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A Metacommunity Approach to
Improve Biological Assessments
in Highly Dynamic Freshwater
Ecosystems

NURIA CID, NURIA BONADA, JANI HEINO, MIGUEL CANEDO-ARGUELLES, JULIE CRABOT, ROMAIN SARREMEJANE,
JANNE SOININEN, RACHEL STUBBINGTON, AND THIBAULT DATRY

Rapid shifts in biotic communities due to environmental variability challenge the detection of anthropogenic impacts by current biomonitoring
programs. Metacommunity ecology has the potential to inform such programs, because it combines dispersal processes with niche-based
approaches and recognizes variability in community composition. Using intermittent rivers—prevalent and highly dynamic ecosystems that
sometimes dry—we develop a conceptual model to illustrate how dispersal limitation and flow intermittence influence the performance of
biological indices. We produce a methodological framework integrating physical- and organismal-based dispersal measurements into predictive
modeling, to inform development of dynamic ecological quality assessments. Such metacommunity-based approaches could be extended to
other ecosystems and are required to underpin our capacity to monitor and protect ecosystems threatened under future environmental changes.

Keywords: bioassessment, connectivity, dispersal, intermittent rivers and streams, climate change

Ecosystems are increasingly affected by anthropogenic
impacts such as land-use change and climate change,
altering the structure and function of biological communi-
ties (Haddad et al. 2015, Tonkin et al. 2019). However, our
knowledge of how different biodiversity metrics are affected
by human activities is still limited, which hampers their
effective use in the detection and biomonitoring of anthro-
pogenic impacts (Heino et al. 2015, Donohue et al. 2016).
This challenge is especially pertinent for highly dynamic
ecosystems (HDEs), which experience wide temporal and
spatial environmental variability because of recurrent natu-
ral disturbances such as droughts, fires, and floods, that act
at relatively short timescales (Datry et al. 2016a, Ryo et al.
2019). HDEs include ecosystems such as estuaries, coastal
lagoons, floodplains, temporary ponds, intermittent rivers,
tire-prone shrublands, and coastal dune systems. Their
inherent dynamism poses a challenge for assessing and pre-
dicting the ecological effects of anthropogenic activities. This
is because reference conditions (i.e., natural undisturbed
conditions) are also variable and therefore difficult to define
(Ghazoul et al. 2015) and concurrent ecological responses to

both natural and human-induced disturbances can be com-
plex and difficult to disentangle (box 1; Donohue et al. 2016).

Current biomonitoring methods assume that biological
communities are relatively stable and governed by local
abiotic conditions through environmental filtering (i.e., a
niche-based approach). However, communities typically
occur as part of metacommunities that are connected by
dispersal across the landscape, and are therefore influenced
by regional processes (Leibold et al. 2004). In HDEs, the
importance of the metacommunity context may be stronger
than in other ecosystems because of recurrent community
reassembly following disturbances, which creates spatio-
temporally variable metacommunities (Datry et al. 2016a).
Despite considerable efforts to adapt traditional biomonitor-
ing approaches for HDEs (e.g., Elliott and Quintino 2007,
Stubbington et al. 2018, Pitacco et al. 2019), no approach
has adopted a metacommunity perspective that consid-
ers dispersal. Moving beyond a niche-based approach and
recognizing regional dispersal processes could improve the
accuracy of biomonitoring methods and inform effective
ecosystem management strategies.
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Forum e

Box 1. High variability limits the performance of biological indices.

In general, biomonitoring requires that biological variables, including indices designed to summarize community structure and
composition, respond predictably to anthropogenic stressors (Bonada et al. 2006). Therefore, a biological index performs effectively
if it changes in response to increasing anthropogenic stress levels (figure 3a). Effective indices therefore enable sites to be classified
according to their level of biological impairment. One way to assess if a site is affected is to compare its observed (O) index value with
the expected (E) value obtained from unimpaired reference sites (Clarke et al. 2003) or, in the absence of unimpaired sites (e.g., sites
in catchments dominated by human land uses), E can be estimated by modeling biotic communities on the basis of environmental
filters (Chessman and Royal 2004). In either case, when the index responds to anthropogenic stress but values are highly variable, its
performance is limited and unimpaired sites may be misclassified as impaired and vice versa. Finally, index performance is poor when
it cannot detect anthropogenic stress, even if variability in index values is low. Both situations may occur in HDEs, principally because
of two major challenges: setting reference conditions and distinguishing between the effects of natural environmental dynamism and
anthropogenic stress.

