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ABSTRACT
Aim: The relationships between environmental variables and macroinvertebrate assemblages depend on spatial extent, but the 
relative importance of local and regional factors remains unclear. Understanding these scale-dependent relationships is crucial 
for improving biodiversity assessments and ecosystem management. We hypothesise that climate variables drive macroinver-
tebrate composition at broad spatial extents, whereas local water quality and habitat conditions are more influential at smaller 
spatial extents.
Location: A total of 5,788 streams across nine ecoregions in the conterminous United States, sampled by the United States 
Environmental Protection Agency (EPA).
Time Period: Samples collected in the years 2008, 2009, 2013, 2014, 2018, and 2019.
Major Taxa Studied: Freshwater macroinvertebrates, including 992 genera.
Methods: We analysed macroinvertebrate abundance data alongside 25 environmental variables categorised into four 
types: physical-habitat structure, water quality, watershed characteristics, and climate. We applied Multivariate Multiscale 
Codependency Analysis (MMCA) at both national and ecoregion-specific scales to determine which environmental variables 
were most strongly associated with assemblage composition at different spatial extents.
Results: Assemblage-environment relationships varied with spatial extents. Climate and watershed variables were the domi-
nant drivers at broader spatial extents, whereas local water quality and physical habitat structure were more influential at smaller 
inter-site distances. Additionally, the environmental variables most strongly associated with macroinvertebrate composition var-
ied across ecoregions, suggesting that regional factors such as land use and historical environmental conditions shape biotic 
responses.
Main Conclusions: Our findings underscore the importance of spatial scale in ecological studies and conservation planning. 
Recognising how key environmental predictors change with spatial extent enhances biodiversity assessments, informs targeted 
conservation strategies, and improves ecosystem management. The observed regional variation in assemblage-environment re-
lationships highlights the need for regionally tailored management approaches to maintain and restore aquatic biodiversity.
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1   |   Introduction

Spatial extent (overall size of the study area) and distance 
(pairwise separation between sites) are key moderators of the 
relationships between aquatic communities and their environ-
ments (Burgazzi et al. 2020; Johnson et al. 2004; Lansac-Tôha 
et  al.  2021). They represent the physical extent over which 
ecological processes are observed and can influence how pat-
terns and processes are detected. For example, at small spatial 
extents, local factors such as substrate size, water quality, and 
hydrological conditions often determine assemblage composi-
tion at local sites (Doretto et al. 2021; Li et al.  2012). In addi-
tion, habitat structural heterogeneity, resource availability, and 
biotic interactions also influence assemblages at small extents 
(Boyero 2003; Burgazzi et al. 2020; Tabi et al. 2024). Largely nat-
ural local factors, such as benthic organic matter, flow velocity, 
and water depth, are critical in structuring macroinvertebrate 
assemblages, with seasonal variations influencing their relative 
importance (Burgazzi et  al.  2020). For example, in perennial 
rivers, aquatic vegetation, nutrients, and conductivity may be 
primary influences, whereas in intermittent rivers, water tem-
perature, dissolved oxygen, and canopy cover may be key factors 
(Herlihy et al. 2020; Karaouzas et al. 2019; Oliveira et al. 2024).

On the other hand, at larger spatial extents, broad-scale factors 
such as climate and catchment characteristics tend to become 
more dominant drivers (Tonn 1990; Zhou et al. 2020). For ex-
ample, at larger spatial extents, variables such as latitude, forest 
cover, and temperature are important determinants of macro-
invertebrate assemblage composition (Li et  al.  2012; Schneck 
et al. 2022). These regional factors often interact with local fac-
tors to create complex distribution patterns (Linares et al. 2025; 
Roque et al. 2010). For example, Linares et al. (2025) found that 
relatively uncommon taxa tended to be more susceptible to local 
disturbances, whereas relatively common taxa tended to be more 
susceptible to catchment disturbances. Also, watershed and 
channel network conditions affect biota indirectly through their 
effects on local water quality and physical habitat conditions 
(Kaufmann et al. 2022a; Leitão et al. 2018). When attempting 
to identify key environmental drivers at multiple spatial extents 
and distances, it is essential to account for the spatial structure 
underlying the organisation of biological assemblages (Barreiros 
et  al.  2023; Godoy et  al.  2019). Spatial processes, such as dis-
persal between habitats, can overcome the influence of local 
environmental and climatic variables in structuring the beta 
diversity of macroinvertebrate assemblages (Siqueira et al. 2014; 
Wu et al. 2022). Yet, despite the recognised role of spatial pro-
cesses, few studies have explicitly quantified the spatial extents 
at which local versus regional environmental drivers exert their 
maximal influence on macroinvertebrate assemblages, an ana-
lytical gap we address across multiple ecoregions.

