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Abstract 

Biomonitoring has been transformed by high-throughput sequencing from morphology-based 

indices to scalable molecular inventories, yet monitoring has remained dominated by taxa lists. In 

this Perspective, Biomonitoring 3.0 is proposed as interaction-ready, time-resolved ecosystem 

monitoring, with environmental RNA positioned as a complementary layer through which more 

recent biological activity and context-dependent responses can often be reported. An inference ladder 

is introduced to grade interaction evidence from co-occurrence patterns to coupled signal–response 

dynamics and, where feasible, ecosystem-level consequences. Field designs are outlined in which 

time-lagged series, paired sampling of signal sources and putative recipients, and carrier-aware 

handling of extracellular RNA are emphasized to reduce legacy detection and strengthen attribution. 

Minimum reporting elements are recommended to support cross-study synthesis and benchmarking. 

The “3.0” designation is justified as a third step beyond Biomonitoring 2.0 inventories: monitoring is 

redirected from static membership toward dynamics and feedbacks that govern ecosystem function 

and decision-relevant change. A pragmatic agenda is provided for converting environmental nucleic 

acids into interaction indicators rather than presence records. 

Keywords: biomonitoring 3.0; environmental RNA; interaction-ready monitoring; time-resolved 

ecosystem dynamics; environmental transcriptomics; ecological networks; cross-kingdom 

interactions  

 

1. Introduction: Why Biomonitoring 3.0 Now  

Ecosystem condition has traditionally been inferred from standardized field sampling of 

indicator assemblages and the scoring of biotic indices based on morphology-driven identifications 

(Haase, Pauls, Schindehütte, & Sundermann, 2010; Pawlowski et al., 2018; Simaika et al., 2024). 

Persistent limitations have been documented in cross-program harmonization, quality assurance, 

and long-term comparability, and substantial error has been traced to sample processing and 

taxonomic identification steps (Haase et al., 2010; Simaika et al., 2024). As a result, routine 

bioassessment has often been constrained by limited taxonomic capacity, delayed reporting, and 

reduced sensitivity to rapid or subtle ecological change (Haase et al., 2010; Pawlowski et al., 2018; 

Simaika et al., 2024). 

A major inflection point has been created by high-throughput sequencing and DNA-based 

identification, through which the “taxonomic bottleneck” has been targeted at scale (Baird & 

Hajibabaei, 2012; Taberlet, Coissac, Pompanon, Brochmann, & Willerslev, 2012). Biomonitoring 2.0 

was articulated as a paradigm in which DNA-based identification is coupled to next-generation 

sequencing to increase the information extracted from routine biomonitoring samples while reducing 

reliance on scarce taxonomic expertise (Baird & Hajibabaei, 2012). In parallel, DNA metabarcoding 

has been advanced as a general approach for multi-taxon identification from bulk and environmental 

samples, while being explicitly framed as dependent on marker choice, reference databases, and 
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workflow standardization (Pawlowski, Apothéloz-Perret-Gentil, & Altermatt, 2020; Pawlowski, 

Bonin, Boyer, Cordier, & Taberlet, 2021; Taberlet et al., 2012). In the decade since that framing, 

molecular biomonitoring has been expanded from pilot studies to coordinated applications, while 

methodological heterogeneity, interpretation limits, and transparency of reporting have remained 

recurring constraints on uptake and synthesis (Blackman et al., 2024; Pawlowski et al., 2020, 2021). 

Despite this maturation, molecular monitoring has frequently remained dominated by taxa-by-

sample inventories and status-class assignment derived primarily from community membership 

(Blackman et al., 2024; Pawlowski et al., 2020, 2021, 2018). Ecological attribution has also been 

complicated by the breadth of “environmental DNA” as a term, which has been shown to encompass 

multiple biological sources, transport pathways, and mixtures of intracellular and extracellular DNA 

across the tree of life (Blackman et al., 2024; Pawlowski et al., 2020). Legacy signal and transport-

mediated detection have therefore been treated as practical challenges for site-specific inference, 

particularly when short time windows or near-real-time interpretation are required (Blackman et al., 

2024; Pawlowski et al., 2020). As one response, combined DNA/RNA measurements have been 

explored to improve temporal localization and to distinguish living or recently active components of 

biodiversity signals (Kagzi, Hechler, Fussmann, & Cristescu, 2022; Klymus et al., 2024; Littlefair, 

Rennie, & Cristescu, 2022; Marshall, Vanderploeg, & Chaganti, 2021; Yates, Derry, & Cristescu, 2021). 

A further limitation has been imposed by the weak mechanistic link between inventories and 

ecosystem function: change has often been mediated through altered species interactions, and early 

disturbance has frequently been expressed as shifts in interaction structure or interaction loss before 

consistent species turnover is observed (Delmas et al., 2019; Tylianakis, Didham, Bascompte, & 

Wardle, 2008; Valiente-Banuet et al., 2015). Ecological network analysis has been established as a 

framework for formalizing interaction structure and comparing community organization across 

contexts (Delmas et al., 2019). However, routine translation from molecular inventories to interaction 

inference has remained non-trivial, and “next-generation biomonitoring” concepts based on network 

reconstruction have been accompanied by explicit cautions regarding spurious links, sensitivity to 

sampling design, and interpretability of inferred edges (Barroso-Bergadà et al., 2021). 

Environmental RNA has increasingly been positioned as a complementary layer through which 

monitoring can be shifted toward shorter time scales and closer coupling to biological state (Yates et 

al., 2021). Faster decay of environmental RNA relative to environmental DNA has been quantified 

across a broad pH gradient, supporting more time-local inference in many (though not all) contexts 

(Kagzi et al., 2022). In addition, joint RNA/DNA dynamics have been shown to change predictably 

during degradation in controlled experiments, and eRNA:eDNA ratios have been proposed as one 

route to estimate the age or recentness of environmental nucleic acids under defined conditions 

(Marshall et al., 2021). Beyond recency, environmental transcriptomics has been demonstrated to 

recover gene expression responses of macroorganisms and communities from extra-organismal 

RNA, including in controlled exposures and mesocosm settings designed to emulate environmental 

change (He et al., 2025; Hechler, Yates, Chain, & Cristescu, 2023; Hiki, Yamagishi, & Yamamoto, 2023; 

Kagzi et al., 2022). 

On this basis, Biomonitoring 3.0 is proposed here as the step in which monitoring is redirected 

from taxa lists toward interaction-ready, time-resolved ecosystem monitoring, enabled by integrating 

environmental RNA–based activity and response readouts with established DNA-based inventories 

and cautious network-oriented inference (Abdala-Roberts et al., 2025; Barroso-Bergadà et al., 2021; 

Delmas et al., 2019; Yates et al., 2021). The “3.0” designation is intended to mirror the earlier 2.0 

framing while marking a distinct monitoring object—ecosystem dynamics and interaction state—

rather than a further scaling of taxon enumeration alone (Baird & Hajibabaei, 2012; Barroso-Bergadà 

et al., 2021; He et al., 2025; Hechler et al., 2023; Hiki et al., 2023). A practical prerequisite for this shift 

is indicated by the growing emphasis on minimum-information reporting for environmental 

metabarcoding, through which cross-study synthesis and benchmarking are supported and 

interaction claims can be evaluated on reproducible evidence tiers rather than on terminology 

(Klymus et al., 2024). 
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2. From Taxa Lists to Interaction-Ready Inference: What Changes in 3.0  

Three distinct monitoring “targets” have typically been pursued with molecular data: 

community membership (taxa lists), community function (genes/transcripts and associated 

pathways), and community structure as an interaction system (who is linked to whom, and how those 

links shift) (Cordier et al., 2021). A practical classification of implementation strategies has already 

been formalized in environmental genomics, where taxonomy-based inventories, de novo indicator 

discovery, structural community metrics (including inferred ecological networks), and functional 

community metrics (metagenomics or metatranscriptomics) have been treated as separable routes to 

ecological diagnosis (Cordier et al., 2021). Under this framing, the conceptual shift proposed for 

biomonitoring 3.0 has been expressed as a change in the primary object of inference—from static 

membership toward interaction state and short-timescale dynamics—while being kept compatible 

with existing inventory-based workflows (Bohan et al., 2017; Cordier et al., 2021). 

