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Abstract 

Wastewater systems are critical reservoirs where antibiotic resistance genes, antibiotic-
resistant bacteria, and pathogens converge and disseminate into receiving waters, posing 
risks to ecosystems and public health. Metagenomics enables culture-independent sur-
veillance of resistome and pathogens in wastewater. After the COVID-19 pandemic, the 
rapid expansion of wastewater-based epidemiological surveillance, together with grow-
ing emphasis on the One Health framework, has further promoted the integration of 
wastewater metagenomic monitoring with public-health surveillance strategies. How-
ever, no bibliometric study has systematically mapped the global research landscape at 
the intersection of metagenomics, wastewater systems, antimicrobial resistance, and path-
ogen surveillance. This study retrieved 1161 publications from the Web of Science Core 
Collection and used CiteSpace to conduct bibliometric analyses. From 2010 to 2025, annual 
publications increased from 1 to 219, with 72.7% of the total output concentrated between 
2021 and 2025. China led in publication output but showed low betweenness centrality, 
whereas Australia and Sweden served as key intermediaries. Keyword analysis revealed 
a gradual thematic evolution from the basic detection of antibiotic resistance genes in ac-
tivated sludge, through studies of dissemination mechanisms, to recent work on One 
Health and wastewater surveillance. Literature co-citation analysis showed that integra-
tion between environmental monitoring and public health literature remains limited, sug-
gesting that the translation of metagenomic surveillance data into health risk assessment 
frameworks is still at an early stage. By mapping the field’s knowledge structure and gaps, 
this review highlights priorities for advancing wastewater-based Antimicrobial Re-
sistance surveillance, including standardizing analytical methods, developing artificial 
intelligence-assisted resistome analysis, promoting equitable participation from un-
derrepresented regions, and operationalizing One Health surveillance, thereby support-
ing the translation of wastewater monitoring into actionable public-health solutions. 
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1. Introduction 
Antimicrobial resistance (AMR) is widely recognized as one of the most urgent global 

health threats of the twenty-first century. A landmark study estimated that bacterial AMR 
directly caused approximately 1.27 million deaths worldwide in 2019 and was associated 
with an additional 4.95 million deaths, with these numbers expected to rise further in the 
absence of coordinated interventions [1]. Although the clinical dimensions of AMR have 
received sustained attention, the mechanisms by which resistance determinants dissemi-
nate through environmental pathways remain comparatively underexplored [2]. 
Wastewater systems occupy a central position in this environmental dimension. 
Wastewater treatment plants (WWTPs) receive and concentrate antimicrobial residues, 
antibiotic-resistant bacteria (ARB), antibiotic resistance genes (ARGs), and mobile genetic 
elements (MGEs) from diverse sources, including hospitals, households, the pharmaceu-
tical industry, and agriculture [2–6]. Although conventional treatment processes are effec-
tive in removing organic pollutants and traditional pathogens, they do not fully eliminate 
ARGs and MGEs, which can subsequently be discharged into receiving waters through 
treated effluents [7]. Within wastewater systems, the coexistence of sub-inhibitory con-
centrations of antimicrobials, diverse microbial communities, and MGEs creates favorable 
conditions for horizontal gene transfer (HGT), potentially amplifying resistance and ena-
bling the transfer of ARGs from environmental microorganisms to clinically relevant 
pathogens [8]. Therefore, understanding the distribution, dissemination, and fate of AMR 
determinants and pathogenic microorganisms in wastewater systems is essential for de-
veloping evidence-based strategies to mitigate the wastewater-mediated spread of re-
sistance [9–11]. 

Metagenomics, which involves the culture-independent sequencing and analysis of 
total genomic DNA extracted directly from environmental samples, has become a power-
ful tool for the comprehensive monitoring of microbial communities, ARGs, and patho-
gens in wastewater systems [12]. Unlike targeted approaches such as quantitative PCR 
(qPCR), which detect only predefined genes, shotgun metagenomic sequencing can sim-
ultaneously characterize the complete resistome, defined as the total repertoire of ARGs 
in the environment, microbial community composition, virulence factor profiles, and 
MGE-mediated dissemination pathways within a single analytical framework [13]. This 
untargeted, genome-wide analytical capacity has made metagenomics a preferred ap-
proach for large-scale wastewater AMR surveillance programs, including multinational 
collaborative initiatives that established the first global baseline of wastewater-associated 
antimicrobial resistance [14,15]. The continued decline in sequencing costs and the matu-
ration of bioinformatic workflows for resistome annotation have further accelerated the 
application of metagenomic approaches in this field [16]. 

The COVID-19 pandemic further accelerated the development of wastewater surveil-
lance [17]. Since 2020, many countries have rapidly established surveillance programs for 
detecting severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) in wastewater, 
demonstrating the feasibility of wastewater-based epidemiology (WBE) as a population-
level public-health surveillance tool [18]. The expansion of WBE infrastructure has pro-
vided a practical foundation for AMR surveillance. At the same time, the growing empha-
sis on the One Health framework has positioned wastewater-based AMR surveillance at 
the intersection of environmental science, microbiology, public health, and veterinary 
medicine [19]. These developments suggest that metagenomic surveillance in wastewater 
systems may be shifting from primarily environmental characterization toward broader 
public-health applications. 

Despite the rapid growth and increasing policy relevance of this research area, a com-
prehensive bibliometric analysis mapping its global landscape, knowledge structure, and 
thematic evolution is still lacking. Several bibliometric studies have examined related but 
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distinct topics, including ARGs in wastewater treatment plant effluents and receiving wa-
ters [20], emerging contaminants in groundwater [21], microplastics in aquatic environ-
ments [22], and emerging contaminants in sludge [23]. However, none of these studies 
have specifically analyzed the intersection of metagenomics, wastewater systems, and 
AMR and pathogen surveillance. An early bibliometric study on wastewater meta-
genomics published by Garrido-Cardenas et al. in 2017 covered only literature published 
up to 2016 and did not focus on antimicrobial resistance or pathogen surveillance [24]. 
Given the rapid expansion of the field in recent years, a substantial update and a more 
focused analysis are warranted. 

This study aims to fill this gap by conducting a systematic bibliometric analysis of 
the global research landscape on metagenomic surveillance of AMR and pathogenic mi-
croorganisms in wastewater systems from 2010 to 2026. Based on 1161 publications re-
trieved from the Web of Science Core Collection and analyzed using CiteSpace, this study 
addresses the following research questions. First, what is the overall growth trajectory of 
this field, and can distinct developmental stages be identified? Second, which countries, 
institutions, and authors constitute the main research forces, and what are the key features 
of collaboration patterns in this field? Third, what is the disciplinary composition of this 
field, and to what extent does it demonstrate interdisciplinary integration? Fourth, what 
are the major research themes, and how have they evolved over time? Fifth, what are the 
current research frontiers and emerging directions? Sixth, what is the knowledge base of 
this field, and which foundational studies have shaped its development? Across these 
questions, this study also examines an integrative issue, namely whether the field is shift-
ing from primarily environmental characterization toward public-health surveillance ap-
plications. 

2. Materials and Methods 
2.1. Data Sources and Search Strategy 

The bibliographic data used in this study were obtained from the Web of Science 
Core Collection (WoS CC) through the Science Citation Index Expanded (SCI-Expanded) 
database. The Web of Science Core Collection (WoS CC) was selected as the primary da-
tabase because it provides standardized bibliographic records, cited-reference infor-
mation, and broad indexing coverage of international journals in environmental science, 
microbiology, and public health. In addition, its structured export format is compatible 
with CiteSpace-based bibliometric analysis [21,25,26]. The literature search was conducted 
on 22 May 2026, and the initial search yielded 1331 records. The following Boolean search 
string was applied to the topic search (TS) field. 

TS = ((“metagenomic*” OR “metagenome*” OR “shotgun sequencing” OR “shotgun 
metagenomic*”) AND (“wastewater” OR “sewage” OR “wastewater treatment” OR 
“WWTP” OR “sewage treatment” OR “wastewater effluent” OR “wastewater influent” 
OR “activated sludge” OR “sewage sludge”) AND (“antibiotic resistance” OR “antimicro-
bial resistance” OR “antibiotic resistance gene*” OR “ARG” OR “ARGs” OR “resistome” 
OR “antibiotic-resistant bacteria” OR “ARB” OR “multidrug resistan*” OR “AMR” OR 
“pathogen*” OR “pathogenic bacteria” OR “pathogenic microorganism*” OR “virulence” 
OR “virulence factor*”)) 

The search strategy was designed to maximize retrieval sensitivity rather than spec-
ificity alone because terminology related to wastewater metagenomics, antimicrobial re-
sistance, and pathogen surveillance has evolved rapidly and varies among disciplines. 
Therefore, retrieved records were subsequently screened according to predefined inclu-
sion and exclusion criteria. 
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2.2. Inclusion and Exclusion Criteria 

The retrieved records were screened sequentially, as shown in Figure 1. The publica-
tion period was restricted to 2010 to 2026, resulting in the exclusion of 5 records and leav-
ing 1326 records. Document types were limited to articles and reviews, excluding 9 rec-
ords and leaving 1317 records. After duplicate removal, 2 records were excluded, leaving 
1315 records. Non-English publications were then removed, excluding 1 record and leav-
ing 1314 records. Subject-category filtering and relevance screening were further applied 
to exclude records outside the scope of this study. Records were excluded if they did not 
investigate wastewater-associated ARG or pathogen surveillance, did not apply meta-
genomic approaches, or were outside the predefined research scope. This screening step 
excluded 153 records, yielding a final dataset of 1161 publications, including 1075 articles 
and 86 reviews, which accounted for 92.6% and 7.4% of the dataset, respectively. 