To examine the differing importance of spatial extent and dis-
tance on environment-assemblage relationships, one must use 
multivariate and multiscale analyses. Such analyses can help 
us identify relationships between environmental variables and 
biological assemblages at different observation extents (Borcard 
and Legendre 2002; Guénard and Legendre 2018a). These tools 
are particularly useful for investigating how the relative impor-
tance of environmental variables can change with increasing 
spatial distance and extent of observation, providing critical 

information for the management and conservation of aquatic 
ecosystems (Godoy et  al.  2017, 2022). In addition, multiscale 
analyses make it possible to identify emerging patterns that 
cannot be observed at smaller spatial extents, facilitating a more 
holistic understanding of ecological interactions. Integrating 
multiple sources of environmental and biological data into these 
analyses also broadens their applicability and contributes to the 
development of more robust predictive models. However, few 
studies have systematically tested how assemblage–environ-
ment relationships vary with inter-site distance across ecore-
gions in the contiguous USA.

Systematic observations covering different geographic extents 
are needed to define how different geographic extents affect 
environment-assemblage relationships. The United States 
Environmental Protection Agency (EPA) implemented stan-
dardised sampling protocols on thousands of river and stream 
sites (USEPA 2024) across the conterminous USA through the 
use of a probability survey design (Olsen and Peck 2008). That 
database can be used to study the effects of distance in the rela-
tionship between environmental predictors and macroinverte-
brate responses. Previous evidence suggests that the strength and 
direction of assemblage-environment relationships vary across 
USA ecoregions (Herlihy et  al.  2020; Patrick and Yuan  2019). 
For example, the strengths of assemblage-nutrient relationships 
have been reported to be weaker in ecoregions where all streams 
have high nutrient concentrations (Bini et  al.  2014; Hughes 
et  al.  2006). In addition, the strengths of the assemblage-
environment relationships amongst USA ecoregions tended to 
show stronger relationships in the north (Thompson et al. 2020).

In our study, we used macroinvertebrate data from the EPA da-
tabase to test the hypothesis that the environmental variables 
that affect macroinvertebrate assemblage composition vary 
with distance amongst sites. Therefore, we predicted that cli-
mate variables would drive variation in assemblage composi-
tion over large spatial extents (e.g., ecoregions), but that local 
(site-specific) variables would drive assemblage responses over 
small spatial extents. We expected that the set of environmental 
variables that correlated most strongly with macroinvertebrate 
assemblage composition would vary depending on the environ-
mental conditions of the ecoregions. Therefore, we tested the ef-
fect of spatial extent for each USA ecoregion separately.

2   |   Methods

2.1   |   Database

We combined data from six survey years (2008, 2009, 2013, 
2014, 2018, and 2019) of the EPA's National Rivers and Streams 
Assessment (NRSA), all collected under a fully standardised 
field and laboratory protocol (Paulsen, Hawkins, et  al.  2008; 
Paulsen, Mayio, et al. 2008; USEPA 2024). Because (1) no sites 
were re-sampled across years and (2) identical sampling tim-
ing and methods were applied in each survey, we treated the 
pooled dataset as a spatial “snapshot.” This maximised our 
geographic coverage without introducing detectable temporal 
bias. We acknowledge that temporal dynamics might influence 
assemblages at finer scales, but modelling interannual change 
is beyond the scope of the current spatial-extent focus. This 
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dataset allowed us to elaborate a hierarchy of spatial extents 
associated with varying spatial distances amongst sites because 
the sample covers different geographical units.