The motivation for privileging interactions has been supported by long-standing ecological 

reasoning: ecosystem change is frequently mediated through altered trophic, competitive, 

mutualistic, or parasitic relationships rather than through immediate extirpations, and management 

leverage is often exerted through the rewiring of those relationships (Abdala-Roberts et al., 2025; 

Delmas et al., 2019). Ecological network analysis has therefore been promoted as a mechanistic 

scaffold for describing community organization and for quantifying changes in ecosystem structure 

in ways that cannot be recovered from unlinked taxa lists alone (Delmas et al., 2019). A monitoring 

vision has even been articulated in which nucleic acids sampled from environments are used—

together with automated analytics—to reconstruct ecological interaction networks at broad spatial 

and temporal scale (Bohan et al., 2017). Within “next-generation biomonitoring” agendas, network 

reconstruction from sequencing data has been positioned as a route to earlier and more generalizable 

detection of ecosystem change than would be achieved by indicator taxa alone (Makiola et al., 2020). 

At the same time, interaction inference from routine molecular inventories has been shown to 

be scientifically fragile unless the limits of observational data are treated explicitly. Co-occurrence 

patterns have been demonstrated to be an unreliable proxy for ecological interaction when 

confounding processes (shared habitat preference, sampling artifacts, indirect effects, 

compositionality, and detectability) are present (Blanchet, Cazelles, & Gravel, 2020). In a targeted 

examination of network inference for biomonitoring, strengths have been acknowledged (scalability 

and sensitivity), but spurious edges, instability to sampling design, and ambiguous ecological 

meaning have been emphasized as central pitfalls (Barroso-Bergadà et al., 2021). Related caution has 

been raised for metabarcoding generally, where robust experimental design has been argued to be 

essential for sound ecological inference, particularly when complex conclusions (including network 

claims) are drawn from amplicon data (Zinger et al., 2019). Even when more structured statistical 

approaches are used, limits have been quantified: joint species distribution models have been shown 

to detect some interaction types under simulation but to fail for predator–prey interactions under 

conditions where residual correlation does not map cleanly to interaction coefficients (Zurell, Pollock, 

& Thuiller, 2018). Interaction-ready inference has therefore been best viewed as a design goal rather 

than as a default output of metabarcoding. In this article, the term has been used to denote monitoring 

programs in which sampling, metadata, and analysis are configured so that interaction hypotheses 

can be tested and graded rather than merely suggested by correlation. This goal has been approached 

in the literature through at least three complementary strategies. 

First, time-series and replicated sampling have been used to constrain interaction inference by 

requiring temporal coherence and repeated edge recovery. In a high-impact example, eDNA time-

series in a marine system have been used to infer seasonal shifts and putative interactions (including 

expected trophic linkages) across domains of life, with network patterns interpreted alongside 

environmental variables and community turnover (Djurhuus et al., 2020). Such work has illustrated 

both the promise and the vulnerability of network interpretation: dynamic structure has been 

detected, but mechanistic directionality has remained dependent on external knowledge and 

validation (Djurhuus et al., 2020). Second, metaweb and trait- or literature-informed constraints have 
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been used to translate inventories into plausible interaction structure. In marine settings, rapid 

reconstruction of food webs from eDNA-derived inventories has been operationalized by combining 

molecular detections with curated trophic information, thereby turning taxa lists into potential 

networks that can be summarized by network indicators (D’Alessandro & Mariani, 2021; Marie-Anne 

Le Guen et al., 2025). Recent work has explicitly formalized this approach for ecosystem-health 

assessment by deriving food-web indicators (e.g., connectivity and redundancy) from food webs 

reconstructed using eDNA (Marie-Anne Le Guen et al., 2025). In a closely related direction, co-

occurrence networks derived from eDNA have been evaluated against food-web expectations and 

metaweb information in a coastal marine system, with support reported for recovering some 

expected links while underscoring the need for careful validation and interpretation (Boyse et al., 

2025). 

Third, interaction evidence has been strengthened by sampling designs that directly encode 

interactions, rather than inferring them from shared presence. Diet metabarcoding and related 

molecular approaches have been used to parameterize trophic links and even energetic food-web 

models, with DNA-based feeding selectivity being integrated into energy-flux estimation (Novotny 

et al., 2023; Pompanon et al., 2012). For mutualistic networks, pollen DNA metabarcoding has been 

used to reconstruct plant–pollinator interaction networks and has been shown to reveal cryptic 

diversity and high spatial turnover in interactions, with “rewiring” quantified across habitats 

(Encinas-Viso et al., 2023). These interaction-explicit channels have been particularly useful because 

link meaning is less ambiguous than in co-occurrence graphs, even though quantitative biases and 

reference-database dependence have still required explicit handling (Deagle et al., 2019; Novotny et 

al., 2023; Zinger et al., 2019). 

Taken together, these strands have suggested that the practical distinction between 

biomonitoring 2.0 and 3.0 is not an incremental increase in the number of taxa detected, but a change 

in what is treated as the core monitoring output. In biomonitoring 3.0, inventories are not discarded; 

instead, they are used as scaffolding onto which interaction-explicit data streams, network 

constraints, and replicated temporal designs are layered so that ecosystem change can be tracked as 

a shift in links and feedbacks rather than only as a shift in membership (Barroso-Bergadà et al., 2021; 

Bohan et al., 2017; Cordier et al., 2021; Makiola et al., 2020; Zinger et al., 2019). The role of 

environmental RNA in making these outputs more time-resolved (and, in some contexts, more 

closely tied to biological activity) is introduced in the next section to avoid conflating interaction 

inference with molecule choice (Cordier et al., 2021). 

3. Environmental RNA as a Time-Resolved Layer: From Presence to Activity and 

Response 

Environmental RNA (eRNA) has been positioned as an extension of environmental nucleic-acid 

monitoring in which signal recency and biological state are emphasized rather than treated as 

secondary interpretation issues (Yates et al., 2021). A conceptual distinction has been drawn between 

the broad detectability of environmental DNA (eDNA) and the shorter persistence and state-coupling 

that are often expected for RNA templates, with the latter being framed as a route to more temporally 

local inference when rapid ecological change is of concern (Yates et al., 2021). Empirical support for 

“time-resolved” inference has been strengthened by comparative decay experiments in which faster 

loss of eRNA than eDNA has been quantified under controlled conditions (Kagzi et al., 2022). Across 

a broad pH gradient, detectability windows were reported to be far shorter for eRNA than for eDNA 

when modeled as exponential decay, with eRNA detectability predicted to extend up to ~57 h (in that 

experiment) rather than weeks to months, while eDNA detectability was predicted to extend up to 

~143 days under the conditions tested (Kagzi et al., 2022). Field-relevant mesocosm work has further 

shown that the rate contrast between eRNA and eDNA can persist under complex community 

settings and across multiple genetic markers, while also demonstrating that decay kinetics are not 

uniform across transcript types (Morgado-Gamero, Tournayre, & Cristescu, 2025). In a dPCR-based 

comparison across connected and isolated 1000-L mesocosms, faster degradation of eRNA was 
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reported across markers and habitats, and faster decay of mRNA targets than rRNA targets was 

documented, indicating that “time resolution” is partly governed by the choice of transcript class as 

well as by the environment (Morgado-Gamero et al., 2025). In the same study, dilution through 

hydrologic connectivity was shown to reduce detectability while not eliminating it, implying that 

both decay and transport must be accounted for when time-resolved interpretations are attempted at 

landscape scales (Morgado-Gamero et al., 2025). 

Signal recency has not been treated as the only advantage of eRNA; instead, a broader claim has 

been supported in which eRNA templates are used to preferentially weight living or recently active 

components of the community signal (Yates et al., 2021). In river bioassessment and water-quality 

contexts, higher positive predictivity (lower apparent false-positive tendency) has been reported for 

eRNA relative to eDNA under several analytical configurations, even when sensitivity was reduced 

for some taxa (Miyata et al., 2022). A large field evaluation spanning nine organismal groups from 

bacteria to terrestrial vertebrates has likewise documented robust complementarity between eDNA 

and eRNA, with systematic dependence of relative detectability on organismal size and taxonomic 

group (Darling, Jerde, & Sepulveda, 2021; Zhang et al., 2024) . In that study, slightly higher false-

positive rates were reported for eDNA than for eRNA, while higher false-negative rates were 

reported for eRNA, reinforcing the view that time resolution is often purchased at the cost of reduced 

persistence and, therefore, increased risk of non-detection. Similar tradeoffs have been observed in 

other comparative field studies, where a more localized vertebrate signal has been attributed to eRNA 

in some contexts while stronger invertebrate recovery has been retained for eDNA depending on 

marker and target group (Macher et al., 2024). In marine and estuarine settings, community 

differences have been detected between eRNA- and eDNA-templated metabarcoding, and eRNA has 

been discussed as particularly useful where legacy DNA is expected to inflate detections of organisms 

no longer present (Giroux, Reichman, Langknecht, Burgess, & Ho, 2022). 

