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HIGHLIGHTS

e Multi-metric indices (MMIs) track
anthropogenic effects on freshwater
ecosystems.

e Adjustment for natural environmental
gradients improves MMIs performance.
e Incorporating functional traits improves
MMIs performance and interpretation.
o Index performance-driven MMIs
outperform metric performance-driven

MMIs.
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ABSTRACT

Human-driven multiple pressures impact freshwater ecosystems worldwide, reducing biodiversity, and impact-
ing ecosystem functioning and services provided to human societies. Multi-metric indices (MMIs) are suitable
tools for tracking the effects of anthropogenic pressures on freshwater ecosystems because they incorporate
various biological metrics responding to multiple pressures at different levels of biological organization. How-
ever, the performance and applicability of MMIs depend on their metrics’ selection and their calibration against
natural environmental gradients. In this study, we aimed to unravel i) how incorporating functional trait-based
metrics affects the performance of MMIs, ii) how disentangling the natural environmental gradients from
anthropogenic pressures effects affects the performance of MMIs, and iii) how the performance of MMIs devel-
oped using a metric performance-driven approach compares with MMIs developed using an index performance-
driven approach. We carried out a field survey measuring abiotic and biotic variables at 53 sites in the Karun
River basin (Iran) in 2018. For functional trait-based metrics, we used 15 macroinvertebrate traits and calculated
community-weighted mean trait values and functional diversity indices. We used random forest modeling to
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account for the effect of natural environmental gradients on each metric. Based on our results, incorporating
functional traits increased the MMI performance significantly and facilitated ecological interpretation of MMIs.
Both taxonomic and functional components of macroinvertebrate assemblages co-varied strongly with natural
environmental gradients, and accounting for these covariations improved the performance of MMIs. Finally, we
found that index performance-driven MMIs performed better in terms of precision, bias, sensitivity, and
responsiveness than metric performance-driven MMIs.

1. Introduction

Freshwater ecosystems are rich in biodiversity: they cover only 1 %
of the earth’s surface, but support ~10 % of species diversity (Collen
et al., 2014). However, anthropogenic pressures can drastically affect
biodiversity and ecosystem functions and services provided by fresh-
waters (Cardinale et al., 2012; Darwall et al., 2018; Reid et al., 2019;
Smeti et al., 2019). To conserve the least impacted and restore the
impacted freshwater ecosystems, managers and stakeholders need tools
to efficiently quantify the biodiversity status of freshwaters and to assess
the magnitude of threats. However, most monitoring programs at na-
tional and continental levels have been developed in and for Europe and
the United States of America, leaving freshwater ecosystems in other
regions, often with high levels of endemism, exposed to human pressures
with unknown consequences for their biodiversity (Eriksen et al., 2021;
Poikane et al., 2020).

Monitoring of freshwater ecosystem condition was originally based
on measuring the physical and chemical variables of water and habitat
(Horton, 1965). More recent assemblage-based assessments developed
based on different organism groups (i.e., macroinvertebrates, fishes,
diatoms, macrophytes) provide complementary tools for assessing river
and stream ecosystem conditions (Buss et al., 2015; Masese et al., 2013).
Multi-metric indices (MMIs) combine different attributes of the biolog-
ical assemblages, are (usually) sensitive to anthropogenic pressures, and
consequently provide a comprehensive assessment of river ecosystem
condition (Schoolmaster et al., 2012). The methods used to develop
MMIs have improved over the last decades; however, some challenges
remain particularly in integrating ecological principles to develop
robust, reliable and informative MMIs. These challenges include i)
identifying the most efficient attributes of biological assemblages to
track the effects of anthropogenic pressures on freshwater ecosystem
conditions (Ruaro et al., 2020), ii) considering confounding effects be-
tween natural environmental gradients and anthropogenic pressure
gradients on attributes of the biological assemblages (Cao et al., 2007),
iii) improving the applicability and the efficiency of methods used to
select a suite of ecologically non-redundant metrics that best predict the
responses of biological assemblages to anthropogenic pressure gradients
(Stoddard et al., 2008), and iv) developing approaches to quantify
pressure impacts on ecosystem functioning (Berger et al., 2018; Mondy
and Schuwirth, 2017).

MMIs were mostly developed based on taxonomic descriptions of
aquatic communities (Vadas et al., 2022). However, recent studies
showed that functional traits can have high potential for informing on
the effects of anthropogenic pressures on biodiversity and ecosystem
functioning (Verberk et al., 2013). Environmental conditions filter
species locally based on their functional traits (Beche and Statzner,
2009), i.e., the phenotypic attributes defining the performance and
fitness of organisms in relation to environmental conditions (Violle
et al., 2007). Functional trait-based metrics therefore have the potential
to provide mechanistic understanding of responses of biological as-
semblages to anthropogenic pressures. For example, the presence of
certain functional traits in macroinvertebrate communities, such as the
ability to attach to a certain substrate or to break down organic matter,
can be used to develop metrics that reflect the ability of ecosystems to
provide crucial functions and services (Juvigny-Khenafou et al., 2021).
Such metrics can then be combined into multi-metric indices that pro-
vide a more comprehensive assessment of stream ecosystem condition

than any one metric could provide alone (Elosegi et al., 2017). Despite
this great potential of functional traits (Hering et al., 2006; Stoddard
et al., 2008), they are yet rarely used in MMIs (but see Bolding et al.,
2020; Chen et al., 2019). As a result, we do not know if and by how much
the inclusion of functional traits can effectively improve MMIs and, in
turn, our knowledge of the effects of anthropogenic pressures on the
ecological integrity of freshwater ecosystems (Larson et al., 2021).