Before analysing the data, we selected compatible sampling 
units. First, we filtered taxonomic units for standardisation by 
removing taxa that were not identified to at least genus level, 
so that abundances would be expressed at the same taxonomic 
resolution. We excluded sites with fewer than 300 individuals 
because NRSA counts are based on non-uniform subsampling 
of sorted samples (Bini et  al.  2014), and bioassessment guide-
lines recommend a minimum of ~300 organisms to ensure 
stable community metrics and minimise sampling variance 
(Barbour et al. 1999). This threshold helps guarantee that sam-
ples adequately capture the majority of taxa present at each 
site. We used a total of 992 macroinvertebrate genera, including 
Platyhelminthes, Mollusca, and Arthropoda. After those proce-
dures, we retained 5788 sites distributed across nine ecoregions 
(Figure  1). The numbers of sites varied by ecoregion: Coastal 
plains (CPL) 686; Northern Appalachians (NAP) 700; Northern 
plains (NPL) 506; Southern Appalachians (SAP) 844; Southern 
plains (SPL) 494; Temperate plains (TPL) 680; Upper Midwest 
(UMW) 544; Western mountains (WMT) 748; and Xeric west 
(XER) 586.

We selected a focused suite of 25 habitat (e.g., substrate composi-
tion, riffle percentage, riparian cover), water-quality (nutrients, 
conductivity, DO, pH), and watershed (catchment area, forest 
cover, land-use composition) variables because these have been 

repeatedly identified as key drivers of stream macroinvertebrate 
communities (Fanelli et  al.  2022; Herlihy et  al.  2020). These 
variables, divided into four different categories, were selected 
for our analysis. The categories were: (1) variables describing 
site physical-habitat condition; (2) site water-quality variables; 
(3) watershed conditions; and (4) climate data (Table  1). The 
environmental variables resulting from EPA monitoring, the 
descriptions of how they were obtained, and standardisation de-
tails are freely available on the agency's website (see Supporting 
Information  S1). Climate variables were 30-year normals 
(1991–2020) from PRISM, providing a stable baseline of average 
annual temperature and precipitation that aligns with, but is 
not tied to, our 2008–2019 sampling window (PRISM Climate 
Group 2023). We used those climate variables because previous 
studies indicated a relationship between macroinvertebrate as-
semblages and the seasonality of both temperature and rainfall 
(Heino  2002, 2009, 2011). The standardisation of which sites 
would be used, taxonomic unit, and environmental variables 
follows studies that showed relationships between macroinver-
tebrate assemblages (at this taxonomic resolution) and the se-
lected environmental variables (Bini et al. 2014; Heino 2011).

2.2   |   Data Analysis

Before the analyses, we standardised all the responses (site by 
genera abundance matrix) and the predictor (site by environmen-
tal variables matrix). For macroinvertebrate genera abundance 
data, we used the Hellinger transformation. Predictor variables 

FIGURE 1    |    Locations of the 5788 stream and river sites sampled between 2008 and 2019 in the nine study ecoregions (from Herlihy et al. 2020).
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were standardised using z-scores to achieve a mean of zero and 
a standard deviation of one. We used Multivariate Multiscale 
Codependency Analysis (MMCA; Guénard and Legendre 2018a) 
to identify the environmental variables most related to macro-
invertebrate genera abundances at varying inter-site spatial dis-
tances. Instead of adding each single variable sequentially as in 
regression or random forest analyses, MMCA estimates the joint 
spatial dependence of an entire response matrix (i.e., a site by gen-
era composition matrix) and an entire explanatory matrix (i.e., a 

site by environmental variables matrix) using a spatially explicit 
approach. Because predictors are never entered simultaneously 
into the same model, multicollinearity amongst variables cannot 
inflate or bias the scale-dependent relationships we investigate.

MMCA measures the strength of the relationships between 
the biotic composition matrix and the environmental vari-
able matrix at various spatial distances for each site. The dis-
tances were represented by the axes of a Principal Coordinates 

TABLE 1    |    List of environmental variables and their categories and codes.

