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Abstract

Sentinel approaches provide a semi-controlled method for quantifying in-field ecological
interactions and processes while reducing bias and labour. They are, however, limited by
difficulties ascribing taxonomic identities, behavioural context and temporal resolution to
interacting agents. The integration of additional sources of data, including the analysis of

DNA left behind on sentinel objects and the use of cameras to observe interactions,
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presents a valuable extension of sentinel approaches. Several considerations, limitations

and obstacles may nevertheless hinder this multimodal integration.

Here, we describe the added value that multimodal integration presents for sentinel
approaches, focusing on the application of eDNA analysis and camera deployment. The
analysis of DNA left on sentinel objects, adjacent substrates or collected from interacting
agents themselves presents an opportunity to enhance the taxonomic resolution of
sentinel-agent interactions. Similarly, the deployment of cameras, especially integrated
with advances in computer vision and deep learning, can enhance the temporal resolution

and behavioural context derived from sentinel approaches.

Integrating these monitoring modalities into sentinel approaches will significantly advance
the taxonomic, temporal and functional resolution of such studies, but we also
acknowledge that this added value is dependent on the specific hypotheses and needs
of each study. We discuss the contexts in which multimodal expansion of sentinel
approaches should be considered and prioritised. Through the integration of eDNA,
cameras, deep learning and broader emerging technologies, we posit that sentinel
approaches can transcend a simplistic method for quantifying processes and become a

data-rich approach for mechanistic insight into a range of ecological interactions.

Keywords: biomonitoring, camera trap, deep learning, environmental DNA, merged

methods, network ecology, predator-prey, trophic interactions
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Introduction: from the outcomes of ecological processes to

agents and their behaviour

Ecological interactions underpin a vast array of functions and processes, ultimately
determining the stability and resilience of ecosystems (Thébault & Loreau, 2005). In a
rapidly changing world in which we increasingly depend on the services our ecosystems
provide, it is imperative that we are able to study and understand how ecological
interactions change over space and time, which has traditionally relied on direct
observations (Birkhofer et al., 2017; Symondson, 2002). Directly observing interactions is
not always possible, but, when obtainable, it provides important and relatively
unequivocal data. However, it is often laborious and constrained by observer biases and
short timeframes, ultimately altering the networks of interactions constructed and our
perception of the processes they drive (Cuff et al., 2022; Gibson et al., 2011). Sentinel
approaches, whereby resources are placed in the environment to catalyse measurable
processes, are a valuable method for studying ecological interactions in a semi-controlled
way while reducing observer bias and field-based labour (Lovei & Ferrante, 2017). These
resources can be artificial or present at artificial densities, but provide an important proxy
for ecological interactions otherwise occurring in the focal environment (Kidd & Jervis,

2007).

Ferrante and Lovei (2025) recently reviewed a broad range of sentinel methods which
offer standardized, repeatable, and scalable ways to measure various ecosystem
processes, such as predation, herbivory, decomposition, and pollination. These assays

have become crucial tools for assessing ecosystem functioning, and broadening their use
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beyond trophic interactions is incredibly promising, especially at scales incompatible with
direct observation. While sentinel methods can quantify such processes as frequencies
of visitation or consumption rates, they often fail to reveal precisely “who” performs the
process or “how” the underlying interactions unfold. For example, seed trays or bite marks
on clay caterpillars can determine the approximate frequency of consumption events, but
say little about the species/agent behind the process being measured, when it interacted
with the resource or its behaviour during or after the interaction (Lovei & Ferrante, 2017).
Knowing if a process was executed by a native or invasive species, for example, could
be crucial when studying the impact of invasive species on native fauna. How long the
interaction takes and whether it happened during the day or night could similarly change
how we understand and support ecological processes like pollination and the community

of organisms that sustain them.