A significant challenge facing MMIs utilized in ecosystem manage-
ment is the variability in assemblage structure across natural environ-
mental gradients, which can overlap with gradients of anthropogenic
pressures (Alvarez-Cabria et al., 2010; Ding et al., 2017). Co-variation of
natural environmental variables and anthropogenic pressures can
reduce our ability to detect the effects of the latter on biological
assemblage structure (Mackey and Currie, 2001). Taking account of
natural environmental gradients through regional classifications such as
ecoregion, basin, or physiographic regions has the potential to enhance
the performance of MMIs (Chen et al., 2014; Hawkins et al., 2000).
However, some studies have shown limited benefits of regional classi-
fications in mitigating natural gradients in assemblages (Denison et al.,
2021). Therefore, integrating regional classifications with local envi-
ronmental conditions could assist in distinguishing between the impacts
of natural environmental gradients and anthropogenic pressures, lead-
ing to improved MMI performance (Cao et al., 2007; Mazor et al., 2016).

Another way to enhance the effectiveness of MMIs in detecting
ecological impairments involves the selection and combination of indi-
vidual metrics. Traditional MMIs are based on selecting the most
responsive non-collinear metrics from different trophic, taxonomic, and
habitat groups, or tolerance classes, and combining them (referred to as
the metric performance-driven approach; Hering et al., 2006; Stoddard
et al., 2008). However, van Sickle (2010) demonstrated that selecting
metrics solely based on their individual performance does not always
result in the best overall MMI performance. He suggested that even
metrics with weak associations to anthropogenic pressures could
contribute to the overall predictive power of the MMI if they explain
variance in pressures not captured by other metrics. van Sickle (2010)
proposed a method of developing potential MMIs by randomly selecting
metrics and then choosing the best MMIs based on their overall per-
formance (referred to as the index performance-driven approach;
Bolding et al., 2020).

In this research, we created and compared the performance of MMIs
using various combinations of metrics that describe different aspects of
benthic macroinvertebrate communities in streams and rivers of the
Karun River basin in western Iran. Freshwater ecosystem resources in
Iran, as in other regions, are crucial due to water scarcity and the socio-
economic importance of these ecosystems. The rapid degradation of
freshwater ecosystems underscores the immediate need for appropriate
tools for assessing and managing freshwater ecosystem condition. Based
on the state of research in this field described above, we anticipated that
the performance of MMIs would improve by: i) incorporating functional
trait-based metrics, ii) distinguishing natural environmental gradients
from anthropogenic pressure effects, and iii) adopting an index
performance-driven approach.
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2. Material and methods
2.1. Study area

The present study was conducted in wadable sections of streams and
rivers of the Karun River basin (described in detail in Esmaeili Ofogh
et al., 2023). The results of Esmaeili Ofogh et al. (2023) indicated that
autumn was the most suitable season for the development of multi-
metric indices in the Karun. Thus, in this study we used the water
quality and physical habitat quality data collated in a companion study
(Fathi et al.,, 2022) and new biotic data describing benthic macro-
invertebrate assemblages (the same samples as in Esmaeili Ofogh et al.
(2023) but identified to higher taxonomic resolution) from 53 sites
sampled in autumn 2018 (Fig. 1).

2.2. Sample collection and analysis

We measured dissolved oxygen, electrical conductivity, and pH in-
situ. We took water samples in triplicate at a depth of 10-15 cm from
ariffle at each site to measure physical and chemical variables in the lab
(Table S.1) using standard methods (APHA, 2017). Physical habitat
quality assessment was conducted based on the framework established
by Barbour et al. (1999). The methodology used for this assessment is

48°00°E

AS“Q‘O"E SD'OI'O"E

Science of the Total Environment 931 (2024) 172850

described in detail in Fathi et al. (2022). Ten physical habitat variables
were scored by a panel of six experts. To enhance the repeatability of our
method, we implemented the signal-to-noise ratio (S/N) test, as pro-
posed by Kaufmann et al. (1999). This test enabled us to evaluate the
reproducibility of physical habitat features, ensuring that any differ-
ences observed between sites were attributed to variations in stream
conditions rather than discrepancies in expert judgment.

We collected ten macroinvertebrate samples per site with a kick net
(30 x 30 cm D-frame, 250 pm mesh, covering 0.09 m? of streambed
each) along 200 m of river length, with habitats (riffles, runs, and pools)
sampled in proportion to their occurrence (Barbour et al., 1999). All
samples collected from one site were combined into a single composite
sample. Samples were then transferred into sealed plastic containers and
preserved in 10 % buffered formalin. After separating the macro-
invertebrates from other material, all individuals per sample were
counted and identified to the lowest possible level (mostly genus) using
standard taxonomic keys (Bouchard and William, 2004; Kriska, 2013;
Peckarsky et al., 1990; Tachet et al., 2010).

2.3. Defining the anthropogenic pressure gradient

We used sites in least disturbed conditions to define reference con-
ditions. We used a Principal Component Analysis (PCA) to reduce
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Fig. 1. Location of the sampling sites in the Karun River basin, Iran and their classification based on abiotic parameters.
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dimensionality and increase the interpretability of patterns of physical
and chemical variables and physical habitat characteristics (Zare
Shahraki et al., 2021). PCA axis 1 (PC1) was selected as the anthropo-
genic pressure gradient to characterize least impacted, moderately
impacted, and highly impacted sites (for details see Esmaeili Ofogh
et al., 2023).