In HDEs such as intermittent rivers—that is, those that recurrently cease to flow or dry (figure 1)—current biomonitoring methods
rely on those developed for perennial watercourses. If monitored, biological communities are sampled only during the flowing phase,
and biological quality is assessed using reference values obtained from perennial rivers (Stubbington et al. 2018). This usually leads to
poor performance of biological indices (Chessman et al. 2010, Soria et al. 2020) as a result of lower taxa richness (Soria et al. 2017) and
a higher number of tolerant species (Bogan et al. 2017). In regions in which nonperennial rivers prevail, many efforts have been made
to adapt traditional biomonitoring methods (Chiu et al. 2017). In Mediterranean-climate regions, characterization of the flow regime
represents an important step toward the adaptation of reference conditions (Gallart et al. 2017). Still, spatiotemporal variability has not
been adequately addressed. In highly isolated sites, dispersal limitation can influence the composition of local communities (Canedo-
Argiielles et al. 2015) and having information only on the flow regime may not be sufficient. For example, in sites with comparable
river typology and flow intermittence regimes but different distances to the nearest perennial water body, the biomonitoring index
IBMWP (Alba-Tercedor et al. 2002) can show very different bioassessment results (figure 2). HDEs also show high temporal species
turnover (Tonkin et al. 2017), and only considering the flowing phase could lead to underestimation of overall diversity at reference
sites. Therefore, a metacommunity perspective that also incorporates temporal dynamics (Sarremejane et al. 2017a) has a considerable

potential to inform the biomonitoring of HDEs.

Intermittent rivers are archetypal HDEs (box 1, figure 1).
They are globally dominant and support considerable biodi-
versity and provide many ecosystem functions and services
(Datry et al. 2014), The in-stream conditions of intermittent
rivers change substantially in time and space among and
within lotic (flowing), lentic (nonflowing), and terrestrial
(dry) phases (Datry et al. 2014, 2016a, Gallart et al. 2017).
Reflecting the relative duration and predictability of these
phases, such systems include streams characterized by
long dry periods interrupted by short, unpredictable flow
events after rain, and systems with longer, seasonal flowing
phases during which disconnected pools may persist. Their
biotic communities also change continuously, reflecting
local colonization and extinction events associated with
shifts between phases (Sarremejane et al. 2017a). Regional
processes (i.e., dispersal) are key influences on aquatic
community reassembly after habitats become reconnected
by flow resumption, and contribute substantially to the
maintenance of local and regional aquatic biodiversity
(Sarremejane et al. 2017a).

The dynamic nature of intermittent rivers hampers their
adequate biomonitoring and management (Fritz et al. 2017).
In a biomonitoring context, their highly variable reference
conditions (Cid et al. 2017) and the different responses of bio-
logical indices across gradients of anthropogenic stress (Soria
etal. 2020) can reduce the accuracy of biological quality assess-
ments (box 1). As a result, the implementation of sustainable
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water resource management strategies is less well developed
in intermittent compared with perennial rivers, which hinders
compliance with international and national legislation (Fritz
etal. 2017, Marshall et al. 2018). As intermittent rivers increase
in extent because of climate change and water demands (Déll
and Schmied 2012), adapting tools and methods to enable
their assessment and conservation is increasingly urgent.

In the present article, using intermittent rivers as typical
HDEs, we demonstrate how a metacommunity approach
could integrate niche- and dispersal-based processes to
guide biomonitoring. We present a conceptual model illus-
trating how flow intermittence and dispersal proxies may
limit the performance of biomonitoring methods. We then
convert these concepts into recommendations for river basin
management by establishing a methodological framework
that incorporates regional variables on the basis of dispersal
(i.e., physical- and organismal-based dispersal proxies) into
biomonitoring (Heino et al. 2017).

The application of metacommunity ecology to
biomonitoring

Metacommunity organization has recently received consid-
erable interest both from fundamental and applied perspec-
tives (Holyoak et al. 2006, Leibold and Chase 2018). From
an applied perspective, metacommunity studies have high-
lighted the relevance of regional processes for the biomoni-
toring (Heino 2013, Siqueira et al. 2014), restoration (Kitto

https://academic.oup.com/bioscience
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Figure 1. Intermittent rivers in contrasting climatic regions during flowing and
dry phases: (a) Cérvol, in Mediterranean-climate Spain. (b) Manifold, oceanic
England, United Kingdom. Photographs: (a) Nuria Cid. (b) Nick Mott.

et al. 2015, Swan and Brown 2017), and conservation of eco-
systems (Guichard et al. 2006, Ruhi et al. 2017). Despite rapid
progress, applied metacommunity ecology is an emerging
research field that remains in its infancy (Marini et al. 2019).