 

Figure 1. Exclusion flow diagram. 

Two reviewers (Yiran Zheng and Bingxuan Zhao) independently screened the titles 
and abstracts of the retrieved records. Full texts were consulted when eligibility could not 
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be determined from the bibliographic information alone. Original research articles were 
eligible if they examined wastewater, sewage, activated sludge, sludge, influent, or efflu-
ent and applied shotgun metagenomics or another untargeted metagenomic approach to 
characterize antimicrobial resistance determinants, resistomes, pathogens, virulence fac-
tors, or related microbial features. Review articles were eligible when wastewater meta-
genomics for antimicrobial resistance or pathogen surveillance constituted a substantive 
focus. Records were excluded if they focused on non-wastewater matrices, used only tar-
geted PCR/qPCR, 16S rRNA amplicon sequencing, or culture-based methods without a 
metagenomic component, or mentioned metagenomics, antimicrobial resistance, or path-
ogens only incidentally. Disagreements were resolved through discussion and, when nec-
essary, adjudication by a third reviewer (Yue Quan). No record was excluded solely on 
the basis of its Web of Science subject category. 

In addition, the data for 2026 were incomplete because the literature search was con-
ducted on 22 May 2026. The 134 records published in 2026 were included in network con-
struction but excluded from growth-rate calculations and stage-based analyses. 

2.3. Data Export and Preprocessing 

All 1161 records were exported from WoS in plain-text format, with the export option 
set to “Full Record and Cited References”. Exported data records can be found in the Sup-
plementary Material. Author keywords were extracted from the Web of Science “Author 
Keywords (DE)” field and retained in their original indexed forms during network con-
struction to preserve the information provided by the original publications. However, au-
thor-assigned keywords may contain lexical variations, including singular/plural forms, 
abbreviations, and alternative spellings. Therefore, semantically related terms were inter-
preted cautiously during thematic analysis rather than being considered as independent 
research directions solely based on differences in wording. For example, closely related 
terms associated with antibiotic resistance genes and wastewater terminology were syn-
thesized at the broader conceptual level when discussing research themes. This approach 
avoids introducing subjective modifications to the original co-occurrence network after 
data extraction, while acknowledging that incomplete keyword harmonization may influ-
ence the fragmentation of individual keyword nodes. 

2.4. CiteSpace Parameter Settings 

CiteSpace (v.6.2.R4) was selected as the primary analytical tool based on the follow-
ing methodological considerations. First, CiteSpace integrates co-citation analysis, burst 
detection, and timeline visualization within a single platform [25]. Second, its Pathfinder 
network pruning algorithm generates a more parsimonious network topology than the 
default algorithms used in tools such as VOSviewer. Third, the log-likelihood ratio (LLR) 
clustering algorithm provides statistically supported thematic labels. Although CiteSpace 
does not provide the overlay visualization available in VOSviewer or the thematic evolu-
tion mapping available in Bibliometrix, its integrated analytical workflow is best suited to 
the multidimensional analyses required in this study. Microsoft Excel was used to sum-
marize annual publication trends. 

The parameter settings were as follows. The time slicing was set from 2010 to 2026, 
with one year per slice. The g-index was selected as the node selection criterion because it 
emphasizes highly cited and influential items while allowing the inclusion of emerging 
but sufficiently impactful nodes. The setting of parameter k considers the balance between 
network readability and information retention, so different values are used when building 
different networks. The k values selected by different networks can be found in the upper 
left corner of the picture. Network pruning was performed using the Pathfinder algo-



Microorganisms 2026, 14, 1583 6 of 31 
 

https://doi.org/10.3390/microorganisms14071583 

rithm. Cluster labels were generated using the LLR method. CiteSpace 6.2.R4, 64-bit Ad-
vanced Edition, was used for all analyses. 

Modularity Q and weighted mean silhouette S were used specifically to evaluate the 
quality of keyword clustering generated by the LLR algorithm. For descriptive collabora-
tion and co-citation networks, network structure was characterized using node number, 
link number, density, connected components, frequency, and betweenness centrality. 

Keyword burst detection was performed in CiteSpace using Kleinberg’s burst-detec-
tion algorithm. The analysis used author keywords as the node type, a time span of 2010–
2026, and one year per time slice. The burst-detection parameter γ was set to 1, and the 
minimum burst duration was set to 2 year(s). The 25 keywords with the strongest burst 
intensities were retained for visualization. Because the search was conducted on 22 May 
2026, bursts extending to 2026 were interpreted cautiously as being based on partial-year 
data. 

2.5. Bibliometric Analysis Workflow 

The analysis comprised three complementary dimensions, including collaboration 
network analysis, thematic analysis, and knowledge-base analysis. Collaboration network 
analysis included co-occurrence networks of countries, institutions, authors, and disci-
plines. Thematic analysis included keyword co-occurrence, clustering, timeline analysis, 
and burst detection. Knowledge-base analysis included co-citation analyses at the levels 
of authors, journals, and individual documents. In addition, node frequency in co-citation 
networks represents co-citation counts rather than direct publication output. These two 
metrics have different meanings and were distinguished in the interpretation of the re-
sults. 

3. Results 
3.1. Publication Trend Analysis 

A total of 1161 publications were retrieved for the period from 2010 to May 2026. The 
annual number of publications increased from 1 in 2010 to 219 in 2025 (Figure 2). 

 

Figure 2. Annual and cumulative publication trends in research on metagenomic surveillance of 
antimicrobial resistance and pathogenic microorganisms in wastewater systems (2010–2026). Or-
ange bars represent the number of articles published each year (left y-axis), and the green line rep-
resents the cumulative number of articles (right y-axis). Numerical labels above each bar indicate 
the annual count; numerical labels on the cumulative curve indicate the running total. Data for 2026 
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are incomplete, as the literature search was conducted on 22 May 2026, and therefore represent a 
partial-year count. 

For descriptive purposes, the publication trajectory from 2010 to 2025 was organized 
into three temporal periods based on the observed pattern of annual publication output. 
These periods were used to summarize broad changes in publication activity and were 
not derived from formal breakpoint analysis. The first stage, from 2010 to 2017, was an 
initial exploratory phase, during which 103 papers were published, with an annual aver-
age of approximately 12.9 papers, accounting for 10.0% of the total output for complete 
publication years (n = 1027). The second stage, from 2018 to 2020, was a period of steady 
development, marked by a sharp increase from 25 publications in 2017 to 48 in 2018; over 
these three years, 177 papers were published, with an annual average of 59.0 papers, ap-
proximately 4.6 times that of the first stage and accounting for 17.2% of the total output. 
The third stage, from 2021 to 2025, was a period of rapid growth, with annual publications 
increasing from 68 in 2020 to 95 in 2021, representing a 39.7% increase, and then continu-
ing to rise to 219 in 2025; this stage produced 747 papers over five years, with an annual 
average of 149.4 papers, accounting for 72.7% of the total output. The 2026 data, compris-
ing 134 publications as of 22 May, were not included in the stage classification, but already 
exceeded the full-year output of every year before 2022. 

3.2. Country and Regional Collaboration Network Analysis 

The country and regional collaboration network comprised 84 nodes and 248 links, 
with a network density of 0.0711 (Figure 3). All nodes formed a single connected compo-
nent, indicating that all active countries were connected through direct or indirect collab-
orative relationships. 

 

Figure 3. Country/region collaboration network in research on metagenomic surveillance of antimi-
crobial resistance and pathogenic microorganisms in wastewater systems (2010–2026). Node size is 
proportional to publication frequency; node colors reflect the year of first appearance, ranging from 
cool tones (earlier years) to warm tones (recent years). Purple rings indicate betweenness centrality 
greater than 0.1. Links represent co-authorship relationships between countries. The network com-
prises 84 nodes and 248 links (density = 0.0711, largest connected component = 84 nodes, 100%). 

China was the most productive country, contributing 571 publications, followed by 
the United States (218), the United Kingdom (66), India (65), and Germany (61). The top 
15 countries were distributed across East Asia, North America, Western and Northern 
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Europe, South Asia, and South America, reflecting the broad geographical coverage of 
this research field. However, the distribution was markedly uneven, with China alone 
accounting for approximately 49% of the total output and China and the United States 
together accounting for approximately 68%. 