Alongside advances in the application of sentinel approaches, significant progress has
been made in the broader remit of biomonitoring, enabling the remote detection of species
and their interactions (Cuff, Deivarajan Suresh, et al., 2023; Derocles et al., 2018).
Through the development and integration of established and emerging technologies such
as high-throughput sequencing, computer vision and deep learning, the detection and
identification of species and interactions has been streamlined, with clear progress toward
in-field automation (Besson et al., 2022). Increasingly scalable and accessible DNA
sequencing enables highly resolved identification of organisms from mere traces of their
DNA left in the environment (Zhao & Andermann, 2026). Similarly, computer vision,
especially through integration with deep learning, has enabled rapid and automated

identification, counting and measurement of individuals from a range of image types



87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

(Deivarajan Suresh et al., 2025; Ong et al., 2025). Despite the serendipity of these
advances alongside those in broadening the remit of sentinel approaches, multimodal

integration (i.e., using multiple detection modalities together) still remains scarce.

Integrating complementary technologies that reveal the “who”, “when” and “how” of
interactions could transform sentinel studies from static measures of process intensity to
tools capable of constructing wider ecological networks and their emergent properties
such as ecosystem function. To achieve this, sentinel approaches will need to be coupled
with technological tools which are capable of detecting taxa from biological traces or by
directly recording behaviour (Figure 1). Two particularly promising prospects for
integration are (i) trace environmental DNA (eDNA), which can be used to identify the
taxa physically interacting with sentinel items through residual molecular traces, and (ii)
camera traps paired with computer vision which can automate agent identification while
documenting specific behaviours, timing, and frequency. Together, these complementary
tools can expand sentinel methods into multimodal biomonitoring systems that determine
the frequency of processes, the agents driving them and the functional consequences for

wider ecosystems.
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Figure 1: An expansion of sentinel methods which uses multimodal integration of
environmental DNA and computer vision for enhanced resolution, breadth and context.
Each box represents considerations for the integration of these methods at each of the
stages of the sentinel workflow. Created in BioRender. Cuff, J. (2026)
https://BioRender.com/viexxiy

Environmental DNA as a tool for advancing sentinel

approaches

Identification of the agents interacting with sentinels has traditionally relied on coarse
identification of cryptic evidence such as marks or damage patterns on sentinel objects
(Lovei et al. 2017, Ferrante and Lovei 2025). Animals routinely leave DNA traces (e.g.,
saliva, cells, hair) in the environment, including on natural (Lynggaard et al., 2023) or
artificial (Kyle et al., 2022) surfaces. With appropriate care and diligence, these traces
can be recovered and analysed using high-throughput sequencing methods like DNA
metabarcoding to identify their source (Bohmann et al., 2014; Zhao & Andermann, 2026).
This approach can often achieve species-level taxonomic resolution, enabling

researchers to transcend the coarse identifications possible from marks on sentinel
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objects (RoRler et al.,, 2018, 2020). There are various possible sources of this DNA
though, both direct and indirect, all of which could offer additional resolution to sentinel

approaches (Figure 2).

Air Sentinel Visiting Sentinel
: &ext:“s L) surfaces agents substrate
o N EieETaeh o Directly linked to o Directly linked to o Detects visiting
visitation sentinel agent taxa
e Only trace DNA e Requires active ¢ No evidence of
available monitoring interaction

