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Abstract: Machine learning is increasingly integrated with metagenomic analysis, yet the development, conceptual organization, 

environmental applications, and recent thematic directions of this research area require systematic characterization. This study 

examined English-language article and review records indexed in the Web of Science Core Collection from 2016 to 2025 using a 

predefined search strategy. In this study, bibliometric and science-mapping analyses were conducted to examine annual scientific 

production, source productivity, keyword co-occurrence, thematic structure, trend topics, and geographic and collaboration patterns. 

The analysis covered 286 documents published across 139 sources, with an annual growth rate of 54.79%, and publication output 

reached 102 documents in 2025. Metagenomics and machine learning formed major conceptual foundations, with thematic structure 

linking computational methods to microbial ecology, diversity, soil, and bacterial communities. Keyword co-occurrence further 

distinguished interconnected groupings centered on machine learning–metagenomics–bioinformatics, soil–rhizosphere and nutrient-

related research, bioremediation–biodegradation, and resistome–wastewater surveillance. Recent trend topics included artificial 

intelligence, prediction, and degradation. When considered together with the thematic-map position of degradation–bioremediation–

artificial intelligence, these patterns support a cautious interpretation that this research direction is recently gaining visibility rather 

than representing a definitively emerging or dominant research front. Scientific production was geographically concentrated, 

particularly in China and the United States, while international collaboration was also evident. Overall, the field shows increasing 

methodological diversity, with reference-based approaches being complemented by predictive and explainable methods 
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1. Introduction 
Environmental metagenomics provides a culture-

independent framework for characterizing microbial 

communities directly from environmental samples 

through the analysis of their genetic material (Zhang et al., 

2021). It has been applied across diverse matrices, 

including soils, surface and groundwater, aquatic 

sediments, air and bioaerosols, and sewage-associated 

environments, allowing microbial communities to be 

investigated across a wide range of terrestrial and aquatic 

ecosystems (Liu et al., 2025). Unlike cultivation-

dependent approaches, metagenomic analysis does not 

require microorganisms to be isolated and grown under 

laboratory conditions before their genetic characteristics 

are examined. This is particularly relevant in 

environmental microbiology, where many 

microorganisms remain difficult to cultivate using 

conventional laboratory methods. By reducing this 

dependence on cultivation, metagenomic approaches 

extend access to microbial diversity that may be poorly 

represented in culture-based studies, including difficult-

to-culture and low-abundance members of microbial 

communities (Chettri et al., 2024). 

Building on these capabilities, environmental 

metagenomics are widely used to characterize microbial 

diversity and taxonomic structure across natural 

ecosystems (Ghannam and Techtmann, 2021). Beyond 

taxonomic characterization, genome-resolved 

metagenomic analyses can link uncultivated microbial 

lineages with metabolic functions involved in major 

biogeochemical processes, including carbon, nitrogen, and 

sulfur transformations that contribute to ecosystem 

functioning (Mirete et al., 2025). Metagenomic 

information is also used in environmental monitoring, 

where changes in microbial community composition and 

source-associated microbial markers can support the 

assessment and tracing of contamination within 

environmental systems (Böke Özkoç et al., 2025; Chettri et 

al., 2024). In remediation contexts, metagenomic analysis 

can further identify microbial functions associated with 

pollutant transformation and degradation, thereby 

informing the evaluation of strategies such as 
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biostimulation and bioaugmentation (Böke Özkoç et al., 

