding & Bell, 

1997). 

The subsequent Machine Learning Expansion heralded a transformative paradigm shift. 

This phase was defined by the widespread adoption of robust machine learning 

algorithms, which comparative studies demonstrated often outperformed traditional 

statistical models (Elith et al., 2006; Marmion et al., 2009). Crucially, the exponential 

surge in publications correlates strongly with the democratization of open-source 

programming libraries (e.g., in R and Python) and the implementation of algorithms like 

Random Forests in accessible software packages (Liaw & Wiener, 2002). Concurrently, 

powerful techniques like Maximum Entropy (MaxEnt) rose to prominence for species 

distribution modeling (Phillips et al., 2006). This methodological revolution, synthesized 

in influential works of the era (Heikkinen et al., 2006), was further encouraged by 

influential primers written specifically for the ecological community (Olden et al., 2008). 

The current Deep Learning Surge represents the latest stage of this evolution. Driven by 

exponential growth in computational power and the availability of massive datasets, 

particularly from satellite remote sensing (Zhu et al., 2017), this period is defined by the 

adoption of sophisticated deep learning architectures (Christin et al., 2019). Although the 

need for vast, high-quality labeled training datasets remains a significant bottleneck 

(Lamba et al., 2019), these advanced models enable researchers to tackle previously 

intractable problems, such as individual tree crown detection from aerial imagery 

(Weinstein et al., 2019). This capacity for fine-grained, image-based analysis is fueling 

applications in precision agriculture and vegetation monitoring (Kattenborn et al., 2021), 

signifying the field's trajectory toward becoming a truly data-intensive science (Kamilaris 

& Prenafeta-Boldú, 2018). 

4.2. Thematic Pillars and Data Integration 

Beyond its temporal evolution, the intellectual core of this field is structured around three 

distinct yet interconnected thematic pillars. The first pillar represents the "Advanced AI 

and Image Analytics" frontier. This research is heavily focused on image-based tasks, 

driving innovations in automated crop monitoring and plant disease detection (Mohanty 
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et al., 2016; Sladojevic et al., 2016), as well as high-throughput plant stress phenotyping 

(Singh et al., 2016). This trend reflects a broader scientific movement leveraging deep 

learning's power (LeCun et al., 2015). 

The second pillar focuses on "Ecological Applications in Predictive Modeling," 

dominated by the challenge of species distribution modeling (SDM) (Elith & Leathwick, 

2009) and conservation planning (Franklin, 2010). Researchers utilize predictive models 

to forecast how environmental variables shape habitats, often requiring specialized 

methods for presence-only data (Elith et al., 2011). These machine learning models 

frequently outperform traditional approaches (Norberg et al., 2019). Crucially, to feed 

these models, there is a growing emphasis on multi-source data integration, where field 

measurements (in situ) are fused with Geographic Information Systems (GIS) and Earth 

Observation (EO) data. Remote sensing acts as a critical link providing large-scale spatial 

data, a process greatly accelerated by the advent of open-access satellite data archives 

(Wulder et al., 2012). 

4.3. The Methodological Toolkit: Algorithm Selection and Interpretability 

The third pillar constitutes the "Statistical and Machine Learning Toolkit," emphasizing 

rigorous model performance evaluation (Olden et al., 2008). The prominence of 

algorithms like Random Forests reflects a strategic adoption of tools well-suited to 

ecological data (Guisan & Zimmermann, 2000). As an ensemble method, Random Forests 

are robust to overfitting and effectively capture non-linear patterns through aggregation 

(bagging) (Breiman, 2001; Cutler et al., 2007). They also provide interpretable outputs, 

such as variable importance metrics (Molnar, 2020; Prasad et al., 2006; Strobl et al., 

2007), making it a "workhorse" algorithm (Valavi et al., 2021). However, newer gradient 

boosting methods like XGBoost are gaining traction. Unlike the aggregation approach of 

Random Forests, XGBoost relies on sequential learning. Recent studies demonstrate the 

efficacy of these advanced approaches in mapping complex vegetation patterns, such as 

management intensity types in grasslands, by synergistically using Sentinel-1 and 

Sentinel-2 imagery (Bartold et al., 2024). 