Adjacent

substrate

o Detects nearby
taxa

e No evidence of
interaction

Trapped
agents
¢ Interactions of
nearby taxa

o Not necessarily
focal agents

Nearby

faeces

¢ Interactions of
nearby taxa

¢ Not necessarily

focal agents

Figure 2: Sources of DNA that can be collected in parallel with the sentinel approach to
identify visiting agents or verify their interactions. Purple boxes denote direct analysis of
agents or sentinels, whereas yellow boxes denote indirect methods for identifying agents
or interactions. Blue text describes a benefit of each DNA source, whereas red text
indicates a key limitation of each. Created in BioRender. Cuff, J. (2026)
https://BioRender.com/viexxiy
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Most intuitively, DNA could be removed from the sentinel objects that are interacted with
(e.g., by swabbing DNA from sentinel surfaces) to detect and identify agents based on
the DNA traces they leave behind (RoRler et al., 2020). This should accurately target the
interacting agent, but the amount of DNA present on the sentinel may be variable and it
may prove especially challenging when multiple species with disparate sizes or
frequencies interact with the sentinel (i.e., the DNA of the smaller or less frequent visitor
may be outcompeted). When using real resources, living or dead, as sentinels (e.g.,
Gardarin et al.,, 2023; Seimandi-Corda et al., 2024; Zvereva & Kozlov, 2023) this
approach would require exclusion of the DNA of the sentinel resource from analysis since
it would otherwise likely comprise the majority of the data output (Cuff, Kitson, et al.,
2023). While this is the most direct method of analysing the DNA of agent-sentinel

interactions, other indirect methods warrant consideration.

If traps or other collection methods are deployed adjacent to sentinels (e.g., Gardarin et
al. 2023), DNA could be taken from the surface, guts or faeces (depending on the focal
taxon; Cohen et al., 2020; Cuff, Kitson, et al., 2023) of potential agents. If the agent is
trapped adjacent to the sentinel, this may provide some confidence that it had interacted
with the sentinel specifically, but, importantly, not certainty. This certainty could be
increased if using a real sentinel resource not otherwise present in the system (e.g., a
non-native species or taxon not usually found in that habitat), but this may detract from
the ecological realism of the focal interactions which often results in criticism of sentinel
methods. This will also only be effective if the sentinel itself contains DNA, as is the case

for real prey attached to prey cards (e.g., Seimandi-Corda et al., 2024). For artificial
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sentinels, synthetic DNA, which can be designed, synthesized and purchased from
commercial manufacturers, could be impregnated in or on the sentinel material, similar to
its use in laboratory positive controls for metabarcoding (Zinger et al., 2019). Degradation
of that synthetic DNA in the environment and, subsequently, in the gut of the agent could,
however, significantly hinder subsequent detection. Synthetic DNA would facilitate the
parallel development and use of highly specific diagnostic assays that circumvent any

need for relatively expensive sequencing though.

The substrate on which sentinels are placed can similarly be used for DNA analysis,
whether that is a prey card on which sentinel prey are glued (e.g., Seimandi-Corda et al.,
2024) or a natural substrate, such as soil, water or a plant. Environmental DNA can be
recovered reliably from biotic and abiotic surfaces, including samples that confer direct
evidence of consumption, such as faeces (Zhao & Andermann, 2026), all of which may
be available at sentinel locations. To optimise DNA collection from approaching agents,
the substrate on which the sentinel is placed could be lined with a material that enhances
visual detection of their tracks (Kotler et al., 1993; Lettink et al., 2022). Similarly, hair
sampling collars deployed near sentinels (Long et al., 2024) could provide DNA samples
suitable for identification of the organisms approaching the sentinel. While visual
inspection of footprints or hair can be inconclusive, much like bite marks on sentinels,
DNA can be extracted directly from them to identify the agent with greater confidence and
often to higher taxonomic resolutions (Hellstrom et al., 2023; Long et al., 2024 ). Leempoel
et al. (2020), for example, demonstrated that DNA taken from the soil can represent many
of the species detected by camera traps alongside various unique detections across the

two methods. Similarly, airborne DNA can reveal spatially proximate taxa (Clare et al.,
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2021), even when only passively sampled (Lin et al., 2025). Based on this principle, DNA
extracted from sentinel-adjacent substrates could provide probable identities of visiting
agents, and detection of taxa consistently across replicates would provide greater
confidence in their importance to the focal ecological process. Moreover, genotyping
approaches based on single nucleotide polymorphisms (SNPs) or whole genome
sequencing could potentially allow estimation of the number of individual visitors to
sentinels (Andres et al., 2023), which classical sentinels struggle to reveal. Having
confidence in the accuracy of the data and identities provided by DNA integration would,

however, benefit from additional evidence from other methods.