2025; Chettri et al., 2024). The increasing use of 

metagenomics across these ecological and applied 

contexts, however, also produces datasets that place 

substantial demands on data processing, interpretation, 

and integration. High-throughput metagenomic 

sequencing generates large datasets that require 

considerable computational resources for storage, 

preprocessing, and downstream analysis (Sharma et al., 

2025). In shotgun metagenomics, these challenges are 

further intensified by heterogeneous DNA mixtures, 

uneven organismal abundance and sequence coverage, 

and complex community composition, all of which can 

complicate genome reconstruction and downstream 

analysis (Mathieu et al., 2022). Metagenomic datasets are 

also frequently high-dimensional, with the number of taxa, 

genes, or sequence-derived features often exceeding the 

number of available samples. Their analysis is further 

complicated by sparsity and compositional constraints, 

which can affect conventional statistical interpretation if 

not appropriately addressed (Sharma et al., 2025; Roy et 

al., 2024). Incomplete taxonomic and functional reference 

databases present an additional limitation, particularly for 

sequences derived from poorly characterized or 

uncultivated microorganisms (Pallavi and Uday Bhaskar, 

2025). Moreover, differences in sample processing, DNA 

extraction, sequencing platforms, and related 

methodological choices can introduce technical 

heterogeneity and affect reproducibility across studies 

(Papoutsoglou et al., 2023). Addressing these challenges 

requires analytical approaches capable of handling high-

dimensional, heterogeneous, and structurally complex 

metagenomic data. Machine-learning approaches have 

consequently been applied across several stages of 

metagenomic analysis. Sequence-derived features can be 

used by supervised learning methods to classify 

metagenomic reads or contigs into taxonomic groups, 

supporting taxonomic assignment in large and 

heterogeneous sequence datasets (Tonkovic et al., 2020). 

Machine-learning methods have also been applied to 

metagenomic binning and genome reconstruction, where 

neural-network and representation-learning approaches 

can assist in grouping contigs and recovering 

metagenome-assembled genomes from complex sequence 

data (Herazo-Álvarez et al., 2025). Metagenomic features 

can likewise be incorporated into predictive models to 

support the classification or inference of functional 

characteristics (Wassan et al., 2019). In environmental 

research, machine learning has been applied to microbial 

community data for environmental assessment and 

prediction, including the identification of patterns 

associated with ecosystem conditions and contamination 

status (Ghannam and Techtmann, 2021). Environmental 

microbial profiles may also support geographic or source 

classification of samples (Ghannam and Techtmann, 

2021). The breadth of these applications makes it 

increasingly relevant to examine how research linking 

machine learning with metagenomics has developed and 

been organized within the scientific literature. 

Previous reviews and bibliometric studies have 

approached this intersection from several related 

perspectives. Tonkovic et al. (2020) provided the closest 

synthesis to the present topic through a scoping review of 

applied machine learning in metagenomic classification; 

however, its scope is broadly metagenomic and only 

partially environmental. Marcos-Zambrano et al. (2021), 

by contrast, reviewed statistical and machine-learning 

approaches primarily in human and clinical microbiome 

research, including disease-related applications. At a 

broader disciplinary level, Xu et al. (2022) mapped 

artificial intelligence research across biotechnology and 

applied microbiology rather than focusing specifically on 

environmental metagenomics. Abdelwahab et al. (2024) 

similarly examined the development of AI–microbiome 

research, with much of the literature centered on gut 

microbiota, disease prediction, and other human-health 

contexts. Velasco Cardona et al. (2025) analyzed AI 

applications in bacteriology, particularly bacterial 

identification, diagnostics, and antimicrobial resistance. 

Thus, although these studies demonstrate substantial 

interest in AI- and machine-learning-related microbial 

research, their primary scopes address domains that only 

partially overlap with machine learning in environmental 

metagenomics. 

Taken together, these studies provide valuable 

perspectives on related areas, but they only partially 

capture the bibliometric and thematic development of 

research at the intersection of machine learning and 

environmental metagenomics. The present study 

therefore characterizes the literature at this intersection 

during 2016–2025 by examining publication dynamics 

and productivity, influential sources, geographical and 

collaborative patterns, citation impact, and the thematic 

structure and temporal development of research topics 

 