Category Variable Code Unit

Physical habitat Fine sediments PCT_FN %

Bed stability LRBS_USE —

Natural habitat XFC_NAT %

Woody canopy XCMGW Proportion

Human disturbance index W1_HALL —

Human agricultural disturbance W1_HAG —

Occurrence of pools PCT_POOL %

Occurrence of fast waters PCT_FAST %

Water surface slope XSLOP %

Wetted width XWIDTH Meter

Thalweg depth XDEPTH Meter

Water quality Electrical conductivity COND μScm−1

Total phosphorus PTL μgL−1

Total nitrogen NTL μgL−1

Turbidity TURB NTU

Chloride CHLORIDE μeqL−1

Dissolved organic carbon DOC μgL−1

Sulfate SULFATE μgL−1

pH PH —

Watershed conditions Density of mines MINEDENSWS —

Pollution discharges NPDESDENSWS —

Cropland use PCTCROP2019WS %

Herbaceous wetland land cover PCTHBWET2013WS %

Imperviousness surface PCTIMP2013WS %

Urban area PCTURB2019WS %

Woody wetland land cover PCTWDWED2013WS %

Population density POPDEN2010WS —

Road density RDDENSWS Meters

Catchment area WSAREASQKM km2

Climate data Annual precipitation PRECIP8110WS mm

Annual maximum temperature TMAX8110WS oC

Annual minimum temperature TMIN8110WS oC
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Analysis of a Neighbourhood Matrix (PCNM; Borcard and 
Legendre  2002) run on a matrix of geographical distances 
amongst sites. The number of eigenvectors calculated, each 
representing a spatial extent, is equivalent to the number of 
samples, with the first eigenvectors corresponding to larger 
distances and the last eigenvectors to smaller distances. These 
eigenvectors can be interpreted as spatial structures, as they 
create zones that have similar values separated by spatial 
distances.

Although straight-line (Euclidean) distance does not always 
mirror dendritic connectivity in stream networks, we used 
PCNM (a form of dbMEM) because its spatial eigenfunctions 
decompose variation into multiple scales and, when based on 
an appropriately constrained distance matrix, can approximate 
both connectivity and barriers (Borcard and Legendre  2002; 
Lacey et  al.  2007). Empirical tests in stream macroinverte-
brates show that Euclidean-based models perform compara-
bly to, and sometimes better than, network-distance models, 
especially for taxa with aerial dispersal (Kärnä et al. 2015; Li, 
Chen, et al. 2021; Li, Heino, et al. 2021; Toskey et al. 2024). In 
a representative ecoregion (Southern plains), applying channel-
network distances would have discarded ~20% of sites (> 500 m 
from mapped channels in the NHD) without altering the overall 
spatial-scaling patterns (Figure S1; Supporting Information S3). 
While acknowledging the ecological relevance of hydrologic-
distance metrics, we opted for Euclidean-based dbMEM to max-
imise sample coverage and computational feasibility across 5700 
sites, noting that our results are robust to either approach.

The strength of the relationship between an environmental vari-
able and the genera composition data at a specific spatial distance 
was quantified using the codependence coefficient (Cu;Y,X), where 
u is the MEM vector, Y is the trace vector of the genera compo-
sitional matrix, and X is the environmental variable. This coeffi-
cient is calculated as the product of two elements: the square root 
of the R2 of the regression between the MEM vector against the 
assemblage composition trace vector, and the Pearson correlation 
between the MEM vector and the environmental variable. There 
was then one coefficient for each environmental variable at each 
spatial distance. For simplicity, we only used the coefficient with 
the highest value (in this case, absolute, as it can be positive or neg-
ative) for each spatial scale. This decision enhances interpretabil-
ity by highlighting the processes exerting the greatest influence 
at each spatial distance while filtering out weaker, potentially 
spurious associations. The proportion of variance in community 
structure explained by the selected predictors (R2) is reported for 
each spatial eigenvector in Table S1. Values vary across eigenvec-
tors (e.g., from ~5% up to ~30% for different scales), reflecting the 
amount of local-to-regional variation captured by the single stron-
gest codependence at each level. Because each R2 pertains to a 
distinct spatial distance, they are not additive and should not be 
summed across spatial distances.

Multivariate codependence coefficients were tested using 
the product of two Fisher–Snedecor F statistics (Guénard and 
Legendre 2018a). The individual predictor variables associated 
with the assemblages and the PCNM axes for which those as-
sociations were relevant are presented as results. The same 
variable can be related to assemblages more than once but 
be associated with different PCNM axes. This peculiarity of 

repetition is important because it facilitates the visualisation of 
relationships between the same facet of the environment and the 
assemblages at different distances.

We estimated the wavelength of each spatial PCNM predic-
tor to determine its approximate spatial distance (Guénard 
et al. 2010). The wavelength for a PCNM variable with rank i 
was estimated using the formula: 2(L + s)(i+1)−1, where L is the 
spatial extent of the study area, and s represents the average of 
the site distances. We used the average distance between sites 
because the distances amongst sites in the NRSA survey differ. 
Using this equation, the calculated distances exhibit an inverse 
proportional decay relative to the rank of the PCNM axis. For 
example, the first PCNM axis had a wavelength of 8124.09 km 
(L = 6322.56 km and s = 1801.53 km), whereas the 5788th axis 
had a wavelength of 2.81 km.