Betweenness centrality analysis revealed a marked divergence between publication 
output and network-bridging roles. Australia (centrality = 0.37), Sweden (0.30), Spain 
(0.22), India (0.21), Brazil (0.19), and Finland (0.18) showed the highest betweenness cen-
trality values, indicating that they occupied structural intermediary positions in connect-
ing research communities across countries. In contrast, despite their dominant publication 
output, China and the United States both had betweenness centrality values of only 0.05, 
suggesting that their collaborations were concentrated within a relatively limited set of 
partner countries rather than being broadly distributed across the network. Publications 
indexed in the analyzed Web of Science corpus showed limited representation from Africa 
and the Middle East, with only South Africa ranking among the top 20 countries, with 23 
publications and a centrality value of 0.11. 

3.3. Institutional Collaboration Network Analysis 

The institutional collaboration network comprised 169 nodes and 162 links, with a 
network density of only 0.0114 (Figure 4). The largest connected component contained 
only 92 nodes, accounting for 54% of all nodes, indicating that nearly half of the partici-
pating institutions were relatively isolated or operated within small disconnected clusters. 

 

Figure 4. Institutional collaboration network in research on metagenomic surveillance of antimicro-
bial resistance and pathogenic microorganisms in wastewater systems (2010–2026). Node size is 
proportional to publication frequency; node colors reflect the year of first appearance. Purple rings 
indicate betweenness centrality greater than 0.1. Links represent co-authorship relationships be-
tween institutions. The network comprises 169 nodes and 162 links (density = 0.0114; largest con-
nected component = 92 nodes, 54%). 

Ten of the top 15 institutions were from China, collectively accounting for 73.5% of 
the total output among the top 15 institutions. The Chinese Academy of Sciences ranked 
first with 69 publications, followed by the University of Hong Kong with 43, the Univer-
sity of Chinese Academy of Sciences with 39, the Technical University of Denmark with 
35, and Tsinghua University with 33. Non-Chinese institutions among the top 15 included 
the Technical University of Denmark, the University of Gothenburg with 27 publications, 



Microorganisms 2026, 14, 1583 9 of 31 
 

https://doi.org/10.3390/microorganisms14071583 

the University of Helsinki with 15, Chalmers University of Technology with 13, and Vir-
ginia Tech with 17. 

The University of Hong Kong showed the highest betweenness centrality among all 
institutions (0.40), indicating its prominent bridging role in connecting international col-
laborators. Tsinghua University (0.32) and the University of Gothenburg (0.22) also exhib-
ited substantial intermediary roles. In the network visualization, Chinese institutions 
formed a dense domestic cluster, with the University of Hong Kong and Tsinghua Uni-
versity serving as the main nodes linking this cluster to international partners. 

3.4. Author Collaboration Network Analysis 

As shown in Figure 5, the author collaboration network contained 193 nodes and 200 
links, with a density of 0.0111. The largest connected component included only 70 nodes, 
accounting for 36% of all nodes, indicating a highly fragmented collaboration structure. 

 

Figure 5. Author collaboration network in research on metagenomic surveillance of antimicrobial 
resistance and pathogenic microorganisms in wastewater systems (2010–2026). Node size is propor-
tional to publication frequency; node colors reflect the year of first appearance. Links represent co-
authorship relationships between individual researchers. The network comprises 193 nodes and 200 
links (density = 0.0111; largest connected component = 70 nodes, 36%). 

Tong Zhang had the highest publication output, with 38 publications and a between-
ness centrality of 0.17, followed by Bing Li with 30 publications and a centrality of 0.14, 
Frank M. Aarestrup with 26 publications and a centrality of 0.07, Amy Pruden with 20 
publications and a centrality of 0.07, and D. G. Joakim Larsson with 17 publications and a 
centrality of 0.05. The network showed a clear pattern of team-based clustering, with 
sparse connections between research groups. 

Network connectivity decreased progressively from the country level, where all 
nodes were connected, to the institutional level, where the largest connected component 
accounted for 54% of nodes, and further to the author level, where it accounted for only 36% 
of nodes. The implications of this structural pattern are further examined in Section 4. 
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3.5. Subject Category Co-Occurrence Analysis 

The subject category co-occurrence network consisted of 54 nodes and 71 links, with 
a density of 0.0496, and all nodes were connected (Figure 6). 

 

Figure 6. Co-occurrence network of Web of Science categories in research on metagenomic surveil-
lance of antimicrobial resistance and pathogenic microorganisms in wastewater systems (2010–
2026). Node size is proportional to publication frequency within each category; node colors reflect 
the year of first appearance. Purple rings indicate betweenness centrality greater than 0.1. Links 
represent co-occurrence relationships between categories assigned to the same publication. The net-
work comprises 54 nodes and 71 links (density = 0.0496; largest connected component = 54 nodes, 
100%). 

Environmental Sciences had the highest frequency, with 623 publications, followed 
by Engineering, Environmental with 330, Microbiology with 247, Water Resources with 
187, and Biotechnology and Applied Microbiology with 94. 

Betweenness centrality showed a clear asymmetry with frequency. Ecology had the 
highest betweenness centrality (0.78) but a frequency of only 21, followed by Microbiology 
(0.70, 247 publications), Biochemistry and Molecular Biology (0.69, 14 publications), and 
Public Health (0.65, 54 publications). Although Engineering, Environmental ranked sec-
ond in frequency with 330 publications, its betweenness centrality was only 0.03. The tem-
poral sequence of subject category emergence, from Microbiology and Biotechnology in 
2010 to Environmental Sciences in 2013 and then to Public Health and Infectious Diseases 
in 2014 to 2015, reflects the gradual expansion of the field from its microbiological origins 
toward a multidisciplinary research domain. 

3.6. Keyword Co-Occurrence, Clustering, and Timeline Analysis 

As shown in Figure 7, the keyword co-occurrence network consisted of 192 nodes 
and 256 links, with a density of 0.014. The most frequent keyword was “antibiotic re-
sistance genes” with 368 occurrences and a betweenness centrality of 0.28, followed by 
“antibiotic resistance” with 238 occurrences and a centrality of 0.18, “bacteria” with 220 
occurrences and a centrality of 0.26, “antimicrobial resistance” with 177 occurrences and 
a centrality of 0.28, and “activated sludge” with 166 occurrences and a centrality of 0.12. 
The keyword “genes” had the highest betweenness centrality, with a value of 0.54. 
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Figure 7. Keyword co-occurrence network in research on metagenomic surveillance of antimicrobial 
resistance and pathogenic microorganisms in wastewater systems (2010–2026). Nodes represent au-
thor keywords (DE field); node size is proportional to co-occurrence frequency. The network com-
prises 192 nodes and 256 links (density = 0.014). 

The LLR algorithm identified 10 clusters (Figure 8). The modularity Q value was 
0.7485, and the weighted mean silhouette S value was 0.8934, indicating a well-defined 
and reliable clustering structure [27,28]. These clusters were #0 antibiotic resistance (23 
nodes, silhouette = 0.959, mean year = 2016), #1 hospital wastewater (20, 0.898, 2019), #2 
one health (19, 0.892, 2020), #3 antimicrobial resistance (18, 0.927, 2018), #4 antibiotic re-
sistance gene (17, 0.687, 2020), #5 metagenomic analysis (16, 0.891, 2016), #6 anaerobic di-
gestion (15, 0.981, 2018), #7 antibiotic resistance genes (15, 1.000, 2015), #8 microbial com-
munity (13, 0.902, 2019), and #9 diversity (13, 0.909, 2018). Because AMR-related terminol-
ogy was highly concentrated in the corpus, several clusters were assigned closely related 
LLR labels; for example, clusters #0, #3, #4, and #7 were all associated with antibiotic re-
sistance genes. Therefore, in Section 4.4, these 10 clusters are interpreted as five broader 
research directions. 

 

Figure 8. Keyword co-occurrence network with cluster visualization in research on metagenomic 
surveillance of antimicrobial resistance and pathogenic microorganisms in wastewater systems 
(2010–2026). Clusters were identified using the log-likelihood ratio (LLR) algorithm and are deline-
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ated by colored regions: #0 antibiotic resistance (red), #1 hospital wastewater (orange), #2 one health 
(yellow), #3 antimicrobial resistance (green), #4 antibiotic resistance gene (light green), #5 meta-
genomic analysis (cyan), #6 anaerobic digestion (teal), #7 antibiotic resistance genes (light blue), #8 
microbial community (blue), and #9 diversity (purple). LLR labels are descriptive and may be se-
mantically overlapping. Accordingly, Clusters #4 and #7 are interpreted jointly as ARG-related clus-
ters rather than as two independent research directions. Network parameters are identical to Figure 
7 (N = 192, E = 256; modularity Q = 0.7485; weighted mean silhouette S = 0.8934). 

Clusters #4 and #7 received semantically overlapping ARG-related labels. Because 
LLR labels are assigned after clustering and serve as descriptive rather than unique the-
matic definitions, the similarity of these labels should not be interpreted as evidence of 
two independent research topics. The two clusters differed in size and temporal profile 
and are therefore interpreted jointly within the broader ARG-related research direction in 
Section 4.4. 