2.4. Candidate taxonomic and functional metrics

In this study, we used a priori metrics selection, based on the ex-
pected response of metrics to anthropogenic pressures. Specifically, we
calculated 259 metrics using taxonomic information, which were
grouped into four categories: tolerance/intolerance, taxonomic diversity
indices, taxa richness, and community composition (Table S.2). These
categories are intended to capture distinct attributes of macro-
invertebrate assemblages and give insights into their biotic integrity
(Barbour et al., 1999; Stoddard et al., 2008). The tolerance/intolerance
category describes the sensitivity of assemblages to anthropogenic
pressures and is divided into very sensitive, sensitive, tolerant, and very
tolerant. The community composition category describes the relative
abundance of different taxonomic groups (e.g., family) in the assem-
blage. The taxa richness category describes the number of different taxa,
while the taxonomic diversity indices category takes into account the
distribution of abundance among taxa and taxonomic relatedness be-
tween different taxa in a community.

For calculating functional metrics, we selected 15 functional traits
based on their response mechanism to pressure gradients and separated
them into categories of life history, ecological preferences, morpholog-
ical, and dispersal traits (Larson et al., 2021). Each trait was described
by two to nine modalities, for a total of 79 modalities (Table S.3). We
derived information on traits from different sources including peer-
reviewed literature (Tachet et al., 2010; Tomanova and Usseglio-
Polatera, 2007; Usseglio-Polatera et al., 2000) and online databases
(Schmidt-Kloiber and Hering, 2022). We accounted for intraspecific
variability in morphological, habitat and behavioral attributes of mac-
roinvertebrate communities using a fuzzy coding procedure to assign a
score to each modality of the trait (Chevenet et al., 1994). The species
traits were scored on a 0-to-x scale with “0” indicating “no affinity” to
“x” indicating “high affinity” of the taxon for the modality. Subse-
quently, for each ‘taxon x trait’, the preference scores were normalized
into a distribution of relative usage frequencies. This was achieved by
dividing the preference scores of the species across the categories of a
fuzzily-coded attribute by their total sum.

To quantify functional diversity, we followed four steps. First, we
described the functional strategies of species using different sets of
functional traits. Second, we calculated the functional dissimilarity be-
tween species. We used Gower’s distance as our dissimilarity metric due
to its ability to accommodate different types of traits (numerical and
categorical traits) and its tolerance towards missing values (Maire et al.,
2015). Third, we built a functional space based on functional dissimi-
larity (Maire et al., 2015; Villéger et al., 2008). To identify the best
functional space, we computed several functional spaces using different
clustering methods such as UPGMA, WPGMA, WPGMC, or Ward’s
method (Petchey and Gaston, 2002), as well as multidimensional func-
tional spaces using PCA (Villéger et al., 2008). Fourth, we selected the
best functional space based on how well it represents the initial func-
tional dissimilarity between species (Maire et al., 2015).

We used the functcomp function in the FD package in R (Laliberté
et al., 2014) to calculate the community-weighted mean (CWM) of each
trait modality in the assemblage as a measure of functional composition
(99 functional composition metrics; Table S.4). Moreover, we used the
dbFD function to calculate functional diversity indices (i.e., functional
richness [FRic], functional evenness [Feve], functional redundancy
[FR], functional dispersion [Fdis], and Rao’s entropy [RaoQ]; Laliberté
et al., 2014) separately for different functional metric categories and for
all traits (25 functional diversity indices, Table S.4).
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2.5. Environmental predictor variables

To test the effects of natural environmental gradients on the struc-
ture of macroinvertebrate assemblages and consequently on taxonomic
and functional metrics, we selected and measured physiographic and
bio-climatic variables as predictor variables in each site (Table S.5). The
physiographic variables of altitude, river channel slope, Strahler stream
order and wetted river width were measured in the field or from maps.
Bio-climatic variables, including annual averages (e.g., mean annual
temperature, annual precipitation), seasonality (e.g., annual range in
temperature and precipitation), and extreme or limiting environmental
factors (e.g., temperature of the coldest and warmest month, and pre-
cipitation of the wet and dry quarters) were obtained from the CHELSA
(Climatologies at High resolution for the Earth’s Land Surface Areas)
database with a spatial resolution of 30 arc sec (Karger et al., 2017).

2.6. MMI development

We partitioned the data into a training and a validation dataset,
using the former to develop MMIs and the latter as an independent
dataset to test the MMIs (Bolding et al., 2020). To maintain a gradient of
pressures (least, moderate, and high) in both datasets, we randomly
selected four sites from reference sites (7 %) and nine sites from
impacted sites (16 %) for the validation dataset. The initial steps for
metric screening (including range test, sensitivity test and adjustment
for natural environmental gradients) were the same between metric
performance-driven and index performance-driven approaches (Fig. 2;
Bolding et al., 2020). Metrics with low variability between sites are not
able to detect natural variability or different levels of anthropogenic
pressure (Hering et al., 2006). Thus, we first excluded metrics with very
small ranges and/or with similar values at most sites (i.e., if the value of
the first quartile equaled that of the third quartile). Second, we retained
metrics that correlated with Spearman R > 0.4 (p < 0.05) to the pressure
gradient (van Sickle, 2010). Third, we used predictor variables that are
unaltered by direct human activities (the physiographic and bio-climatic
variables) to determine expected metric values for each site (Chen et al.,
2019). We used random forest (RF) modelling to calculate metric re-
sponses to natural environmental gradients. We selected RF models
because of their ability to handle non-linear relationships, to model in-
teractions between predictor variables, to conduct bootstrap sub-
samples, and because their are insensitive to correlated predictor
variables and overfitting (Cutler et al., 2007; Chen et al., 2014). We used
residuals (observed minus predicted metric values) for further calcula-
tions when RF models explained >10 % of the variation in metric values
in reference sites; otherwise, we retained the raw metric values (Haw-
kins et al., 2010).