Evidence for reduced “ghost” detection has also been developed in biosecurity and applied 

monitoring settings where dead biomass and extracellular DNA are expected to be abundant (Xue et 

al., 2024). In ballast-water monitoring before and after disinfection, eRNA-based 16S metabarcoding 

was reported to recover broadly similar high-abundance community structure while producing 

fewer detections that were interpreted as legacy signal from dead cells, yielding a lower apparent 

false-positive tendency in treated samples (Xue et al., 2024). In fish-focused surveys, performance 

gains for eRNA over eDNA have been reported in several river applications when evaluated against 

traditional field surveys, and higher positive predictivity has been highlighted as a practical 

advantage for management-facing interpretation (Miyata et al., 2021; Miyata, Kusakabe, Inoue, 

Yamane, & Honda, 2025). At the same time, reduced sensitivity and higher false-negative propensity 

have been repeatedly flagged as realistic constraints on eRNA deployments, particularly when 

organism densities are low, RNA preservation is imperfect, or sequencing depth is insufficient 

(Macher et al., 2024; Miyata et al., 2022; Zhang et al., 2024). 

A second, and more distinctive, contribution of eRNA to biomonitoring 3.0 has been made 

through activity and response readouts that cannot be extracted from DNA inventories alone (Yates 

et al., 2021). Environmental transcriptomics has been used to recover macroorganism gene-

expression responses from extra-organismal RNA without direct organism sampling, and concordant 

directionality between organismal RNA and extra-organismal eRNA has been reported for subsets 

of heat-stress-responsive genes in controlled aquatic experiments (Hechler et al., 2023). In that work, 

thousands of target-organism genes were detected in tank water, differential expression of heat-

stress-relevant genes was recovered, and community-wide shifts in functional profiles were detected, 

showing that response information can be carried in environmental matrices alongside taxonomic 

signals (Hechler et al., 2023). Chemical-stressor sensitivity has been demonstrated in parallel: 

differential expression following sublethal pyrene exposure was detected from eRNA released by 

Japanese medaka, supporting a noninvasive path to hazard-relevant response monitoring at the 

transcript level (Hiki et al., 2023). At the community scale, eRNA-based metatranscriptomics has been 

used in outdoor mesocosms to track herbicide-associated transcriptional change across diverse 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 March 2026 doi:10.20944/preprints202603.2242.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.2242.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 25 

 

freshwater eukaryotes spanning multiple trophic levels, with differential expression and pathway 

enrichment being evaluated at the class level (He et al., 2025). 

These demonstrations have also clarified why response-oriented eRNA monitoring has not yet 

been routine. In the heat-stress environmental transcriptomics study, only a small fraction of total 

eRNA reads mapped to the focal macroorganism genome, and the “competition” between extra-

organismal macroorganism RNA and abundant microbial RNA was explicitly treated as a key 

limitation for translation to natural systems (Hechler et al., 2023). Methodological routes for 

addressing this imbalance have been discussed within the primary literature and in application 

syntheses, including deeper sequencing, rRNA depletion, poly(A) enrichment for eukaryotic mRNA, 

larger-pore filtration under selected conditions, and targeted assay development for diagnostic 

transcripts (Hechler et al., 2023). A conservation- and management-facing synthesis of eRNA targets 

has formalized this logic by proposing criteria for gene target selection and by cataloguing candidate 

genes intended to support demographic inference, stress detection, and other applied questions 

(Stevens & Parsley, 2023). Population-demographic information has also been extracted directly in 

some cases: life-stage discrimination in amphibian populations has been demonstrated using field-

collected eRNA, indicating that activity and response monitoring can be extended beyond stress 

pathways to traits with direct management relevance (Parsley & Goldberg, 2024). 

A third reason for treating eRNA as a biomonitoring 3.0 layer has been provided by its molecular 

diversity. While most current eRNA biomonitoring has been centered on rRNA templates for 

metabarcoding and mRNA templates for transcriptomics, a broader landscape of RNA types and 

RNA-associated processes has been argued to remain underused in environmental applications (Ahi 

& Schenekar, 2025). A recent Molecular Ecology roadmap has emphasized that regulatory and 

structural RNAs beyond mRNA can encode information about stress responses, development, and 

adaptation, and that methodological and bioinformatic development will be required if these signals 

are to be harnessed reproducibly from environmental matrices (Ahi & Schenekar, 2025). This 

argument has been aligned with biomonitoring 3.0 because interaction-ready, time-resolved 

inference is expected to benefit from signals that change quickly and map more directly onto 

organismal state than presence/absence alone (Yates et al., 2021). 

Taken together, the role of eRNA in biomonitoring 3.0 has not been justified by a blanket claim 

that RNA is better than DNA, but by a set of empirically supported tradeoffs that are advantageous 

when rapid dynamics and state inference are required. Faster decay and transcript-class dependence 

have supported time-local interpretations under specified conditions, while comparative field studies 

have supported complementarity between eDNA and eRNA and have clarified where false positives 

and false negatives are likely to be traded (Kagzi et al., 2022; Macher et al., 2024; Miyata et al., 2022; 

Morgado-Gamero et al., 2025; Xue et al., 2024; Zhang et al., 2024). Most importantly for the shift from 

presence to process, extra-organismal transcriptomics has shown that response information can be 

recovered noninvasively from environmental media, albeit with clear requirements for sequencing 

depth, enrichment, and careful assay design (Hechler et al., 2023). How these properties can be 

converted into interaction-ready monitoring, through coupling signal sources to recipient responses 

and through explicitly time-lagged sampling, has been developed in the subsequent section as a 

design problem rather than as an intrinsic guarantee of any single molecule type. This timing logic; 

event, persistence, and lagged response, is summarized schematically (Figure 1). 
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Figure 1. Temporal persistence and inferential value of environmental DNA (eDNA) and environmental 

RNA (eRNA). After an ecological event (left), eDNA (solid blue curve, inventory signal) rises and then stays 

detectable longer (days), providing a broad and temporally extended detection window; eRNA rRNA (solid 

purple curve, recent community signal) shows a similar curve that drops sooner, being more time-local. eRNA 

mRNA (dashed purple curve, recipient response) shows a curve that peaks later (a delayed response bump): 

short-lived and peaks closer to active biological responses, offering stronger linkage to contemporaneous 

organismal activity. Sampling across baseline, near-event, and lagged-response phases enables inference of 

presence/co-detection and directional change through time. The strongest signal–response coupling is expected 

for short-lived RNA fractions. Paired source–recipient sampling can further support linkage between detected 

signals and ecological responses. . 

4. What Counts as an Interaction Signal: An Evidence Ladder for Claims 

The term interaction has often been applied loosely in molecular biomonitoring, where 

correlations among detections are sometimes interpreted as ecological links without explicit 

separation of association, causation, and mechanism (Bohan et al., 2017; Cordier et al., 2021; Delmas 

et al., 2019). A persistent risk has therefore been created for biomonitoring 3.0: interaction-ready 

outputs can be demanded conceptually, yet the evidentiary basis behind an “interaction signal” can 

remain ambiguous unless explicit inference tiers are adopted (Abdala-Roberts et al., 2025; Barroso-

Bergadà et al., 2021; Bohan et al., 2017; Delmas et al., 2019). In ecology more broadly, caution has been 

urged because predictive or associative models have frequently been misread as causal explanations, 

particularly when monitoring data are opportunistic, sparse, or confounded by shared drivers 

(Schrodt et al., 2025). 