The niche-based principles that underpin current bio-
monitoring (Heino 2013) state that local communities com-
prise taxa that differ in their responses to environmental
variation and therefore inhabit different niches. Local abiotic
environmental conditions therefore determine the occur-
rence of taxa at individual sites and, consequently, changes

https://academic.oup.com/bioscience
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in environmental conditions alter local
communities. This idea assumes that
dispersal enables all species to reach
all sites and that the match between
community composition and the envi-
ronment is optimal. Although it is
often valid, this view needs expansion
to recognize regional metacommunity
influences on and, specifically, dispersal
processes for local community composi-
tion (Leibold et al. 2004). In particular,
mass effects mean that organisms tem-
porarily inhabit in suboptimal habitats
because of high dispersal rates, changing
community composition irrespective of
local environmental conditions. This can
decouple biological indices from habi-
tat conditions, causing overestimation
or underestimation of biological quality
(Brown et al. 2011). In contrast, disper-
sal limitation can prevent species from
colonizing sites with suitable abiotic
conditions (Heino et al. 2017), typically
causing underestimation of biological
quality such that fewer species inhabit
unaffected isolated sites compared with
equivalent sites supplied by more colo-
nists and dispersal pathways.

In river networks, regional influences
are especially important because dis-
persal can be strongly affected by net-
work connectivity (Tonkin et al. 2018).
For example, dispersal may be more
prevalent in central areas such as at con-
fluences than in peripheral areas such
as headwaters (Brown and Swan 2010).
Also, flow variability may affect disper-
sal rates, which are typically related to
both landscape configuration and spe-
cies’ dispersal abilities (Liu et al. 2013).
High discharge increases dispersal rates
of passively dispersing lotic organisms,
although these rates may be contin-
gent on dispersal-related species traits.
Equally, low discharge can lead to net-
work fragmentation, thereby decreasing
the dispersal rates of aquatic organisms (Caniedo-Argtielles
et al. 2015, de Campos et al. 2019).

Despite previous efforts to minimize the effects of regional
processes on index performance (e.g., Hawkins et al. 2000,
Aroviita et al. 2009, Frimpong and Angermeier 2010), dis-
persal processes have yet to be effectively incorporated into
biomonitoring. For example, regional stratification gener-
ates smaller and more ecologically meaningful spatial units
(e.g., ecoregion, drainage basin) that potentially decrease
the effects of dispersal limitation on local communities
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Figure 2. Values for the biomonitoring index IBMWP and associated biological
quality (moderate, poor, bad) in two headwater intermittent rivers: (a) Cérvol
and (b) Monlleo (Castell6, Spain). Although they may have disconnected pools
for a short period during transitions between flowing and dry phases (i.e.,
Monlled), both sites completely dry out during the dry season. The number

of zero-flow days was assessed using temperature data loggers (Soria et al.
2020). Both sites are within the same official river typology (i.e., limestone
rivers of Mediterranean lowland mountains) and, therefore, their quality is
assessed using the same reference values. Neither site is exposed to significant
anthropogenic pressures. Even when sampled during the flowing phase, as

was indicated in standard protocols developed for perennial rivers, biological
quality is underestimated for the site with the greatest distance to the nearest
perennial site. Quality assessments are not performed when the river is dry.
Data obtained from the TRivers Project.

and may promote more effective biomonitoring (Heino
2013). However, biomonitoring programs done to assess
compliance with national and international legislation are
conducted across larger spatial scales, including multiple
bioregions, ecoregions, and drainage basins. Moreover,
regional stratification does not directly recognize important
aspects from a metacommunity perspective such as physical
dispersal barriers (i.e., spatial connectivity) or organisms’
dispersal abilities (e.g., low, high) or modes (e.g., aerial,
aquatic), despite their effects on local community structure
(Cafiedo-Argiielles et al. 2015).