Before applying DNA-based analyses to sentinel approaches, it is important to consider
context-dependent sources of error. Given the sensitivity of PCR-based DNA analyses
like metabarcoding, susceptibility to false positives is high (Drake et al., 2022). To ensure
accuracy, sources of those false positives, such as cross-contamination and
environmental contaminants must be carefully controlled through use of field blanks (e.g.,
sentinels that are inaccessible to target taxa) and sterile handling. Environmental factors
that may contribute to DNA integrity, such as temperature, ultraviolet radiation and
humidity, must also be considered since their impact on DNA persistence may introduce
false negatives. Interpretation of the results also requires caution, even when taking DNA
directly from sentinels, since DNA presence may indicate contact but not necessarily
result from the process being studied (e.g., it may not reflect a predator attacking a prey
sentinel). Alongside environmental contamination (e.g., from the air; Klepke et al., 2022),
agents themselves may introduce contaminants or other false positives (e.g., DNA from

the agent's previous meal; RoRler et al., 2020). Special consideration is therefore required
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in experimental design for the field but also for establishing rigorous laboratory workflows,
bioinformatics processes and data filtration (Alberdi et al., 2019; Drake et al., 2022). The
lack of reliable quantitative data (Deagle et al., 2019; Lamb et al., 2019) and important
context such as the life stage of the agents (Cuff et al., 2022, 2026) that these data
provide, alongside conceptual problems like pervasive taxonomic biases (Alberdi et al.,
2019; Pifol et al., 2019), leave several key gaps. Despite these caveats, DNA-based
analyses are increasingly widely adopted and can provide an unprecedented taxonomic

resolution to sentinel methods to gain a richer understanding of ecological processes.

Cameras and computer vision to identify agents and their

behaviour

Given that they are usually stationary in a known location, sentinels are, by design,
relatively easy to observe. This makes their integration with camera trapping relatively
straightforward and increasingly commonplace. Camera traps can complement sentinel
studies by providing visual and behavioural observations of interactions (Smith et al.,
2020) even for small-bodied organisms, such as invertebrates (Gardarin et al., 2023;
Nagy et al., 2020; Seimandi-Corda et al., 2025). When positioned near sentinel items,
they can record the species visiting, when it visits and what they do (Smith et al., 2020).
This could delineate between behaviours like inspection, attack or avoidance, for
example, or even identify interactions aborted due to barriers like interference
competition. Cameras can also clarify a phenomenon that often occurs in sentinel

experiments, where sentinels disappear or are depleted (Lovei & Ferrante, 2017), with
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significant implications for interpretation of interaction frequencies. They can also provide
valuable information on an agent's life stage, activity patterns, temporal niche and overlap
with natural resource timing (Gardarin et al., 2023; Nagy et al., 2020; Seimandi-Corda et

al., 2024; Smith et al., 2020; Zvereva & Kozlov, 2023).

While camera traps are powerful monitoring tools, processing their images can require
many hours of manual screening (Seimandi-Corda et al., 2024). Recent advances in deep
learning and computer vision now facilitate the automatic processing of large image
datasets, identifying species or morphogroups and the frequencies of specific behaviours
at unprecedented scales (Seimandi-Corda et al., 2025; Vélez et al., 2023). This approach
has been successfully applied to camera trap images (Bjerge et al., 2023), and models
trained on relevant datasets can classify a broad array of taxa, even tracking animals in
real-time (Bjerge et al., 2022). With appropriate reference or training data, it will also be
possible to automate the detection and tracking of specific ecological interactions,
including interaction with a sentinel resource. Delegating image processing to artificial
intelligence systems must be done cautiously and with careful validation, while
acknowledging that species-level identification is not always accurate nor achievable
(Alison et al., 2026). Sittinger et al. (2024) demonstrated the use of InsectDetect cameras
alongside artificial sentinel flowers, enabling simultaneous measurement of interaction
rates and taxonomic identities of visiting agents to construct detailed pollinator networks.
Insect camera traps can be paired with artificial 3D printed flowers to standardise and
improve pollinator attraction (Ash et al., 2026). Cameras can also capture the

environmental context that such interactions occur in, either through auxiliary sensors
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(commonly integrated in trail cameras) or through analysis of the images captured (Alison

et al., 2024).