The keyword timeline (Figure 9) showed a gradual broadening of research themes. 

 

Figure 9. Timeline visualization of keyword clusters in research on metagenomic surveillance of 
antimicrobial resistance and pathogenic microorganisms in wastewater systems (2010–2026). The 
horizontal axis represents publication year; each row corresponds to one keyword cluster (labeled 
on the right). Nodes represent individual keywords, positioned according to their year of first ap-
pearance within the dataset. Node size is proportional to co-occurrence frequency; node colors re-
flect the year of appearance. Connecting lines indicate co-occurrence relationships between key-
words within and across clusters. 

Early keywords from 2010 to 2014 were mainly focused on ARG detection. Between 
2015 and 2019, dissemination mechanisms and advanced methodologies became increas-
ingly prominent. After 2020, terms such as “One Health”, “wastewater surveillance”, 
“public health”, “risk assessment”, “wastewater-based epidemiology”, and “artificial in-
telligence” emerged during the 2022 to 2025 period. 

3.7. Keyword Burst Detection 

Burst detection identified 25 keywords (Figure 10). The strongest bursts were ob-
served for “tetracycline resistance” (burst strength = 11.74, 2013 to 2020) and “activated 
sludge” (11.73, 2013 to 2019). 
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Figure 10. Top 25 keywords with the strongest citation bursts in research on metagenomic surveil-
lance of antimicrobial resistance and pathogenic microorganisms in wastewater systems (2010–
2026). Keywords are ranked by the beginning year of the burst period. The “Strength” column indi-
cates burst intensity calculated using the Kleinberg algorithm. The “Begin” and “End” columns de-
note the start and end years of each burst period. Red segments on the timeline bars indicate years 
during which a keyword was in a burst state; blue segments indicate non-burst years. Keywords 
with bursts extending to 2026 (quality, tool, water) represent topics with ongoing heightened re-
search attention at the time of data retrieval. 

Only three keyword bursts continued through 2026: “quality” (4.45, 2023 to 2026), 
“tool” (3.54, 2023 to 2026), and “water” (2.97, 2023 to 2026). “One Health”, “wastewater 
surveillance”, and “wastewater-based epidemiology” did not appear among the top 25 
burst keywords, possibly reflecting gradual rather than abrupt increases in their frequen-
cies [25]. 

3.8. Author Co-Citation Analysis 

The author co-citation network consisted of 171 nodes and 215 links, with a density 
of 0.0148, and all nodes were connected (Figure 11). Author co-citation analysis identifies 
scholars whose work is frequently cited together by publications in the field, thereby re-
vealing the knowledge base on which the research area is built [29]. 

Yang Y had the highest co-citation frequency, with 244 co-citations, followed by Li B 
(227), Yin XL (216), Li DH (211), and Ju F (197). A substantial proportion of the top 20 co-
cited authors were highly co-cited mainly because of their contributions to widely used 
bioinformatic resources, rather than wastewater-specific or AMR-focused studies. These 
authors included Hyatt D, associated with Prodigal; Parks DH, associated with CheckM; 
Bolger AM, associated with Trimmomatic; Buchfink B, associated with DIAMOND; and 
Alcock BP, associated with CARD. Yin XL, associated with ARGs-OAP, Wood DE, asso-
ciated with Kraken, and Li H, associated with BWA and SAMtools, also belonged to this 
category. The prominence of bioinformatic resource developers among the most fre-
quently co-cited authors underscores the essential role of computational infrastructure in 
wastewater metagenomics. 
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Figure 11. Author co-citation network in research on metagenomic surveillance of antimicrobial re-
sistance and pathogenic microorganisms in wastewater systems (2010–2026). Each node represents 
a cited author; node size is proportional to co-citation frequency, and purple rings indicate between-
ness centrality greater than 0.1. Links represent co-citation relationships (i.e., two authors frequently 
cited together by articles within the analyzed field). Node colors reflect the year of first co-citation 
appearance. The network comprises 171 nodes and 215 links (density = 0.0148). 

3.9. Journal Co-Citation Analysis 

As shown in Figure 12, the journal co-citation network comprised 162 nodes and 130 
links, with the largest connected component consisting of 121 nodes (74% of the network). 

 

Figure 12. Journal co-citation network in research on metagenomic surveillance of antimicrobial 
resistance and pathogenic microorganisms in wastewater systems (2010–2026). Each node repre-
sents a co-cited journal; node size is proportional to co-citation frequency. Purple rings indicate be-
tweenness centrality greater than 0.1. Links represent co-citation relationships between journals. 
The network comprises 162 nodes and 130 links (density = 0.01; largest connected component = 121 
nodes, 74%). 

Water Research ranked first in co-citation frequency (977), followed by Science of the 
Total Environment (946), Environmental Science & Technology (864), Frontiers in Microbiology 
(762), and Applied and Environmental Microbiology (683). The co-cited journals were 
grouped into three major clusters corresponding to environmental science and engineer-
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ing, microbiology, and bioinformatics. Water Research exhibited the highest betweenness 
centrality (0.25), indicating its pivotal role as a knowledge bridge connecting different dis-
ciplinary clusters within the network. 

3.10. Literature Co-Citation Analysis 

The reference co-citation network comprised 197 nodes and 228 links, forming a fully 
connected network (Figure 13). 

 

Figure 13. Reference co-citation network in research on metagenomic surveillance of antimicrobial 
resistance and pathogenic microorganisms in wastewater systems (2010–2026). Each node repre-
sents a co-cited reference, labeled by first author and publication year. Node size is proportional to 
co-citation frequency; purple rings indicate betweenness centrality greater than 0.1. Node colors 
reflect the publication year, ranging from cool tones (earlier) to warm tones (recent). The network 
comprises 197 nodes and 228 links (density = 0.0118; largest connected component = 197, 100%). 

The most frequently co-cited reference was Zhang et al. (2021) [15], published in Na-
ture Communications (99 co-citations, betweenness centrality = 0.45), followed by Hen-
driksen et al. (2019) [14] (95 co-citations, centrality = 0.30) and Guo et al. (2017) [7] in Water 
Research (87 co-citations, centrality = 0.52). Ju et al. (2019) [30], published in The ISME Jour-
nal, exhibited the highest betweenness centrality in the network (0.84), indicating that this 
reference served as a critical intellectual bridge connecting multiple thematic clusters 
within the network. By contrast, Murray et al. (2022) [1] in The Lancet (79 co-citations) had 
a betweenness centrality of zero, suggesting that the public-health perspective has not yet 
been fully integrated with the technical surveillance literature. Foundational references in 
this domain included Rizzo et al. (2013), Yang et al. (2014), and Li et al. (2015) [31–33]. 

The four-tier knowledge structure revealed by the co-citation analysis, encompassing 
environmental microbiology, wastewater engineering, global surveillance, and public 
health, was consistent with the findings from the discipline co-occurrence analysis (Sec-
tion 3.5) and the keyword timeline analysis (Section 3.6). 

4. Discussion 
4.1. The Development Trajectory of the Field 

Annual publication output remained relatively limited during the early years, in-
creased after 2018, and accelerated further after 2020, as described in Section 3.1. These 
periods were defined descriptively to summarize the publication trajectory and are not 
statistically estimated structural breaks. 
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The expansion of this field likely reflects several concurrent developments. Advances 
in high-throughput sequencing have progressively increased the accessibility and analyt-
ical capacity of metagenomic research [34]. At the same time, the maturation of resistome 
databases, computational classifiers, and metagenomic analytical pipelines has enabled 
more comprehensive characterization of antimicrobial resistance determinants in complex 
wastewater communities [7,35,36]. Increasing international policy attention to environ-
mental antimicrobial resistance may also have contributed to sustained research activity 
[37]. 

The post-2020 increase coincided with the rapid expansion of wastewater-based epi-
demiology during the COVID-19 pandemic [18]. Sampling networks, laboratory work-
flows, and institutional experience developed for SARS-CoV-2 monitoring may provide a 
foundation for subsequent AMR and pathogen surveillance [38,39]. However, the biblio-
metric data cannot establish that the pandemic caused the observed growth. Wastewater 
surveillance and enteric-virus monitoring had already developed before 2020, suggesting 
that the pandemic may have accelerated an existing research trajectory rather than initi-
ated an entirely new direction. 