2.6.1. Development of metric performance-driven MMIs

Using the metric performance-driven approach, we developed four
MMIs: natural-gradients-unadjusted taxonomic MMI (MMI_unadj_tax),
natural-gradients-adjusted taxonomic MMI (MMI adj_tax), natural-
gradients-unadjusted combined (taxonomic + trait-based metrics)
MMI (MMI_unadj_comb), and natural-gradients-adjusted combined MMI
(MMI_adj_comb) (Fig. S.1). For each MMI, we followed a stepwise pro-
cedure for core metric selection including responsiveness test, redun-
dancy analysis, final metrics scoring, and MMIs development and
performance analysis (Fig. S.1; for detailed methods see Esmaeili Ofogh
et al., 2023).

2.6.2. Development of index performance-driven MMIs

Using the index performance-driven approach, we developed four
MMISs to: i) compare the performance of natural environmental gradients
adjusted MMIs with unadjusted MMIs, and ii) compare the performance
of MMIs developed using taxonomic metrics with those developed using
both taxonomic and functional metrics. We utilized the pool of taxo-
nomic and functional metrics unadjusted to natural environmental



A.R. Esmaeili Ofogh et al.

Science of the Total Environment 931 (2024) 172850

‘ Calculating metrics

L

{ Range test

L

{ Sensitivity test

¥

{ Adjustment for natural environmental

gradients

L 2

—

Candidate metrics

-

Metric performance-driven approach

Selecting most responsive metrics from
each category

Metrics scoring and MMI development

[ Selecting non-redundant metrics

MMI validation

Index performance-driven approach

Metrics scoring

Randomly generating MMIs

MMI validation

Compound error test ]

T T I TT

Selecting best MMIs

Fig. 2. Flowchart of the steps for the development of an MMI following the metric performance-driven approach and the index performance-driven approach,

respectively (modified from Bolding et al., 2020).

gradients to develop the unadjusted taxonomic MMI (MMI_unadj_tax_4)
and the taxonomic-functional MMI (MMI_unadj_comb_5). Similarly, we
utilized the pool of taxonomic and functional metrics adjusted for nat-
ural environmental gradients to develop the adjusted taxonomic MMI
(MMI adj_tax 4) and the taxonomic-functional MMI (MMI u-
nadj_comb_5). To compare the performance of MMIs developed using a
different number of metrics, we randomly selected two metrics from
each aforementioned pool and developed four additional MMIs
(MMI_unadj_tax_8, MMI_adj_tax_8, MMI_unadj_comb_10, and
MMI_adj_comb_10; for more detail see Fig. S.2).

For the development of each index performance-driven MMI, we
developed 55,000 MMIs by randomly selecting metrics from the pool of
scored metrics that passed the range and sensitivity test (Fig. S.2). If any
of the included metrics exhibited a pair-wise Spearman correlation co-
efficient with a value of R > 0.85, or if the average pair-wise Spearman
correlation coefficient among the metrics’ residuals from the regressions
on pressure gradients exceeded 0.60, then the MMI was considered
unsuitable as there was a risk of amplifying noise (Bolding et al., 2020).
Finally, the three best randomly developed MMIs were selected based on
the t-score (highest t-scores for least impacted sites vs. highly impacted
sites). The values of these three MMIs were regressed against the
anthropogenic pressure gradient using the training dataset, and the MMI
with the highest R? was selected as the final MMI (Fig. S.2).

2.6.3. MMI testing and validation

The performance of the MMIs was tested in four steps. First, we
compared the coefficient of variation (CV) of MMI values observed at
reference sites to estimate MMI precision. The lower the CV, the more
precise the MMI (Chen et al., 2014). Second, to evaluate MMI bias, we
used multiple linear regression to assess whether the variation in
reference site MMI values was systematically associated with natural
variation of environmental variables. Third, we used box-plots of
reference and impacted site MMI values to visually assess responsive-
ness. In addition, we ran independent Student’s t-tests to test the ability
of each candidate metric to differentiate between the least, moderately
and highly impacted sites. Fourth, we measured MMI sensitivity as the
proportion of impacted sites that would be inferred as non-reference
with 10th percentiles of values at reference sites as threshold values
(Cao et al., 2007; Paulsen et al., 2008; Stoddard et al., 2008).

For the validation of developed MMIs, we linearly regressed MMI
values created from the validation dataset against the pressure gradient.
If the p-value from a regression was <0.05, the MMI was considered
validated. If more than one MMI had p < 0.05, we used the Akaike In-
formation Criterion (AIC) to identify the best supported MMI of this
candidate set. Moreover, we used non-nested likelihood ratio tests to
determine whether adding more metrics to the MMIs (selecting two
metrics from each category of metrics instead of one) would make the
MMIs significantly more accurate in detecting the effects of anthropo-
genic pressure (Lewis et al., 2011). All statistical analyses were con-
ducted in R (R Development Core Team, 2022).

3. Results
3.1. Macroinvertebrate assemblages’ structure

In autumn 2018, 156,882 individuals from 110 aquatic macro-
invertebrate taxa (mostly at genus level) were collected from 53 sites
and included in the analysis. The average number of collected in-
dividuals per m? was 2467. The most abundant taxa were Hydropsyche
sp., Labiobaetis sp., Orthocladiinae, Gammaridae and Chironominae
with relative abundances of 10.9, 10.9, 10.8, 8.7, and 7.5 %, respec-
tively, across all samples.

3.2. Defining the pressure gradient

PC1 explained 23.5 % of environmental parameters’ variation
(Figs. S.3 and S.4). Based on the derived condition class thresholds for
the reference sites, 13 sites (25 %) were in the least-impacted conditions.
Variable loadings showed that morphological score, electrical conduc-
tivity, total nitrogen, and biological oxygen demand were most strongly
associated with PC1 (Fig. S.5).