Studies on the application of metacommunity approaches
to biomonitoring are very limited and focused on perennial
rivers. For example, by generating different scenarios of spa-
tial connectivity between sites, organisms’ dispersal abilities,
and anthropogenic impact levels in a hypothetical river net-
work, Siqueira and colleagues (2014) found that biological
quality was underestimated at isolated sites. This evidences
that both the spatial configuration of sites and species’ disper-
sal abilities should be considered in biomonitoring (Heino

430 BioScience May 2020/ Vol. 70 No. 5

etal. 2017). However, no studies focusing
on biomonitoring at the metacommu-
nity level have considered the effects of
the wide spatiotemporal variability that
characterizes HDEs such as intermittent
rivers (box 1). In these systems, there is a
particular need to account for recurrent
spatial isolation of aquatic habitats and
for among-site variability generated by
natural flow intermittence (Datry et al.
2016a). For example, the position of
intermittent river reaches in relation to
perennial waters is particularly relevant
to the dispersal of aquatic communities,
because perennial habitats can act as
stepping stones during overland disper-
sal (Cafiedo-Argiielles et al. 2015) and
can be a source of colonists after flow
resumption (Sarremejane et al. 2017a).
As well as spatial factors, there is a
need to include the temporal dimension
of dispersal (Buoro and Carlson 2014).
In intermittent rivers, resilience strate-
gies of aquatic organisms usually involve
spatial dispersal, either using strictly
aquatic (e.g., fish) or combining aerial
and aquatic (e.g., aquatic insects) modes,
whereas resistance strategies allow local
survival in wet refuges or as desiccation-
tolerant life stages in drying sediments
and can be viewed as temporal dispersal
(Bonada et al. 2017). Spatial and tem-
poral dispersal covary (Wisnoski et al.
2019), and, in a context of limited spatial
dispersal, temporal dispersal is key to
maintaining local communities under

harsh conditions (Bogan et al. 2015). As climate change
increases the frequency and magnitude of extreme events
(Trenberth et al. 2015) such as floods and drying in rivers,
integrating dispersal into biomonitoring could enable man-
agers to conserve and monitor ecosystems more effectively.

A conceptual model for metacommunity
biomonitoring in highly dynamic ecosystems

In the present article, we use intermittent rivers as an
example HDE to develop a conceptual model that illustrates
how the performance of biological indices or metrics can
be negatively affected by environmental harshness resulting
from flow intermittence (Chessman et al. 2010, Soria et al.
2020). We predict that when incorporating a metacom-
munity perspective, the index performance in conditions
of flow intermittence depends on the degree of spatial
connectivity, and organisms’ spatial dispersal abilities and
resistance to drying. The model assumes that both dispersal
limitation and mass effects limit the performance of bio-
logical indices (Heino et al. 2017). In intermittent rivers,

https://academic.oup.com/bioscience
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Box 2. A conceptual model of the performance of biological indices in intermittent rivers.

Our conceptual model illustrates how the performance of an index is negatively affected by flow intermittence, and predicts different
relationships depending on the degree of spatial connectivity, organisms’ dispersal ability (i.e., weak, intermediate and strong dispers-
ers), and resistance to drying (figure 3b):

Concave. An increase in flow intermittence is accompanied by a decrease in index performance only at high levels of intermittence
(i.e., at sites experiencing long dry phases). This pattern occurs when sufficient among-site dispersal rates (i.e., communities domi-
nated by intermediate dispersers at high spatial connectivity, or by strong dispersers at high spatial isolation) and the resistance of local
communities compensate for the effects of flow intermittence (figure 3c). In this case, both spatial and temporal dispersal contribute
to community assembly.

Convex. An increase in flow intermittence causes a major decrease in index performance, limiting performance at low levels of inter-
mittence (i.e., near-perennial sites) or even perennial sites. This occurs when insufficient dispersal rates (i.e., communities dominated
by weak dispersers at high spatial connectivity, or by intermediate dispersers at high spatial isolation) and limited resistance lead to
taxon absences from unaffected sites (figure 3¢). This convexity is reinforced when weak dispersers inhabit highly isolated sites. A con-
vex relationship could also occur when high dispersal rates (i.e., strong dispersers at high spatial connectivity) lead to mass effects and
reduce index performance because of community homogenization (i.e., species disperse everywhere).

Sigmoid. An increase in flow intermittence results in a minor decrease in index performance at low intermittence levels until a thresh-
old is reached (in the present article, 50% intermittence) at which performance abruptly declines. This relationship reflects sufficient
among-site dispersal rates to compensate for the effects of flow intermittence, but only up to a certain threshold (figure 3c), because
taxa lacking resistance strategies dominate communities and these taxa rely primarily on spatial dispersal.

Inverse sigmoid. An increase in flow intermittence is accompanied by a major decrease in index performance at even low intermit-
tence levels (i.e., near-perennial sites), reaching a transitory steady state (in the present article, 50% of index performance) until a
threshold is reached (in the present article, 80% intermittence) at which performance declines abruptly. This occurs when insufficient
dispersal rates prevent resilient taxa from recolonizing unimpaired sites or when high dispersal rates reduce index performance, but
resistance (i.e., temporal dispersal) compensates for the effects of flow intermittence on local communities (figure 3c).