The analysis was conducted in two steps. First, we analysed all 
data across the conterminous USA by running the MMCA once 
for the entire site by the genera abundance matrix and the site 
by environment matrix. In a second step, we analysed the site 
by genera abundance matrix and the site by environment matrix 
for individual ecoregions separately (Herlihy et al. 2020). This 
analysis provided a more accurate picture of the ecoregions be-
cause smaller effect sizes become observable by excluding high 
variations when comparing across multiple ecoregions at the 
same time.

Given the high number of sites in our study (5788), we ended up 
with 654 codependence coefficients. We thus used a strategy to 
better visualise and interpret the results. We calculated the pro-
portion of pre-defined environmental variable categories across 
the range of spatial scales represented by the MEM vectors. To 
statistically analyse the shift in variable category proportions 
with changing spatial scale, we used a multinomial regression. 
This model tested how the variations in the proportions of the 
number of explanatory variables classified in the four categories 
(physical habitat, water quality, watershed, and climate) related 
to the variation in the macroinvertebrate assemblage composi-
tion matrix. The explanatory variable of this multinomial re-
gression was the spatial distance of the PCNM axis. We needed 
to use multinomial analyses because of the large number of axes 
selected in the MMCA, and we used the odds ratio test to deter-
mine the significance of the multinomial regression (for more 
details of the data analysis, see Supporting Information S2). We 
estimated the mean proportion of significant individual genera 
responses to the environmental variable matrices in each PCNM 
axis of the MMCA, grouped in the four categories of variables. 
These analyses revealed the effect size of the different environ-
mental variable categories on the assemblages. We used the 
vegan and codep packages in R (Guénard and Legendre 2018b; 
Oksanen et al. 2020; R Core Team 2021).

3   |   Results

3.1   |   Watershed Area Distribution

The ecoregions had similar distributions of sampled watershed 
areas compared to those across the conterminous USA (Figure 2; 
Supporting Information  S4). However, differences amongst 
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ecoregions indicate a heterogeneous distribution of large and 
small water courses, with more sites with smaller watershed 
areas in the more mountainous ecoregions (NAP, SAP, WMT). 
On the other hand, the drier ecoregions (NPL, SPL, XER) tended 
to have sites with larger watershed areas.

3.2   |   Spatial Autocorrelation of Environmental 
Categories

All the environmental variables used for analysis were cor-
related with the macroinvertebrate genera abundances to some 
degree, in at least one PCNM axis. The number of PCNMs se-
lected for ecoregions differed because the number of PCNM 
axes is directly related to the number of observations. Despite 
this difference, the percentages of PCNM axes related to the 
environmental variables in the separate environmental catego-
ries were similar for all data and the nine ecoregions (Table 2, 
Supporting Information  S4). The watershed variables had the 

largest number of correlations with macroinvertebrate genera 
abundances in all spatial extents, except in the NAP and NPL 
ecoregions.

The influence of habitat structure and water quality variables on 
macroinvertebrate genera composition generally decreased with 
increased distance, whereas the importance of climate variables 
increased. This pattern was consistent both across the contermi-
nous USA (Figure 3) and within the nine ecoregions (Figure 4). 
Generally, we found the greatest proportions of the number of 
environmental variables correlated with the macroinvertebrate 
genera composition matrix at smaller distances, represented by 
habitat structure and water quality. This pattern was different 
only for water quality in the SAP and UMW and habitat struc-
ture in the CPL. The proportions of watershed variables were 
relevant at intermediate to large distances for all sites and for the 
nine ecoregions. The greatest proportions of climate variables 
correlated with the macroinvertebrate genera matrix were at the 
largest distances.

FIGURE 2    |    Distributions of watershed areas for the conterminous USA rivers and streams sampled between 2008 and 2019, for all sites and in 
nine ecoregions.
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3.3   |   Genus-Level Response by Category

For all sets of data (all sites and for the nine ecoregions), there was 
variation in the proportion of the number of variables related to 
spatial distance (p < 0.05 in the odds ratio test of the multinomial 
model). Additionally, at both the USA-wide and ecoregional scales, 
climate variables exhibited a greater number of genera correlated 
compared to the other environmental variables (Table 3).