3.3. Adjustment for natural environmental covariation

Natural environmental conditions are highly heterogeneous in the
Karun river catchment. The altitude of the sampling sites changed from
67 to 2087 m a.s.l. River channel slope ranged from <0.001 to 8.5 %,
annual mean temperature varied from 11.0 to 25.3 °C (Table S.5), and
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annual mean precipitation ranged from 316 to 886 mm/year (Table S.5).
Natural environmental gradients explained >10 % of variation of 84 out
of 259 taxonomic-based metrics (32 %) and of 24 out of 104 trait-based
metrics, (23 %), respectively. For example, natural environmental gra-
dients explained 62.2 % of the variation of Plecoptera taxa richness and
30.9 % of the variation of Insecta relative percentage of taxa in the
reference sites based on RF modelling results.

3.4. Metric performance-driven MMIs

The composition of final metrics selected for MMI development was
different between MMIs. For MMI adj_tax the first two final metrics
(relative percentage (%) of tolerant taxa based on BMWP tolerance
values, and relative abundance (%) of tubificids) were similar to
MMI_unadj_tax. However, the adjusted geographical rarity (Gaston and
He, 2010), and taxa richness of Ephemeroptera+Plecoptera out-
performed in comparison to unadjusted geographical rarity and taxa
richness of Ephemeroptera-+Plecoptera metrics and were selected as
final metrics (Table S.6). The two final metrics selected from functional
composition and functional diversity categories were similar for
MMI_unadj_comb and MMI_adj_comb including CWM of species prefer-
ably occurring in standing waters but regularly occurring in slow
flowing streams and functional richness (FRic) calculated using life
history traits (Table S.6).

All MMIs developed using the metric performance-driven approach
effectively distinguished reference sites from moderately and highly
impacted sites (Fig. 3). Among them, MMI_adj_comb demonstrated su-
perior precision, responsiveness, and sensitivity, while exhibiting the
lowest bias and AIC values compared to all other MMIs (Tables 1 and
S.7). Incorporating trait-based metrics in the metric performance-driven
approach notably enhanced MMI precision (by 4.5 %), responsiveness
(as indicated by t-scores for least vs. moderately impacted sites = 0.52
and least vs. highly impacted sites = 1.24), and sensitivity (by 6.4 %)
(Table 1). Moreover, adjusting for natural environmental gradients
further augmented precision (by 6.0 %), sensitivity (by 7.7 %), and
responsiveness (with t-scores for least vs. moderately impacted sites =
0.32 and least vs. highly impacted sites = 1.00), while reducing MMI

Science of the Total Environment 931 (2024) 172850

bias (by 4.9 %) when combining taxonomic and functional metrics.
Similarly, adjustment for natural environmental gradients increased the
precision (by 3.0 %), sensitivity (by 5.1 %), and responsiveness (with t-
scores for least vs. moderately impacted sites = 0.72 and least vs. highly
impacted sites = 1.48) of MMI_adj_tax. However, MMI_adj_tax exhibited
higher bias compared to MMI_unadj_tax (Table 1).

All MMIs developed based on metric performance-driven approach
had strong regressions between MMIs scores and pressure gradients
based on the training dataset (Adjusted R? ranging from 0.55 to 0.63).
Incorporating functional diversity indices in MMIs and adjustment for
natural environmental gradients did not affect the MMIs’ relationship
with the pressure gradients based on the validation dataset (Fig. 4). This
was confirmed by the results of the likelihood ratio test that showed that
incorporating trait-based metrics and adjustment for natural environ-
mental gradients did not affect MMIs performance in the metric
performance-driven approach (Table 2).

3.5. Index performance-driven MMIs

From the pool of 259 unadjusted taxonomic metrics, 194 passed the
range test. Of these, 68 metrics passed the sensitivity test. Out of all trait-
based unadjusted metrics, 22 metrics passed the range and sensitivity
tests. By combining these 22 trait-based metrics with 68 taxonomic
metrics, we produced a pool of 100 taxonomic and trait-based unad-
justed metrics. From the pool of 259 adjusted taxonomic metrics, 192
passed the range test and 88 of these passed the sensitivity test. 20 trait-
based adjusted metrics passed the range and sensitivity tests. By
combining these metrics with 88 taxonomic metrics, we produced the
pool of 108 taxonomic and trait-based adjusted metrics.

All MMIs developed based on the index performance-driven
approach successfully discriminated reference sites from moderately
and highly impacted sites (Fig. 5). Based on the bias test, the amount of
variation of MMIs scores explained by natural environmental variables
was near zero for all index-based MMIs (Table 2). Adjustment for the
natural environmental gradient increased the precision (except for
MMI_adj_tax_4), sensitivity and responsiveness of all MMIs (Table 2).
Index performance-driven MMIs developed by combining taxonomic
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Fig. 3. Ranges of the four MMIs developed by metric performance-driven approach at least, moderately and highly impacted sites (MMI_unadj_tax: MMI developed
using unadjusted taxonomic metrics; MMI_adj_tax: MMI developed using adjusted taxonomic metrics; MMI_unadj_comb: MMI developed using unadjusted taxonomic
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Table 1

Comparison of MMIs performance in terms of precision (coefficient of variation [CV]), bias (adjusted R%: % of variation among reference site MMI values explained by
multiple regression model), sensitivity (% of priory classified impacted sites considered impaired), and responsiveness (Student’s t-value between least, moderate and
highly impacted sites). MMI_unadj_tax: MMI developed using unadjusted taxonomic metrics; MMI_adj_tax: MMI developed using adjusted taxonomic metrics;
MMI_unadj_comb: MMI developed using unadjusted taxonomic and functional metrics; MMI_adj_comb: MMI developed adjusted taxonomic and functional metrics;
MMI_unadj_tax_4: MMI developed using 4 unadjusted taxonomic metrics; MMI_unadj_tax_8: MMI developed using 8 unadjusted taxonomic metrics; MMI_adj_tax_4:
MMI developed using 4 adjusted taxonomic metrics; MMI_adj_tax_8: MMI developed using 8 adjusted taxonomic metrics; MMI_unadj_comb_5: MMI developed using 5
unadjusted taxonomic and functional metrics; MMI_unadj_comb_10: MMI developed using 10 unadjusted taxonomic and functional metrics; MMI_comb_fun_5: MMI
developed using 5 adjusted taxonomic and functional metrics; MMI_comb_10: MMI developed using 10 adjusted taxonomic and functional metrics.