2. Material and Methods 
2.1. Data Source and Search Strategy 

The scientific dataset used in this study was obtained from 

the Web of Science (WoS) Core Collection, one of the most 

widely recognized and rigorously curated 

multidisciplinary citation databases. WoS is commonly 

used in scientometric studies due to its transparent 

indexing criteria, comprehensive metadata, and robust 

citation structure (Donthu et al., 2021). The search was 

designed to identify publications at the intersection of 

metagenomics, machine learning or artificial intelligence, 

and environmental applications. Search terms were 

applied to the title (TI), abstract (AB), and author keyword 

(AK) fields. The search expression used in WoSCC was 

retained without modification: 

(TI=(metagenom*) OR AB=(metagenom*) OR 

AK=(metagenom*)) AND (TI=("machine learning" OR 

"deep learning" OR "artificial intelligence" OR "random 

forest*" OR "support vector machine*" OR "neural 

network*" OR "convolutional neural network*" OR "graph 

neural network*" OR "gradient boosting" OR XGBoost OR 
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LightGBM) OR AB=("machine learning" OR "deep 

learning" OR "artificial intelligence" OR "random forest*" 

OR "support vector machine*" OR "neural network*" OR 

"convolutional neural network*" OR "graph neural 

network*" OR "gradient boosting" OR XGBoost OR 

LightGBM) OR AK=("machine learning" OR "deep 

learning" OR "artificial intelligence" OR "random forest*" 

OR "support vector machine*" OR "neural network*" OR 

"convolutional neural network*" OR "graph neural 

network*" OR "gradient boosting" OR XGBoost OR 

LightGBM)) AND (TI=("environmental metagenom*" OR 

"environmental microbiome*" OR soil* OR rhizosphere* 

OR sediment* OR freshwater* OR "surface water*" OR 

river* OR stream* OR lake* OR estuar* OR marine OR 

ocean* OR seawater OR groundwater OR wastewater OR 

sewage OR sludge OR "activated sludge" OR wetland* OR 

landfill* OR compost* OR "built environment*" OR 

airborne OR "air microbiome*" OR bioremediat*) OR 

AB=("environmental metagenom*" OR "environmental 

microbiome*" OR soil* OR rhizosphere* OR sediment* OR 

freshwater* OR "surface water*" OR river* OR stream* OR 

lake* OR estuar* OR marine OR ocean* OR seawater OR 

groundwater OR wastewater OR sewage OR sludge OR 

"activated sludge" OR wetland* OR landfill* OR compost* 

OR "built environment*" OR airborne OR "air 

microbiome*" OR bioremediat*) OR AK=("environmental 

metagenom*" OR "environmental microbiome*" OR soil* 

OR rhizosphere* OR sediment* OR freshwater* OR 

"surface water*" OR river* OR stream* OR lake* OR 

estuar* OR marine OR ocean* OR seawater OR 

groundwater OR wastewater OR sewage OR sludge OR 

"activated sludge" OR wetland* OR landfill* OR compost* 

OR "built environment*" OR airborne OR "air 

microbiome*" OR bioremediat*)) 

The search results were restricted to the 2016–2025 

publication period using the recorded WoS search-history 

expression #2 AND (PY=(2016-2020) OR PY=(2021-

2025)). Records assigned to 2026 were subsequently 

excluded (#3 NOT PY=(2026)).  

The search results were restricted to the 2016–2025 

period and to English-language Article and Review Article 

records. Articles and Reviews were retained because they 

represent the principal peer-reviewed research and 

synthesis outputs used for bibliometric comparison, while 

Early Access records were excluded to avoid duplicate or 

unstable year assignments and to maintain a consistent 

closed publication window through 2025. These 

database-level restrictions resulted in 286 documents. No 

manual relevance screening was performed beyond these 

restrictions. 

2.2. Bibliometric and Temporal Analysis 

Bibliometric and science-mapping analyses were 

conducted in R version 4.6.0 using the bibliometrix 

package and the Biblioshiny interface (Aria and 

Cuccurullo, 2017; Aria et al., 2026; R Core Team, 2026). 