While the field is increasingly sophisticated, it approaches a critical challenge: the trade-

off between predictive power and interpretability (Olden & Jackson, 2002). The 

complexity that gives deep learning models their power often renders them "black boxes," 

making it difficult to understand the ecological reasoning behind predictions. In ecology, 

where understanding causal mechanisms is essential (Austin, 2007; Grace et al., 2010), 

this is a limitation. This paves the way for Explainable Artificial Intelligence (XAI) 
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(Arrieta et al., 2020). The demand is growing for inherently interpretable models (Rudin, 

2019). Consequently, post-analysis methods to assess feature importance such as Boruta, 

Mean Decrease Accuracy (MDA), and XGBoost-SHAP are becoming central to model 

evaluation. For example, evaluating input variables using these interpretation methods is 

critical when explaining biophysical parameters like chlorophyll fluorescence in wetlands 

(Bartold & Kluczek, 2023). XAI is not merely a technical novelty; it is a critical tool for 

generating new scientific hypotheses (Langley, 1996; Roscher et al., 2020). 

4.4. The Social and Global Collaborative Landscape 

The development of this field is shaped by its distinct social structure. Our analysis of 

author collaboration networks reveals a "small-world" pattern characterized by densely 

connected clusters of researchers with sparse links between them, a well-documented 

feature of scientific collaboration (Newman, 2004; Watts & Strogatz, 1998) suggesting 

the presence of distinct "invisible colleges" (Crane, 1972; Zuccala, 2006). These clusters 

foster rapid, focused progress within specific niches (Bodin et al., 2006), related to the 

concepts of embeddedness and structural holes (Burt, 2004; Uzzi, 1997). 

At the international level, this clustered pattern creates a multi-polar yet highly connected 

global landscape. The network is dominated by a few key hubs, with the United States 

acting as the primary nexus, consistent with its historical centrality (Adams, 2013). 

Concurrently, other major players like China have emerged as massive, self-contained 

research powerhouses (Royal Society, 2011; Zhou & Leydesdorff, 2006). This structure, 

with strong regional consortiums in Western Europe (Hoekman et al., 2009), suggests 

that a country's position is determined by its internal scientific capacity (King, 2004) and 

strategic international engagement (Narin et al., 1991). 

5. Conclusion 

In conclusion, this comprehensive bibliometric analysis demonstrates that the integration 

of artificial intelligence and plant ecology has matured into a vital supplementary toolkit 

for modern environmental research. Our study maps an evolutionary trajectory spanning 

over five decades, marked by three distinct phases: foundational ANN exploration, a 

transformative machine learning expansion driven by algorithms like Random Forests, 

and the current surge of deep learning applications. Importantly, this evolution has been 

catalyzed not merely by theoretical advancements, but fundamentally by the widespread 

accessibility of open-source programming libraries (e.g., in R and Python) and cloud-

based platforms. The field's intellectual landscape is structured around advanced image 

analytics and predictive ecological modeling, heavily supported by multi-source data 
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integration from remote sensing and GIS. The social structure remains a multi-polar 

"small-world" network, with the USA and China acting as prominent global hubs. 

Moving forward, as the application of these data-intensive tools accelerates, the primary 

challenge for plant ecologists is balancing the immense predictive power of complex 

models with the fundamental scientific need for interpretability. Addressing this requires 

a deliberate shift from "black-box" predictions toward Explainable AI (XAI) 

methodologies. By utilizing interpretability techniques to understand feature importance 

and underlying mechanisms, researchers can transform machine learning into a 

transparent engine for true ecological insight and discovery. 
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