The findings of this study can be contextualized through comparison with several 
existing bibliometric analyses. Nizeyimana et al. [20] analyzed 176 publications on the 
impact of WWTP effluents on ARG profiles in receiving water bodies (1990–2023). Despite 
differences in scope, several findings converge: both studies identified China as the dom-
inant contributor with relatively low betweenness centrality, fragmented collaboration 
networks, and One Health as an emerging framework. The present study further docu-
ments the post-2020 acceleration in growth and the emergence of WBE. Hui et al. [21] 
analyzed 7925 publications on emerging contaminants in groundwater (1999–2024), em-
ploying a more diverse set of quantitative indicators including growth rates and trend 
factors. Both studies observed an acceleration around 2017–2018 accompanied by increas-
ing interdisciplinarity. The parallel acceleration across different environmental AMR do-
mains suggests that the trends reported in the present study are part of a wider expansion 
of environmental resistance research. Compared with the bibliometric analysis by Gar-
rido-Cardenas et al. [24], which covered wastewater metagenomics up to 2016, the present 
analysis captures a substantially different landscape. None of the ten keyword clusters 
delineated in this study were present as independent thematic clusters prior to 2016. 

4.2. Global Research Landscape and Collaboration Models 

Collaboration network analyses spanning the country, institution, and author levels 
(Sections 3.2–3.4) revealed a research landscape characterized by three structural features: 
high concentration of output in a few countries and institutions, moderately productive 
actors taking on the role of connecting different groups, and fragmentation of author col-
laboration. Similar patterns have been reported in bibliometric analyses of microplastics 
in aquatic environments and in the broader environmental AMR literature [22,26]. These 
features were consistent across the three analytical scales and carry distinct implications 
for the development of the field. 

The first feature of this landscape is concentrated output with limited international 
bridging. The dominant position of China (approximately 49% of total output) reflects 
substantial national investment in environmental AMR research, driven by high antimi-
crobial consumption rates and extensive wastewater treatment infrastructure [34]. How-
ever, China exhibited low betweenness centrality at the national level, indicating that its 
relatively limited bridging role in connecting different cooperation groups among coun-
tries [40]. The United States, the second-largest contributor, displayed similarly low be-
tweenness centrality, indicating that the pattern of high output coupled with low bridging 
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is not unique to China. Together, the two countries accounted for approximately 68% of 
total output yet contributed minimally to the structural connectivity of the network. 

The second feature is that several countries with moderate output served critical in-
termediary functions. These countries had moderate publication volumes but high be-
tweenness centrality, playing a disproportionately large role in facilitating knowledge ex-
change between otherwise loosely connected research communities. Australia, Sweden, 
Spain, India, Brazil, and Finland served as the principal nodes with high centrality in the 
network. Several of these countries maintained simultaneous collaborative ties with the 
major producers (China and the United States) and with broader European or Global 
South research communities, enabling them to function as structural intermediaries. India 
is notable both as a major research contributor and as a country bearing a high AMR bur-
den [41], demonstrating that meaningful research engagement is achievable for regions 
facing severe resistance challenges. The brokerage role of India likely reflects its concur-
rent collaborative linkages with Western research institutions and with other countries 
across Asia and Africa [42,43]. 

The third feature manifested at the institutional level, where concentration was more 
pronounced and a small number of institutions served key intermediary roles. The dom-
inance of Chinese institutions was particularly pronounced. The largest connected com-
ponent contained only approximately half of all nodes, indicating that nearly half of the 
participating institutions remained relatively isolated. Within this landscape, the Univer-
sity of Hong Kong occupied a structurally distinctive position, exhibiting the highest in-
stitutional betweenness centrality. This brokerage role reflects its interface position be-
tween the mainland Chinese research system and the international academic community, 
enabling it to serve as a node linking Chinese domestic research with European and North 
American partners. A comparable yet weaker bridging function was served by Tsinghua 
University. Outside China, the University of Gothenburg and the Technical University of 
Denmark functioned as principal European bridging nodes; the Technical University of 
Denmark was the most productive European institution. Virginia Tech was the only US 
institution among the top 15, suggesting that US contributions to this field are distributed 
across many institutions rather than concentrated in a few. 

Among the three levels, fragmentation was most pronounced in the author collabo-
ration network, with direct implications for methodological standardization. The largest 
connected component encompassed only approximately one-third of all nodes. The five 
major clusters identified in Section 3.4, centered on Zhang Tong (University of Hong 
Kong), Aarestrup (Technical University of Denmark), Pruden (Virginia Tech), Larsson 
(University of Gothenburg), and Berendonk (Technische Universität Dresden), represent 
mature research teams with distinct thematic and geographic identities. The Zhang Tong 
cluster focuses on wastewater resistome ecology and metagenomic methodology [30]; the 
Aarestrup cluster on large-scale global wastewater AMR and pathogen surveillance [10]; 
the Pruden cluster on ARG dissemination in water infrastructure systems [44]; the Larsson 
cluster on the molecular ecology of environmental AMR [2]; and the Berendonk cluster 
on European freshwater AMR monitoring. Collectively, these clusters cover a broad the-
matic scope, yet the links between them are sparse, meaning that methodological proto-
cols, analytical pipelines, and data reporting standards have largely evolved in parallel 
rather than through coordinated harmonization. 

This fragmentation carries direct practical consequences. The keyword bursts for 
“quality” and “tool” persisting through 2026 (Section 3.7) suggest that the field is begin-
ning to recognize the need for analytical standardization; however, the weak collaborative 
ties among the teams best positioned to lead this effort may impede progress. In the ab-
sence of direct collaboration or joint benchmarking exercises between major clusters, the 
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risk of methodological incompatibility will persist, potentially limiting the comparability 
of surveillance data across studies and regions. 

Africa, the Middle East, and Central Asia were weakly represented in the indexed 
corpus. This underrepresentation is particularly noteworthy given that these regions bear 
the highest AMR-attributable mortality rates globally [19], while simultaneously facing 
limited wastewater treatment infrastructure and weak antimicrobial stewardship regula-
tory capacity. The presence of South Africa in the network demonstrates that meaningful 
research engagement in an African context is achievable with targeted institutional invest-
ment and international collaborative support [38,39]; however, this remains an isolated 
case rather than a regional trend. It is important to acknowledge that this geographic dis-
parity may be partially attributable to database coverage biases, which are addressed fur-
ther in the limitations section. Bridging this gap will require targeted strategies, including 
technology transfer programs that provide sequencing infrastructure, the development of 
low-cost sampling and analytical protocols adapted to resource-limited settings, and the 
systematic inclusion of low-income country partners in global wastewater surveillance 
consortia [10,14,20]. 

4.3. Interdisciplinary Structure in This Field 

4.3.1. Disciplinary Diversity and Comparative Context 

The discipline co-occurrence (Section 3.5) and journal co-citation (Section 3.9) anal-
yses provided converging evidence that this field operates at the intersection of multiple 
disciplinary domains. This co-occurrence network contains 54 WoS subject classifications, 
spanning multiple fields such as environmental science, life science, engineering technol-
ogy, and public health. Most disciplines are connected to each other, forming a connected 
body with environmental science and microbiology as the core. This shows that this field 
has a high degree of interdisciplinary research. In recent years, computing disciplines such 
as mathematics and computational biology, and information systems have also emerged, 
but the frequency of occurrence is very low and they are still at the edge of the network. 
Compared with other bibliometric analyses, the present study identified a higher degree 
of disciplinary diversity. Sweileh and Moh’d Mansour [26], in a bibliometric analysis of 
2611 publications on environmental AMR research broadly defined (2000–2019), con-
cluded that the environmental component of AMR research is the most dynamic yet most 
neglected dimension among the three pillars of One Health. Their analysis covered soil, 
water, air, and food-related matrices but identified a narrower disciplinary distribution 
than the subject categories observed in the present study. 

The broader disciplinary coverage documented in this study likely reflects two dis-
tinctive features of wastewater metagenomic surveillance. First, the adoption of meta-
genomics as the core methodology introduces computational and bioinformatics catego-
ries that are absent from culture-based or targeted gene studies [45,46]. Second, pathogen 
monitoring has been more clearly included in the scope of research, allowing disciplines 
such as public health and infectious diseases to be more involved, which is not prominent 
in ARG research that focuses on treatment processes [1,14]. 

4.3.2. Pillar and Bridging Roles of Individual Disciplines 

Different disciplines assumed distinct pillar and bridging roles within the network. 
Environmental Sciences was the dominant disciplinary affiliation by publication volume 
and maintained high betweenness centrality, serving both as the primary outlet for re-
search output and as a key intermediary connecting other disciplines. This dominance 
was mirrored in the journal co-citation network, where the three most frequently co-cited 
journals, Water Research, Science of the Total Environment, and Environmental Science & Tech-
nology, all belong to the environmental science and engineering domain. Water Research 
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exhibited the highest betweenness centrality in the co-citation network, indicating that it 
serves as the principal conduit for knowledge flow between the environmental engineer-
ing and microbiology subcommunities. 