Performance analyses included annual scientific 

production, source productivity, institutional and 

geographic contributions, and citation indicators, 

following established bibliometric principles (Donthu et 

al., 2021). Geographic and collaboration patterns were 

examined through affiliation and corresponding-author 

country analyses, including single-country publications 

(SCP), multiple-country publications (MCP), country-level 

citation patterns, and international collaboration 

networks. Conceptual and thematic structure was 

evaluated using keyword-frequency analysis, keyword co-

occurrence networks, thematic mapping, and Trend 

Topics (Aria and Cuccurullo, 2026). Source concentration 

was assessed using Bradford’s Law and the Kolmogorov–

Smirnov goodness-of-fit test. 

Temporal publication dynamics were additionally 

evaluated using the Life Cycle of Scientific Production 

analysis based on a logistic growth model. Model fit was 

summarized using R² and RMSE, while model-derived 

indicators included the estimated saturation level, 

inflection point, peak annual publication output, and the 

interval between 10% and 90% of the estimated 

saturation level. 

 

3. Results 
3.1. General Characteristics and Temporal 

Development of Literature 

The bibliometric dataset comprised 286 documents 

published across 139 sources between 2016 and 2025. 

These publications involved 1,854 authors, 17,638 cited 

references, and 944 distinct author keywords. Scientific 

production showed an annual growth rate of 54.79% over 

the study period. The literature was relatively recent, with 

a mean document age of 2.74 years, while the average 

citation count was 29.37 per document. Collaborative 

authorship was also prominent, with an average of 7.29 

co-authors per document and international co-authorship 

accounting for 34.27% of the publications (Table 1). 

Annual publication output increased substantially 

between 2016 and 2025 (Figure 1a). Publication output 

rose from two documents in 2016 to 13 in 2020 and 16 in 

2021. The increase became more pronounced thereafter, 

reaching 31 documents in 2022, 39 in 2023, 66 in 2024, 

and 102 in 2025. Thus, more than one-third of all 

documents in the dataset were published in the final year 

of the study period. The Life Cycle of Scientific Production 

analysis provided a model-based characterization of the 

publication trajectory (Figure 1b). The fitted logistic 

model showed a close correspondence with the observed 

data (R² = 0.995; RMSE = 2.13). The model estimated a 

saturation level of 2,860 publications and an inflection 

point at approximately 2030.1, corresponding to a 

modeled maximum annual output of 339 publications. The 

estimated interval between 10% and 90% of the 

saturation level was 9.3 years. By 2025, the cumulative 

output of 286 documents corresponded to 10.0% of the 

modeled saturation level. Because the inflection point and 

modeled peak occur beyond the observed 2016–2025 

period, these estimates represent model-based 

extrapolations rather than observed publication counts. 
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Table 1. General bibliometric characteristics of the dataset 

Indicator Value 

Timespan 2016–2025 

Sources 139 

Documents 286 

Annual growth rate 54.79% 

Authors 1,854 

Authors of single-authored documents 1 

Co-authors per document 7.29 

International co-authorship 34.27% 

Author keywords 944 

References 17,638 

Document average age 2.74 years 

Average citations per document 29.37 

 

 
 

(a) (b) 

 

Figure 1. Temporal development of research on machine learning in environmental metagenomics: (a) annual scientific 

production during 2016–2025 and (b) Life Cycle of Scientific Production analysis showing the model-derived annual 

publication trajectory. 
 

3.2. Scientific Sources and Citation Structure 

Water Research was the most productive source with 14 

documents, followed by Frontiers in Microbiology and 

Microbiome with 12 documents each. Water Research also 

had the highest local h-index (h = 11), whereas Frontiers 

in Microbiology received the highest number of local 

citations (599). The Bradford model showed a high 

coefficient of determination (R² = 0.9766) and a multiplier 

of 2.94. The three Bradford zones contained 11, 33, and 95 

sources, respectively, with each zone contributing 

approximately one-third of the total publications. The 

Kolmogorov–Smirnov test did not provide sufficient 

evidence to reject the specified Bradford distribution (D = 

0.1367, P=0.149); this non-significant result should not be 

interpreted as proof of exact conformity. 