A pragmatic solution has been proposed here in the form of an interaction evidence ladder, 

through which claims can be graded by the kind of information that is required and by the most likely 

failure modes at each tier (Bohan et al., 2017; Cordier et al., 2021; Delmas et al., 2019; Schrodt et al., 

2025) (the ladder and its practical requirements are summarized in Table 1). Related arguments have 

been made repeatedly in network ecology and microbial network inference: network structure can 

be informative, but link meaning is method-dependent, and confidence should be scaled to data 

structure and validation strength rather than to network aesthetics (Barroso-Bergadà et al., 2021; 

Cordier et al., 2021; Delmas et al., 2019; Schrodt et al., 2025; Zinger et al., 2019). By placing interaction 

claims on an explicit ladder, biomonitoring 3.0 can be kept safe in two ways: (i) weak evidence can 
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be reported without being oversold, and (ii) stronger evidence can be pursued intentionally through 

sampling and validation design (Barroso-Bergadà et al., 2021; Schrodt et al., 2025; Zinger et al., 2019). 

Tier 0: co-detection and co-occurrence (signals of shared space or time) 

At the lowest tier, an interaction signal has been limited to co-detection or spatial association 

among taxa in the same samples or sites (Blanchet et al., 2020). Co-occurrence has long been 

recognized as information-rich for community assembly questions, but it has been argued explicitly 

that co-occurrence should not be treated as evidence of interaction because association can be 

generated by shared habitat preference, dispersal history, sampling artifacts, detection limits, or 

indirect effects (Blanchet et al., 2020). When co-occurrence has been used in monitoring, interpretation 

has therefore been advised to remain at the level of pattern description unless stronger constraints 

are added (Blanchet et al., 2020). 

Tier 1: association networks with confounder control and uncertainty reporting 

At the next tier, association networks have been inferred with explicit attention to confounding 

and statistical artifacts, and uncertainty has been treated as a required output rather than as an 

afterthought (Barroso-Bergadà et al., 2021; Blanchet et al., 2020; Faust & Raes, 2012; Zinger et al., 2019). 

Inferred microbial networks have been reviewed as useful summaries of community structure, yet 

high sensitivity has been reported to compositionality, sparsity, and pipeline choice, with spurious 

edges remaining a central concern even under careful modeling (Barroso-Bergadà et al., 2021; Kurtz 

et al., 2015; Weiss et al., 2016; Zinger et al., 2019). For biomonitoring, it has been recommended that 

association networks be accompanied by stability checks (subsampling, alternative inference 

methods, and sensitivity analyses) and by a clear statement that the edges denote conditional 

associations rather than mechanistic interactions (Barroso-Bergadà et al., 2021; Blanchet et al., 2020; 

Zinger et al., 2019). 

Tier 2: directional influence suggested by time series and causal inference tools 

Directional evidence has been treated as a distinct tier because the step from associated to 

influential requires information on temporal ordering (or controlled perturbation) (Runge et al., 2019; 

Schrodt et al., 2025). In practice, directionality has been inferred from time series using causal 

discovery or dynamical-systems methods, yet strong assumptions have been required about 

stationarity, sampling frequency, unmeasured confounders, and the adequacy of the observed 

variables (Runge et al., 2019; Schrodt et al., 2025; Sugihara et al., 2012). In Earth-system applications, 

causal inference frameworks for time series have been synthesized and benchmarked, with explicit 

guidance provided on when causal graphs are likely to be unreliable (Runge et al., 2019). For 

ecological monitoring programs, recent practitioner-oriented guidance has been published to 

separate change detection from causal attribution, and to align inference methods to data structure 

and the scale at which drivers and biodiversity responses are sampled (Schrodt et al., 2025). In 

biomonitoring 3.0, Tier 2 has therefore been treated as achievable only when sampling frequency, 

replication, and covariate coverage are sufficient to support causal assumptions, rather than being 

treated as a default upgrade over Tier 1 (Runge et al., 2019; Schrodt et al., 2025). 

Tier 3: interaction-explicit links from molecular evidence channels 

Stronger interaction evidence has been obtained when links are measured directly rather than 

inferred indirectly from co-occurrence (Cordier et al., 2021; Delmas et al., 2019). Diet metabarcoding, 

gut-content sequencing, pollen DNA metabarcoding, parasite DNA detection on hosts, and similar 

designs have been used to encode interactions within the sampling itself, thereby reducing ambiguity 

about what an edge represents (Cordier et al., 2021; Delmas et al., 2019). In the biomonitoring context, 

next-generation global biomonitoring concepts have explicitly highlighted the value of such 

interaction-explicit evidence streams for network reconstruction at scale (Bohan et al., 2017). At this 

tier, the principal uncertainties have been shifted from “is an edge real?” toward “is the edge 

quantitative and comparable?”, because amplification bias, digestion bias, contamination, and 

reference-library incompleteness can still distort link strength and apparent specificity (Blanchet et 

al., 2020; Cordier et al., 2021). 

Tier 4: coupled signal–response evidence consistent with mechanism 
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A further evidentiary jump has been made when a putative signal is detected together with a 

recipient response that is consistent with a plausible mechanism, especially when time-lag structure 

is observed (Runge et al., 2019; Schrodt et al., 2025). In microbial ecology, it has been emphasized that 

no single method can capture the full complexity of interaction networks, and that combinations of 

computational inference, mechanistic modeling, and experimental validation are often required 

(Oña, Shreekar, & Kost, 2025). This logic has been adopted here for biomonitoring 3.0 by treating 

signal–response coupling as the defining feature of “interaction-ready” monitoring: a candidate 

interaction has been supported more strongly when (i) exposure plausibility is established (co-

location in time/space and feasible transport), and (ii) a response signature is observed in the putative 

recipient that is temporally aligned and biologically interpretable, and alternative drivers are ruled 

out where feasible (Oña et al., 2025; Runge et al., 2019; Schrodt et al., 2025). Environmental RNA has 

been positioned as particularly useful for Tier 4 because transcript profiles can function as response 

readouts, but Tier 4 has been kept molecule-agnostic in principle to avoid conflating mechanistic 

inference with any single assay class (Schrodt et al., 2025). 

Tier 5: ecological consequence demonstrated at the process level 

At the highest tier, interaction claims have been strengthened by demonstration that an inferred 

link (or a set of links) produces a measurable ecological consequence, such as altered productivity, 

stability, nutrient cycling, disease dynamics, or resilience metrics (Abdala-Roberts et al., 2025; Delmas 

et al., 2019). Network topology has been tied theoretically and, in some systems, empirically to 

stability and function in microbial and broader ecological systems, and the need to connect inferred 

networks to process measurements has been emphasized as a key challenge for turning networks 

into decision tools (Allesina & Tang, 2012; Coyte, Schluter, & Foster, 2015; Delmas et al., 2019; Oña et 

al., 2025; Thébault & Fontaine, 2010). In applied contexts, management approaches have been argued 

to benefit from explicit interaction-network thinking because leverage is often exerted through link 

modification rather than through species removal alone (Abdala-Roberts et al., 2025). Tier 5 has 

therefore been framed as the long-term target for biomonitoring 3.0 validation programs, while being 

acknowledged as infeasible to demonstrate routinely for every monitored system (Abdala-Roberts et 

al., 2025; Schrodt et al., 2025). 

Implications for reporting and interpretation in biomonitoring 3.0 

Two operational recommendations have been derived from the ladder. First, interaction results 

should be reported with an explicit tier label (Tier 0–5), so that a monitoring outcome can be 

interpreted without assuming more than has been supported (Barroso-Bergadà et al., 2021; Blanchet 

et al., 2020; Schrodt et al., 2025; Zinger et al., 2019). Second, sampling and analysis should be chosen 

with an intended tier in mind: Tier 1 has been attainable from well-designed cross-sectional sampling 

with strong controls, whereas Tier 2–4 has required temporal replication, covariate coverage, and, 

where possible, interaction-explicit or mechanism-linked measurements (Barroso-Bergadà et al., 

2021; Bohan et al., 2017; Runge et al., 2019; Schrodt et al., 2025; Zinger et al., 2019). By adopting this 

ladder as a shared language, biomonitoring 3.0 can be advanced as a shift in inference discipline—

toward interaction-ready outputs—without being made vulnerable to the common critique that 

interactions cannot be inferred from metabarcoding (Barroso-Bergadà et al., 2021; Blanchet et al., 

2020). Examples of how monitoring questions map onto intended tiers and design commitments are 

provided in Box 1, and an operational Biomonitoring 3.0 framework is summarized in Figure 2. 
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Figure 2. Operational framework for Biomonitoring 3.0 based on decision-driven design and evidence tiers. 