Linear. Index performance declines with flow intermittence at a constant rate. This relationship represents the traditional niche-based
approach in assuming that all species can reach all sites, and that the match between community composition and flow intermittence

is proportional.

resistance to drying acts as temporal dispersal (Bonada
et al. 2017) and will therefore influence index performance.
For example, index performance may decrease because of
dispersal limitation, but decreases may be compensated
by temporal dispersal in regions that often support more
resistant taxa (e.g., Mediterranean-climate regions; Bonada
and Resh 2013). The model also assumes that dispersal
rates reflect the balance between dispersal ability and spatial
connectivity (Sarremejane et al. 2017b, Tonkin et al. 2018).
This means that, for example, dispersal limitation is higher
at more isolated sites and in communities dominated by
weak dispersers, but strong dispersal can offset the effects of
spatial isolation. According to these assumptions, the model
predicts five basic relationships between the performance of
a hypothetical biological index and flow intermittence: con-
cave, convex, sigmoid, inverse sigmoid, and linear (box 2,
tigure 3b).

Each of the five relationships (figure 3b) may vary in its
threshold of change, as a result of the different contribu-
tions of spatial and temporal dispersal in a metacommu-
nity. For example, the shape of an inverse sigmoid curve
may differ among communities with contrasting resistance
strategies, reflecting the different thresholds at which index
performance abruptly declines because of the effect of flow

https://academic.oup.com/bioscience

intermittence. These relationships may also vary in relation
to additional spatiotemporal features of intermittent rivers,
such as spatial drying configurations, the temporal predict-
ability of drying, and the number of drying events (box 3;
Datry et al. 2016a).

Identifying these relationships can enable characteriza-
tion of reference conditions, reliable metrics, and realistic
environmental targets in intermittent rivers. Our conceptual
model may also be applicable to other HDEs experienc-
ing other recurrent natural short-timescale disturbances
(e.g., fire-prone ecosystems, coastal lagoons). Regardless
of HDE type, incorporating ecologically relevant variables
such as spatial connectivity represents a step toward better
integrating the natural range of variation of ecosystems into
biomonitoring.

Proposed methodological framework

Ecological modeling is a powerful tool to support ecosystem
management that has been used in the assessment of anthro-
pogenic stressors in many ecosystems (Lynam et al. 2016,
Tonkin et al. 2019). One of the most extensive methods
in river biomonitoring is predictive modeling. It has been
tested using different biotic groups (Feio and Poquet 2011)
and also in other freshwater ecosystems (Reynoldson et al.
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Figure 3. The performance of traditional biological indices used in river biomonitoring (a) is reduced by increasing flow
intermittence (percentage) following different relationships (b) depending on spatial connectivity and species’ dispersal
and resistance traits (c). Typically, an effective index classifies 80%-100% of sites correctly. See box 2 for a detailed
description. The percentage of flow intermittence refers to the annual amount of time that the river has no flow.

1995, Dziock et al. 2006). Predictive modeling is based on
empirical statistical models (e.g., general linear models) and
predicts site-specific communities on the basis of selected
environmental variables. When used in intermittent river
biomonitoring, RIVPACS (River Invertebrate Prediction
and Classification System)-type predictive models may
not detect anthropogenic impacts (Chessman et al. 2010,

432 BioScience May 2020/ Vol. 70 No. 5

but see Poquet et al. 2009), corroborating the limitation of
current bioassessment methods in such systems. Here, we
address these limitations by proposing a methodological
framework to incorporate regional, as well as local variables
into current biomonitoring by using predictive modeling.
Specifically, we describe how to effectively account for the
components influencing a hypothetical biomonitoring index
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Box 3. Key questions on metacommunity ecology applied to the biomonitoring of intermittent rivers.

contribution vary among taxonomic groups?

biological indicators?

at a site?

o What is the relative contribution of flow permanence and spatial connectivity to the applicability of biological indices? Does this

o What is the covariation between spatial and temporal dispersal in a metacommunity context? How do the predictability, duration
and frequency of different hydrological phases, in particular dry phases, and spatial drying configurations influence community
composition? How will this affect our ability to predict site-specific community composition and improve biomonitoring?