Citation analysis identified two documents with 

substantially higher global citation counts than the other 

highly cited publications in the dataset. Here, global 

citations refer to citations received by a document across 

the full Web of Science citation database, whereas local 

citations refer to citations received from documents 

within the 286-record collection analyzed in this study. 

The most globally cited document was a 2022 article 

published in Nature Communications, with 865 citations, 

followed by a 2018 article published in Microbiome, with 

699 citations. Other highly cited documents included 

articles published 

Other highly cited documents included articles published 

in Environmental Science and Technology in 2017 (158 

citations), FEMS Microbiology Ecology in 2018 (153), 

Nature Communications in 2022 (152), and Nature 

Microbiology in 2023 (151). Within the analyzed 

collection, the 2018 Microbiome article with 699 global 

citations and the 2022 Nature Communications article 

with 865 global citations each received 14 local citations. 

3.3. Institutional, Geographic, and International 

Collaboration Patterns 

Scientific production was unevenly distributed across 

institutions and countries. The Chinese Academy of 

Sciences was the most frequently represented affiliation, 

with 48 publications. It was followed by the University of 

California System with 20, Cornell University with 18, and 

the United States Department of Energy with 16. East 

China Normal University and Weill Cornell Medicine each 
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contributed 14 publications, while the Centre National de 

la Recherche Scientifique contributed 13. 

The corresponding-author analysis placed China first in 

publication output, followed by the United States and 

India (Figure 2a). Germany and the United Kingdom 

formed the next group of contributing countries, followed 

by France, Brazil, Spain, Australia, Italy, and several other 

countries with smaller publication counts. Both single-

country publications (SCP) and multiple-country 

publications (MCP) were represented among the leading 

countries. 

Country-level citation patterns showed a similar 

concentration. China accumulated the highest number of 

citations (4,241), followed by the United States (2,009). 

India and Germany received 388 and 367 citations, 

respectively, while Brazil and Italy each recorded 

approximately 200 citations. 

International co-authorship accounted for 34.27% of the 

complete dataset. This value is a dataset-level co-

authorship indicator and is distinct from the 

collaboration-network visualization, which depicts the 

pattern and strength of cross-country relationships rather 

than a collaboration rate. The country collaboration map 

showed multiple cross-border connections among the 

major contributing countries, including links involving 

China and the United States as well as countries across 

Europe, Asia, and Australia (Figure 2b). Thus, the 

geographical structure combined a concentration of 

publication output in a limited number of countries with a 

broader network of international research links. 

 

  
(a) (b) 

 

Figure 2. Geographic distribution and international collaboration in the analyzed literature: (a) corresponding authors' 

countries according to SCP and MCP, and (b) international country collaboration network. 

 

3.4. Conceptual and Thematic Structure 

Author-keyword analysis identified metagenomics as the 

most frequent term, occurring 78 times, followed by 

machine learning with 71 occurrences. Other prominent 

terms were diversity (57), bacteria (41), bacterial (27), 

microbiome (25), soil (22), metagenome (21), community 

(18), and microbial community (18). The word cloud 

(Figure 3) is included only as a descriptive visual 

summary of these frequency patterns and is not used as an 

independent analytical result. 

 

 
 

Figure 3. Word cloud showing the most frequent author keywords in the dataset. 
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The keyword co-occurrence network identified four 

interconnected conceptual groupings (Figure 4). The first 

was centered on machine learning, metagenomics, 

microbiome, and related bioinformatics terms. The 

second comprised diversity, soil, rhizosphere, carbon, and 

nitrogen, reflecting a cluster of soil- and ecosystem-

related concepts. A third grouping linked bacteria with 

bioremediation, biodegradation, and identification, 

whereas the fourth was characterized by resistome, 

antibiotic resistance genes, and wastewater. Connections 

between these groupings indicated that the identified 

conceptual domains were not completely isolated from 

one another. 

The thematic map provided a complementary 

representation based on centrality and density (Figure 5). 