MMIs type MMIs name Precision Bias Sensitivity Responsiveness
Least vs. moderate Moderate vs. high Least vs. high
Metric performance-driven MMIs MMI_unadj_tax 39 7.45" 66.7 3.52%%% 3.96%"*
MMI adj_tax 36 10.82* 71.8
MMI_unadj_comb 27 11.42* 79.49
MMI _adj_comb 21 6.52" 87.18
Index performance-driven MMIs MMI_unadj_tax_4 13.51 0.00™ 93.33
MMI_unadj_tax_8 13.18 0.42™ 90
MMI adj_tax_4 20.14 0.00™ 93.33
MMI_adj_tax_8 10.60 0.00™ 93.33
MMI_unadj_comb_5 21.26 0.00™ 73.33
MMI_unadj_comb_10 17.75 0.27" 90
MMI_adj_comb_5 14.05 0.00™ 90
MMI adj_comb_10 12.56 0.04™ 93.33
" p-Value > 0.05.
* p-Value < 0.05.
™ p-Value < 0. 01.
" p-Value < 0.001.
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Fig. 4. Linear regression of metric performance-driven MMIs scores versus pressure gradient, for training datasets (solid red circles, solid red lines) and validation
datasets (solid blue triangles, solid blue lines). (MMI_unadj_tax: MMI developed using unadjusted taxonomic metrics; MMI_adj_tax: MMI developed using adjusted
taxonomic metrics; MMI_unadj_comb: MMI developed using unadjusted taxonomic and functional metrics; MMI_adj_comb: MMI developed using adjusted taxonomic
and functional metrics).

and trait-based metrics had higher precision (lower CV), sensitivity and relationships between MMIs scores and the pressure gradient based on
responsiveness than MMIs based on taxonomic metrics (Table 2). the training dataset (Fig. 6). However, the strength of the relationship

Similar to metric performance-driven MMIs, all MMIs developed between MMIs scores and pressure gradient was substantially higher in
based on the index performance-driven approach had very strong MMIs developed using taxonomic and functional diversity metrics (R?
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Table 2
Results of likelihood-ratio tests comparing the MMIs, describing the MMIs’
ability to detect the change in pressure gradient.

LRT" P-value Df°

Metric performance-driven MMIs

MMI_unadj_tax vs. MMI_adj_tax 1.95 0.74 6
MMI_unadj_comb vs. MMI_adj_comb 4.73 0.78 8
MMI_unadj_tax vs. MMI_unadj_comb 8.32 0.21 6
MMI_adj_tax vs. MMI_adj_comb 11.10 0.08 6
Index performance-driven MMIs

MMI_unad_tax_4 vs. MMI_unadj_tax_8 7.64 0.11 6
MMI_adj_tax_4 vs. MMI_adj_tax_8 16.61 0.002 6
MMI_unadj_comb_5 vs. MMI_unadj_comb_10 2.58 0.77 7
MMI_adj_comb_5 vs. MMI_adj_comb_10 4.54 0.47 7

@ LRT: likelihood of ratio test.
b Df: degree of freedom.

ranging from 0.44 to 0.63) than those developed based only on taxo-
nomic metrics (R? ranging from 0.35 to 0.46) based on the validation
dataset (Fig. 5). Adjustment for natural environmental variables
decreased the strength of the relationship between MMIs sores and
pressure gradients (Fig. 5). The likelihood ratio tests indicated that
adding more metrics to MMIs just increased the performance of
MMI_adj_tax_8 in comparison to MMI_adj_tax_4 (Table 2). Based on the
AIC, the MMI adj_comb_ 5 provided the best fit among the index
performance-driven MMIs (Table S.7).

Based on the precision, bias, responsiveness, and sensitivity tests and
AIC, the index performance-driven MMIs had a significantly better fit
than the metric performance-driven MMIs (Tables 1 and S.7). The index
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performance-driven MMIs also explained more of the variance of the
pressure gradient in the training and validation datasets (Figs. 4 and 6).