4   |   Discussion

The main novelty of our study lies in identifying three 
characteristic spatial extents at which different classes of 

environmental drivers peak in importance for explaining mac-
roinvertebrate genus composition: (1) local extents (inter-site 
distance < 200 km), where water quality and physical habitat 
variables dominate; (2) intermediate extents (inter-site distance 
~1000 km), driven primarily by watershed characteristics; and 
(3) broad extents (inter-site distance > 3500 km), where climate 
variables play the strongest role. This shifting pattern of assem-
blage–environment relationships with spatial distance aligns 
with classical distance-decay theory (Soininen et al. 2007) and 
underscores the scale-dependent processes structuring lotic 
ecosystems, demonstrating that environmental effects vary not 
only with the spatial extent of the study region (ecoregion vs. 
conterminous USA) but also with the type of variable measured.

Usually, studies relate assemblage responses with spatial ex-
tent as sets of environmental variables (e.g., local or regional) 
(Borcard and Legendre 2002; Dray et al. 2012; Leal et al. 2018; 
Macedo et al. 2014). However, the effect–distance relationship is 
important for understanding the drivers of assemblage dynam-
ics (Moraga et al. 2019), determining optimal spatial extents for 
research (Patrick and Yuan 2019) for rational ecosystem man-
agement (Omernik and Griffith 2014; Wang et al. 2006). By sep-
arating the effects of water quality variables and physical habitat 
structure variables from those related to climate and watershed 
characteristics across varying spatial extents, we identified dif-
fering inter-site spatial distances at which different environmen-
tal predictors exert their influence.

The differing importance of subsets of environmental variables 
related to spatial distance may be explained by the intrinsic 
mechanisms associated with each variable. Water quality and 
physical habitat variables are locally important because they 
act as immediate environmental filters in streams and lakes, 
selecting individuals regardless of total assemblage density 
(Herlihy et al. 2020; Kaufmann et al. 2014; Tonn 1990). Only 
organisms that can tolerate those conditions can establish and 
maintain local populations. On the other hand, climate and 
watershed variables are related to assemblages over larger dis-
tances (Arita and Rodríguez 2004; Heino 2009). Climate vari-
ables are not susceptible to point changes in water bodies (e.g., 

TABLE 2    |    Number of correlations between environmental variables and macroinvertebrate abundance mediated by PCNM, separated by 
variable category.

Subset Habitat Water quality Watershed Climate Total

All 191 (29.20%) 192 (29.36%) 253 (38.69%) 18 (2.75%) 654

CPL 21 (25.93%) 24 (29.63%) 32 (39.51%) 4 (4.94%) 81

NAP 44 (34.65%) 45 (35.43%) 31 (24.41%) 7 (5.51%) 127

NPL 28 (32.56%) 23 (26.74%) 27 (31.40%) 8 (9.30%) 86

SAP 29 (19.46%) 49 (32.89%) 60 (40.27%) 11 (7.38%) 149

SPL 14 (21.54%) 24 (36.92%) 25 (38.46%) 2 (3.08%) 65

TPL 24 (27.91%) 20 (23.26%) 40 (46.51%) 2 (2.33%) 86

UMW 18 (27.27%) 17 (25.76%) 29 (43.94%) 2 (3.03%) 66

WMT 40 (27.97%) 27 (18.88%) 68 (47.55%) 8 (5.59%) 143

XER 40 (28.78%) 34 (24.46%) 59 (42.45%) 6 (4.32%) 139

Note: Values in parentheses are the percentages representing the total number of PCNM in each subset.

FIGURE 3    |    Proportions of the number of environmental variable 
categories correlated with macroinvertebrate assemblage composition 
matrix related to distance for the 5788 sites sampled across the conter-
minous USA.
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sewage discharges) and represent changes that distinguish 
ecoregions from others, even separating distinct species pools 
(Rohm et  al.  1987; Whittier et  al.  1988). Thus, climate may 
have both direct and indirect effects on macroinvertebrate 

assemblages, creating selective conditions or even affect-
ing the productivity of environments (Heino 2011; Moi et al. 
2023). However, groups that are found in nearby ecoregions 
with similar environments have a similar occupation history, 
both ecological and evolutionary, elevating the similarities in 
assemblages over large spatial distances and amongst ecore-
gions (McCormick et al. 2000; Van Sickle and Hughes 2000; 
Waite et al. 2000). Therefore, we suggest that assemblage vari-
ation over varying spatial distances can be linked to shifts in 
regional climatic conditions.