The bacteria–community–microbial community cluster 

occupied the motor-theme quadrant. Two groups were 

positioned among the basic themes: metagenomics–

machine learning–microbiome and diversity–bacterial–

soil. The nitrogen–carbon–rhizosphere and random 

forest–metabolism–denitrification groups occurred in the 

niche-theme quadrant. In contrast, degradation–

bioremediation–artificial intelligence was located in the 

quadrant conventionally labeled emerging or declining 

themes.  

 

 
 

Figure 4. Author-keyword co-occurrence network showing the principal conceptual groupings in research on machine 

learning and environmental metagenomics. 

 

 
 

Figure 5. Thematic map of author keywords according to centrality and density. 
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3.5. Temporal Evolution of Research Topics 

The Trend Topics analysis showed differences in the 

temporal positioning of frequently used terms (Figure 6). 

Alignment, resistome, and Escherichia coli were centered 

around 2022, whereas metagenomics, bacteria, and 

microbiome were positioned around 2023. Machine 

learning, diversity, and bacterial were centered around 

2024 and were represented by comparatively larger 

frequency markers than several of the more recent terms. 

The most recent group was positioned in 2025 and 

included artificial intelligence, prediction, and 

degradation. These terms had smaller frequency markers 

than the dominant terms such as machine learning and 

metagenomics, but their temporal placement 

distinguished them from earlier terminology. 

 

 
 

Figure 6. Trend Topics analysis showing the temporal positioning and relative frequency of selected author keywords. 

Bubble size represents term frequency; temporal recency indicates the location of recent use within the selected analysis 

settings and does not by itself indicate dominance or growth rate. 

 

4. Discussion 
4.1. Rapid Growth and Developmental Trajectory of 

Machine Learning in Environmental Metagenomics 

The bibliometric results indicate a marked recent 

expansion of research at the intersection of machine 

learning and environmental metagenomics. Across 286 

documents identified from 139 sources, the annual 

growth rate was 54.79%, and publication output reached 

102 documents in 2025. The mean document age of 2.74 

years indicates that much of the literature has 

accumulated relatively recently, while the average of 

29.37 citations per document suggests that this literature 

has already generated a visible citation footprint. This 

publication trajectory is consistent with broader 

methodological developments in metagenomics. Mathieu 

et al. (2022) described analytical limitations associated 

with conventional alignment- and reference-dependent 

approaches in metagenomic analysis, including 

computational demands and incomplete representation of 

microbial diversity, providing an important context for 

complementary machine-learning and deep-learning 

strategies. Roy et al. (2024) likewise documented an 

expanding range of deep-learning applications across 

metagenomic tasks and increasing diversity in model 

architectures and analytical purposes, although their 

review addressed metagenomics broadly rather than 

environmental applications alone. 

The increasing availability of sequencing data and the 

analytical demands imposed by large, complex datasets 

may therefore help explain the growing interest in 

scalable computational approaches. Herazo-Álvarez et al. 

(2025), for example, documented increasing use of 

neural-network architectures for metagenomic binning, 

including applications involving environmental datasets 

and complex microbial communities. Such methodological 

diversification is consistent with the widening 

computational scope accompanying the publication 

growth observed here. The fitted life-cycle model (R² = 

0.995) indicated that cumulative publication output in 

2025 corresponded to approximately 10% of the modeled 

saturation level. This suggests that the field remains in an 

expansion phase, although the model-derived estimates 

should be interpreted cautiously.  

4.2. Conceptual Foundations and Thematic 

Organization of the Field 

Beyond publication growth, the conceptual structure of 

literature was dominated by terms linking metagenomic 

methodology with microbial ecology. Metagenomics (78 
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occurrences) and machine learning (71) were the two 

most frequent keywords, accompanied by diversity (57), 

bacteria (41), bacterial (27), microbiome (25), and terms 

associated with soil and microbial communities. 