« Can biomonitoring be improved by using only a subset of taxa—that is, those with high resilience and resistance to drying? Can
these taxa recolonize after flow resumes, track environmental conditions that match their habitat preferences, and therefore act as

o Which set of dispersal traits and spatial connectivity measurements best help predicting the probability of finding a certain taxon

o Which community metrics will better distinguish responses to anthropogenic impacts and flow intermittence?

in our conceptual model: flow intermittence, the degree of
spatial connectivity, organisms’ spatial dispersal ability, and
resistance to drying. This methodological framework has
five main steps.

Step 1: Obtaining the reference biological data set. As in tradi-
tional biomonitoring methods, the first step is to obtain a
data set of reference sites selected according to objective
criteria that capture enough natural environmental vari-
ability to represent a study area (Feio and Poquet 2011). In
our framework, this variability encompasses both local envi-
ronmental and regional variables, and reference sites should
include biological data representing different levels of flow
intermittence and spatial connectivity. Reflecting the spatial
scale at which regional processes operate, the catchment-
scale application of metacommunity-based biomonitoring is
typically appropriate (e.g., Heino 2013). However, the spatial
scale at which metacommunity processes operate is not well
defined yet and might be specific to each region (Viana and
Chase 2019). For example, in very large catchments (e.g.,
the Rhone River; 98,000 square kilometers), communities
that are not connected by dispersal do not constitute a meta-
community, and smaller (e.g., subcatchment) spatial scales
may therefore enable more effective management actions.
The spatial scale could also vary according to the dispersal
abilities of the targeted biotic group. For instance, diatoms
have been ranked as having high dispersal ability, followed
by macroinvertebrates, fish, and macrophytes (Padial et al.
2014). Larger spatial scales could therefore be considered
when the biotic group has high dispersal abilities (e.g., dia-
toms). Overall, we suggest obtaining data from reference
sites over relatively small spatial scales (Heino 2013) with
the possibility of testing the aggregation of small spatial
extents into larger ones when building the predictive model
(step 4). Standard, well-established methods can be used
to obtain the biological data set once sites are selected; for
example, many quantitative and semiquantitative methods
are used to sample aquatic invertebrates (Birk et al. 2012).

https://academic.oup.com/bioscience

However, because local aquatic community composition
is characterized by temporal variability in intermittent riv-
ers, we need to consider whether one or multiple sampling
periods are included in the predictive model (Chessman
et al. 2010). Predictive modeling used in traditional bio-
monitoring allows model development on the basis of one or
multiple sampling occasions (Linke et al. 1999). In our case,
this enables generation of models specific for each phase
supporting aquatic communities in intermittent rivers (e.g.,
flowing waters and disconnected pools), models integrating
all phases, or models adapted to the prevailing aquatic phase.
Where resources permit, we recommend modeling reference
data to test the performance of options 1-3 (e.g., Linke et al.
1999) and to obtain spatiotemporally variable and distinct
reference conditions (Tonkin et al. 2017).

Step 2: Obtaining local environmental variables. Following the
standard methodology for predictive modeling, we propose
obtaining information on local environmental variables
(Clarke et al. 2003), including detailed site-specific hydro-
logical information. The aquatic phase (i.e., flowing, discon-
nected pools) at the time of sampling and the long-term flow
regime (i.e., the percentage annual flow permanence) require
characterization. The inclusion of such hydrological vari-
ables is crucial for the bioassessment of intermittent rivers
(Gallart et al. 2017, Stubbington et al. 2018, Soria et al. 2020).
Although hydrological information in intermittent rivers
remains difficult to obtain, new tools and methods include
wet-dry mapping, remote sensing techniques, field log-
gers, and modeling (Costigan et al. 2017). For example, the
open-access software TREHS (Temporary Rivers Ecological
and Hydrological Status) provides basic hydrological met-
rics to characterize the flow regime and detect poten-
tial hydrological alterations (Gallart et al. 2017). TREHS
uses information including hydrological models, gauging
station data, interviews, aerial photographs, or site visits to
identify hydrological phases, and provides metrics such as
the percentage annual flow permanence and the associated
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predictability. Other methods based on citizen science and
wet-dry mapping could be used (Datry et al. 2016b, Allen
et al. 2019).

Step 3: Obtaining regional variables. Organisms’ dispersal rates
in a landscape can be measured using direct and indirect
methods. Direct methods include tagging (Beirinckx et al.
2006), stable isotopes (Lancaster and Downes 2013), and
genetics (Heino et al. 2017). Indirect methods involve dis-
persal proxies such as biological traits or spatial modeling
using different connectivity levels (Sarremejane et al. 2017a,
Heino et al. 2017). Direct methods give more detailed infor-
mation on species dispersal rates but are typically applied
at small spatial scales (i.e., stream; Downes et al. 2017) and
can be misleading because of low recapture rates (Keller
et al. 2010). In the present article, we suggest using indi-
rect methods combining measures of spatial connectivity
and dispersal-related species traits (e.g., Sarremejane et al.
2017b), which practitioners can incorporate into existing
biomonitoring protocols in a standardized way.