4. Discussion

Anthropogenic activities significantly affect the abiotic conditions of
stream ecosystems, leading to changes in the taxonomic and functional
diversity and composition of their benthic macroinvertebrate assem-
blages (Beche and Statzner, 2009). MMIs provide a useful framework to
combine functional (e.g. functional feeding groups) and structural
assemblage attributes to assess anthropogenic pressure effects on the
biological integrity of communities. The purpose of this study was to
assess the performance of MMIs to detect ecological impairment of
freshwater ecosystems by incorporating functional traits, adjusting for
natural environmental gradients, and evaluating different combinations
of metrics. Recent studies highlighted the potential of functional traits in
quantifying and predicting the effects of anthropogenic pressures on the
condition of freshwater ecosystems and their biota, and to inform on the
mechanisms of impacts (Culp et al., 2011; Rodil et al., 2013; van den
Brink et al., 2011). However, the application of functional traits in
routine biomonitoring is scarce (Chen et al., 2019; Ding et al., 2017).
Moreover, confounding effects of natural spatial and temporal vari-
ability on macroinvertebrate assemblage structure have the potential to
greatly decrease the ability of MMIs to detect ecological impairment
(Chen et al., 2014; Denison et al., 2021). We compared the performance
of two common approaches for developing MMISs, i.e., the more tradi-
tional metric performance-driven approach vs. the index performance-
driven approach, utilizing taxonomic and functional metrics of macro-
invertebrate assemblages sampled from streams of the Karun River
basin, Iran.
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Adjusted MMIs [ Unadjusted MMIs
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Fig. 5. Ranges of the index performance-driven MMIs at least, moderately and highly impacted sites. Boxes show the interquartile (25th-75th percentiles), hori-
zontal lines the median, circles the outliers, and range bars the maximum and minimum values excluding outliers (Kruskal-Wallis test result, ****: p-value < 0.001).
(MMI_ tax_4: MMI developed using 4 taxonomic metrics; MMI_ tax_8: MMI developed using 8 taxonomic metrics; MMI _comb_5: MMI developed using 5 taxonomic
and functional metrics; MMI _comb_10: MMI developed using 10 taxonomic and functional metrics).
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Fig. 6. Linear regression of index performance-driven MMIs scores versus the pressure gradient, for training datasets (solid red circles, solid red lines) and validation
datasets (solid blue triangles, solid blue lines). (MMI_unadj_tax_4: MMI developed using 4 unadjusted taxonomic metrics; MMI_unadj_tax_8: MMI developed using 8
unadjusted taxonomic metrics; MMI_adj_tax_4: MMI developed using 4 adjusted taxonomic metrics; MMI_adj_tax_8: MMI developed using 8 adjusted taxonomic
metrics; MMI_unadj_comb_5: MMI developed using 5 unadjusted taxonomic and functional metrics; MMI_unadj_comb_10: MMI developed using 10 unadjusted
taxonomic and functional metrics; MMI_adj_comb_5: MMI developed using 5 adjusted taxonomic and functional metrics; MMI_adj_comb_10: MMI developed using 10
adjusted taxonomic and functional metrics).
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4.1. Performance of taxonomic and combined MMIs

Incorporating functional trait-based metrics increased the perfor-
mance of both metric performance-driven and index performance-
driven MMIs. Probably, the functional metrics included in MMIs
explained an important part of macroinvertebrate assemblage vari-
ability in response to pressure gradient that is not reflected in taxonomic
metrics. Assemblage variability detected by functional metrics may
include impacts on food acquisition and locomotion (Mouchet et al.,
2010), size structure change (Dulvy et al., 2004), etc. that are only
indirectly reflected in taxonomic metrics.

The use of functional traits in biomonitoring approaches can also
provide insight into the mechanisms of pressure impacts on stream
ecosystems and thereby provide a powerful tool to improve bio-
monitoring and management lessons derived from it (Culp et al., 2011;
Menezes et al., 2010). When exposed to pressures, shifts in the distri-
bution of functional traits can indicate the mechanisms by which the
pressures affect communities (e.g., alteration in microhabitat quality),
but also which traits respond to the pressures and which infer resistance.
For instance, in our study, three modalities of flow current preferences
were selected as final metrics in MMIs. Increasing anthropogenic pres-
sure was associated with slow flow velocity, which increased the relative
abundance of species that prefer these conditions (i.e., limnophile and
rheo- to limnophile species). Inversely, species bound to habitats with
high currents (rheobionts) had higher abundance in the least disturbed
sites where these conditions were more prevalent. Anthropogenic ac-
tivities, such as global warming, water withdrawal, land cover alter-
ation, agricultural tile drainage, channel alteration, and impoundments
have altered the natural flow regime in the Karun River (United Nations,
2013). The selection of current preference modalities as final metrics
may be related to the direct (i.e., exposure to flow) effects of flow ve-
locity reduction in impacted sites or indirect ones (e.g., changes in
habitat structure, resource availability, and water temperature regimes;
Bruder et al., 2017), jointly favoring species that usually have high
relative abundance in low-velocity habitats (Lytle and Poff, 2004).

Another appealing feature of the trait-based metrics compared to
taxonomic metrics is the potential of the former to generalize across
biogeographic regions because traits are independent of biogeography,
whereas taxonomy is not (Brown et al., 2018; Statzner and Beche, 2010).
Furthermore, information on trait composition (but not taxonomy) can
be linked to ecosystem functions (e.g., ecosystem processes, food-web
dynamics; Gessner and Chauvet, 2002), which are often at the heart of
management and conservation efforts (Menezes et al., 2010). However,
the functional composition and diversity metrics selected for MMIs in
our study differed from those used in other studies (Chen et al., 2019;
Pascal et al., 2012). This difference might be due to a combination of i)
variations in the prevalent types and intensity of anthropogenic pres-
sures present in different ecosystems (Vorosmarty et al., 2010), ii) the
composition of MMIs, as the inclusion of one metric in MMIs could in-
fluence the selection of other metrics (Schoolmaster et al., 2012), and iii)
inconsistency in single trait-pressure gradient relationships due to cor-
relations among traits, correlations among environmental variables,
strength of biotic interactions, and methods used for trait characteriza-
tion (Hamilton et al., 2020). Differences in MMI composition among
studies require an objective metric selection procedure as applied in this
study.

Several factors define how well functional diversity indices respond
to anthropogenic pressures, including the types of functional traits used
to calculate functional diversity (Larson et al., 2021). We calculated five
functional diversity indices (functional richness, functional evenness,
functional dispersal, functional redundancy, and Rao’s entropy) based
on life history, ecological, morphological and dispersal activity trait sets.
Among the calculated functional diversity indices, functional richness
calculated using life history traits decreased along the pressure gradient
and was selected for MMIs. The strong relationship of functional rich-
ness with the pressure gradient in the Karun might be related to the
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filtering effects of anthropogenic pressures in moderately and highly
impacted sites. Truchy et al. (2022) also found that the presence of
multiple anthropogenic pressures restricted the colonization of specific
life forms (e.g., taxa that do not have resistance form, and taxa with
aquatic larval stages) in impaired habitats, consequently reducing
functional richness.