Consistent with this pattern, metagenomics–machine 

learning–microbiome and diversity–bacterial–soil was 

positioned as basic themes, whereas bacteria–

community–microbial community occupied the motor-

theme quadrant. Together, these results indicate that 

computational analysis and community-level ecological 

characterization form closely connected components of 

the field. 

The basic-theme position of metagenomics–machine 

learning–microbiome is consistent with the integration of 

machine learning into metagenomic analysis. Mathieu et 

al. (2022) described ML and DL applications in taxonomic 

classification and functional annotation, while Ghannam 

and Techtmann (2021) showed how machine-learning 

approaches can relate high-dimensional microbial-

community data to environmental conditions and 

predictive outcomes. Within the thematic-map 

framework, the basic-theme position therefore reflects 

broad connectivity to the field rather than limited 

relevance. 

The diversity–bacterial–soil theme represents a similarly 

broad ecological foundation. Bahram et al. (2018) 

demonstrated relationships among bacterial diversity, 

community composition, functional gene repertoires, and 

environmental conditions in global topsoil microbiomes. 

Jansson and Hofmockel (2018) emphasized the diversity 

and spatial complexity of soil microbiomes and the role of 

metagenomics in characterizing microbial identities and 

functional potential. These findings provide an ecological 

context for the prominence of soil-associated bacterial 

diversity in the thematic structure identified here. 

Within the same mapping framework, the motor-theme 

position of bacteria–community–microbial community 

reflects both strong connectivity with the wider network 

and comparatively high internal development. Grossart et 

al. (2020), for example, described how metagenomic 

information can link microbial community composition 

and interactions with ecological functions and 

biogeochemical processes in aquatic systems. By contrast, 

nitrogen–carbon–rhizosphere and random forest–

metabolism–denitrification occupied niche-theme 

positions, indicating more specialized combinations of 

ecological processes, settings, and analytical approaches. 

Trend Topics further showed that artificial intelligence, 

prediction, and degradation were among the most 

recently positioned terms. Their recent temporal position, 

together with the placement of degradation–

bioremediation–artificial intelligence in the thematic map, 

indicates increasing attention to this research direction, 

although it has not yet reached the prominence of the 

dominant themes. Overall, the thematic structure depicts 

a field organized around a broad metagenomic–

computational foundation, a well-developed community-

ecology axis, and several more specialized process- and 

method-oriented streams. 

4.3. Environmental Application Domains of Machine 

Learning in Metagenomic Research 

This conceptual organization is further resolved by the 

keyword co-occurrence network, which indicates several 

differentiated but interconnected environmental 

application domains rather than a single homogeneous 

research stream. Four principal structures were evident: 

a machine learning–metagenomics–

microbiome/bioinformatics domain; a diversity–soil–

rhizosphere–carbon/nitrogen domain; bacteria–

bioremediation–biodegradation–identification domain; 

and a resistome–antibiotic resistance genes–wastewater 

domain. These groupings suggest that computational 

approaches are associated with distinct environmental 

research contexts involving ecological prediction, 

contamination assessment, remediation, and 

environmental surveillance. 

Within the soil-related domain, Gardiner et al. (2024) used 

shotgun metagenomic data to combine taxonomic and 

genetically encoded functional information in models of 

soil organic carbon, including graph-based approaches 

representing relationships between microbial taxa and 

their associated functions. This illustrates how 

environmental metagenomic information can contribute 

to predictive models of ecosystem properties. However, 

model importance or predictive association should not, by 

itself, be interpreted as evidence of causal microbial 

control over carbon dynamics. 

Aquatic monitoring and source tracking provide another 

application. Zhu et al. (2024) applied machine learning to 

riverine nitrogen-source classification using 

environmental information that included shotgun-

metagenomic taxonomic and functional profiles as well as 

16S rRNA amplicon data. The metagenomic component 

demonstrates how functional information can 

complement community composition in source-

attribution analyses. This is consistent with broader 

applications of microbial-community profiles to 

environmental prediction and monitoring described by 

Ghannam and Techtmann (2021) and with the 

supervised-learning and de novo bioindicator framework 

discussed by Cordier et al. (2021). However, microbiome 

profiling, 16S rRNA amplicon sequencing, metabarcoding, 

and shotgun metagenomics represent distinct molecular 

and analytical approaches; examples from these 

categories are therefore discussed as related evidence 

rather than treated as methodologically equivalent. 