Multiple-Scale Codependency Analysis splits the partitioning 
of the total variation in the response matrix amongst different 
sets of predictor variables. As a result, we were unable to sep-
arately assess the influence of spatial distance from any single 
environmental variable on the assemblages studied. Although 
spatial distance was explicitly included in the model, we could 
not isolate its unique effect. However, previous studies (e.g., Bini 
et  al.  2014) have shown a moderate degree of spatial autocor-
relation (Moran's I ≈ 0.5) in these assemblages at smaller spa-
tial distances. This finding highlights the influence of riverine 
spatial structure on the distribution of assemblages. Therefore, 
we advise caution when interpreting our results, as some of the 
variation in assemblage composition may not have been fully ac-
counted for in our analysis. Another point to caution is that we 
excluded sites with fewer than 300 individuals to ensure reliable 

FIGURE 4    |    Proportions of the number of environmental variable categories correlated with macroinvertebrate assemblage composition matrix 
related to distance for the nine ecoregions.
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TABLE 3    |    Average number of genera correlated with environmental 
variable categories for the USA and ecoregion spatial extents.

Subset Habitat
Water 

quality Watershed Climate

All 52.12 71.97 118.76 521.94

CPL 31.33 55.29 47.94 372.25

NAP 28.84 47.60 75.68 197.57

NPL 30.32 30.96 43.56 209.50

SAP 30.00 50.80 42.08 175.00

SPL 34.50 33.25 56.38 305.50

TPL 24.54 44.40 51.25 420.50

UMW 29.17 59.18 50.86 335.00

WMT 32.33 98.04 60.54 269.88

XER 35.30 32.41 54.51 264.33
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and representative community summaries (Barbour et al. 1999; 
Bini et al. 2014). However, we acknowledge that excluding low-
abundance sites, which potentially reflect highly disturbed 
environments or unique local conditions, may lead to underrep-
resentation of extreme ecological scenarios.

The differences in the proportions of variable categories amongst 
ecoregions that were correlated with macroinvertebrate genera 
abundances related to spatial distance suggest that assemblage 
determinants likely interact with other processes, such as histor-
ical legacies and fundamental ecoregion differences. Different 
land use patterns, as well as the time over which this use has 
been occurring, may generate delayed assemblage responses 
to recent environmental changes (Fukami et al. 2016; Fukami 
and Nakajima 2011; Harding et al. 1998). In this scenario, as-
semblages would be subject to varied constraints that alter the 
history of extinction, selective pressures, and invasion by other 
species. Historical local contingencies (such as past colonisa-
tion sequences, disturbance legacies, or priority effects) can 
lead to alternative stable states in stream assemblages (Beisner 
et al. 2003; Santos et al. 2020; Schröder et al. 2005). These con-
tingencies may produce patterns indistinguishable from neutral 
expectations (e.g., dispersal limitation, stochastic dominance) 
despite underlying niche-driven processes (Fukami  2015; 
Leibold and Chase 2018). In metacommunity theory, this inter-
play blurs the line between neutral and niche models. Limited 
dispersal or strong priority effects can mask environmental 
filtering, generating community similarity or turnover that ap-
pears randomly structured (Gravel et  al.  2006; Vellend  2010). 
Conversely, niche differences may still underpin assembly even 
where neutral-like patterns emerge. Thus, our finding of scale-
dependent driver shifts should be viewed in light of both deter-
ministic filtering and potential neutral-like dynamics arising 
from historical legacies and dispersal constraints.

What is driving the ecoregional differences in environmental 
drivers of macroinvertebrate assemblage responses? We sug-
gest that they originate from the fundamental differences in the 
ecoregions themselves. The original ecoregions were delineated 
by assessing differences in co-occurring patterns and apparent 
interactions of physiography, soils, potential natural vegetation, 
and predominant land uses, as well as occasional differences 
in crop types, hydrology, lithology, and climate (Omernik 1987; 
Omernik and Griffith 2014). However, as one ecoregion transi-
tions into another, the boundary between the two may be rela-
tively distinct or quite indistinct, and neighbouring ecoregions 
themselves vary in their distinctiveness and inherent variability. 
The relative ecoregion distinctiveness, variability, and boundary 
fuzziness affect the clarity of environment-assemblage responses 
for sites at or near those borders or in those ecoregions. The 
same is true for sites on rivers that drain two or more ecoregions 
because the water quality and substrate in the upstream ecore-
gion affect the biota of sites in the downstream ecoregion that 
receive that water and substrate (Hughes et al. 1994; Omernik 
et al. 2017; Omernik and Griffith 1991; Pinto et al. 2009). Our 
results indicate that these effects may occur at many kilometres' 
distance. Furthermore, the original ecoregions of the conter-
minous USA have been mapped at four different hierarchical 
levels (Omernik and Griffith 2014). Those used in our study are 
aggregates of Level-III ecoregions, further indicating that the 

environment-assemblage patterns that we observed can be ag-
gregated or further subdivided at increasing or decreasing spa-
tial extents, respectively.