To account for spatial connectivity, different spatial mea-
sures can be easily obtained using GIS. For example, assum-
ing that lower stream orders are less connected, site-specific
connectivity measures could be obtained by dividing sites by
order, then measuring the length of the upstream channel
and of tributaries in a 2-kilometers buffer and the distance
to the nearest perennial reach (Sarremejane et al. 2017b).
Another more complex option is to calculate the connec-
tivity between sites within a catchment using physical dis-
tance measures that characterize landscape connectivity in
intermittent river networks (Canedo-Argtielles et al. 2015):
overland distance, the shortest linear distance between sites;
topographic distance, the shortest distance between sites
considering landscape configuration; perennial distance, the
shortest distance between sites considering perennial water
bodies; and network distance, the shortest distance between
sites following the river network. In addition, flow distance
could be incorporated to indicate upstream versus down-
stream aquatic dispersal when intermittent rivers are flow-
ing (Heino et al. 2017), and the influence of wind directions
on aerial dispersal could also be assessed. There are many
other methods to obtain spatial variables—for example,
resistance surfaces (Zeller et al. 2012), Moran’s eigenvector
maps (Dray et al. 2006), and the dendritic connectivity index
(Cote et al. 2009). We therefore suggest that spatial variables
derived from different approaches could be tailored to be
used in a specific context.

To account for species’ dispersal ability, we propose using
a database of biological traits of species within the study
area, on the basis of their dispersal abilities and resistance
to drying, to incorporate both temporal and spatial dis-
persal. Data on organisms’ biological traits is increasingly
freely available online (e.g., www.freshwaterecology.info,
https://ecoevorxiv.org/kac45), and compiled information on
dispersal can be complemented by the literature and expert
knowledge. In this regard, a new open-access dispersal
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database has been developed including aquatic invertebrate
traits linked to both aquatic and aerial dispersal (Sarremejane
et al. 2020). These traits correspond to morphological
(e.g., body size, wing length, wing pair type), behavioral
(e.g., dispersal mode, drift propensity), and life history
attributes (e.g., fecundity, voltinism), which, combined,
can be used to assign spatial dispersal scores. For example,
active aerial adult insects with two pairs of long wings (e.g.,
Odonata) would have higher aerial dispersal compared with
those with smaller wings (e.g., Ephemeroptera). However,
lower aerial dispersal could be compensated by higher
aquatic dispersal resulting from high drift propensity and
fecundity (e.g., Baetis mayflies). Using these data, together
with information on resistance to drying, each taxon can be
scored according to its spatial and temporal dispersal ability,
then incorporated into predictive modeling, to calculate the
probability of a certain taxon occurring at a site.

Step 4: Building the predictive model. To build the predic-
tive model (e.g., RIVPACS-type) and ultimately predict
the community at a site, the probability of capturing each
taxon (p) is calculated (figure 4). Such methods use cluster
analysis to allocate reference biological data to groups, and
select those variables that best discriminate groups (usually
using discriminant analysis). In the present article, we sug-
gest incorporating expanded local environmental variables
(e.g., site-specific flow regime metrics, aquatic phase during
sampling) and regional distances (e.g., perennial distance)
into the variable selection, in addition to those already con-
sidered by current predictive modeling (figure 4). We also
recommend building models from reference data obtained
during different aquatic phases, to capture temporal vari-
ability (see step 1). The p for each taxon is then calculated by
summing each site’s probability of being part of each group,
weighted by the probability of finding that taxon within
each group (Clarke et al. 2003). By calculating p for each
taxon, the expected community (E) at a site is obtained. In
our approach, when calculating p, the weighting will also
account for taxon-specific dispersal and resistance scores.
Model validation can be performed using an independent
data set of reference sites, for which E is predicted using the
model and then is compared with the observed community
(O) using a regression analysis (O/E reference sites, figure 4).
The closer the slope of the O/E regression (the O/E value) is
to 1, the more accurate the model (Linke et al. 2005).