The bioremediation–biodegradation domain similarly 

connects metagenomic characterization with predictive 

analysis. Wijaya et al. (2024) combined taxonomic and 

metabolic profiles from groundwater metagenomes with 

machine-learning and explainable-AI approaches to 

diagnose petroleum contamination and identify 

degradation-associated predictors. Moreover, Chettri et 

al. (2024) described the use of metagenomics to identify 

pollutant-degradation genes and pathways, trace 

contamination sources, and characterize microbial 
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responses relevant to bioremediation. Similarly, Böke 

Özkoç et al. (2025) highlighted the integration of AI and 

machine learning with metagenomic data in contaminated 

environments, including applications for predicting 

pollutant-degradation pathways and supporting 

bioremediation strategies in polluted soils, waters, and 

sediments. In the context of potentially toxic element 

(PTE)-contaminated aquatic environments, Farooq Tayeb 

Alsaadawi et al. (2026) further highlighted metagenomic 

functional profiling as a complementary approach for 

identifying microbial signatures related to metal 

resistance, detoxification, oxidative-stress response, and 

redox transformations, thereby extending sediment 

assessment beyond concentration-based measurements 

alone. 

Finally, the resistome–antibiotic resistance genes–

wastewater cluster identifies a distinct environmental-

surveillance stream. Metagenomic analysis can support 

resistome characterization and contamination-source 

assessment, although the evidence considered here 

supports the specific integration of machine learning with 

wastewater shotgun metagenomics less directly than the 

soil, aquatic, and contaminated-groundwater applications. 

Detection of resistance genes also indicates genomic 

presence or potential rather than expression or ecological 

activity. Collectively, the co-occurrence structure 

therefore portrays machine learning as supporting 

multiple environmental metagenomic tasks rather than a 

single uniform analytical application. 

 

5. Conclusion 
The literature linking machine learning with 

environmental metagenomics expanded rapidly between 

2016 and 2025, indicating a comparatively young 

research area. The dataset comprised 286 documents and 

showed an annual growth rate of 54.79%, with 

publication output reaching 102 documents in 2025. This 

recent acceleration indicates that the integration of 

computational learning approaches with environmental 

metagenomic research has developed into a broader and 

increasingly visible body of literature. 

The conceptual structure of the field is organized around 

metagenomics and machine learning as broad conceptual 

foundations, with microbial diversity, bacterial 

communities, soil, and related ecological processes 

forming major thematic components. The co-occurrence 

network further indicated differentiated but 

interconnected research domains involving a machine 

learning–metagenomics–microbiome/bioinformatics 

core, soil–rhizosphere and nutrient-related research, 

bioremediation and biodegradation, and resistome and 

wastewater surveillance. Trend Topics indicated 

increasing visibility of machine learning, artificial 

intelligence, prediction, and degradation-related 

terminology, although the degradation–bioremediation–

artificial intelligence direction is more appropriately 

interpreted as recently gaining visibility than as a 

definitively established emerging field. Methodologically, 

predictive and explainable approaches are broadening the 

analytical repertoire of environmental metagenomic 

research. 

The field is internationally connected but geographically 

uneven, with scientific production concentrated 

particularly in China and the United States. These 

geographical comparisons are descriptive and reflect 

publication and citation counts within the Web of Science-

indexed dataset; they should not be interpreted as direct 

measures of research quality because they are influenced 

by database coverage, publication volume, collaboration 

patterns, and publication age. Future research may benefit 

from broader geographic participation, greater 

integration across diverse environmental systems, and 

rigorous validation of predictive AI/ML outputs against 

experimentally or independently measured 

environmental and biological processes. 
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