The figure outlines how biomonitoring programs become operational by first defining (i) the decision question, 

(ii) the interaction hypothesis, and (iii) the intended evidence tier (0–5). Four representative use cases are shown: 

pulse disturbance (Tier 4–5), biosecurity/treatment verification (Tier 1–3), host–parasite or disease-risk 

surveillance (Tier 3–4), and food-web integrity indicators (Tier 2–5). For each, the figure specifies the primary 

goal, recommended sampling and assay design elements, and how results should be reported in terms of 

evidentiary claims. Lower tiers emphasize replication and covariates, whereas higher tiers require interaction-

explicit channels, paired compartments, time lags, response readouts, and, at Tier 5, demonstrated process 

consequences. 

Box 1 | Biomonitoring 3.0 use-case playbook: design backward from the decision and the 

evidence tier 

Biomonitoring 3.0 becomes operational when programs specify (i) the decision question, (ii) the 

interaction hypothesis, and (iii) the intended evidence tier (0–5), then adopt only the sampling 

and assay elements needed to meet that tier. 

Use case A: Pulse disturbance (runoff/spill/heatwave) — Tier 4–5 

• Goal: Detect exposure and a time-lagged biological response; optionally link to a process 

proxy. 

• Design: Event-triggered high-frequency sampling (hours–days), explicit lag structure, 

paired “source–recipient” sampling, response-capable eRNA workflow 

(enrichment/targeting), plus a process proxy where feasible. 

• Report as: Tier 4 unless a process consequence is demonstrated (Tier 5). 
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Use case B: Biosecurity / treatment verification (ballast water, disinfection) — Tier 1–3 

• Goal: Decision-grade detection/non-detection with reduced legacy signal. 

• Design: Before/after replication, strong blanks/controls, LOD/LOQ for targeted assays; 

add eRNA when dead biomass/legacy DNA is expected. 

• Report as: Detection confidence/readiness; avoid mechanism claims. 

Use case C: Host–parasite (or disease risk) surveillance — Tier 3–4 

• Goal: Confirm interaction-explicit links and, where possible, recipient response. 

• Design: Interaction-encoded sampling (parasite-on-host / host-associated), targeted 

detection assays; optional host-response transcripts with strict handling controls and 

time alignment. 

• Report as: Tier 3 for explicit edges; Tier 4 only with aligned response and plausible 

alternative drivers addressed. 

Use case D: Food-web integrity indicators — Tier 2–5 pathway 

• Goal: Track network structure change and validate it as needed. 

• Design: Seasonal/annual time series; metaweb/trait constraints; periodic interaction-

explicit validation (diet/pollen); add process measurements when aiming for Tier 5. 

• Report as: Tier 1–2 unless validated by explicit edges (Tier 3) and/or signal–

response/process corroboration (Tier 4–5). 

Note: Tier 1–2 needs replication + covariates; Tier 3 needs interaction-explicit channels; Tier 4 

needs paired compartments + time lags + response readouts; Tier 5 adds process consequences. 

5. Designing Field Programs for Interaction-Ready, Time-Resolved Monitoring 

Sampling programs intended to support biomonitoring 3.0 have benefited from being designed 

around when and where interactions are expected to shift, because interaction-ready inference can 

be weakened when temporal aliasing and spatial mixing have been tolerated as unavoidable noise 

(Deiner, Fronhofer, Mächler, Walser, & Altermatt, 2016; George et al., 2024; Hallam, Clare, Jones, & 

Day, 2023; Yamahara et al., 2025). In practice, the monitoring objective has first been specified as a 

time scale (event-scale hours–days, seasonal weeks–months, or long-term years) and as a spatial 

domain (habitat patches, river reaches, estuaries, or landscape mosaics), after which sampling 

frequency and replication have been matched to the expected variance structure (George et al., 2024; 

Yamahara et al., 2025). High temporal variability in molecular signals has been documented in 

running waters, and inference has therefore been strengthened when repeated sampling has been 

conducted rather than relying on single-visit snapshots (George et al., 2024; Hallam et al., 2023). 

Common field-program archetypes and the tiers they can realistically support are summarized in 

Table 2. 

Table 1. Interaction evidence ladder for Biomonitoring 3.0. Summary of interaction-claim tiers (0–5) and what 

each tier can legitimately support, paired with minimum design/data requirements and common failure modes. 
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The table is intended as a reporting and planning aid: programs should label results by tier and select sampling 

designs that can realistically meet the tier’s assumptions. 

Tie

r 

What you 

can claim 

Minimum data/design 

requirements 

Typical pitfalls / 

failure modes 

Example 

Biomonitoring 3.0 

outputs 

Key refs 

(non-

exhaustive

) 

0 

Co-

detection / 

association 

in space-

time 

Cross-sectional samples 

+ controls 

Habitat filtering, 

transport, 

detectability 

artifacts 

Taxa A and B co-

occur seasonally 

Blanchet et 

al. 2020; 

Zinger et 

al. 2019 

1 

Conditional 

association 

network 

(not 

mechanism) 

Replication + 

confounder control; 

uncertainty/stability 

checks 

Compositionality

, sparsity, 

method 

dependence 

Network metrics w/ 

bootstrap stability 

Barroso-

Bergadà et 

al. 2021; 

Weiss et al. 

2016; Kurtz 

et al. 2015 

2 

Directional 

influence 

suggested 

by time 

ordering 

Time series with 

adequate frequency, 

covariates, replication 

Unmeasured 

confounders; 

aliasing; 

nonstationarity 

Candidate driver → 

response edges 

Runge et 

al. 2019; 

Schrodt et 

al. 2025; 

Sugihara et 

al. 2012 

3 

Interaction-

explicit 

links (edge 

meaning is 

clear) 

Diet/pollen/gut/parasite

-on-host designs 

Quantitative bias; 

contamination; 

ref DB gaps 

Trophic or 

mutualistic 

networks with 

explicit edges 

Cordier et 

al. 2021; 

Pompanon 

et al. 2012; 

Deagle et 

al. 2019; 

Encinas-

Viso et al. 

2023 

4 

Coupled 

signal–

response 

consistent 

with 

mechanism 

Paired source/recipient 

+ time lag + response 

readout (often eRNA) 

Low target 

mapping 

fraction; batch 

effects; 

alternative 

drivers 

Stress signature in 

recipient aligned to 

exposure 

Hechler et 

al. 2023; 

Hiki et al. 

2023; He et 

al. 2025; 

Oña et al. 

2025 

5 

Ecological 

consequenc

e (process-

Process metrics + 

validation/perturbation 

+ robust linkage 

Process multi-

causality; scale 

mismatch 

Link shifts 

associated with 

productivity/stabilit

Delmas et 

al. 2019; 

Thébault & 
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level 

change) 

y proxies Fontaine 

2010; 

Allesina & 

Tang 2012; 

Abdala-

Roberts et 

al. 2025 

Table 2. Field-program archetypes that enable interaction-ready, time-resolved monitoring. Practical program 

patterns (archetypes) that map common monitoring objectives to feasible evidence tiers, sampling structures, 

molecular layers (eDNA/eRNA and transcript class), and lab/sequence strategies. The archetypes are designed 

to be modular: programs can combine elements (e.g., automation + paired compartments + enrichment) to move 

from association-level inference toward interaction-explicit or signal–response evidence. 

Program 

archetype 

Intended 

tier(s) 
Sampling pattern 

Matrices 

& 

molecules 

Lab/seq 

strategy 

Best-fit 

outputs 

Key refs 

(non-

exhaustive) 

High-

frequency 

river 

surveillanc

e 

1–2 

(sometime

s 4) 

Automated + manual 

calibration; event-

based bursts 

Water 

eDNA + 

optional 

eRNA 

Robust 

controls; 

consistent 

pipeline 

Time-

resolved 

change 

detection; 

candidate 

drivers 

George et al. 

2024; 

Hallam et al. 

2023; 

Yamahara et 

al. 2025; 

Deiner et al. 

2016 

Paired 

source–

recipient 

monitoring 

2–4 

Matched sampling 

upstream/downstrea

m or 

host/environment; 

explicit lags 

eDNA 

scaffold + 

eRNA 

response 

Enrichme

nt if 

targeting 

eukaryotic 

response 

Exposure 

plausibility 

+ recipient 

response 

Hechler et 

al. 2023; He 

et al. 2025; 

Scriver et al. 