In addition to detection and identification of interactions during sentinel deployment,
computer vision and deep learning could advance the current practice of identifying
agents from marks left on sentinel resources. These marks, left, for example, by the
mouthparts of a predator on a sentinel prey, are often difficult to identify with precision
given the minute differences between taxa. Such differences could, theoretically, be
distinguished by deep learning from sentinels imaged after a full round of deployment if
sufficiently high-quality reference data (e.g., generated in controlled laboratory
experiments; Ferrante et al., 2024) was available for different taxa. One of the greatest
challenges in applying deep learning to such problems is the standardisation of image
resolution, lighting and angling. Charged coupled device flatbed scanners have been
demonstrably successful in overcoming this problem for other material types, such as
insect sticky traps (Deivarajan Suresh et al., 2025; Ong et al., 2025), and could similarly
standardise images of sentinel prey marks for deep learning-based identification. This
approach can help reduce the subjectivity inherent in interpreting marks on sentinels,
which is a known limitation in classical sentinel studies (Valdés-Correcher et al., 2022),
while also providing standardised reference material for developing tools to train new
observers. It could be further expanded through 3D scanning of sentinel objects,
generating more detailed and standardised representations of attack marks (Naether et
al., 2012). Such representations may even offer additional information about the
interacting agent, including, for example, bite mark dimensions to compare against

recorded morphology/size (Young et al., 2015). Which can be used for inference of the
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biomechanical constraints of interactions (Cuff, Labonte, et al., 2024; Puffel et al., 2023).
Sentinel units could be efficiently scanned at scale by mounting them on labeled pins with

individual identification codes.

Camera trapping can help overcome some subjectivity in sentinel approaches, but some
studies suggest that they are better suited to capturing activity patterns rather than actual
processes or interactions like predation (Schillé et al., 2025). Designing sentinels that
require prolonged interaction time and advances in the equipment available for camera
trapping may address this through the provision of more continuous and dynamic data
(Schillé et al., 2026) but this nevertheless demonstrates the importance of validation with
other data types. The potential mismatch between activity and predation could, if
determined through cross-validation, help to address whether artificial sentinel prey are
sufficiently attractive. By detecting organisms that approach but do not interact with the
sentinel (Gardarin et al., 2023; Nagy et al., 2020; Schillé et al., 2026), camera data could
help to address concerns that sentinel methods do not mimic natural processes and may
distort our inference of the relative importance of different taxonomic groups (Nagy et al.,
2020; Schillé et al., 2026; Zvereva et al., 2024; Zvereva & Kozlov, 2023). Sentinels could
be refined stepwise to reduce hesitance or non-interaction based on such data; for
example, if a predator, such as a bird, was found to approach but never attack a clay
caterpillar, it may indicate that it too poorly mimics an actual caterpillar. Naive juvenile
birds, for example, may be more likely to attack artificial caterpillars than their adult
counterparts (Zvereva & Kozlov, 2023). Refining sentinels based on these data could
enhance their capacity to measure the processes they aim to quantify reliably (Lovei &

Ferrante, 2017; Schillé et al., 2025).
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Several challenges will remain pervasive in applying this approach though, such as
classification uncertainty, reduced performance under low light, occlusion, limited training
images or model performance (Alison et al., 2026; Seimandi-Corda et al., 2025). The
potential of automated cameras to capture fine-scale temporal and behavioural data
nevertheless makes them an obvious and powerful extension to sentinel experiments.
The resolution of the images captured can often taxonomically limit identifications though
(Nagy et al., 2020), especially when using the more cost-effective setups necessary when
monitoring at scale. This issue of low resolution could be addressed through multimodal

integration.