Step 5: Biological quality assessment. The expected (E) com-
munity in a new site (i.e., a test site, figure 4) is also calcu-
lated by the predictive model and an O/E value obtained.
This O/E value can be calculated for any index or commu-
nity metric from the taxa present in E and O, making our
framework applicable to both existing and new indices. O/E
values closer to 1 indicate that O and E are similar and that
the site is closer to reference conditions; the closer the O/E
values are to 0, the higher the level of biological impairment.
Finally, quality classes can be banded and created from
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OJE values across a gradient of anthropogenic stress, as is
required by biomonitoring programs.

Conclusions

An understanding of how temporal and spatial variability
affect the performance of biomonitoring methods in HDEs
is needed to underpin a robust methodological framework

https://academic.oup.com/bioscience

that recognizes current ecological theory. Our methodologi-
cal framework integrates metacommunity influences on
local communities, and its alignment with existing biomoni-
toring methods will facilitate uptake by regulatory agencies.
This approach accounts for the high spatiotemporal variabil-
ity of HDEs, because predictive models could be built on the
basis of single or multiple sampling occasions, depending
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on the context (e.g., taxonomic group, climate, ecosystem
type), and local and regional variables. As a result, any test
site can be located within an O/E gradient and be assessed
accordingly (figure 4). This will, for example, support accu-
rate estimation of biological quality at intermittent river sites
with different levels of spatial isolation despite the effects of
dispersal limitation (figure 2). We used intermittent rivers as
model systems, but our approach could be extended to other
HDE:s. Predictive models could be applied to different eco-
system types, and selected regional and local variables could
be adapted for different contexts. For example, the regional
variables we propose could also be used in freshwater rock
pools, but instead of flow intermittence, frequency of filling
should be considered (Jocque et al. 2010). Similarly, in rou-
tinely monitored coastal lagoons, frequency of marine water
inputs could be included (Mouillot 2007).

Our framework could also inform conservation manage-
ment practices. First, by identifying reference conditions
when building a predictive model, the connectivity between
sites will be documented, providing information to inform
strategies that seek to maintain and enhance both local
and regional biodiversity. Second, incorporating both local
and regional dispersal-related variables could improve the
accuracy of niche-based models predicting the effects of
global change on biodiversity (Heino et al. 2017, Sofaer et al.
2019). For example, our approach could enable prediction
of expected communities (E) in intermittent river networks
under future habitat conditions at the local (e.g., increased
dry phase durations) and regional (e.g., increased isolation
from perennial habitats) scale and could identify key refuges
in which species could persist during dry phases.

Our approach represents a starting point and requires
empirical testing. Several aspects of the model building
and practical implementation require consideration. An
important issue is that anthropogenic activities may also
create dispersal barriers. For example, urbanization effects
on terrestrial and aquatic environments can fragment river
metacommunities (Urban et al. 2006), and dams can prevent
fish movements and migrations (Fuller et al. 2015). Polluted
river sections may also increase dispersal distances between
near-pristine sites because sensitive species excluded from
polluted sites may lack stepping stones that enable their
dispersal (Heino et al. 2017). Anthropogenic land uses and
occurrence of artificial dispersal barriers require identifica-
tion and where isolation results from human activity, the
sites should be assessed against unaffected conditions and
restoration initiatives designed to reestablish natural dis-
persal pathways. The local-scale influence of biotic interac-
tions also requires recognition (Heino 2013, Siqueira and
Wunderlich 2018) and may be particularly important in
intermittent rivers, where biotic interactions may intensify
and become more important than local abiotic conditions
in determining community composition as aquatic habi-
tats contract (Datry et al. 2016a). Our approach indirectly
considers their potential effects by integrating multiple
sampling periods.
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Intermittent rivers dominate networks in some global
regions—in particular, drylands—and are estimated to
account for half the global river length (Datry et al. 2014).
With increasing aridity and extreme climatic events such as
drought, as is expected in many global regions, fragmented
river networks including intermittent rivers will become
increasingly dominant, and aquatic populations and com-
munities will therefore become less well connected (Datry
et al. 2016a, Ogden 2017). In this context, there is an urgent
need to reconceptualize and adapt biomonitoring meth-
ods to accurately assess ecological quality. Our framework
provides an opportunity for academic and manager col-
laborators to work toward the implementation of adapted
biomonitoring practices, optimizing efforts to protect HDEs
in a context of ongoing global change. Our framework can
also be developed to support future research that uses both
empirical and modeling approaches to address the questions
outlined in box 3. We encourage the use of data obtained
from theoretical metacommunity studies and from regula-
tory agencies as well as the collection of new biomonitoring
data in pilot river networks to extend our metacommunity
methodological framework.
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