2025 

Biosecurity 

/ 

disinfectio

n 

verificatio

n 

1–3 

Before/after 

treatment; replicate 

controls 

eDNA + 

eRNA to 

reduce 

legacy 

signal 

Targeted 

or 

16S/marke

r panels 

Reduced 

“ghost” 

detection; 

compliance 

evidence 

Xue et al. 

2024; 

Darling et 

al. 2021; 

Klymus et 

al. 2020 

Food-web 

indicators 

via 

metaweb 

constraints 

2–5 

(dependin

g on 

validation

) 

Seasonal surveys + 

curated trophic info 

eDNA 

inventorie

s + 

metaweb 

Strong 

taxonomy 

curation; 

sensitivity 

checks 

Food-web 

indicators 

(connectivit

y, 

redundancy

) 

D’Alessandr

o & Mariani 

2021; Le 

Guen et al. 

2025; Boyse 

et al. 2025 

Interaction

-explicit 
3–4 

Gut/diet sampling + 

environment 

Diet DNA 

+ optional 

Bias-

aware 

Trophic 

edges with 

Pompanon 

et al. 2012; 
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trophic 

monitoring 

eRNA 

state 

thresholds

; controls 

clear 

meaning 

Deagle et al. 

2019; 

Novotny et 

al. 2023 

Because high-frequency field collection is rarely feasible by manual sampling alone, automation 

and standardization have been used as enabling design elements for time-resolved monitoring 

(George et al., 2024; Yamahara et al., 2025). Autonomous sampling in lotic systems has been field-

tested and has been shown to yield detection rates comparable to manual sampling while revealing 

short-term variability and associations with discharge and turbidity that would have been difficult 

to resolve with sparse sampling (George et al., 2024). In parallel, high-frequency eDNA 

metabarcoding time series have been shown to resolve rapid changes in fish-community composition 

in a large river, supporting the premise that temporal resolution can be converted into ecological 

insight when sufficient sampling density is achieved (Hallam et al., 2023). A state-of-the-art review 

of aquatic eDNA sampling technologies has also emphasized that autonomous platforms can expand 

temporal and spatial coverage and can reduce the loss of resolution that is imposed by infrequent or 

logistically constrained sampling (Yamahara et al., 2025). 

Interaction-ready monitoring has also often required paired spatial designs in which potential 

signal sources and putative recipients are sampled in matched fashion, rather than being treated as 

independent biodiversity inventories (George et al., 2024; Scriver et al., 2025). In remote marine 

systems, paired workflows have been evaluated explicitly for combined eDNA/eRNA sampling, and 

comparable core biodiversity has been recovered across workflows even while method-dependent 

differences have been observed for lower-abundance taxa (Scriver et al., 2025). In that study, 

preservation chemistry and handling choices were shown to influence amplification success and 

richness estimates for fish and marine vertebrates, indicating that interaction-ready programs should 

be configured around the taxa and interactions of primary interest rather than around a single 

universal protocol (Scriver et al., 2025). 

Given the lability of RNA and the speed at which signal can be altered during field handling, 

preservation strategy has been treated as a design variable rather than as a technical footnote (Scriver 

et al., 2025; Thomas, Nguyen, Howard, & Goldberg, 2019; Wood et al., 2020). Desiccation-based “self-

preserving” filter housings were developed to reduce cold-chain dependence and membrane transfer 

steps for eDNA workflows (Thomas et al., 2019). More recently, desiccation-based self-preserving 

filters have been evaluated in remote marine environments and have been reported to preserve eRNA 

well enough to recover core community composition, while buffer preservation was associated with 

higher richness and higher PCR success for some vertebrate targets (Scriver et al., 2025). These results 

have supported a pragmatic design principle: when time-resolved interpretation is required, field 

workflows should be selected so that preservation performance is aligned with the target taxa and 

expected signal abundance, and not solely with convenience (Scriver et al., 2025; Thomas et al., 2019; 

Wood et al., 2020).  

To reduce between-sample variability that arises from collecting separate DNA and RNA 

samples, co-collection and parallel extraction have been used in several experimental and field 

settings (Giroux et al., 2022; Scriver et al., 2025; Thomas et al., 2019). In marine experimental systems, 

both eDNA and eRNA have been quantified through time to characterize release and degradation 

and to highlight that persistence can be context dependent, including association with particles or 

surfaces (Jo, 2023; Turner et al., 2014; Wood et al., 2020). In estuarine mesocosms, DNA and RNA 

have been co-extracted from sediment and compared directly as metabarcoding templates, 

demonstrating that community inference can shift with template choice and underscoring the need 

to treat paired DNA/RNA sampling as a controlled comparison rather than as interchangeable assays 

(Giroux et al., 2022). In field-oriented workflow evaluations, combined eDNA/eRNA sampling has 

been treated as viable in remote contexts, provided that preservation and extraction decisions are 

made explicitly and are reported transparently (Scriver et al., 2025). 
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Because interaction-ready monitoring depends on the plausibility of exposure and transport, 

filtration and size fractionation have been used to add interpretable structure to environmental RNA 

sampling (Hiki & Jo, 2025; Jo, 2023). A comprehensive sequencing analysis of fish eRNA collected 

across multiple size fractions has demonstrated that eRNA can be partitioned unevenly across pore-

size ranges and that fractions can differ in the balance between target-organism RNA and microbial 

RNA, supporting the use of size-aware filtration when response readouts from macroorganisms are 

pursued (Hiki & Jo, 2025). More generally, the “state” of environmental nucleic acids has been argued 

to carry information relevant to localization and temporal interpretation, with particle-size 

distributions being proposed as an informative attribute for monitoring design and inference (Jo, 

2023; Turner et al., 2014). In parallel, dissolved eRNA dynamics have been investigated 

experimentally and through modeling, and persistence on the order of weeks has been reported 

under some conditions, reinforcing that time-resolved assumptions should be calibrated empirically 

rather than treated as universal (Xu & Asakawa, 2025). In tube experiments, dissolved fish RNA 

showed half-lives on the order of weeks (∼20–43 days) and remained detectable after 2 months under 

some conditions (Xu & Asakawa, 2025). Binding of dissolved organic matter to RNA has also been 

shown to suppress nuclease-mediated degradation, providing a plausible mechanism for longer 

persistence in some waters (Chatterjee, Zhang, & Parker, 2023). 

For programs intended to read out responses (Tier 4 in the evidence ladder), library preparation 

and enrichment strategy have been expected to determine whether response signal is detectable at 

all (He et al., 2025; Stevens & Parsley, 2023). In outdoor freshwater mesocosms, eRNA-based 

metatranscriptomics enriched for eukaryotes has been shown to capture transcriptional shifts across 

diverse eukaryotic taxa following acute herbicide exposure, demonstrating a practical template for 

field-deployable perturbation calibration and response monitoring (He et al., 2025). In parallel, 

applied syntheses of eRNA have emphasized that management-relevant monitoring is likely to 

require deliberate selection of gene targets, assay formats, and sequencing depth, rather than reliance 

on untargeted sequencing alone (Stevens & Parsley, 2023). As a result, interaction-ready, time-

resolved field programs have been most defensibly advanced as iterative designs in which (i) 

temporal sampling density is increased through automation or focused campaigns, (ii) paired 

sampling is used to encode interaction hypotheses, and (iii) filtration, preservation, and enrichment 

choices are treated as hypothesis-linked components of the monitoring design (Hallam et al., 2023; 

He et al., 2025; Hiki & Jo, 2025; Scriver et al., 2025; Yamahara et al., 2025). 

6. Standards, Validation, and Translation to Decisions 

Routine uptake of molecular monitoring has been limited as much by variation in how results 

are generated, documented, and interpreted across laboratories and programs as by sequencing 

throughput (Goldberg et al., 2016; Klymus et al., 2024; Nicholson et al., 2020; Ruppert, Kline, & 

Rahman, 2019; Zinger et al., 2019). In freshwater eDNA research, substantial gaps in metadata 

reporting have been documented, and a standardized reporting framework has been argued to be a 

practical prerequisite for reproducibility and for meaningful cross-study synthesis (Nicholson et al., 

2020). Similar concerns have been raised for metabarcoding-based biomonitoring more broadly, 

where ecological conclusions have been shown to depend strongly on experimental design, controls, 

replication structure, and bioinformatic provenance (Blanchet et al., 2020; Ficetola, Taberlet, & 

Coissac, 2016; Zinger et al., 2019). As a result, biomonitoring 3.0 has been treated as a standards-led 

proposition: interaction-ready and time-resolved outputs have been considered unattainable if 

confidence cannot be conveyed transparently and compared across sites, years, and institutions 

(Blanchet et al., 2020; Klymus et al., 2024; Nicholson et al., 2020; Zinger et al., 2019). 