Multimodal integration with sentinel approaches

Given the inherent biases of individual sampling methods used in monitoring and
research, attention has increasingly turned toward the integration of methods. This
merged or multimodal monitoring is central to the premise of ‘next generation
biomonitoring’ which aims to enhance the resolution and scale of monitoring through
integration of emerging technologies for the generation of meaningful metrics to assess
ecosystem health (Besson et al., 2022; Cuff, Deivarajan Suresh, et al., 2023; Derocles et
al., 2018). The rationale for merging methods is that different datasets offer opportunities
for cross-validation, complementary detections and complementary data types, all of
which contribute to more complete and accurate data (Zipkin et al., 2021). In the context
of ecological networks, which the sentinel approach can be used to construct, this can

have important implications for the structural properties of networks and the outcomes of
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network analyses (Cuff, Deivarajan Suresh, et al., 2023; Windsor, 2023; Figure 3).
lllustrating the value of integrating methods, Leempoel et al. (2020) and Kakita et al.
(2026) separately showed that parallel analysis of camera trap images and DNA taken
from the soil adjacent to the cameras resulted in overlapping but complementary
detections. This naturally overlaps conceptually with the application of camera trapping

and DNA-based analysis to sentinels, which would likely result in similarly complementary

detections.
. . Benefits of eDNA . . . .
Using sentinel approach alone integration Multi-modal sentinel monitoring
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Figure 3: By using multimodal data to identify, quantify and characterise processes linked
to sentinels, the interaction data generated will be much more resolved than if using the
sentinel approach alone. Analysing environmental DNA from sentinels, adjacent surfaces
or potential agents may increase the known richness of agents interacting with the
sentinel through both increased sensitivity and enhanced taxonomic resolution. The use
of cameras alongside sentinels may enhance contextual data by improving quantification
of link weights, the temporal resolution of interaction data and the behavioural context of
the interactions (including non-interacting taxa and those displaying interference
competition). Taken together, a multimodal sentinel approach may result in a much more
detailed and realistic understanding of sentinel-agent interactions. Created in BioRender.
Cuff, J. (2026) https://BioRender.com/viexxiy
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The integration of different data types could significantly extend the potential applications
and outcomes of sentinel studies (Figure 3). As detailed above, DNA data can provide
significant advances to taxon resolution, whereas image-based analysis can provide
context-rich data pertaining to specific behaviours or agent states (e.g., life stage;
Seimandi-Corda et al., 2024). Their integration generates a rich dataset through which
variation in interaction frequency, identity and function can be explored more fully than by
either method in isolation. This complementarity of data types does, however, present
some distinct challenges. The pitfalls of data merging have been summarised elsewhere
(e.g., Cuff, Deivarajan Suresh, et al., 2023; Cuff et al., 2022; Zipkin et al., 2021), but
include differences in the units of measurement, quantitative vs. qualitative, taxonomic
resolutions, spatiotemporal scales, completeness, biases and sampling
perspectives/orientation. Data handling processes like per-sample normalisation or
reduction to frequencies of occurrence can overcome some of these challenges, but at
the expense of ecological realism (Cuff, Tercel, et al., 2024). The expense and complexity
of running multiple methods in parallel is also noteworthy given the financial cost of
processes like high-throughput sequencing and equipment like high resolution field-
deployable cameras (Alison et al., 2026). Consequently, whether and how multimodal
data collection should be integrated depends on the ecological processes of interest and

the goals of the study.

When to integrate sentinel approaches with other monitoring

methods
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Classic sentinel assays remain ideal for rapid and straightforward standardised
comparisons of ecological process rates across space, time or treatments, particularly
when questions focus on magnitude rather than mechanism or identity. When the
ecological question requires identification of the species driving the process, behavioural
context or temporal resolution for accurate interpretation, integrating molecular and
image-based monitoring may become essential. Environmental DNA is useful when
substantial physical contact with the sentinel object is expected and the taxonomic identity
of the agent is important (RoBler et al., 2020; Shaw et al., 2023). Meanwhile, cameras
can record both interacting and non-interacting visitors, offering behavioural context and
fine temporal resolution (Nagy et al., 2020; Schillé et al., 2026). Choosing between, or
combining, these tools should be guided by the ecological question, available resources

and logistical feasibility.