Microbiology was the earliest-appearing category (2010), entering the network sim-
ultaneously with Biotechnology & Applied Microbiology, and exhibited the second-high-
est betweenness centrality in the co-occurrence network. This dual characteristic of earli-
est emergence and strong bridging capacity reflects the foundational status of Microbiol-
ogy, given that metagenomics is fundamentally a microbiological methodology and anti-
microbial resistance is inherently a microbiological phenomenon [47,48]. In the journal co-
citation network, microbiology journals including Frontiers in Microbiology, Applied and En-
vironmental Microbiology, and The ISME Journal formed a distinct cluster, connected to the 
environmental cluster primarily through Water Research and Applied and Environmental Mi-
crobiology [2]. Another key structural feature is the strong bridging roles assumed by sev-
eral disciplines with relatively low publication frequencies. Ecology had the highest be-
tweenness centrality of all categories (0.78), despite a publication volume far below that 
of many technical disciplines. This bridging role may reflect the adoption of ecological 
concepts such as community assembly theory, diversity metrics, and niche differentiation 
in wastewater microbiome research [4,30,49], linking environmental monitoring studies 
with fundamental ecological theory. Biochemistry & Molecular Biology provided mecha-
nistic underpinnings for understanding horizontal gene transfer and mobile genetic ele-
ments [8], bridging descriptive surveillance studies and mechanistic molecular investiga-
tions. Public, Environmental & Occupational Health connected the environmental and 
clinical dimensions, translating wastewater surveillance data into risk assessment frame-
works. These three disciplines are not major sources of publications in this field but rather 
serve as critical conduits for knowledge flow between otherwise separated research com-
munities [25]. 

This pattern contrasts sharply with Engineering, Environmental, which exhibited the 
opposite profile: high publication frequency but extremely low bridging function. This 
suggests that engineering-oriented research focused on ARG removal through 
wastewater treatment technologies has largely developed within its own disciplinary 
boundaries, with limited knowledge exchange with the microbiological, ecological, or 
public-health components of the field. A practical consequence of this relative disciplinary 
insularity is a potential disconnect between treatment technology development and sur-
veillance-informed intervention design. Treatment research may optimize ARG removal 
without reference to surveillance data that could identify which resistance determinants 
pose the greatest public-health risks, while surveillance studies may document ARG oc-
currence without informing the engineering solutions needed for mitigation. 

4.3.3. Temporal Formation of the Interdisciplinary Structure 

The year of first appearance of each discipline in the co-occurrence network traces 
the formation pathway of the field’s interdisciplinary structure. Microbiology and Bio-
technology & Applied Microbiology appeared first (2010), reflecting the origins of culture-
independent microbiological analysis. Environmental Sciences and Ecology joined in 
2013, marking an expansion of the research agenda from microbiological characterization 
to ecosystem-scale environmental monitoring. Public, Environmental & Occupational 
Health entered in 2014, followed by Infectious Diseases in 2015, marking the initial en-
gagement of public health and clinical perspectives. Water Resources also appeared in 
2015, followed by Engineering, Chemical in 2017. This temporal sequence, progressing 
from microbiology through environmental science to public health and engineering, de-
scribes a pattern of progressive expansion outward from a microbiological core. Notably, 
Veterinary Sciences had only minimal participation, indicating that the animal health di-
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mension of the One Health framework has not yet been substantively incorporated into 
this research field, a gap discussed further in Section 4.5. 

4.3.4. Computational Infrastructure as a Fifth Dimension 

Beyond the features discussed above, computational infrastructure constitutes a fifth 
structural dimension of this field. The author co-citation analysis (Section 3.8) revealed 
that a substantial proportion of the top 20 co-cited authors are developers of bioinformat-
ics tools. The journal co-citation network further corroborated this finding, with Bioinfor-
matics and Nucleic Acids Research ranking among the top 10 co-cited journals. The high 
betweenness centrality of Nucleic Acids Research reflects its role as the primary publication 
venue for reference databases such as CARD and NCBI resources, which are cited across 
all disciplinary subcommunities. Together, these observations indicate that computational 
science constitutes a fifth structural dimension of the field, one not encompassed by the 
conventional four research domains (environmental science, microbiology, engineering, 
and public health) yet indispensable to its development. The field’s reliance on external 
computational infrastructure is noteworthy. Wastewater metagenomic monitoring is 
largely built on general and specialized bioinformatics tools and databases [50,51], so the 
update and maintenance status of these tools and databases may affect the analytical ca-
pabilities of future monitoring. 

4.4. Core Research Topics in This Field 

The keyword clusters identified in Section 3.6 were interpreted at a broader concep-
tual level to avoid overemphasizing differences among semantically overlapping labels. 
These clusters can be synthesized into five major research directions, which collectively 
describe the evolution of wastewater metagenomic research from environmental charac-
terization toward broader surveillance and public-health applications. 

The first direction concerns the detection and characterization of antibiotic resistance 
determinants in wastewater systems. This foundational theme is represented primarily by 
ARG-related clusters, including Cluster #0 and Cluster #7. Although some ARG-related 
labels showed lexical overlap, they collectively reflect the early development of 
wastewater resistome research, particularly the identification and distribution of re-
sistance genes in wastewater treatment systems. Cluster #7 is the earliest-forming the-
matic group in the network, reflecting the field’s origins in ARG surveys within activated 
sludge and sewage treatment processes. The reference co-citation analysis (Section 3.10) 
identified corresponding foundational works, including Yang et al. 2014 [33], Li et al. 2015 
[31], and Guo et al. 2017 [7], which established the early framework for applying meta-
genomic approaches to wastewater resistome analysis. The continued activity of Clusters 
#0 and #7 through 2026 on the timeline map (Figure 9) indicates that ARG characterization 
remains a sustained research activity even as the field broadens, providing the descriptive 
foundation for all subsequent directions. Recent studies continue to extend this descrip-
tive foundation; for example, municipal-scale shotgun metagenomics across Latvian cities 
resolved geographically structured urban resistome profiles shaped by local industrial 
and healthcare inputs [52]. 

The second direction addresses the fate of ARGs during wastewater treatment. Clus-
ters #6 and #9 represent the engineering dimension of the field, investigating whether and 
how treatment processes reduce ARG loads in wastewater and sludge. Cluster-defining 
terms include anaerobic digestion, activated carbon, constructed wetlands, and pharma-
ceutical wastewater, reflecting the evaluation of diverse treatment technologies for ARG 
removal. The presence of “454 pyrosequencing” in Cluster #9 is noteworthy as a marker 
of early sequencing technology, confirming that this direction was already established be-
fore the widespread adoption of shotgun metagenomics. This direction is directly linked 
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to the discipline co-occurrence finding in Section 3.5 that Engineering, Environmental had 
high publication frequency but extremely low betweenness centrality. The combination 
of active treatment-oriented research themes with disciplinary insularity suggests that en-
gineering research directed toward ARGs removal has developed somewhat inde-
pendently of the microbiological and public-health components of the field, representing 
an opportunity for enhanced cross-disciplinary integration. 

The third direction involves the monitoring of wastewater from specific high-risk 
sources. Clusters #1 and #3 mark a shift from general wastewater studies to targeted mon-
itoring of specific high-risk sources. Hospital wastewater has received particular attention 
because it concentrates antimicrobial residues, multidrug-resistant bacteria, and patients 
undergoing antimicrobial therapy, conditions that select for and amplify resistance [34], 
and gene flow is frequently observed in sewage from different buildings of hospital [53]. 
Most ARGs could not be significantly removed by chlorination treatment in the hospital 
wastewater treatment system [54]. The inclusion of livestock-related terms in Cluster #3 
extends the surveillance scope to agricultural sources. Cluster #8 adds a further dimension 
to this direction by documenting the co-occurrence of ARGs and heavy metal resistance 
genes in sludge, pointing to co-selection mechanisms whereby heavy metal contamination 
may indirectly promote antibiotic resistance even in the absence of direct antimicrobial 
pressure [55,56]. This co-selection phenomenon carries broader implications for treatment 
design, as it suggests that effective AMR mitigation may require simultaneously address-
ing antimicrobial residues and co-selective agents such as heavy metals and biocides [57–
59]. 

The fourth direction encompasses methodological expansion and broadening of the 
analytical scope. Clusters #5, together with related ARG- and pathogen-associated clusters, 
represent the evolving methodological toolkit of the field. The defining terms of these 
clusters include viral metagenomics, virulence factors, bacteriophages, and VRE (vanco-
mycin-resistant enterococci), indicating a clear expansion of the analytical scope beyond 
bacterial resistance genes. The inclusion of viral metagenomics reflects a growing recog-
nition that bacteriophages serve as vehicles for horizontal ARG transfer, and that viral 
communities in wastewater carry functional information relevant to pathogen surveil-
lance [60–62]. The co-occurrence of “virulence factors” alongside resistance gene terms 
marks an important conceptual shift: from merely monitoring whether ARGs are present 
in wastewater to asking whether those ARGs are carried by microorganisms with patho-
genic potential. Recent comparative-genomic work illustrates this pathogen-centered 
shift, showing that carbapenemase-producing Enterobacterales recovered from 
wastewater can be genetically near-identical to isolates from national clinical surveillance, 
including Escherichia coli and Klebsiella pneumoniae that share highly homologous car-
bapenemase-carrying plasmids across wastewater and clinical sources [63].This expan-
sion is underpinned by the computational infrastructure documented in the co-citation 
analysis (Section 3.10), in which the CARD database [45] and the ARGs-OAP analytical 
pipeline [51] have become foundational to the field’s methodological capacity. 