Minimum information and FAIR-by-design reporting 

Minimum-information guidance has recently been consolidated for environmental 

metabarcoding through the MIEM guidelines, which were developed to address inconsistent 

documentation of laboratory configuration, sample handling, controls, bioinformatic workflows, and 

data archiving for both eDNA and eRNA metabarcoding (Klymus et al., 2024). In parallel, eDNA data 
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stewardship has been recognized as a bottleneck for reuse, and metadata checklists and formatting 

guidance have been proposed to align eDNA outputs with the FAIR principles (findable, accessible, 

interoperable, reusable) (Takahashi et al., 2025; Wilkinson et al., 2016). A comprehensive FAIRe 

metadata checklist has been proposed to map eDNA-specific workflow descriptors onto existing 

standards (e.g., MIxS and Darwin Core extensions) and to support machine-readable interoperability 

across repositories and monitoring networks (Takahashi et al., 2025; Wieczorek et al., 2012; Yilmaz et 

al., 2011). These efforts have been directly relevant to biomonitoring 3.0 because interaction-ready 

inference has been more sensitive to missing context than inventory-based reporting; spatiotemporal 

resolution, sampling intensity, and covariate history have been required to interpret whether a 

network shift reflects ecological change rather than sampling design (Nicholson et al., 2020; 

Takahashi et al., 2025; Zinger et al., 2019). 

A distinction has been useful between (i) minimum information for reproducibility (what is 

needed to re-run a workflow and audit a result) and (ii) minimum information for inference (what is 

needed to justify a claim tier, such as an interaction edge or a time-local detection) (Klymus et al., 

2024; Takahashi et al., 2025). MIEM has been positioned as foundational for the former, while FAIRe-

style metadata has been designed to improve the latter by making sampling effort, spatial design, 

and contextual covariates discoverable and reusable (Klymus et al., 2024; Takahashi et al., 2025). For 

biomonitoring 3.0, it has therefore been recommended that reporting be structured around three 

linked “audit trails”: field sampling provenance, molecular workflow provenance, and analytical 

provenance (including software versions, parameters, and reference database builds) (Klymus et al., 

2024; Takahashi et al., 2025). A concise set of Biomonitoring 3.0 reporting add-ons, aligned to 

interaction-ready inference, is summarized in Table 3. 

Table 3. Minimum reporting add-ons for Biomonitoring 3.0 beyond basic metabarcoding metadata. Proposed 

reporting elements that become critical when moving from inventories to interaction-ready inference. Items 

emphasize transparency about tier intent, time-lag structure, paired-compartment logic, molecule/transcript 

class, filtration fractions, preservation timing, enrichment strategy, control structure, and 

provenance/versioning. These add-ons complement MIEM/FAIRe-style reporting by making interaction claims 

auditable and comparable across sites, years, and laboratories. 

Reporting element 

(3.0 add-on) 

Why it’s needed for 

interaction-ready 

inference 

Minimum to report 

Applies 

most to 

tier(s) 

Key refs (non-

exhaustive) 

Tier label (0–5) 
Prevents over-

interpretation 
Tier + rationale All 

Schrodt et al. 

2025; Barroso-

Bergadà et al. 

2021 

Time-lag structure 
Enables direction/ 

signal→response tests 

Lag choice, cadence, 

replication 
2–5 

Runge et al. 2019; 

Schrodt et al. 2025 

Paired 

compartments 

Makes exposure 

plausible 

Source/recipient 

definition + spatial 

logic 

2–4 
He et al. 2025; 

Hechler et al. 2023 

Molecule type & 

transcript class 

Time resolution 

depends on RNA class 

DNA vs RNA; 

rRNA vs mRNA; 

targets 

1–4 

Yates et al. 2021; 

Morgado-Gamero 

et al. 2025 

Filtration/size 

fractions 

State affects 

localization/transport 

Pore size(s), 

fractions, volumes 
1–4 

Jo 2023; Hiki & Jo 

2025; Turner et al. 

2014 
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Preservation & 

time-to-stabilization 

RNA is handling-

sensitive 

Preservative, times, 

temps, deviations 

(audit) 

1–4 

Scriver et al. 2025; 

Thomas et al. 

2019; Klymus et 

al. 2024 

Enrichment/library 

strategy 

Determines 

detectability  

of response 

rRNA depletion, 

poly(A), capture, 

depth 

4 

Hechler et al. 

2023; Stevens & 

Parsley 2023 

Control structure 

(field→bioinfo) 

Supports false-positive 

control 

Field blanks, 

extraction blanks, 

PCR neg/pos 

All 

MIEM: Klymus et 

al. 2024; Ficetola 

et al. 2016 

Provenance + 

versioning 

Avoids “method drift” 

looking like ecology 

Pipeline, 

parameters, DB 

build/version 

All 

Takahashi et al. 

2025; Keck et al. 

2023 

Analytical validity for targeted assays: detection limits, validation levels, and qPCR standards 

When management action is tied to detection of a focal species, analytical validity has been 

expected to dominate the credibility of the result (Borchardt et al., 2021; Bustin et al., 2025; Klymus et 

al., 2020; Thalinger et al., 2021). In targeted eDNA assays, inconsistent handling of limits of detection 

(LOD) and quantification (LOQ) has been identified as a recurring weakness, and standardized 

approaches for calculating and reporting LOD/LOQ have been proposed specifically for 

environmental DNA applications (Klymus et al., 2020). This recommendation has been aligned with 

broader laboratory best practice for quantitative PCR, where the revised MIQE 2.0 guidelines have 

reiterated that transparent reporting of sample handling, assay design, validation, and data analysis 

is necessary to support repeatability and cross-lab comparability (Bustin et al., 2025). For 

environmental microbiology applications, an analogous minimum-information framework has been 

provided by the EMMI guidelines, which have emphasized metrology, control structure, inhibition 

assessment, and reporting elements tailored to qPCR/dPCR studies in complex environmental 

matrices (Borchardt et al., 2021). Because false-positive and false-negative errors can be non-trivial in 

eDNA workflows, statistical approaches that explicitly estimate false-positive rates (e.g., occupancy–

detection frameworks) have also been recommended as complements to laboratory controls when 

designs permit (Ficetola et al., 2016; Lahoz-Monfort, Guillera-Arroita, & Tingley, 2016). 

To bridge laboratory performance and real-world use, a five-level validation scale has been 

developed for targeted eDNA assays, and its application to hundreds of published assays has shown 

that validation has often been incomplete in the literature despite increasing improvement over time 

(Thalinger et al., 2021). This validation-scale framing has been important for translation because it 

has allowed assay readiness to be communicated as a graded attribute rather than as a binary 

“validated/not validated” label (Thalinger et al., 2021). Practical best-practice guidance for 

operational eDNA/eRNA workflows has also been developed in stakeholder-facing contexts, with a 

peer-reviewed synthesis emphasizing the need for quality assurance, transparent communication of 

uncertainty, and fit-for-purpose validation when methods are used by government agencies and 

commercial providers (De Brauwer et al., 2023; Goldberg et al., 2016). 

Reproducibility at scale: inter-laboratory and proficiency testing 

Cross-laboratory comparability has been treated as a decisive step for turning molecular 

monitoring into infrastructure rather than research (Klymus et al., 2024; Rodriguez et al., 2025; 

Thalinger et al., 2021; Vasselon et al., 2025). In a recent inter-laboratory ring test focused on marine 

megafauna detection, extraction performance differences have been detected among laboratories 

even when total DNA yields were similar, and significant laboratory-by-species interactions have 

been reported, implying that apparently minor protocol differences can propagate into detection 

success under realistic environmental variation (Rodriguez et al., 2025). Such findings have 
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supported a shift from “single-lab optimization” toward routine intercalibration exercises as part of 

long-term monitoring programs, especially when outcomes are intended to be comparable across 

jurisdictions (Rodriguez et al., 2025). 