4.2. Adjustment for natural environmental gradients

The natural environment serves as a selective force, filtering species
based on their adaptive traits to specific habitat conditions (Southwood,
1977; Townsend et al., 1997). This natural process leads to variations in
the structure of biotic communities along the river continuum, from
headwaters to estuaries, driven by pronounced gradients in habitat
conditions (Vannote et al., 1980). Understanding these ecological dy-
namics is crucial for accurately assessing anthropogenic impacts on
aquatic ecosystems. Our study revealed that the heterogeneity of sites,
particularly in climatic and physiographic variables related to altitude,
significantly influenced the taxonomic and functional structure of
macroinvertebrate assemblages. MMIs adjusted for natural environ-
mental gradients outperformed unadjusted ones, further reinforcing the
importance of considering environmental variability in ecological as-
sessments (Chen et al., 2014; Moya et al.,, 2011; Vander Laan and
Hawkins, 2014).

While ecoregions may have advantages as classification units in
bioassessment programs and can help mitigate the impact of natural
environmental gradients on MMI performance, they may be deemed too
general for specific biomonitoring purposes (Hawkins et al., 2000).
Ecoregions typically cover large geographical areas with varied envi-
ronmental conditions and ecological communities, potentially conceal-
ing subtle variations in ecological processes and species distributions
crucial for certain biomonitoring objectives. Consequently, directly
incorporating natural environmental gradients into models to predict
local assemblages is considered more effective than relying on landscape
classifications (Hawkins et al., 2010), as our comparison has also
demonstrated.

4.3. Index performance-driven approach vs. metric performance-driven
approach

Subjectivity in assigning metrics to different categories, in the
number of metrics used for MMIs, and the choice of methods for
considering redundancy between final metrics reduced the consistency
of metric performance-driven MMIs (Hering et al., 2006; Stoddard et al.,
2008). Moreover, combining the most responsive metrics does not
necessarily produce the most responsive MMIs (van Sickle, 2010). We
compared the performance of metric performance-driven and index
performance-driven MMIs. Taxonomic and combined MMIs developed
based on both approaches successfully discriminated least impacted
sites from moderately and highly impacted sites (Figs. 4 and 6). How-
ever, index performance-driven MMIs indeed outperformed metric
performance-driven MMIs in terms of precision, bias, responsiveness
and sensitivity (Table 1).

The higher performance of index performance-driven MMIs might be
due to the incorporation of metrics that are not individually strongly
related to pressure gradients but contribute useful information on
macroinvertebrate assemblage responses to the anthropogenic pressure
gradients (Bolding et al., 2020). Metrics such as the relative abundance
of Pulmonata, relative abundance of tolerant individuals using BMWP
TVs, tolerant taxa richness using BMWP TVs, McIntosh index (hetero-
geneity of a sample in geometric terms; McIntosh, 1967), and relative
abundance of Ephemerellidae showed weaker relationships with pres-
sure gradients compared to other metrics selected based on metric
performance-driven MMIs’ approach. Despite this, they were included
as final metrics in the index performance-driven MMIs because their
inclusion led to improved overall MMI performance. Ultimately, what
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managers are most concerned about is the sensitivity of an index, which
is a combination of responsiveness and precision. Our findings indicate
that in terms of distinguishing between reference sites and impacted
sites, index performance-driven MMIs were more effective than metric
performance-driven MMIs. Therefore, in certain cases, the index
performance-driven approach can offer a more advanced biomonitoring
tool compared to traditional metric performance-driven approaches
(Bolding et al., 2020).

We also examined the effectiveness of MMIs using a combination of
four versus eight metrics. By conducting compound error tests to control
for correlations between the final metrics, we anticipated that having
more metrics would enhance the sensitivity of MMIs to pressure gradi-
ents by amplifying signals from correlated metrics related to pressure
gradients and minimizing errors from uncorrelated metrics. However,
this was not consistently observed except in the case of MMI u-
nadj_comb_10 (combining ten metrics), which showed superior sensi-
tivity and responsiveness compared to MMI_unadj_comb_5 (combining
five metrics). In other MMIs, the responses of final metrics may reflect a
mix of natural gradients and pressure gradients, resulting in intricate
responses that either magnify or diminish ecological change signals
depending on the specific conditions of application. Therefore,
increasing the number of final metrics could potentially heighten the
correlated errors within MMIs by emphasizing the influence of natural
gradients, consequently leading to a decrease in MMI performance.

All the MMIs developed in this study had a significant relationship
with anthropogenic pressure gradients based on the validation dataset.
The high consistency in the developed MMIs’ response to the pressure
gradient based on the validation dataset indicates the high potential of
implementing the developed MMIs for tracking impairment in the Karun
and similar systems. The relationship between MMIs’ scores and the
pressure gradient based on the validation dataset was higher for index
performance-driven MMIs (R? in the range of 0.35 to 0.63) than metric
performance-driven MMIs (R? in the range of 0.27 to 0.62). This finding
was consistent with the MMIs’ performance discussed above.

5. Conclusions

In conclusion, our study highlights the value of robust biomonitoring
tools to assess and address the multitude of anthropogenic pressures
impacting freshwater ecosystems and their communities. We recom-
mend initiating biomonitoring programs using the adjusted taxonomic-
functional MMIs (MMI_adj_comb_5) in the Karun basin and elsewhere
and suggest further validation and refinement through experiences and
data gained in long-term monitoring campaigns. Embracing the index
performance-driven approach holds potential for advancing and
improving biomonitoring practices, ultimately supporting informed
decision-making and sustainable management of freshwater ecosystems.
By employing evidence-based approaches and collaborative efforts, we
can strive towards healthier and more resilient freshwater environments
for current and future generations.
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