In the USA, ecoregions have been employed for interpreting fish 
and macroinvertebrate assemblage patterns (Hughes et al. 1987; 
Larsen et al. 1986; Rohm et al. 1987; Whittier et al. 1988) as well 
as bird assemblage patterns (Edwards et al. 2016; Farrar 2004). 
USA environmental regulatory agencies have been using ecore-
gions for developing and implementing biological criteria for 
fish and macroinvertebrate assemblages (Davis et  al.  1996; 
Stoddard 2004; Stoddard et al. 2008; Yoder and Rankin 1998). 
Those ecoregional assemblage patterns and aquatic biological 
criteria are driven by broad ecoregional patterns in water qual-
ity and physical habitat structure (Heiskary and Wilson  1989; 
Kaufmann et  al.  2022a; Whittier et  al.  1988). Although our 
study was based on data and ecoregions of the conterminous 
USA, differing environment-assemblage drivers and patterns 
have been documented elsewhere. Patterns differed in Brazil 
for neighbouring Amazonian and Atlantic Forest fish assem-
blages (Leitão et al. 2018; Pinto et al. 2009) and Cerrado macro-
invertebrate assemblages (Agra et al. 2019; Martins et al. 2018; 
Saito et  al.  2016), and nationwide for both fish and macroin-
vertebrates (Dala-Corte et  al.  2020; Lansac-Tôha et  al.  2021). 
Likewise, ecoregional typologies are important components in 
the European Union for developing and implementing biomoni-
toring indicators and programmes (Hering et al. 2010; Schmutz 
et al. 2007).

Although our results seem pertinent to stream ecology, moni-
toring, and management, they are only correlations, and we 
lacked data for all conceivable predictor variables. We did not 
suggest mechanisms for the predictor-response relationships 
that we reported. However, the water quality and habitat struc-
ture variables that we found to be important for predicting 
ecoregional and conterminous USA macroinvertebrate genus 
abundances were amongst the most important reported by the 
USEPA for explaining risks for poor macroinvertebrate index 
scores (Herlihy et al. 2020; Kaufmann et al. 2022a; Kaufmann 
et al. 2022b; Paulsen, Mayio, et al. 2008). They were also listed 
amongst the most important variables for estimating risk to 
macroinvertebrate assemblages (Jiménez-Valencia et  al.  2014; 
Silva et al. 2018) and explaining macroinvertebrate alpha diver-
sity in tropical and boreal streams (Heino et al. 2018; Macedo 
et  al.  2014) and beta diversity in conterminous USA streams 
(Bini et al. 2014). Those relationships offer strong evidence for 
underlying mechanisms. We used a limited number of predic-
tor environmental variables because those were the ones most 
consistently sampled. Nonetheless, they demonstrated the ex-
pected patterns: ecoregional differences, the importance of site 
variables, and effect-distance relationships. Although limited 
to four, the climate variables demonstrated the importance of 
ecoregional-extent predictors as well as the importance of con-
sidering effect-distance relationships. We suggest that additional 
regional-extent predictors would only add further evidence of 
those climate effect-distance relationships (Herlihy et al. 2020; 
Macedo et al. 2014; Silva et al. 2018).

Categorical differences in environmental drivers of macroinver-
tebrate composition amongst ecoregions are relevant not only 
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for ecological studies, but for the management and conservation 
of aquatic ecosystems as well. Identifying the correct research 
and monitoring spatial extents and the most important driving 
variables is essential for maintaining biological diversity and 
ecosystem services because they facilitate the development of 
increasingly better management strategies (Moraga et al. 2019; 
Patrick et  al.  2021). Clearly, the strategies adopted must be 
consistent with the set of variables important for the region of 
interest. Because ecoregions present differences in these sets, 
monitoring and regulatory programs should be aware of their 
usefulness, limitations, and peculiarities, and calibrate biolog-
ical expectations for natural environmental gradients within 
the ecoregions (Chen et  al.  2019; Hawkins et  al.  2000; Moya 
et al. 2011; Pont et al. 2006, 2009).
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