Comparable lessons have been drawn for metabarcoding-based status assessment. A large 

proficiency testing and cross-laboratory comparison for diatom DNA metabarcoding has been 

conducted to support standardization for freshwater biomonitoring, with variability across steps 

being treated explicitly as a barrier to transferability and ecological-status comparability if minimum 

requirements are not aligned (Vasselon et al., 2025). By embedding proficiency testing in a 

biomonitoring context, such studies have provided a template for how biomonitoring 3.0 can be made 

credible: interaction-ready outputs can be pursued only if the underlying inventories and functional 

readouts are reproducible across laboratories and time (Klymus et al., 2024; Rodriguez et al., 2025; 

Vasselon et al., 2025). 

Bioinformatic provenance and reference data as inference-critical infrastructure 

For biomonitoring 3.0, it has been insufficient for wet-lab methods to be standardized if 

taxonomic assignment and downstream summaries remain unstable (Blanchet et al., 2020; Klymus et 

al., 2024; Takahashi et al., 2025; Zinger et al., 2019). Reference database limitations have been 

recognized as a persistent driver of unclassified reads, false assignments, and geographic bias in 

metabarcoding inference, and the “seven challenges” framework has synthesized database-related 

failure modes that can compromise monitoring conclusions even when laboratory workflows are 

strong (Keck, Couton, & Altermatt, 2023). These challenges have included taxonomic conflicts, 

incomplete geographic coverage, inconsistent curation, and version drift—issues that can be hidden 

when database provenance is not reported or when pipelines are treated as black boxes (Keck et al., 

2023). The relevance to biomonitoring 3.0 has been direct: interaction inference and time-resolved 

interpretation can be distorted by shifting taxonomic resolution or by inconsistent assignment rules 

across years, which can appear as ecological change if database and pipeline versions are not 

controlled (Keck et al., 2023; Takahashi et al., 2025). 

Accordingly, MIEM has been framed around reporting the complete analytical stack—from 

laboratory controls to bioinformatic parameters to data archiving—so that results can be audited and 

reanalyzed as tools evolve (Klymus et al., 2024). FAIRe guidance has extended this logic by proposing 

standardized, machine-readable metadata and formatting so that reanalysis can be conducted at scale 

across repositories and across monitoring programs (Takahashi et al., 2025; Wilkinson et al., 2016). 

For biomonitoring 3.0, it has therefore been recommended that interaction claims be accompanied by 

explicit statements of (i) reference database build and coverage for focal groups, and (ii) sensitivity 

of key outputs to plausible alternative assignment and filtering settings (Keck et al., 2023; Klymus et 

al., 2024; Takahashi et al., 2025). 

Validating interaction-ready inference: perturbations, calibration, and uncertainty tiers 

Interaction-ready monitoring has been most defensibly advanced when validation has been 

treated as an empirical program rather than as an aspiration (Blanchet et al., 2020; Thalinger et al., 

2021; Vasselon et al., 2025; Zinger et al., 2019). For network and interaction inference, the risk of 

spurious links has been repeatedly tied to confounding and to insufficient replication, implying that 

mechanistic interpretation should be accompanied by calibration steps such as controlled 

perturbations, replicated time series, or interaction-explicit evidence streams (Blanchet et al., 2020; 

Zinger et al., 2019). In practice, validation has been made tractable by focusing on tiered claims (from 

association patterns to signal–response coupling) and by requiring that stronger tiers be supported 

by stronger design elements, such as time-lag structure, compartment pairing, and independent 

measurements of plausible drivers (Blanchet et al., 2020; Thalinger et al., 2021; Zinger et al., 2019). 

Environmental RNA has introduced an additional validation burden because pre-analytical 

variability (capture materials, time to stabilization, storage conditions, inhibition) can reshape 

transcript profiles more readily than DNA inventories if handling is inconsistent (De Brauwer et al., 

2023; Klymus et al., 2024). The need for explicit control structures and transparent reporting has 

therefore been sharpened for eRNA deployments, particularly when “response” signatures are used 
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as monitoring readouts (Borchardt et al., 2021; Bustin et al., 2025; De Brauwer et al., 2023; Klymus et 

al., 2024). Rather than being treated as a barrier, this sensitivity has been positioned as a rationale for 

formal QA/QC tiers: a response claim has been recommended to be reported only when the sampling-

to-sequencing chain is sufficiently characterized to rule out handling artifacts as an alternative 

explanation (Borchardt et al., 2021; Bustin et al., 2025; Klymus et al., 2024). 

Communicating results and moving from outputs to decisions 

Translation to decisions has been shown to fail when uncertainty is not communicated, when 

method readiness is implied rather than demonstrated, or when the appropriate bounds of 

interpretation are not stated (Stein et al., 2024; Thalinger et al., 2021). Guidance on communicating 

eDNA science has emphasized that confidence levels, knowledge gaps, and reliability constraints 

should be articulated explicitly to avoid both overstatement and unwarranted skepticism among end-

users (Stein et al., 2024). The targeted-assay validation scale has similarly been valuable for decision 

contexts because it has enabled readiness to be expressed as a graded attribute aligned with intended 

use (exploratory screening versus routine monitoring) (Thalinger et al., 2021). 

For biomonitoring 3.0, the same communication logic has been extended from assays to claims: 

interaction and time-resolved statements have been recommended to be paired with an evidence tier, 

a description of main uncertainty sources, and a statement of what management decision is 

supported at that tier (Klymus et al., 2024; Stein et al., 2024; Thalinger et al., 2021). By anchoring 

interaction-ready monitoring in minimum-information standards (MIEM and FAIRe), assay and 

workflow validation (MIQE 2.0, EMMI, LOD/LOQ reporting, and readiness scales), and routine 

interlaboratory proficiency testing, biomonitoring 3.0 has been positioned as a pathway by which 

environmental nucleic acids can be made decision-relevant without being made fragile to laboratory 

idiosyncrasy or interpretive overreach.  

7. Conclusion: A Roadmap and Near-Term Priorities for Biomonitoring 3.0  

Biomonitoring 3.0 has been framed as a shift in the primary monitoring output—from taxa lists 

toward interaction-ready, time-resolved ecosystem interpretation—while being built on the 

inventory strengths established under Biomonitoring 2.0 rather than being proposed as a replacement 

for it (Baird & Hajibabaei, 2012; Cordier et al., 2021). The naming has been justified by a change in the 

monitoring object (dynamics and interaction state) rather than by a simple increase in sequencing 

depth or taxonomic coverage (Baird & Hajibabaei, 2012; Bohan et al., 2017; Cordier et al., 2021). 

Environmental RNA has been positioned as enabling for this transition because biological activity 

and response signatures can be read from environmental matrices and because RNA persistence is 

often, though context dependent, shorter than DNA persistence under comparable conditions, 

thereby supporting more time-local inference when rapid change is targeted (Kagzi et al., 2022; Yates 

et al., 2021). 

Progress toward operational 3.0 has been expected to depend on a small set of practical 

deliverables. First, interaction claims should be made auditable by design, through routine labeling 

of inference tier and by wider adoption of minimum-information reporting that allows field design, 

controls, and analytical provenance to be reconstructed (Cordier et al., 2021; Klymus et al., 2024). 

Second, time resolution should be calibrated rather than assumed, through cross-matrix benchmarks 

of RNA–DNA decay contrasts and transcript-class dependence, with uncertainty ranges reported for 

real sampling contexts (Kagzi et al., 2022; Morgado-Gamero et al., 2025; Ruppert et al., 2019; Yates et 

al., 2021). Third, time-resolved sampling should be made feasible through standardized, scalable 

collection strategies, including automated or high-frequency approaches where event-scale dynamics 

are intended to be captured (Bohan et al., 2017; George et al., 2024). Finally, validation should be 

treated as an empirical program in which network and interaction hypotheses are stress-tested 

through replicated time series, perturbation designs, and cross-method corroboration, so that 

monitoring outputs can be translated into decisions without being inflated beyond their evidentiary 

base (Bohan et al., 2017; Cordier et al., 2021). If these elements are assembled as shared infrastructure, 

biomonitoring 3.0 can be advanced as a disciplined extension of molecular biomonitoring—one in 
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which ecosystems are monitored not only for membership, but for shifting linkages and responses 

that often precede visible turnover.  
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