The fifth direction concerns One Health integration and public-health orientation. 
Cluster #2 is the latest-forming thematic group, encompassing wastewater surveillance, 
emerging contaminants, and the One Health framework. The keyword data reveal a pro-
gressive expansion of risk characterization scope across the five directions: from individ-
ual ARGs in activated sludge, through the resistome concept as an integrated analytical 
unit, to virulence factors and specific clinically relevant pathogens such as Klebsiella pneu-
moniae and VRE. This progression represents a significant shift in the field’s risk assess-
ment framework, from documenting the environmental presence of resistance determi-
nants toward evaluating their clinical relevance, an evolution consistent with the broader 
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transformation from environmental characterization to public-health surveillance dis-
cussed in detail in Section 4.5 [64–66]. 

The alignment between the five research directions identified through data-driven 
keyword clustering and the priority areas recognized by international policy frameworks 
provides an external reference point for these findings. The United Nations Environment 
Programme report Bracing for Superbugs [67] identified three sectors requiring priority en-
vironmental interventions for AMR containment: wastewater and sewage management, 
pharmaceutical manufacturing, and agricultural production. The first and third of these 
correspond directly to the thematic clusters documented in this study: Clusters #1 and #6 
address wastewater-related issues, while Cluster #3 incorporates livestock sources. This 
comparison reveals a notable gap: pharmaceutical manufacturing wastewater does not 
appear as a distinct research theme in the keyword network, despite the UNEP report 
emphasizing it as a major point source of AMR selection pressure. This omission may 
partly reflect the geographic concentration of pharmaceutical manufacturing, particularly 
antibiotic API and intermediate production, in a limited number of countries [68,69], re-
sulting in publication volumes below the threshold for cluster formation in this dataset; 
nevertheless, it highlights a research area where the current literature has not yet matched 
the urgency articulated by policy. 

Because LLR labels are generated algorithmically and may contain lexical redun-
dancy, cluster identities were interpreted based on their overall keyword composition ra-
ther than individual labels alone. The keyword clusters should be regarded as computa-
tionally derived groupings rather than predefined biological categories. Therefore, se-
mantically overlapping clusters, particularly those related to ARG terminology, were in-
terpreted together at the broader thematic level. This conservative interpretation reduces 
the influence of keyword-level redundancy on the identification of major research direc-
tions. 

4.5. Emerging Shift in Research Emphasis from Environmental Characterization to Public-
Health Surveillance 

The bibliometric patterns identified in this study are consistent with a gradual change 
in research emphasis. Earlier literature focused predominantly on ARG occurrence, acti-
vated sludge, treatment processes, and removal efficiency, whereas more recent publica-
tions increasingly incorporate wastewater surveillance, One Health, public health, risk as-
sessment, and clinically relevant pathogens. 

Similar broadening is visible in the category and co-citation networks, where public-
health and infectious-disease perspectives occur alongside the established environmental 
science and microbiology domains. Wastewater studies have increasingly examined 
whether detected resistance determinants are mobile, associated with pathogenic hosts, 
or relevant to population-level surveillance [9,17,49]. These associations indicate increas-
ing conceptual engagement across fields, but category co-occurrence and bibliometric cen-
trality cannot demonstrate that clinical, veterinary, and environmental surveillance sys-
tems are operationally connected. 

The expansion of wastewater-based epidemiology during the COVID-19 pandemic 
coincided with the increased visibility of surveillance-oriented research [70,71]. Infra-
structure established for SARS-CoV-2 monitoring may provide a foundation for AMR sur-
veillance, including routine sampling networks, nucleic-acid analysis, reporting systems, 
and communication between laboratories and public-health agencies. Nevertheless, the 
present analysis cannot establish a causal effect of the pandemic or confirm that such in-
frastructure has been routinely repurposed for AMR surveillance. 

However, public-health-oriented terminology remains less prominent than environ-
mental and treatment-oriented research. The current evidence therefore supports an 
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emerging orientation toward health applications, while indicating that operational inte-
gration, prospective validation, and decision-making use remain limited. Direct evidence 
from surveillance programs, policy records, clinical datasets, and implementation evalu-
ations is required before operational public-health integration can be demonstrated. The 
keyword burst analysis (Section 3.7) reinforces this assessment: “one health,” “wastewater 
surveillance,” and “public health” are all absent from the top 25 burst keywords. The 
growth of these concepts has been gradual rather than explosive, which explains why the 
Kleinberg algorithm did not flag them, and also implies that they have not yet generated 
the concentrated attention characteristic of a mature research front [72]. 

4.6. Research Gaps and Future Directions 

The bibliometric patterns documented in Sections 3.1–3.10 and interpreted in Sec-
tions 4.1–4.5 collectively point to the intersection of the field’s current developmental tra-
jectory and identifiable knowledge gaps. These frontiers span three levels: improvements 
to the methodological infrastructure, the establishment of translational frameworks link-
ing environmental data to health outcomes, and the structural conditions necessary to 
sustain progress on both. 

4.6.1. Methodological Frontiers 

At the methodological level, the most pressing priority is analytical standardization. 
The keyword bursts for “quality” and “tool” both persist through 2026 (Section 3.7). These 
keywords are themselves broad and the associated interpretation is preliminary; however, 
their continued presence may indicate that the field is beginning to confront a challenge 
deferred by rapid growth: the lack of widely accepted standardized protocols for core 
steps in wastewater metagenomic analysis. Compared with other metagenomic matrices, 
wastewater presents particular standardization challenges, including high concentrations 
of PCR inhibitors, extremely high microbial diversity, large inter-sample variability, and 
the need to capture both chromosomal and extrachromosomal resistance determinants 
simultaneously [73,74]. Substantive progress will require the development of reference 
materials matched to wastewater matrices [75], interlaboratory comparisons to quantify 
variation across laboratories in DNA extraction recovery and bioinformatic taxonomic 
classification [76], and the progressive adoption by the field of standardized, shared, ver-
sion-controlled, and fully parameterized analytical pipelines [13]. The fragmented struc-
ture of the author collaboration network, in which the five major clusters operate largely 
independently (Section 3.4), indicates that such harmonization has not yet materialized 
and will require deliberate multi-team coordination, for example through international 
collaborative mechanisms modeled on clinical metagenomics benchmarking consortia 
[77]. 

The second methodological frontier is the integration of long-read sequencing into 
surveillance workflows. The keyword analysis documents a progressive shift in analytical 
targets: from individual ARGs, to whole-resistome profiling, to characterization of mobile 
genetic elements and virulence factor assessment. This shift toward element-level and 
strain-level resolution creates technical demands that short-read sequencing cannot fully 
meet. 

Determining whether a detected ARG resides on a transferable plasmid within a 
pathogenic host requires contiguous sequence assembly spanning tens to hundreds of 
kilobases. Platforms such as Oxford Nanopore and PacBio are now capable of delivering 
this capacity from complex metagenomic samples [78]. The portability of nanopore de-
vices offers the possibility of deployment in resource-limited settings where the participa-
tion gaps documented in Section 3.2 are most acute [79]. 
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The appearance of “artificial intelligence” within the “one health” keyword cluster 
(Section 3.6) marks a third methodological frontier. In the specific context of wastewater 
AMR surveillance, the applications most likely to generate impact are those that address 
bottlenecks particular to this field, including inferring the transferability and host range 
of resistance determinants from genomic context, detecting anomalous resistome shifts in 
longitudinal monitoring data that may precede clinically observable changes, and inte-
grating metagenomic, chemical, and epidemiological data streams into composite risk in-
dicators [21]. Realizing these applications will depend on the accumulation of large, cu-
rated wastewater metagenomic datasets; the field is progressing toward the required scale 
and standardization, but has not yet arrived. Global sewage resistance surveillance has 
expanded to over one hundred countries [10], while at the same time, harmonized meth-
ods for aquatic environmental resistance monitoring are still being developed through 
consensus frameworks [80]. 

4.6.2. Translational Priorities 

At the translational level, the environment-to-public-health translational gap identi-
fied in Section 4.5 points to two research needs. The first is a quantitative risk assessment 
framework capable of bridging the distance between metagenomic detection and health 
outcome estimation. Such a framework must address a series of interconnected questions: 
Is the detected ARG carried by a mobile genetic element with demonstrated transfer ca-
pacity? Does the host microorganism carry functional virulence determinants? Through 
which exposure pathways can wastewater-borne resistance reach human populations? 
What proportion of the clinical resistance burden is attributable to the wastewater path-
way relative to other transmission routes? Existing risk assessment frameworks address 
individual steps in this process, but no integrated model links metagenomic surveillance 
outputs to quantitative health risk estimates covering all pathways [2]. 