The additional complexity and data management demands of multimodal sentinels are
justified when they provide mechanistic insight that traditional approaches cannot. A
hybrid framework, in which classical sentinels quantify process rates and a subset of
enhanced sentinels with multimodal integration reveal the responsible agents and their
behaviours could allow researchers to balance depth, cost and scalability. Samples (e.g.,
whole sentinels, swabs, other materials) could be collected and stored appropriately for
later use of DNA-based analyses without committing finance or labour, but this does
require specific storage conditions and procedures to limit contamination. Collecting
samples and storing them via deep freezing can effectively preserve DNA for analysis,
allowing those samples to be processed only when needed, even far into the future. When

funding is limited, camera-based approaches may be especially suitable because the
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equipment can be reused across multiple studies and projects involving sentinels,

whereas eDNA workflows often require recurring consumable costs.

Expanding sentinel methods with complementary approaches such as eDNA or cameras
should not be an objective in itself. These integrations demand additional time, expertise,
and resources, and should therefore only be pursued when the added value justifies the
additional effort and cost. Ideally, such expansions would be guided by a clearly defined
ecological question or hypothesis that cannot be adequately addressed through classical
sentinel assays alone. For instance, one might ask whether multiple species share the
same ecological role or if a single taxon dominates a process (i.e., functional
redundancy), which may be addressed through integration of eDNA and cameras.
Similarly, this approach can assess whether targeted management schemes are focusing
on the most beneficial taxa and can optimise management therein. For augmentative
releases of biocontrol agents, for example, knowing whether specific agents are exerting
predation pressure and whether this aligns with the diel cycles of the target pests is
essential, and could be informed by camera deployment (e.g., Seimandi-Corda et al.,
2024). Beyond hypothesis-driven integrations, it is important to note that collecting richer
datasets exploratively can sometimes reveal unexpected patterns and generate new
hypotheses. While we recommend prioritising hypothesis-led integration of multimodal
sentinel studies, and we encourage a clear rationale for expanding the method, there is
an important place for exploratory integration too, especially when developing new

methodological approaches.



401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

Conclusions

Sentinel approaches provide opportunities to expose and compare ecological processes
experimentally under controlled and repeatable conditions. These systems offer an ideal
platform for integrating complementary data modalities that link ecological processes with
the organisms and behaviours that drive them. When applied selectively and guided by
clear ecological questions, such integrations can move sentinel studies toward a deeper

mechanistic understanding of ecological interactions and ecosystem functioning.

While we have focused here on the potential integration of DNA-based analysis and
camera trapping with sentinels, there are various other methodological modalities that
could introduce complementary data. Bioacoustics, for example, could provide data on
the community of potential agents (Schillé et al., 2026), the duration of resource handling
(Stidsholt et al., 2025) or even the uncharted complexity of sentinel-agent interaction
networks (Dawson et al., 2026). Given the importance of volatile organic compounds in
communication, they could be analysed at sentinel stations to generate data such as the
disease status of agents (Asiri et al., 2024). Alongside the integration of additional
modalities, the framework presented in this article could be promising for integration with
different types of sentinels focused on physiological outcomes. Experiments typically
conducted with baits, such as nutrient choice experiments in natural environments (e.g.,
Guariento et al., 2021) could be monitored more precisely than has traditionally been
possible if conducted in this multimodal framework. Multimodal integration can facilitate

continued advances to sentinel approaches for an increasingly accurate and valuable
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source of ecological interaction data. We hope this perspective encourages further

development and testing of multimodal sentinel approaches across sentinel systems.
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