The second priority is a transition from cross-sectional characterization to longitudi-
nal surveillance designs. The appearance of “surveillance” and “wastewater-based epide-
miology” in the keyword timeline (Section 3.6) reflects a growing recognition of this need. 
The keyword burst for “water” persisting through 2026 (Section 3.7) is broad in scope but 
may also indicate an expansion of monitoring coverage from wastewater treatment facil-
ities to broader water environments, including surface water, drinking water sources, and 
water reuse systems [81,82]. 

To bridge the translational gap, future research should move beyond cross-sectional 
detection and adopt prospective, multi-site longitudinal designs that pair wastewater 
metagenomic measurements with contemporaneous clinical AMR data, antimicrobial 
consumption records, and veterinary surveillance. Methodological priorities include 
standardized sampling and bioinformatic workflows, reliable assignment of ARGs to mi-
crobial hosts and mobile genetic elements, and quantitative risk models that integrate 
ARG abundance, mobility, virulence potential, exposure pathways, and health outcomes. 
Translation into practice will further require researchers and public-health agencies to 
jointly define alert thresholds, reporting intervals, and response protocols. These ap-
proaches should then be evaluated prospectively to determine whether wastewater-de-
rived signals improve the timeliness, targeting, or effectiveness of public-health interven-
tions. 

4.6.3. Structural Conditions for Sustained Progress 

At the structural level, two systemic conditions will determine the field’s capacity to 
advance along the frontiers outlined above. The first is globally equitable participation. 
The geographic gaps documented in Section 3.2, particularly the near-absence of sub-Sa-
haran Africa, the Middle East, and Central Asia from the research landscape, limit the 
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global representativeness of surveillance data and exclude the populations bearing the 
heaviest AMR burden [19]. Global wastewater surveillance initiatives have demonstrated 
that multi-country inclusion is operationally feasible [10,14], but extending coverage to 
underrepresented regions will require technology transfer, simplified field-deployable 
protocols, and open access data platforms enabling monitoring sites to benchmark their 
results against international baselines. 

The second condition is the operational implementation of One Health surveillance 
networks. The bibliometric evidence on the current state is unambiguous: Veterinary Sci-
ences contributed only approximately 4 publications to this field (Section 3.5); no scholars 
from clinical epidemiology or veterinary medicine appear in the author co-citation net-
work (Section 3.8); and the most prominent public health reference in the co-citation net-
work occupies a position of structural isolation (Section 3.10). Moving from conceptual 
integration to operational implementation will require institutional arrangements that 
routinely connect wastewater metagenomic surveillance outputs with clinical AMR sur-
veillance databases, veterinary resistance monitoring systems, antimicrobial consumption 
registries, and public-health decision platforms. Future studies should not only evaluate 
whether wastewater signals correlate with clinical resistance trends, but also determine 
how these signals can be incorporated into early-warning systems, intervention prioriti-
zation, and resource allocation strategies. The infrastructure established during the 
COVID-19 pandemic for SARS-CoV-2 wastewater monitoring provides a starting point, 
but redirecting it toward integrated AMR and pathogen surveillance will require sus-
tained cross-sectoral governance extending well beyond the research community itself 
[20]. 

Beyond generating surveillance data, future research should evaluate the implemen-
tation performance of wastewater-based AMR surveillance systems. Such evaluations 
should examine whether metagenomic indicators provide timely information beyond ex-
isting clinical surveillance approaches, whether they improve detection of emerging re-
sistance threats, and whether they lead to measurable improvements in public-health re-
sponses. Establishing this evidence base will be essential for transforming wastewater 
metagenomics from a research-oriented monitoring approach into an operational compo-
nent of One Health surveillance systems. 

4.7. Limitations 

This study has several limitations: 
First, the data were drawn exclusively from the WoS CC, which is biased toward 

English-language international journals and has limited coverage of local journals in Af-
rica and parts of Asia. The exclusion of non-English publications, together with the Eng-
lish-language indexing profile of the WoS CC, may have underrepresented locally pub-
lished research from some regions. Although only one non-English record was excluded 
from the retrieved dataset, language restrictions may interact with database coverage and 
affect geographical representation. Therefore, the geographical patterns reported in this 
study describe the indexed English-language literature and should not be interpreted as 
a complete measure of regional research activity or research capacity. The future studies 
should incorporate Scopus, PubMed, or regional databases for verification. 

Second, only CiteSpace was used for the analysis; although the high modularity and 
silhouette values indicate well-defined clusters with clear inter-cluster differentiation, 
cross-validation using VOSviewer or Bibliometrix would provide an additional robust-
ness check. 

Third, the 2026 data are incomplete, with the search conducted up to 22 May. Records 
from 2026 were included in co-occurrence and co-citation network construction to pre-
serve the most recent network topology, but excluded from annual publication growth-
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rate calculations and phase delineation analyses. Consequently, keyword bursts extend-
ing into 2026 are partially based on incomplete data, and their persistence awaits confir-
mation with a complete annual dataset. 

Fourth, the keyword analysis relies on author-assigned keywords, which may con-
tain terminological inconsistencies. Although such variations were considered conserva-
tively during interpretation, incomplete keyword harmonization before network con-
struction may have influenced the representation of individual keyword nodes and clus-
ter boundaries. 

Fifth, bibliometric analysis is a quantitative mapping approach that cannot substitute 
for systematic reviews or experimental validation, nor can it capture knowledge exchange 
occurring through preprints and informal channels. 

Sixth, Author keywords were retained in the forms indexed by the WoS CC. Conse-
quently, lexical variants, including singular and plural forms and alternative spellings 
such as “waste water” and “wastewater”, may have been represented as separate nodes, 
potentially fragmenting term frequencies and local co-occurrence patterns. LLR labels 
were therefore interpreted conservatively, and semantically overlapping ARG- and 
wastewater-related terms were synthesized at the broader thematic level rather than 
treated as independent research directions. Future updates should apply an a priori key-
word thesaurus and report a sensitivity analysis based on harmonized terms. 

Seventh, the division of the publication trajectory into three periods was descriptive 
and was not validated using segmented regression or structural break testing. The rela-
tively short series of complete annual observations, particularly the three-year intermedi-
ate period, would make a two-breakpoint model sensitive to individual-year variation. 
Future studies based on a longer and fully completed time series should test temporal 
changes using formal change-point methods appropriate for publication-count data. 

Eighth, author and institution disambiguation may be incomplete. Variations in ini-
tials, name order, institutional abbreviations, mergers, and affiliation changes may split 
the same entity across multiple nodes or combine distinct entities with similar names. 
Although the records and leading nodes were manually checked, residual disambiguation 
errors cannot be excluded. 

Lastly, the bibliometric analysis was not validated against external clinical surveil-
lance databases, wastewater-monitoring programs, policy implementation records, or 
public-health intervention datasets. Consequently, the emergence and co-occurrence of 
public-health and One Health terminology should not be interpreted as evidence that op-
erational integration has already occurred or that wastewater metagenomic surveillance 
has produced measurable health outcomes. 

5. Conclusions 
This study performed a systematic bibliometric analysis of 1161 publications from 

the Web of Science Core Collection, using CiteSpace to map research on metagenomic 
surveillance of AMR and pathogenic microorganisms in wastewater systems from 2010 to 
2026. 

The field has undergone substantial growth, transitioning from an initial exploratory 
phase centered on ARG detection in activated sludge to a phase of rapid expansion in 
which over 70% of total output is concentrated in the most recent five years. This growth 
trajectory reflects the combined effects of declining sequencing costs, maturation of bioin-
formatics infrastructure, increased international policy attention to environmental AMR, 
and the expansion of wastewater-based epidemiological surveillance following the 
COVID-19 pandemic. 

The thematic landscape has progressively broadened from foundational studies on 
specific resistance types and treatment processes to encompass resistome profiling, viru-
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lence factor analysis, pathogen surveillance, and integration of wastewater monitoring 
with the One Health framework. Keyword timeline and cluster analyses indicate that this 
transformation is underway but remains in its early stages, with the environmental sci-
ence dimension considerably more mature than its public-health counterpart. The intel-
lectual base of the field rests on three pillars: global wastewater surveillance empirical 
studies, bioinformatics tools and resistance gene databases, and foundational work on 
ARG ecology in wastewater systems. Current research attention is focused on analytical 
quality, computational tool development, and broader water environment surveillance. 

Collaboration network analyses revealed concentrated output dominated by China 
and the United States with limited international bridging, fragmented partnerships at the 
institutional and author levels, and a pronounced underrepresentation of the Global 
South. Addressing these structural imbalances, together with the standardization of met-
agenomic surveillance protocols, the integration of metagenomic data with epidemiolog-
ical and clinical datasets, the development of quantitative risk assessment frameworks, 
and the establishment of transnational data-sharing platforms, will be essential for trans-
forming wastewater metagenomic surveillance from an environmental characterization 
tool into an operational component of public-health early-warning systems. Collectively, 
the bibliometric map presented here provides a strategic reference for prioritizing the 
methodological, translational, and structural investments needed to turn wastewater met-
agenomic surveillance into an actionable instrument against antimicrobial resistance. 
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